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1  Introduction
Land use and land cover (LULC) changes are complex processes exacerbated by vari-
ous human and natural factors [1]. Most of the Earth’s surface, excluding remote areas, 
has been modified, leading to significant environmental and economic risks [2]. Between 
2001 and 2012, global average soil erosion increased by 2.5% due to LULC changes [3], 

Discover Sustainability

Abstract
Soil erosion, along with changes in land use and land cover (LULC), is a critical 
environmental issue in developing countries like Ethiopia. However, there is a 
lack of information on how these changes affect soil erosion in the study area. 
Understanding this relationship is crucial for effective watershed management 
planning. Therefore, this study aims to investigate the impact of LULC change on soil 
erosion in Gimbora river catchment, north highland of Ethiopia during the past three 
decades (1994–2024). To do this, Landsat images of 1994, 2009 and 2024 were used. 
The Support Vector Machine (SVM) algorithm was applied to classify the images 
into different LULC types. The Kappa coefficient values for the classified images 
were 90.78%, 93.01% and 95.38% for the years 1994, 2009 and 2024, respectively. 
The potential risk of soil erosion during the study period was determined using the 
Revised Universal Soil Loss Equation. Analysis of the change in soil loss resulting from 
LULC change was conducted by overlaying pixel-based maps of soil erosion intensity 
with land use and land cover maps. The study found that from 1994 to 2024, 
agricultural land, settlement, and riverbed areas expanded by 25.56%, 331.47%, and 
2.91%, respectively, while forest and grazing lands declined by 3.67% and 29.84%. 
These changes contributed to an increase in mean annual soil erosion from 34.71 
to 39.07 ton ha−1 year−1.This significant change to agricultural land and settlement 
causes a noticeable increment of the soil erosion. To reduce this in the study 
watershed, an evidence-based land use and land cover management plan should be 
implemented.
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resulting in an annual loss of about 75 billion tons of topsoil from arable land, equat-
ing to approximately $400 billion in reduced agricultural productivity [4]. Research con-
ducted in Ponnaniyar River basin, an ungauged tributary of the Cauvery basin in India 
also showed that LULC changes, including an increase in cultivated land from 62.3 to 
77.0% and a sharp decline in forest cover from 13.3 to 3.8%, led to a rise in maximum 
soil loss from 726.7 tons/ha/year in 1993 to 937.8 tons/ha/year in 2023 [5]. From 1990 
to 2010, 75 million hectares of African forest were converted to pasture and agricultural 
land [6].

Ethiopia has experienced rapid LULC changes due to population growth, agricultural 
expansion, settlement, and climate change, driven by both natural and human factors [7, 
8]. These changes have contributed to soil erosion, biodiversity loss, habitat destruction 
and desertification [9]. According to [10], Ethiopia’s forest cover decreased from 13.3% 
(14.69 million hectares) in 1993 to 11.4% (12.54 million hectares) in 2016, while agricul-
tural land increased from 27.66% (30.54 million hectares) to 32.83% (36.26 million hect-
ares) in the same period. Consequently, the country faces an estimated annual soil loss of 
1.5 billion tons, with a mean erosion rate of 42 tons per hectare per year [11, 12].

Other different recent researchers in Ethiopia also shows LULC change had highly 
impacts on soil erosion, a study on the Dumuga Watershed found that cultivated land 
increased from 62.3 to 77.0% and forest cover declined sharply from 13.3 to 3.8% 
between 1993 and 2023 [13], this transformation exacerbated erosion, with maximum 
soil loss rising from 726.7 tons/ha/year to 937.8 tons/ha/year and areas with very severe 
erosion increasing from 41.0 to 54.1%. Research in the Erer Sub-Basin, Northeast Wabi 
Shebelle Basin, Ethiopia also indicated an increase in total annual actual soil loss from 
1.01 million tons in 2000 to 1.52 million tons in 2018, with mean erosion rates escalating 
from 75.85 t ha−1 y−1 to 107.07 t ha−1 y−1 [14], croplands and bare land were identified 
as major contributors. Other study in the Dondor Watershed, Blue Nile Basin, North-
western Ethiopia observed that average annual soil loss increased from 4.98 t ha−1 year−1 
in 2002 to 7.96 t ha−1 year−1 in 2023, with agriculture and built-up areas being primary 
contributors [15].

In the northern highlands of Ethiopia, LULC change poses a significant challenge due 
to the region’s dense population [16]. Soil erosion is particularly severe in these high-
land areas [17]. Research in the Andassa Watershed from 1985 to 2015 revealed a rapid 
increase in cultivated land and settlement, results the average annual soil erosion rate in 
the watershed rose from 35.5-ton ha−1 per year in 1985-to-55-ton ha−1 per year in 2015 
[18]. A recent study in the Legedadi Watershed found increases in cultivated land and 
settlement by 18.3% and 14.34%, respectively, resulting in an increase in mean annual 
soil loss from 54.19 ton ha−1 per year in 1997 to 66.21 tons per hectare per year in 2013 ( 
[19]. Thus, LULC change has a profound impact on soil erosion [19–21] with LULC con-
sidered one of the most significant factors influencing erosion severity [1].

Numerous studies have examined the impacts of LULC change on soil erosion in Ethi-
opia, including the northern highlands [18, 19, 21–25]. However, the effects of LULC 
change on soil erosion differ across regions due to variations in topography, rainfall 
intensity, soil type and population pressure [26]. Conversely, there is limited information 
regarding the impact of LULC change on soil erosion potential in the study area. Most 
research conducted in the northern highlands of Ethiopia consider the erosion control 
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practice factor (P) as a constant [18, 27] and typically employs a maximum likelihood 
classifier for image analysis [18, 21, 28–30].

