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A B S T R A C T

The aim of this study was to map and assess the impacts of land use and land cover (LULC)
changes on runoff in the Luvuvhu catchment in Limpopo, South Africa. To achieve this, the study
determined past spatial trends of LULC change, using Landsat images from 1990 to 2020 and Sup-
port Vector Machine (SVM). The study also predicted future LULC in 2025 and 2030 using artifi-
cial neural networks-cellular automata (ANN-CA) simulation model, as well as established the re-
sponse of runoff to LULC changes, using Soil and Water Assessment Tool (SWAT) model. The re-
sults revealed significant LULC changes in the Luvuvhu catchment during the study period. Bare
land had the largest increase of 15.2% whereas natural vegetation had the largest decrease of
18.9%. The LULC classification results showed high overall accuracies ranging from 93% to 98%
and Kappa coefficients above 0.9. The predicted LULC for 2025 show that bare land will have the
largest increase of 168 km2 whereas natural vegetation may lose the largest area of 356 km2 in
2025. The same trends observed in 2025 are expected to continue to the year 2030. Results fur-
ther indicated that, on average, overall surface runoff increased by 7.3% from 169.14 mm to
181.49 mm between 1990 and 2020. The results showed that the surface runoff of the Luvuvhu
catchment was altered due to the significant LULC changes in bare land and natural vegetation
with 15.2% increase and 18.9% decrease, respectively. Therefore, these changes contributed sig-
nificantly to the runoff response of the Luvuvhu catchment. Owing to the anticipated ongoing
LULC alterations, the likelihood of increased surface runoff persists, posing potential catchment
management challenges, including flooding and erosion of riverbanks or stream channels. Hence,
prioritizing the development of effective catchment management strategies is crucial, serving as a
pivotal measure to mitigate the impacts of LULC changes. This study provides baseline informa-
tion on the impacts of LULC changes on surface runoff within the Luvuvhu catchment in
Limpopo, South Africa.

1. Introduction
Land use and land cover (LULC) change is a key factor that affects the Earth's system processes (Lambin et al., 2001). The evolving

human population, climate change and natural occurrences drive successive LULC changes. LULC changes occur to primarily support
the increasing human population, with great loss of natural vegetation cover due to settlement establishment (Getahun and Haj,
2015; Yadav, 2019). Furthermore, the effects of climate change affect crop production and leads to loss of natural forest cover (Thapa,
2021). Land cover reflects ecological and hydrological processes within a catchment. Therefore, changes in a catchment will signifi-
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cantly affect the hydrological and terrestrial ecosystems of that area by changing the physical structure of the landscape and water
fluxes (Turner et al., 2003; Maviza and Ahmed, 2020). Furthermore, LULC changes affect the water cycle by changing the magnitude
and timing of runoff due to changes of evapotranspiration, infiltration, and the rate of runoff generation (Sterling et al., 2012; Guo et
al., 2020; Anand et al., 2018). Similarly, Peng & Wang (2012) stated that LULC changes and rainfall patterns affect the intensity and
frequency of surface runoff. Factors such as rainfall intensity, slope steepness and change of energy influence runoff generation
(Gessesse et al., 2014; Ozdemir and Elbaşı, 2014). The increase in surface runoff often leads to flooding and increased annual dis-
charge (Ntanganedzeni and Nobert, 2020). Therefore, understanding the relationship that exists between LULC changes, hydrologic
processes, and their response at catchment scale remains imperative for better land use planning and management of catchments is
crucial.

Remote sensing has proven to be an invaluable approach for LULC change monitoring over time across the globe at various scales
(e.g., Abd El-Kawy et al., 2011). In addition, studies such as (Abijith and Saravanan 2022; Rahman et al., 2017; Singh et al., 2022;
Bagaria et al., 2021) have also successfully predicted future LULC changes, using remote sensing, environmental factors, and predic-
tion models. Similarly, within the hydrological field, the potential of remote sensing has been widely identified (Jewitt et al., 2004;
Griscom et al., 2009; Warburton et al., 2012; Zhang et al., 2014; Mathivha et al., 2016). Remotely sensed data provide the spatial and
temporal information needed for hydrological modelling. Different hydrological models have been developed and applied to under-
stand hydrological processes (Lin et al., 2015; Devia et al., 2014, 2015). For example, Shoko et al. (2015), modelled evapotranspira-
tion, using MODIS and Landsat remote sensing datasets and the Surface Energy Balance SEBS model for the uMngeni Catchment in
South Africa.