In contrast to previous studies that often use P-factor as a constant (P = 1), an approach 
that assumes no conservation structures exist in the study area, this study employs year-
specific P-factor values (for 1994, 2009, and 2024) that account for existing soil conser-
vation measures. These values range between 0 and 1, reflecting annual variations in 
erosion control effectiveness. Furthermore, this study utilizes a support vector machine 
learning algorithm for image classification, as it offers superior accuracy [31–33]. Addi-
tionally, a field survey was conducted to determine the soil color for assessing the soil 
erosion factor (K). Currently, free earth observation satellite images with varying spatial 
and spectral resolutions are available for analyzing LULC changes. This study, however, 
utilizes Landsat imagery due to its widespread historical archive and global coverage.

To estimate soil erosion, various models exist, like Soil Loss Estimator for Southern 
Africa (SLEMSA), Universal Soil Loss Equation (USLE), Modified Universal Soil Loss 
Equation (MUSLE) and Revised Universal Soil Loss Equation (RUSLE). But the Revised 
Universal Soil Loss Equation (RUSLE) is considered the most effective for assessing aver-
age soil loss rates [34]. RUSLE is adaptable, cost-efficient, useful in data-scarce regions, 
compatible with Geographic Information Systems (GIS) and suitable for watershed con-
servation [35]. Additionally, it integrates well with remote sensing data and digital eleva-
tion models [34]. Therefore, this study aims to evaluate and quantify the impact of LULC 
changes on soil erosion potential in the Gimbora River catchment of Gubalafto Woreda, 
North Wollo, Amhara Region, Ethiopia, by analyzing LULC changes using Landsat data 
as input for the RUSLE model.

Specifically, the objectives of the study include: to map and quantify land use and land 
cover change trends for the last thirty years (1994–2024) in the study area, to deter-
mine the rate of soil erosion and identify the most erosion affected part of the watershed 
for prioritization of conservation, and to investigate the impacts of land use and land 
cover change on soil erosion in the study area. To achieve these objectives, the following 
research questions were addressed: what are the trends in LULC changes in the study 
area over the past three decades, what is the annual soil erosion rate and which parts 
of the watershed are most affected by erosion, and how do LULC changes influence soil 
erosion risk within the watershed.

2  Materials and methods
2.1  Description of the study area

The Gimbora River catchment in Gubalafto Woreda is located in the North Wollo Zone 
of the Amhara Region, Ethiopia (Fig.  1), with Woldia as its capital. Woldia is situated 
380 km from the regional capital and 521 km from the national capital [36]. Gubalafto 
is bordered by the Debub Wollo Zone to the south, Delanta and Wadla Woredas to the 
west, Meket Woreda to the northwest, Gidan Woreda to the north, Kobo Woreda to the 
northeast and Habru Woreda to the southeast [37]. The district comprises 34 kebeles 
and is geographically positioned between 11° 34′ 54′′– 11° 58′ 59′′ N and 39° 12′ 09′′– 
39° 45′ 58′′ E [36].

The topography of Gubalafto Woreda consists of hills, valleys and mountains, with 
elevations ranging from 1,379 to 3,809 m above sea level. It includes mountains (35%), 
undulating terrain (30%), flat areas (20%) and gorges/valleys (15%) [38]. The Woreda 
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has different agro-ecological zones: Wurch (3,200–3,809 m a.s.l.), Dega (2,300–3,200 m 
a.s.l.), Woinadega (1,500–2,300  m a.s.l.) and Kolla (1,379–1,500  m a.s.l.). Rainfall in 
Gubalafto Woreda experiences a bimodal rainfall pattern, with the long rainy season 
occurring from June to September and a shorter rainy season from February to April 
[37]. Average monthly temperatures range from 21  °C to 25  °C, while annual rainfall 
averages between 990 mm and 1,030 mm, based on data from the Sirinka Agriculture 
Research Center. The dominant soil types are Lithic Leptosols (92.2%), Eutric Cambisols 
(3.9%) and Eutric Leptosols (3.5%) [36]. The Gimbora River catchment covers an area of 
12,330.31 hectares within the Woreda.

2.2  Methods

2.2.1  LULC type identification

The Gimbora River catchment was purposively selected for this study due to its repre-
sentative characteristics of northern Ethiopian highland ecosystems experiencing rapid 
LULC changes and the researcher’s long-term residence in the area. During this time, 
the researcher observed that the community relies on wood for cooking, construction 
and other economic activities, leading to tree cutting in the Anova and Abo-Dur forests. 
The cutting of forest cover in the Anova and Abo-dur areas had severely exposed the 
land, leading to extensive soil erosion, particularly on steep slopes. This not only dimin-
ishes agricultural productivity for local communities but also contributes to increased 
sedimentation in downstream water bodies, impacting water quality and infrastruc-
ture like damage farmer’s house, blocking irrigation and road cannels. Additionally, the 
researcher noted farmers plowing grazing land and expanding settlements. In the sum-
mer, significant runoff was observed, transporting soil and debris into rivers and other 
land uses. Thus, this area was chosen for the research.

The area was classified into five LULC types: agricultural land, forest land, grazing 
land, river and settlement (Table  1). Shrubland and bare land were not predominant; 

Fig. 1  Locational map of the study area
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while scattered shrubs and bare land were observed in grazing areas and along forest 
borders, they were overshadowed by other LULC types. Additionally, bare land was 
present along the riverbanks during winter but was submerged during the summer, clas-
sifying it as riverbeds. Consequently, shrubland and bare land were excluded from the 
LULC classifications. This classification approach has been utilized by other researchers 
[39, 40].