Previous studies that assessed LULC change affected the hydrological response in the Luvuvhu catchment have reported fairly
comparable results although they used different hydrological modelling approaches. These studies show an increase in peak dis-
charges in the Luvuvhu catchment due to deforestation (Warburton et al., 2012; Mathivha et al., 2016; Thavhana et al., 2018). While
previous studies have evaluated the impacts of LULC changes, it is crucial to investigate potential future impacts to bolster our under-
standing. Therefore, evaluating the impacts of LULC change using a physical based hydrological modelling approach for different
LULC periods is still imperative. Further research in this area not only contributes to enhancing our knowledge but also supports land
restoration initiatives. This study aims to analyze both historical and projected spatial trends of LULC changes, as well as to elucidate
the effects of these changes on runoff within the Luvuvhu catchment, South Africa. Employing a physically based hydrological model-
ing approach to evaluate the impacts of LULC changes across different time periods in the Luvuvhu catchment remains essential. Con-
sequently, this study integrates the use of remotely sensed data and a physical-conceptual semi-distributed modelling approach to
comprehensively examine the response of runoff to LULC changes in the Luvuvhu catchment, South Africa.

2. Materials and methods
2.1. Study area

The Luvuvhu catchment is situated in the Limpopo Province, South Africa (Fig. 1). The Luvuvhu catchment is located between lat-
itudes 22°17′57''S and 23°17′31''S and longitudes 29°49′16''E and 31°23′02''E and covers an area of approximately 5941 km2. This
catchment is situated in the Luvuvhu/Letaba Water Management Area. The catchment mainly consists of rural settlements, commer-
cial agriculture, and the Kruger National Park, with three major urban centres, which are Malamulele, and Thohoyandou, Louis
Trichardt (Hope et al., 2004; Odiyo et al., 2012). The upper region of Luvuvhu catchment consists of narrow, steep small rivers that
drain into the Luvuvhu River. Furthermore, the Luvuvhu catchment has three major dams namely, Vondo Dam, Albasini Dam and
Nandoni Dam (Hope et al., 2004). The climate in the Luvuvhu catchment varies from humid sub-tropical to semi-arid climate. The
western part of the Luvuvhu catchment is characterised by a dry, hot semi-arid climate, while the eastern part is more humid with
subtropical temperatures (Hope et al., 2004). High temperatures are experienced between October to February and low temperatures
between May to July. The mean annual temperature ranges from 18 °C in the southwest region to 24 °C in the north-eastern plains of
the catchment (Odiyo et al., 2012). Rainfall is seasonal and occurs mainly during summer months (October to April). The catchment
has mean annual precipitation of 608 mm/year, rising from 300 mm/year in the dry lower areas of the catchment to 1870 mm/year
in the mountainous upper areas of the catchment (Odiyo et al., 2012).

2.2. Remote sensing data collection and preprocessing
Landsat data (Landsat 5 TM and Landsat 8 OLI) at 30m spatial resolution were used to determine LULC change in the study area.

The data were chosen based on freely accessibility, and archive data for change detection. The images were acquired from the United
States Geological Survey (USGS) website (https://earthexplorer.usgs.gov/). Table 1 highlights the characteristics of selected Landsat
series images.

Table 2 further illustrates the image acquisition dates which were selected based on data availability and cloud cover. All images
were acquired between June and October, which is a dry season in the area.

The acquired Landsat images were geo-referenced to the Universal Transverse Mercator (UTM) zone 36S with World Geodetic Sys-
tem (WGS) 1984 projection in the ArcGIS environment. Landsat bands for each period were stacked in layers to create a multiband
image and then subset to cover the study area. Image preprocessing was achieved using FLAASH tool in ENVI.

2.3. Reference data collection
The red, green blue bands, from both sensors were combined to create a true colour composite to gather representative samples of

the six LULC types. The classes considered in this study are presented in Table 3. Depending on the availability of Google Earth Pro

https://earthexplorer.usgs.gov/
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Fig. 1. Location of the Luvuvhu catchment in Limpopo, South Africa.

Table 1
Characteristics of Landsat imageries used in this study.

Landsat Sensor Band Name Bandwidth (μm)

Landsat 5 TM Band 1 (Blue) 0.45-0.52
Band 2 (Green) 0.52-0.60
Band 3 (Red) 0.63-0.69
Band 4 (Near infrared) 0.76-0.90
Band 5 (Shortwave Infrared) 1.55-1.75
Band 7 (Shortwave Infrared) 2.08-2.35

Landsat 8 OLI Band 2 (Blue) 0.43-0.45
Band 3 (Green) 0.53-0.59
Band 4 (Red) 0.64-0.67
Band 5 (Near Infrared) 0.85-0.88
Band 6 (Shortwave Infrared) 1.57-1.65
Band 7 (Shortwave Infrared) 2.11-2.29

images acquired during or close to the acquisition dates of the Landsat images, Google Earth Pro was also used as an additional tool
for gathering LULC samples.

Representative samples of LULC classes were extracted as regions of interest (ROIs), which were then examined for class separabil-
ity using Transformed Divergence (TD) and Jeffries-Matusita Distance (JMD). Separability measures between different LULC classes
are necessary for the evaluation of quality of the samples representative of the LULC classes in order to avoid misclassification (Powell
et al., 2004). The TD and JMD separability measures of classes pairs indicate how well the classes separate and are reported as values
in the range of 0–2; where 2 indicates perfect separation of the two classes and 0 shows complete overlap between the spectral signa-
tures of two classes (Richards and Jia, 2005), while ≥1.5 indicates acceptable separability between classes (Latty and Hoffer, 1980).
In general, values greater than 1.9 between two classes indicate excellent separability (Richards and Jia, 2005).
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Table 2
Details of Landsat datasets used in this study.

Scene ID Acquisition Date Path/Row

LT05_L2SP_169076_19901006_20200915_02_T1 1990/10/06 169/076
LT05_L2SP_169076_19950801_20200912_02_T1 1995/08/01 169/076
LT05_L2SP_169075_19950801_20200912_02_T1 1995/08/01 169/075
LT05_L2SP_169076_20000830_20200906_02_T1 2000/08/30 169/076
LT05_L2SP_169076_20050913_20200901_02_T1 2005/09/13 169/076
LT05_L2SP_169076_20100506_20200824_02_T2 2010/05/06 169/076
LT05_L2SP_169075_20100506_20200825_02_T2 2010/08/06 169/075
LC08_L2SP_169076_20150808_20200908_02_T1 2015/08/08 169/076
LC08_L2SP_169076_20200504_20210508_02_T1 2020/05/04 169/076

Table 3
Major LULC characterizing the study area.

LULC type Description

Waterbody Natural and man-made surface water bodies (rivers, streams, dams, etc.)
Built-up Settlements, public utilities, industrial and commercial complexes, roads,
Bare Land Unoccupied and virgin land either characterized by soils and/or rocks
Plantation These were mainly planted commercial trees
Natural vegetation Forest, trees, shrubs, bushes, and grass of natural origin (sparse and dense), aquatic plants
Agricultural Land This includes cumulative land occupied by different crops

2.4. Ancillary data collection and preprocessing
A Digital Elevation Model (DEM) with 30m spatial resolution was acquired from the Shuttle Radar Topography Mission (SRTM).

The DEM was used to derive elevation, slope and stream network for modelling with the SWAT model. Conventional data of landform
(in a vector format) was also acquired from Soil and Terrain Database for South Africa. A soil map is also a prerequisite input for run-
ning the SWAT model and was obtained from the Food and Agriculture Organisation of the United Nation. The meteorological data
used during simulation were obtained from the Agricultural Research Council (ARC) for 6 stations located in the Luvuvhu catchment.
The climate data includes precipitation relative humidity, wind speed, minimum and maximum temperatures from 1990 to 2020. The
weather stations used in this study were selected based on data availability and their distribution within the Luvuvhu catchment.