2.2.2  Materials and tools

For this study, various materials and tools were employed, including image processing 
software, an auger for soil sample collection, Munsell color charts for soil identification, 
GPS devices for ground truth data collection and a digital camera for image capture. 
Modeling is an effective method for estimating soil erosion processes and assessing their 
impacts using remote sensing (RS) and Geographic Information System (GIS) tools [43]. 
GIS and RS facilitate rapid and accurate analysis of land degradation, particularly soil 
erosion. By utilizing RS data, the RUSLE model and GIS software such as ArcGIS and 
ERDAS Imagine, a geodatabase was created and modeling, integration and analysis tasks 
were conducted.

2.2.3  Data acquisition and sampling technique
2.2.3.1  Sources of data  To achieve the research objectives, both primary and second-
ary data were utilized. Primary data were collected through field observations to identify 
various types of land use and land cover (LULC), obtain soil samples and gather GPS 
readings for watershed delineation, image classification and accuracy assessment. Sec-
ondary data included information on vegetation, physiographic features, soil and thirty 
years of rainfall data from seven stations (Kulmesk, Dilb, Sirinka, Hara, Muja, Sanka and 
Woldia). These data were sourced from the Agricultural Development Offices of Gub-
alafto Woreda Administration, the National Meteorological Agency of Ethiopia (NMAE) 
at the Kombolcha branch, the FAO digital soil map from the Ministry of Water and 
Energy of Ethiopia (MoWE), the 30 m digital elevation model (DEM) from the USGS and 
three sets of Landsat images (TM from 1994, ETM + from 2009 and OLI from 2024) from 
the USGS. The study begins in 1994, as this year marked a significant increase in Ethio-
pia’s population, including in the study area, which greatly impacted LULC changes [44].

2.2.3.2  Sampling technique  This study employed stratified random sampling to select 
sample points within each land use and land cover (LULC) class [21, 23, 45], due to the 
heterogeneity of LULC in the watershed. The watershed was first categorized into strata 

Table 1  Land use land cover classes used in the study area
Land use land cover 
classes

Characterization of features References

Agricultural Land Areas under cultivation, fallow land and land in preparations 
that are ready to receive crops.

 [39, 41, 42]

Forest Land The areas that are planted with trees that have a crown cover of 
more than 30%. This covers the area closure of trees mixed with 
shrubs.

 [41, 42]

Grazing land Areas that are typically used for grazing, consisting primarily 
of grasses with a small number of shrubs and less than 50% 
herbaceous and bare land.

 [39, 40]

Riverbeds Bedrock, gravel and sand in riverbeds.  [39]
Settlement Areas of homesteads surrounded by some shrubs and bound-

ary trees.
 [39]
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based on LULC classes, from which 200 ground truth data points were proportionally col-
lected using GPS. These GPS readings were taken from LULC classes that had remained 
unchanged for the past three decades, with guidance from local elders. Approximately 
70% of the collected ground truth data were used to train the support vector machine 
(SVM) classifier, while the remaining 30% were utilized to validate the accuracy of the 
classified satellite images [45].

2.2.4  Data analysis

The research was conducted by integrating Geographic Information Systems (GIS) and 
remote sensing techniques with the RUSLE model (Fig. 2).

2.2.4.1  Land use and land cover change detection and image processing  ERDAS Imag-
ine 16.7 and ArcGIS 10.8 software were utilized for LULC classification, area calculation 
and map preparation for the study area. Satellite images were downloaded from January 
to February, when atmospheric conditions are clearer, thus minimizing radiometric and 
geometric distortions [21]. Three Landsat images were obtained on February 28, 1994, 
February 11, 2009 and February 23, 2024, with their interpretations informed by field 
survey data. Images were selected to coincide with the same seasonal period across the 
years to mitigate variations in vegetation distribution and patterns [46].

Satellite image preprocessing was essential to avoid data distortion and to ensure a 
clear relationship between the data and biophysical phenomena [47]. Atmospheric, 
radiometric and geometric corrections were applied using ERDAS Imagine to remove 
atmospheric noise and haze.

2.2.4.2  Image classification and accuracy assessment  Satellite image classification can 
be performed using various supervised machine learning algorithms. According to [32] 

Fig. 2  Flow diagram of the study process
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found that SVM outperforms other algorithms, including the maximum likelihood clas-
sifier (MLC), minimum distance (MD), Mahalanobis (MH) and artificial neural net-
works (ANN), for classifying Landsat images. The SVM is considered the most effective 
classifier for LULC [33] and is superior to decision tree algorithms [48]. Similarly [49], 
demonstrated that SVM outperforms random forest (RF) and ANN in satellite image 
classification. Consequently, the SVM classifier was employed to categorize LULC in the 
study area into agricultural land, forest land, grazing land, river and settlement, utilizing 
a combination of field observations, GPS points, Google Earth and visual interpretation 
of satellite imagery.

The Support Vector Machine (SVM) classifies imagery by finding an optimal decision 
boundary, called a hyperplane, that maximizes the separation margin between differ-
ent image classes in a high-dimensional feature space. When image data isn’t linearly 
separable in its original form, SVM uses a “kernel trick” to implicitly map it into a higher 
dimension where a linear boundary can be found. The training process involves solving 
a complex optimization problem to determine this hyperplane and identify critical “sup-
port vectors” closest to the boundary. Ultimately, new image data is classified by its posi-
tion relative to this learned hyperplane, making SVM effective for diverse and complex 
image recognition tasks.