3. Image classification
Support Vector Machine (SVM) algorithm was used for classification. The algorithm is a non-parametric machine-learning algo-

rithm (Richards and Jia, 2005) capable of overcoming the inherent drawback of the parametric classification algorithm such as Maxi-
mum Likelihood (ML) and other non-parametric algorithm such as Neural Network (NN) machine learning algorithm (Manoj et al.,
2013). In addition, SVM algorithm appears to be incredibly dependable when dealing with heterogeneous classes when the number of
training samples is small (Lothar et al., 1999). The superior performance of the SVM in LULC mapping was demonstrated in the study
of Muavhi (2020) which was conducted in the same region. In different studies, reported that SVM produced relatively high accura-
cies compared to ML, NN and Decision Tree techniques, whereas Manoj et al. (2013) highlighted better overall accuracy from SVM
compared to ML.

3.1. Accuracy assessment and change detection
Accuracy assessment for the classified images was done using overall accuracy, Kappa coefficient, user's and Producer's accura-

cies. These are common accuracy techniques using in remote sensing. The accuracy of LULC maps is evaluated empirically by check-
ing the number of sample points assigned to each LULC class compared to the reference data or ground truth data, which is also re-
ferred to as validation data (Richards and Jia, 2005). Based on this approach, the percentage of pixels from each class in the image la-
belled correctly by the classification algorithm can be estimated together with the percentage of pixels from each class incorrectly la-
belled into every other class (Richards and Jia, 2005). A simple post-classification comparison method was implemented to detect
LULC changes over the period of 30 years from 1990 to 2020. This approach was considered because it quantifies rate and magnitude
of change. The, from-to change information is achieved by the comparison of the classified LULC maps on a pixel-by-pixel basis (Ban
and Yousif, 2016; Alawamy et al., 2020).

3.2. LULC predictions modelling
The Cellular Automata (CA) model was implemented to simulate the future LULC dynamics using the Modules of Land Use Change

Evaluation (MOLUSCE) plugin from QGIS 2.18 software. CA model enables clear insights into global and local patterns of LULC
changes by relating the new state to its previous state (Santé et al., 2010). The CA model can predict and model the spatial distribu-
tion of the LULC pattern including its dynamics since it can add spatial properties of LULC (Santé et al., 2010), by utilizing the condi-
tion of nearby cells for its transition principles (Ghosh et al., 2017). On the other hand, MOLUSCE analyses, models, and simulates
LULC changes by incorporating well-known algorithms which include CA, logistic regression (LR), weights of evidence (WoE), artifi-
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cial neural networks (ANN) and multi-criteria evaluation (MCE) (MOLUSCE, 2018). MOLUSCE user interface provides simplistic in-
terface with specific functions and modules. The CA takes input factors (LULC and spatial variables) and models (ANN, LR, WoE or
MCM), meanwhile the simulator takes the probabilities of transition from the transition matrix, and then initiates a model and offers
it with input factors (Jogun et al., 2019; Yatoo et al., 2020). For every class, potential transitions are estimated, and the simulator es-
tablishes a raster of the most probable transitions. In this regard, each transition belonging to most probable transitions, the simulator
searches a fixed number of pixels with the highest certainty and then changes the class of the pixels (Yatoo et al., 2020). For this
study, the generated LULC maps for 2010 and 2015 were used as initial (first) and final (second) LULC maps and elevation, slope,
landform, and distance to stream were considered independent spatial variables. MOLUSCE-based Multi-Layer Perception (MLP),
which is the most utilized form of ANN was used for transitional modelling of LULC change. Researchers (MOLUSCE 2018; Hakim et
al., 2019; Yatoo et al., 2020; Thanekar and Krishna, 2021) have applied ANN algorithm owing to its optimal accuracy compared to
other algorithms.

3.3. Validation of predicted LULC
In MOLUSCE plugin, validation is conducted between the reference map (actual third year LULC) and simulated map (third year

LULC prediction) by calculating the overall accuracy (% of correctness) and Kappa statistics (i.e., overall Kappa, histogram Kappa and
location Kappa). When the overall accuracy and Kappa statistics are according to the assessment standard, the CA simulation stage is
then used to predict or model the future LULC trends (Equation (1)). The year of prediction depends on the number of iterations mul-
tiplied by the second year minus the first year (Hakim et al., 2019). In this study, the iteration values of 2 and 3 were used for the pro-
jection of 2025 and 2030, respectively.

S (t, t + 1) = f (S (t) ,N) (1)

Where S (t + 1) is the system status at the time of (t, t + 1); functioned by the state probability of any time (N).