Accuracy assessment was done by comparing the classified land use and land cover 
image with field ground control points [19]. Validation of the classified image was con-
ducted using an error matrix and Kappa coefficient [50] to evaluate the accuracy of the 
imagery. The Kappa coefficient was calculated using the formula provided by Congalton 
and Green [51].

Kappa coefficient =
N

∑r
i=1 Xii −

∑r
i=1 (GiCi)

N2 −
∑r

i=1 (GiCi)
� (1)

In the formula, r represents the number of rows in the matrix, Xii denotes the number of 
observations in row i and column i (the diagonal elements), Gi​ and Ci​ are the marginal 
totals for row r and column i, respectively and N is the total number of observations.

2.2.4.3  Determination of the RUSLE factors value  The rate of soil erosion in the study 
watershed for the years 1994, 2009 and 2024 was calculated using the RUSLE [52], with all 
map layers generated in ArcGIS 10.8. RUSLE builds upon the Universal Soil Loss Equa-
tion (USLE) by adjusting input parameters to reflect local conditions [52]. Its straight-
forward computational requirements have led to its widespread use in Ethiopia [53] and 
globally [54, 55]. The average annual soil loss rate (A) from sheet and rill erosion is esti-
mated using RUSLE [52] based on six parameters (Eq. 2).

A = R ∗ K ∗ LS ∗ C ∗ P� (2)

In the equation, AA represents the average annual soil loss (t ha−1 year−1), R is the ero-
sivity factor of rainfall (MJ mm ha−1 h−1 year−1), K is the soil erodibility factor (t ha h ha−1 
MJ−1 mm−1), LS denotes the topographic factor (dimensionless), C is the cropping and 
land cover factor (dimensionless) and P represents the erosion control practice factor 
(dimensionless).
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Rainfall erosivity (R) factor  Rainfall-runoff erosivity is a primary driver of soil erosion, 
contributing to approximately 80% of soil loss [56]. The R factor serves as an index that 
assesses the capacity of rainfall-runoff to detach and transport soil particles, determined 
experimentally by considering the amount and maximum duration of rainfall in a specific 
area [57]. This study calculated the erosivity factor R using [58] formula, which is based 
on spatial regression analysis tailored to Ethiopian conditions (Eq. 3). Hurni’s model uses 
mean annual rainfall data (P), with data collected from seven stations for this analysis 
(Table 2).

R = (0.562 ∗ P) − 8.12� (3)

In the equation, R represents the erosivity factor and P denotes the mean annual rain-
fall in millimeters. The mean annual rainfall data from seven stations over thirty years 
(1994–2024) were used to calculate the rainfall erosivity factor (R), obtained from the 
National Meteorological Agency of Ethiopia at the nearest Kombolcha branch stations.

The inverse distance weighting (IDW) method was employed to interpolate the esti-
mated mean annual rainfall (P-value) from the seven stations using ArcGIS 10.8, allow-
ing for the generation of the erosivity factor for the study watershed. The erosivity factor 
R was then calculated using the raster calculator in the spatial analysis toolbox (Fig. 3).

Soil erodibility (K) factor  The soil erodibility factor (K) measures the long-term impacts 
of soil profile characteristics and intrinsic properties [59]. Key soil attributes influencing 
erosion include organic matter content, soil structure, texture and drainage ratio [60]. 
The most common method for calculating the K factor involves analyzing soil profiles, 
which assess the proportions of texture, permeability, structure and organic matter [61]. 
In cases lacking complete soil data [58, 62] suggested estimating the K factor for Ethio-
pian conditions using soil color data [12, 18, 37]. This study employed this methodology 
to create the K-factor map for the watershed, as illustrated in Fig. 4c.

To accomplish this, the FAO digital soil classification map was obtained from the Min-
istry of Water and Energy (MoWE) and K factors were assigned based on existing litera-
ture (Table 3). A field survey was also conducted to assess soil colors (Fig. 4b).

Slope length and slope steepness (LS) factor  Another key component for estimating 
soil loss is slope length (Fig. 5c) and slope steepness (Fig. 5b), which influence the flow’s 
capacity to transport sediment [65]. Slope steepness (S) indicates the rise or fall of the 
land surface, while slope length (L) measures the distance from the origin of overland 
flow to where the gradient decreases sufficiently for deposition to begin [66]. These fac-

Table 2  Mean annual rainfall (mm) and its R-value in the study area
Stations name Location Mean annual rainfall 

(1994–2024)
R factor 
(MJ mm 
ha−1 h−1 
y−1)

Longitude Latitude Altitude (m)

Kulmesk 522,034 1,319,231 2362 602.4 330.4
Dilb 545,546 1,322,011 3276 1149.2 637.7
Sirinka 566,465 1,298,981 1861 1034.9 573.5
Hara 580,832 1,308,885 1509 1201.2 666.9
Muja 531,731 1,327,771 2790 1206.6 670.0
Sanka 552,636 1,314,878 1986 1121.9 622.4
Woldia 564,489 1,307,442 1894 1470.2 818.1
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tors are often combined into a single topographic index, LS. Erosion is more pronounced 
on steeper and longer slopes due to increased runoff, whereas gentler and shorter slopes 
experience less water erosion. Thus, the LS factor is a critical parameter in erosion model-
ing [67]. For this study, the LS factor was derived from a 30 m resolution digital elevation 
model (DEM) obtained from the USGS and calculated using flow accumulation and slope 
steepness (Eq. 4), as proposed by Moore and Burch [68]. ArcGIS 10.8 was utilized to pre-
pare the LS factor map for the study watershed (Fig. 5d).

LS =
(

Flow accumulation × cell size
22.13

)0.4

×
(

sin (slope)
0.0896

)1.3

� (4)

Here, sin (slope) represents the sine of the slope gradient (in degrees) and cell size refers 
to the resolution of the digital elevation model (30 m).

Cropping and land cover factor (C)  The C-factor, which is influenced by crop man-
agement and land cover, indicates the ratio of soil loss from vegetated land compared 
to continuously fallow land [56]. Soil erosion from water is more common on bare land, 

Fig. 3  Erosivity factor maps of the study watershed
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while vegetated areas experience less erosion due to the protective effects of vegetation 
[67]. Thus, increasing vegetative cover through changes in LULC can effectively reduce 
soil erosion. As a result, the C-factor is a crucial element for erosion control, with values 
assigned to each LULC type based on literature (Table 4).

Table 3  Soil types, colors and their corresponding K factor values
Major soil type Dominant color K-value (t ha h ha−1MJ−1mm−1) References
Lithic Leptosols Brown 0.2  [12, 16, 18, 62]
Eutric Cambisols Brown 0.2  [12, 16, 20, 62]
Eutric Regosols Black 0.15  [12, 62–64]

Fig. 4  Major soil type (a), distribution of soil samples (b) and soil erodibility factor (c)
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The above assigned C factor values were used to create C-factor maps of the study 
watershed (Fig. 6) from the corresponding LULC temporal years.

Erosion control practice (P) factor  The P-factor values indicate the effectiveness of var-
ious conservation techniques in reducing soil loss due to rainfall-runoff [76]. The P-factor 
ranges from 0 to 1; areas with effective conservation practices receive values close to 0, 

Table 4  The LULC classes and the corresponding C factor in the study watershed
LULC class C_factor References
Agricultural land 0.15  [18, 20, 58, 69]
Forest land 0.001  [16, 18, 58, 70]
Grazing land 0.05  [12, 58, 71]
River 0  [12, 58, 72–74]
Settlement 0.004  [18, 72, 75]

Fig. 5  slope (a), steepness (b), slope length (c) and LS-factor (d) maps of the watershed
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while those without such practices are assigned a value of 1. Thus, a lower P value signi-
fies more effective erosion control [73]. The effectiveness of these conservation practices 
largely depends on the area’s slope [56]. To determine P-factor values, the area was clas-
sified into agricultural land and other land use types, with agricultural land divided into 
six categories based on watershed slope (Wischmeier & Smith, 1978). P factors were then 
assigned to each LULC type according to the literature (Table 5).

Finally, P-factor maps for the study watershed were created for the three years (Fig. 7) 
by intersecting the P-factor values with the corresponding slope data using ArcGIS 10.8.

After generating five distinct soil erosion factor map layers (R, K, LS, C, and P) in Arc-
GIS 10.8, the average annual soil loss was computed through cell-by-cell multiplication 
of these layers. Subsequently, the 2024 soil erosion map of the watershed was categorized 

Table 5  Erosion control practices (P-factor) values for different land use type
Land use type Slope (%) P-factor References
Agricultural land 0–5 0.1  [12, 56, 58, 73]

5–10 0.12
10–20 0.14
20–30 0.19
30–50 0.25
50–100 0.33

Other land use All 1

Fig. 6  C-factor maps of the study watershed for the years 1994 (a), 2009 (b) and 2024 (c)
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into sub-watersheds based on water flow contributions to the main river (Gimbora) to 
delineate the most erosion-prone areas, thereby facilitating the prioritization of conser-
vation measures. The influence of land use/land cover (LULC) change on soil erosion 
potential was evaluated using the Revised Universal Soil Loss Equation (RUSLE) model 
for the years 1994, 2009, and 2024. In each model iteration, the parameters R, K, and 
LS were held constant, whereas the C and P factors were adjusted according to LULC 
changes for the respective years [20]. Finally, the impacts of LULC dynamics on soil ero-
sion potential were quantified by analyzing the correlation between temporal LULC 
shifts and corresponding variations in soil erosion rates.

3  Result and discussion
3.1  Land use and land cover change trends

The primary LULC types in the Gimbora River catchment were classified as agricul-
tural land, forest land, grazing land, river and settlement (Fig. 8). This classification was 
achieved through remote sensing and GIS techniques applied to satellite images from 
the years 1994, 2009 and 2024.

The accuracy of the classified LULC maps was evaluated by comparing them with 
ground control points [19]. Accuracy validation was performed using an error matrix 
and Kappa coefficient (Table 6). The Kappa coefficient values for the classified images 
were 90.78%, 93.01% and 95.38% for the years 1994, 2009 and 2024, respectively. A 
Kappa coefficient greater than 81% indicates that the classification aligns well with the 
true LULC, making it acceptable [77]. Similarly [78], noted that a Kappa value above 80% 
signifies strong agreement with ground data. Thus, the accuracy of the classified images 
in this study meets the minimum threshold and is deemed acceptable.

Fig. 7  P-factor maps of the study watershed for the years 1994 (a), 2009 (b) and 2024 (c)
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In the study area, agricultural land was the dominant LULC class, accounting for 
38.54%, 44.49% and 48.39% of the total area in 1994, 2009 and 2024, respectively 
(Table 7). Grazing land was the second-largest LULC type, covering 33.89% in 1994 and 
27.97% in 2009, while forest land became the second largest in 2024 (Table 7). Although 
settlement constituted the smallest proportion of the area, it increased from 0.33% in 
1994 to 1.42% in 2024 (Table 8). A statistical summary of the LULC types over the study 
period is presented in Table 7.