3.4. Modelling the impact of LULC changes on run-off
The SWAT model was used to predict the impacts of LULC on run-off. SWAT is a hybrid model that operates on the physical

processes within the catchment but employs conceptual and empirical algorithms to compute hydrological characteristics (J. G.
Arnold et al., 2012; Sidle, 2021). More details on how the SWAT model works are detailed by Arnold et al. (2012) and Affessa et al.
(2022). The SWAT model was run as an extension (QSWAT) on QGIS 3.16.8. The spatial data used during surface runoff simulation
were digital elevation model obtained from USGS, LULC maps, and soil data from the Food and Agriculture Organisation (FAO) of the
United Nation with a spatial scale of 1: 5 000 000. The meteorological data used during simulation were obtained from the Agricul-
tural Research Council (ARC) for 6 stations located in Luvuvhu catchment, these include daily rainfall, temperature, and relative hu-
midity. Hydrological simulation analysis for the assessment of surface runoff response to LULC changes was determined by the SCS
Curve Number approach. The simulation of the surface runoff was conducted for two land use periods, 1990 and 2020. The climatic
data, soil map and topography used during simulation of the two land use scenarios was kept constant, while the LULC period map
was changed. The calibration and validation of the model were both conducted using SUFI-2 algorithm in SWAT-CUP. This study
made use of the split-sampling method, dividing the observed data into calibration and validation data to ensure data independence.
Components of the water balance such as surface runoff, evapotranspiration and water yield were considered in the assessment of hy-
drological response to LULC changes after calibration of the model.

3.5. Model performance evaluation
Three criteria were used to evaluate SWAT model performance. The model evaluation was based on statistical criteria, which in-

clude the Nash-Sutcliffe efficiency (NSE), the coefficient of determination (R2), and percent bias (PBIAS). Each performance parame-
ter pertains to a specific purpose during the comparison of observed and simulated flows. NSE ranges from −0 to 1, the closer the NSE
values is to 1, the higher the accuracy of the model. R2 represents the strength of linear correlation that exists between the observed
and simulated data and ranges from 0 to 1. R2 values greater than 0.5 show less error variance and are therefore acceptable measures.
PBAIS measures the tendency of the resulting simulated data to be higher or lower than the observed data (Abbas et al., 2016). A posi-
tive PBIAS value indicates model underestimation, while a negative PBIAS value shows model overestimation (Moriasi et al., 2007a,
b). Detailed summary of the data analysis methodology is provided on the flowchart (Fig. 2).

4. Results
4.1. Accuracy assessment of image classification

Table 4 illustrates the accuracy assessment results associated with the classification using Landsat and SVM. High overall accura-
cies were produced, ranging from 93% to 98% and Kappa coefficients above 0.9. The year 2020 attained the highest Kappa coeffi-
cient and overall accuracy, in contrast these main accuracy measures were the lowest for 1995 classification image. LULC classes at-
tained an estimated producer's accuracy (PA) and user's accuracy (UA) of ≥70%, and commission error (CE) and omission error (OE)
of <30% for all classified images. The confusion matrix reported a PA of <80% for built-up areas in 1990, 1995, 2000 and 2010.
These were the years in which built-up areas achieved the lowest PA. However, in the later years of the study period i.e., 2015 and
2020, built-up reached a PA of 90%. Waterbody, natural vegetation, and bare land attained PA beyond 90% for the entire study pe-
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Fig. 2. Overview of the methodology of this study.

riod. Conversely, built-up acquired a UA ranging from 80 to 100% for all years. In general, all LULC classes attained a UA in the
range of 80–100% for all years, except for natural vegetation in 1990, which attained a UA of 77.73%.

The LULC classes in this study achieved TD separability measures from 1.86 up to 2.00. Built-up areas attained relatively low sepa-
rability measures particularly with bare land; while waterbody generally attained relatively high separability measures with five
LULC classes.