The LULC change detection analysis during the study period revealed significant 
transitions between land cover classes. Between 1994 and 2009, the most prominent 
conversions included grazing land to agricultural land, grazing land to forest, and for-
est to agricultural land. Additionally, the conversion of agricultural land to settlement 
was notable. In contrast, transitions such as riverine areas to settlements, settlements 
to forest, settlements to grazing land, and settlements to riverine areas were negligible. 
Similarly, changes among the remaining LULC types were minimal during this period 
(Fig. 9a). Between 2009 and 2024, the conversion from grazing land to agriculture land 
remained high, while changes from settlement to agriculture, forest, or grazing, as well 
as river to other LULC types, were negligible. Other conversions among remaining 
LULC types were minimal (Fig. 9b).

Overall, there was a significant shift from grazing land to agricultural land from 1994 
to 2024 (Fig. 9c). Conversions from forest to agriculture, agriculture to settlement and 

Fig. 8  LULC maps of the study watershed for the years 1994 (a), 2009 (b) and 2024 (c)
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Table 6  Accuracy assessment of the classified image in the study period 1994, 2009 and 2024
Classified image Reference point

Agriculture Forest Grazing River Settlement Row total
1994
 Agriculture 23 1 1 0 0 25
 Forest 0 15 1 0 0 16
 Grazing 1 0 8 0 0 9
 River 0 0 0 6 0 6
 Settlement 0 0 0 0 4 4
 Column total 24 16 10 6 4 60
Kappa coefficient = 90.78%
2009
 Agriculture 24 0 1 0 0 25
 Forest 0 15 1 0 0 16
 Grazing 1 0 8 0 0 9
 River 0 0 0 6 0 6
 Settlement 0 0 0 0 4 4
 Column total 25 16 10 6 4 60
Kappa coefficient = 93.01%
2024
 Agriculture 24 0 0 0 1 25
 Forest 0 16 0 0 0 16
 Grazing 0 1 8 0 0 9
 River 0 0 0 6 0 6
 Settlement 0 0 0 0 4 4
 Column total 24 17 8 6 5 60
Kappa coefficient = 95.38%

Table 7  LULC type and area coverage in the study period
LULC type Area coverage

1994 2009 2024

ha % ha % ha %
Agricultural land 4751.73 38.54 5486.53 44.49 5966.41 48.39
Forest land 3045.35 24.69 2955.05 23.97 2933.46 23.79
Grazing land 4179.19 33.89 3449.21 27.97 2932.25 23.78
River 313.29 2.54 319.11 2.59 322.41 2.61
Settlement 40.74 0.33 120.41 0.98 175.78 1.42
Total 12330.31 100 12330.31 100 12330.31 100

Table 8  Trend of LULC change in the study watershed
LULC Type Area change Annual rate of 

change1994–2009 2009–2024 1994–2024

ha % ha % ha % ha %
Agricultural land 734.8 15.46 479.88 8.75 1214.68 25.56 40.49 0.85
Forest land − 90.3 − 2.96 − 21.59 − 0.73 − 111.89 − 3.67 − 3.73 − 0.12
Grazing land − 729.98 − 17.47 − 516.96 − 14.99 − 1246.94 − 29.84 − 41.56 − 0.99
River 5.82 1.86 3.3 1.03 9.12 2.91 0.3 0.097
Settlement 79.67 195.5 55.37 45.98 135.04 331.47 4.5 11.05
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grazing to forest were notable, whereas changes from river to settlement, settlement to 
forest and settlement to grazing were minimal, with few changes among the remaining 
LULC types.

The LULC change trends in the study area are summarized in Table  7. Agricultural 
land increased by 734.8 ha (15.46%) from 1994 to 2009, by 479.88 ha (8.75%) from 2009 
to 2024 and by a total of 1214.68 ha (25.56%) from 1994 to 2024, averaging 0.85% per 

Fig. 9  LULC change detections between 1994–2009 (a), 2009–2024 (b) and 1994–2024 (c)
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year (Table 7). Settlement areas expanded significantly, increasing by 79.67 ha (195.5%) 
from 1994 to 2009, by 55.37 ha (45.98%) from 2009 to 2024 and by a total of 135.04 ha 
(331.47%) over the entire period, averaging 11.05% per year (Table  7). The riverbed 
experienced a slight increase of 2.91% from 1994 to 2024, corresponding to an average 
growth of 0.097% per year (Table 7).

In contrast, the areas of grazing land and forest land decreased annually. Grazing land 
declined by 729.98 ha (17.47%) from 1994 to 2009, by 516.96 ha (14.99%) from 2009 to 
2024, resulting in a total reduction of 1246.94 ha (0.99% converted to other land uses 
per year) from 1994 to 2024 (Table 9). Similarly, forest land decreased by 90.3 ha (2.96%) 
from 1994 to 2009, by 21.59 ha (0.73%) from 2009 to 2024, with an overall reduction of 
111.89 ha (3.67%) during the study period, averaging 0.12% per year (Table 7).

As noted, agricultural land and settlements have expanded rapidly; while grazing and 
forest land have decreased annually in the study watershed. This decline is attributed to 
the population growth in the area, which has intensified competition for land for agri-
culture, housing and other infrastructure, as reported by the Gubalafto Woreda Admin-
istration Office. This finding aligns with research conducted in other northern highland 
regions of Ethiopia [20, 39, 79]. The trends in LULC changes observed in this study are 
consistent with findings from various studies in other northern highland areas of Ethio-
pia [18, 20, 39].