4.2. LULC change detection over time
The spatial distribution of LULC in the Luvuvhu catchment from 1990 to 2020 is shown in Fig. 3. In general, bare land and natural

vegetation were the most dominant land cover types for the study period. From 1990 to 2020, natural vegetation occupied 50%–80%
of the catchment, while bare land occupied up to 45% of the catchment. On the other hand, waterbodies occupied <1% of the area,
thus making it the smallest LULC in terms of area coverage. In general, waterbodies, plantation, and agricultural land, occupied less
than 6% of the catchment for the entire study period. Natural vegetation suffered extensive loss of up to 1121.730 km2 from 1990 to
2020. Part of natural vegetation was lost to built-up and agricultural land particularly in the Upper Luvuvhu catchment where agri-
cultural activities are extensive. Furthermore, due to the population growth that has occurred over the study period, the catchment
experienced urban expansion, hence the substantial increase in built-up. Built-up area revealed a continuous increase over the study
period. The total area under this LULC class has been 29.9 km2, 120.4 km2, 314 km2 in 1990, 2005 and 2020, respectively. The
tremendous increase in this category can be attributed to the expansion of residential and commercial establishment. Bare land is the
second most dominant LULC class in the Luvuvhu catchment. This class experienced an increase of up to 899.8 km2 from 1990 to
2020. Bare land dominates the north-west part of the Lower Luvuvhu catchment and is rarely exploited by other LULC classes. The oc-
currence of bare land in the lower part of the catchment can be attributed to the unfavourable climatic conditions of the area. The
lower area of the catchment is characterized by high annual temperature and receives low annual rainfall (Kundu et al., 2015) (see
Fig. 4).



Remote Sensing Applications: Society and Environment 33 (2024) 101144

7

M.O. Mabuda et al.

Table 4
Accuracy assessment of LULC classification in the study area.

1990
Overall accuracy 94.3
Kappa coefficient 0.93
Individual accuracy Producer's accuracy User's accuracy Commission error Omission error
Waterbody 99.16 99.72 0.28 0.84
Plantation 99.86 99.59 0.41 0.14
Agricultural Land 97.93 98.71 1.29 2.07
Natural Vegetation 99.85 77.73 22.27 0.15
Bare Land 93.22 98.40 1.60 6.78
Built-up 70.03 100.00 0.00 29.97
1995
Overall accuracy 93.48
Kappa coefficient 0.91
Waterbody 97.25 100.00 0.00 2.75
Plantation 96.32 86.50 13.50 3.68
Agricultural Land 70.53 100.00 0.00 29.47
Natural Vegetation 99.66 92.49 7.51 0.34
Bare Land 100.00 94.84 5.16 0.00
Built-up 70.26 100.00 0.00 29.74
2000
Overall accuracy 95.76
Kappa coefficient 0.95
Waterbody 100.00 100.00 0.00 0.00
Plantation 97.48 100.00 0.00 2.52
Agricultural Land 98.33 93.41 6.59 1.67
Natural Vegetation 100.00 94.98 5.02 0.00
Bare Land 98.53 92.13 7.87 1.47
Built-up 70.01 100.00 0.00 29.99
2005
Overall accuracy 96.61
Kappa coefficient 0.96
Waterbody 99.19 94.25 5.75 0.81
Plantation 92.59 99.81 0.19 7.41
Agricultural Land 99.81 91.20 8.80 0.19
Natural Vegetation 93.51 96.16 3.84 6.49
Bare Land 99.54 98.79 1.21 0.46
Built-up 86.52 97.07 2.93 13.48
2010
Overall accuracy 94.10
Kappa coefficient 0.9261
Waterbody 100.00 100.00 0.00 0.00
Plantation 78.01 100.00 0.00 21.99
Agricultural Land 98.82 100.00 0.00 1.18
Natural Vegetation 100.00 83.89 16.11 0.00
Bare Land 98.99 97.04 2.96 1.01
Built-up 75.31 98.92 1.08 24.69
2015
Overall accuracy 95.75
Kappa coefficient 0.95
Waterbody 100.00 99.55 0.45 0.00
Plantation 99.16 100.00 0.00 0.84
Agricultural Land 96.20 98.33 1.67 3.80
Natural Vegetation 98.33 87.65 12.35 3.62
Bare Land 91.83 97.95 2.05 8.17
Built-up 95.34 80.83 19.17 4.66
2020
Overall accuracy 98.58
Kappa coefficient 0.95
Waterbody 100.00 100.00 0.00 0.00
Plantation 97.59 99.42 0.58 2.41
Agricultural Land 99.06 100.00 0.00 0.94
Natural Vegetation 99.34 97.51 2.49 0.66
Bare Land 98.52 98.13 1.87 1.48
Built-up 90.94 92.49 7.51 9.06
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Fig. 3. LULC classification maps for the study period.