3.2  Rate of soil erosion

The estimated annual soil erosion rates were categorized into five severity classes: very 
slight (0–5-ton ha−1 year−1), slight (5–15-ton ha−1 year−1), moderate (15–30-ton ha−1 
year−1), severe (30–50-ton ha−1 year−1) and very severe (> 50-ton ha−1 year−1), following 
the classification by [18] Table 10. A statistical summary of soil erosion and its spatial 

Table 9  Soil erosion severity classes in the study watershed in 1994, 2009 and 2024
Study period Soil erosion severity classes

Very slight (0–5 
ton ha−1 year−1)

Slight (5–15 
ton ha−1 year−1)

Moderate (15–30 
ton ha−1 year−1)

Sever (30–50 
ton ha−1 year−1)

Very sever 
(> 50 
ton ha−1 
year−1)

Area (ha)
 1994 4155.72 1273.89 2042.03 1875.50 2783.17
 2009 3927.15 1179.59 1904.18 2196.33 3123.06
 2024 3716.05 1097.45 2175.14 1979.82 3361.85
Percent (%)
 1994 33.71 10.34 16.56 15.22 22.58
 2009 31.85 9.57 15.44 17.81 25.33
 2024 30.14 8.90 17.64 16.06 27.26

Table 10  Soil loss of the study watershed in the year 1994, 2009 and 2024
Year Watershed area Mean annual soil loss (t/ha/

year)
Annual soil loss in ton Annual 

soil loss 
change 
in ton

1994 12330.31 34.71 427985.06 –
2009 12330.31 37.82 466332.32 38347.26
2024 12330.31 39.07 481745.21 15412.89
Total 1376062.59 53760.15
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distribution for the years 1994, 2009 and 2024 is presented in Table 7 and illustrated in 
Fig. 10.

The areas categorized as very slight and slight erosion decreased from 33.71% in 1994 
to 30.14% in 2024 and from 10.34 to 8.90%, respectively (Table 9), which covers most 
part of agricultural and grazing lands (Fig. 10). Conversely, areas classified as very severe 
erosion increased from 22.58% in 1994 to 27.26% in 2024 (Table 9), it covers agricultural 
land in the study area (Fig. 10).

The mean annual soil loss in the study watershed was estimated as 34.71-ton ha−1 
year−1 in 1994, 37.82-ton ha−1 year−1 in 2009 and 39.07 ton ha−1 year−1 in 2024 (Table 10). 
The total annual soil loss increased by 38,347.26 tons from 1994 to 2009, by 15,412.89 

Fig. 10  Soil erosion maps of the watershed for the years 1994 (a), 2009 (b) and 2024 (c)
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tons from 2009 to 2024 and by a total of 53,760.15 tons from 1994 to 2024 (Table 10). 
These results indicate that soil erosion has increased annually due to the expansion of 
agricultural land, settlements and riverbeds into other land use types, as well as a reduc-
tion in vegetation cover.

The estimated annual soil loss of this study was close to 30.6-ton ha−1 year−1 by [69], 37 
ton ha−1 year−1 by [63] and 39.8 ton ha−1 year−1 by [80]. The result of the study was lower 
than 47.4-ton ha−1 year−1 by [12], 49-ton ha−1 year−1 by [16] and 84-ton ha−1 year−1 by 
[71]. Conversely, the result was higher than 25-ton ha−1 year−1 by [81] and 27.5-ton ha−1 
year−1 by [39] that conducted other northern highland part of Ethiopia in approximately 
similar climate and topography. The variations in results may be attributed to differences 
in soil color, soil type, vegetation cover, population density and the effectiveness of con-
servation practices.

3.2.1  Soil erosion risk based on sub-watersheds

The study watershed was divided into six major sub-watersheds (SW) for the year 2024, 
as illustrated in Fig. 11, to prioritize areas for conservation measures.

The estimated annual soil losses for the six major sub-watersheds in the study area are 
presented in Fig. 12.

As shown in Table 11, sub-watersheds SW1 and SW2 (eastern and south eastern part 
of the watershed) experienced the highest soil erosion at 52.77 ton ha−1 year−1 and 48.87 
ton ha−1 year−1 respectively. This is primarily due to the majority areas of those sub-
watersheds were covered by agricultural land and grazing land. SW5 and SW6 (west-
ern part of the watershed) hade moderate erosion rates of 40.98 ton ha−1 year−1 and 

Fig. 11  Sub-watershed maps of the study watershed based on attribute
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Table 11  Major sub watersheds mean annual soil loss rank for the year 2024
Sub-watershed Area coverage Mean annual soil loss (t/ha/year) Rank

ha %
SW1 1874.82 15.20 52.77 1
SW2 1809.01 14.67 48.87 2
SW3 1632.75 13.24 29.22 6
SW4 3174.72 25.75 31.65 5
SW5 2225.00 18.04 40.98 3
SW6 1614.01 13.09 34.56 4
Total 12330.31 100

Fig. 12  Soil erosion maps of SW1 (a), SW2 (b), SW3 (c), SW4 (d), SW5 (e) and SW 6 (f)
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34.56 ton ha−1 year−1 respectively. In contrast, the mean annual soil loss of SW3 and 
SW4 (northern and southern part of the watershed) had lower mean annual soil losses of 
29.22 ton ha−1 year−1 and 31.65 ton ha−1 year−1 respectively, due to a higher proportion 
of forest cover. These sub-watersheds maintained relatively greater forest cover com-
pared to other major sub-watersheds in the study area. Therefore, conservation efforts 
should be prioritized for SW1 and SW2; however, this does not imply that the other sub-
watersheds do not require conservation, but rather that they should be addressed based 
on their ranking.