Fig. 4. Changes in the proportions of areas under different LULC types.

4.3. LULC spatial and temporal projections
The trends and projected area for the different LULC for 2020, 2025 and 2030 are shown in Fig. 5. From 2020 to 2025, built-up

will increase by about 120 km2, plantation by 17 km2, agricultural land by 51 km2 and bare land by 168 km2. However, natural vege-
tation will lose up to 356 km2 in 2025. Waterbody may lose close to 2 km2 of area coverage from 2020 to 2025. Waterbody is most
likely to change to natural vegetation than other LULC classes. The predicted LULC trends are expected to continue from 2025 to
2030, with natural vegetation being the LULC most susceptible to conversion to other LULC classes. As population growth persist, the
volume of water in current waterbodies within the Luvuvhu catchment may decrease due to high water consumption. This corre-
sponds with the study of Oberholster et al. (2008), which predicted that, by the year 2025, the quantity of water sources in Luvuvhu
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Fig. 5. Trends and predictions of LULC types from 2020 to 2030.

catchment will be reduced and this could lead to the water supply not meeting the demand. Therefore, waterbody will continue to de-
crease provided there are no dam constructions in the Luvuvhu catchment for the predicted years. While natural vegetation decreases
by almost 316 km2. Agricultural land is expected to continue to increase by 35 km2, bare land by 176 km2, built-up area by 104 km2

and plantation by 1 km2. The model validation results showed that overall accuracy and overall Kappa were 84.12 and 0.75, respec-
tively.

The changes in predicted area coverage from 2020 to 2030 are shown in Table 5. From 2020 to 2025, bare land was projected to
increase by 2.838%, followed by built-up areas, with 2.041%. On the other hand, natural vegetation will experience the largest loss
by −6.012%, whereas waterbodies will experience the least decrease by −0.031%. From 2025 to 2030, The same trend was projected,
where natural vegetation will continue to decrease by −5.325%, which is the largest decrease.

The projected spatial distribution of the different LULC types for 2025 and 20230 are shown in Fig. 6. The maps illustrate the pre-
dicted spatial distribution trends of the different LULC types from 2025 to 2030 across the study area.

4.4. Model performance evaluation
The calibration and validation statistics for LULC map for 1990 and 2020 are shown in Table 6. The model evaluation was based

on statistical criteria, which include the Nash-Sutcliffe efficiency (NSE), the coefficient of determination (R2), and percent bias
(PBIAS). Model performance for the calibrated period using 1990 LULC map show satisfactory results with an R2 value of 0.76, NSE of
0.68 and PBIAS of 0.9. On the other hand, the validation model performance was recorded with an R2 value of 0.64, NSE of 0.54 and
PBIAS of −31.8. The model performance results for the 2020 LULC map in the calibration period shows R2 value of 0.75, NSE of 0.69
and PBIAS of −4.3 while validation results show R2 value of 0.63, NSE of 0.53 and PBIAS of −33.0. These results show general overes-
timation of the model due to negative PBIAS. However, the NSE, R2 and PBIAS results for the calibration periods appear to be better
than those recorded for validation periods (see Table 7).

Table 5
LULC trends and projections from 2020 to 2030 in the catchment.

Area %

LULC 2020 2025 Δ 2025 2030 Δ

Built-up 5.299 7.339 2.041 7.339 9.088 1.748
Waterbody 0.504 0.473 −0.031 0.473 0.460 −0.013
Plantation 3.523 3.817 0.295 3.817 3.835 0.018
Agricultural Land 3.535 4.404 0.869 4.404 4.997 0.594
Natural Vegetation 44.008 37.996 −6.012 37.996 32.672 −5.325
Bare Land 43.132 45.970 2.838 45.970 48.948 2.978

Fig. 6. Projected LULC trends for 2025 and 2030 in the Luvuvhu catchment.



Remote Sensing Applications: Society and Environment 33 (2024) 101144

10

M.O. Mabuda et al.

Table 6
Model performance results for calibration and validation.