3.2.2  Result validation

Validation of the soil erosion prediction model is necessary to check the accuracy of the 
results and evaluate the model’s usefulness. But, the comparison of expected erosion val-
ues with field derived values was limited, due to the lack of measured soil loss data in the 
study area. Thus, the predicted result and efficiency of the model were validated using 
the earlier studies that carried out in the surrounding area of the study area [20, 63, 64, 
82]. When compared to the findings of earlier research that conducted in the north east-
ern highland of Ethiopia, the estimated annual rate of soil loss and the spatial distribu-
tion of erosion classes in our watershed have become more similar [63, 81, 83].

3.3  Impact of LULC changes on soil Erosion potential

To assess the impact of LULC change on soil erosion rates in the Gimbora River catch-
ment, the RUSLE model was applied for three specific years: 1994, 2009 and 2024. Three 
model parameters (R, K and LS) remained constant across all runs, while the C and P 
factors varied in accordance with LULC changes for each respective year [20]. The C fac-
tor in the RUSLE model is directly influenced by LULC types, which significantly affect 
soil erosion rates. Ultimately, the impact of LULC change on soil erosion potential was 
quantified by correlating the changes in LULC over the three years with the correspond-
ing annual soil erosion rates.

The LULC change maps and corresponding soil erosion maps were combined to ana-
lyze the relationship between LULC dynamics and changes in soil erosion potential. 
Tables 8 and 12 detail how LULC changes contributed to soil erosion during the study 
period. The results indicate significant LULC changes in the watershed, with extensive 
reductions in forest and grazing land largely replaced by cultivated land in 1994, 2009 
and 2024. This transition diminished the land’s protective capacity against erosion, 
resulting in a substantial increase in soil loss within the study area.

The area and annual soil loss for agricultural land were 4,751.73  ha and 317,890.73 
tons in 1994, 5,486.53  ha and 365,402.9 tons in 2009 and 5,966.41  ha and 369,917.42 

Table 12  Annual soil loss of each LULC type in the study watershed for the study period
LULC type Annual soil loss

1994 2009 2024

ton % ton % ton %
Agriculture land 317890.73 74.2 365402.9 78.4 369917.42 76.9
Forest land 5481.63 1.3 11381.19 2.4 19067.49 4.0
Grazing land 93613.86 21.9 71398.65 15.3 58938.22 12.3
River 10871.16 2.5 16689.45 3.6 29919.65 6.2
Settlement 334.7 0.1 1167.98 0.3 3093.73 0.6
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tons in 2024 (Tables 8 and 12). The riverbed area increased from 313.29 ha in 1994 to 
322.41  ha in 2024, with corresponding annual soil losses of 10,871.16 tons, 16,689.45 
tons and 29,919.65 tons for those years (Tables  8 and 12). Settlement area expanded 
from 40.74 ha to 175.78 ha, with annual soil loss increasing from 334.7 tons to 3,093.73 
tons from 1994 to 2024 (Tables  8 and 12). These results indicate that the coverage of 
agricultural land, settlement and riverbed has increased over the years, contributing to 
the rise in annual soil loss within the study watershed.

As previously noted, LULC classes were rapidly converted into agricultural land, with 
increases of 15.46% from 1994 to 2009, 8.75% from 2009 to 2024 and a total increase 
of 25.56% during the study period (Table 7). This conversion directly contributed to an 
increase in soil loss of 38,347.26 tons from 1994 to 2009, 15,412.89 tons from 2009 to 
2024 and a total increase of 53,760.15 tons from 1994 to 2024 (Table 10). Similar findings 
have shown that the expansion of agricultural land and the reduction of vegetation cover 
led to increased average yearly soil erosion rates in other northern highland regions of 
Ethiopia [18, 20, 84, 85].

4  Conclusion
In Ethiopia, soil erosion combined with change in land use and land cover has become a 
serious environmental problem. Therefore, this study effectively evaluated the impact of 
LULC change on soil erosion potential by using GIS, remote sensing and RUSLE model 
in Gimbora River Catchment of Gubalafto woreda, Amhara Region, Ethiopia during the 
past three decades (1994–2024). The primary LULC types in the Gimbora River catch-
ment were classified as agricultural land, forest land, grazing land, river and settlement, 
it’s Kappa coefficient values for the classified images were 90.78%, 93.01% and 95.38% 
for the years 1994, 2009 and 2024, respectively. The mean annual rate of soil loss in the 
study watershed was estimated as 34.71-ton ha−1 year−1 in 1994, 37.82-ton ha−1 year−1 
in 2009 and 39.07-ton ha−1 year−1 in 2024. The study revealed that, all the LULC type 
showed a significant change in the time from 1994 to 2024. A notable expansion of agri-
cultural land and settlement were occurred at the expense of forests and grazing land in 
the study period due to rapid growth of population in the watershed.

Accordingly, soil erosion was increased during the previous three decades. The mean 
annual soil loss was increased from 34.71 ton ha−1 year−1 1994 to 39.07 ton ha−1 year−1 
in 2024. The primary cause of increasing soil erosion was the expansion of agricultural 
land in the study watershed. Currently soil erosion is serious problem in the eastern 
and south eastern parts of the study watershed than the rest due to the steepness of 
the watershed and the significant changed of LULC to agricultural land and settlement 
results the soil erosion has noticeably increased from time to time. This was negatively 
affecting the community living standard.

This finding suggests that to minimize the impact of LULC change on soil erosion in 
the study area, the government should implement appropriate land use and cover man-
agement strategies, prioritizing the eastern and southeastern parts of the watershed. 
Additionally, raising community awareness about LULC change and its effects on soil 
erosion is essential. Furthermore, RUSLE eliminates gully erosion, which significantly 
affects the watershed by dividing and fragmenting agricultural and grazing land. There-
fore, further research on gully erosion is recommended.
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