Model performance criteria 1990 LULC 2020 LULC

NSE Calibration 0.68 0.69
Validation 0.54 0.53

R2 Calibration 0.76 0.75
Validation 0.64 0.63

PBIAS Calibration 0.9 −0.4
Validation −31.8 −33.0

Table 7
Effect LULC change on surface runoff.

LULC type LULC Change from 1990 to 2020 (%) Change in runoff (%)

Built-up 4.793 7.3%
Water body 0.416
Plantation −0.322
Agricultural Land 1. 2
Natural Vegetation −18.933
Bare Land 15.188

4.5. The impacts LULC changes on surface runoff
A comparison of LULC maps for the years 1990, 1995, 2000, 2005, 2010 and 2020 indicates that the LULC classes in the Luvuvhu

catchment were altered. Built-up area showed a significant increase of 4.8% in the period from 1990 to 2020. The greatest built-up in-
crease occurred in the later years from 2015 to 2020. Agricultural land showed a fluctuation in the period from 1990 to 2020, how-
ever overall results show a decrease from 4.7% to 3.5%. Plantation and natural vegetation show a decrease of 0.3% and 18.9% from
1990 to 2020, respectively. Lastly, bare land in the Luvuvhu catchment increased by 15.2%. The simulation results from the two
LULC periods showed changes in all hydrological components. The mean annual surface runoff increased from 169.14 mm to
181.49 mm between 1990 and 2020. On average, overall surface runoff increased by 7.3%. In contrast, evapotranspiration decreased
from 279.7 mm to 275.08 mm.

5. Discussion
This study aimed to assess Land Use and Land Cover (LULC) alterations spanning the period from 1990 to 2020. Additionally, pre-

dictive modelling techniques were employed to forecast anticipated LULC changes for the years 2025 and 2030. Furthermore, the
study endeavored to evaluate the consequential impact of these LULC alterations on run-off dynamics.

5.1. Spatial distribution of LULC from 1990 to 2020
The patterns of LULC variations in the catchment were estimated from Landsat images using SVM algorithm. The spatial distribu-

tion of LULC in the Luvuvhu catchment from 1990 to 2020 was evaluated. Over the past three decades, plantation and agricultural
land were mostly found in the western part of Upper Luvuvhu catchment. The plantation category is dominated by Eucalyptus planta-
tions which are the most preferred commercial timber plantations in the region since they can generate up to 10 times as much timber
per hectare than native species (Bate et al., 1999; Kundu et al., 2015). Plantation was noted to reveal two change patterns during the
study period. In 1990, plantation covered an area of 227.9 km2 then declined by 96.080 km2 in 1995, which can be attributed to tim-
ber harvesting and forest removal for commercial agriculture and built-up areas. An increasing trend of plantation can be noted from
2005 to 2020, with the catchment having second highest plantation coverage in 2020. Plantation such as Eucalyptus is a major con-
tributor to the country's economy, thus the increasing trend from 152.9 km2 in 2005 to 208.8 km2 in 2020. Although the coverage of
plantation flactuates due to production over the years, this LULC class shows an overall decrease from 227.9 km2 in 1990 to
208.8 km2 in 2020. Regardless of vast economic benefits, Eucalyptus plantations may pose many ecological problems such as reduc-
ing stream flow and dams levels (Hoogar et al., 2019). In this catchment, the Vondo dam is one of the most important dams for the
supply of water to irrigation schemes and communities in the western parts of the Upper Luvuvhu catchment (Kundu et al., 2015).

Although, it is evident in the classification maps that a significant part of the agricultural (cultivated) land spatially falls closer to
the plantation region, agricultural land has expanded towards the low lying areas of the catchment. Large scale commercial agricul-
tural activities are mostly found near the Albasin Dam in the Levubu area, while the northern highlands and the riverbanks mostly
consists of small scale and subsistence farming (Mukwada et al., 2021). The Luvuvhu catchment area is an underdevoloped and eco-
nomically poor community. Therefore, subsistence farming has increased food security, and has played a major role in reducing un-
employment in the Luvuvhu catchment. From 1995 to 2020, over a twofold increase of area coverage of agricultural land occurred.
Despite numerous benefits from this land cover, agricultural land which depends on surface water bodies for irrigation during dry sea-
sons, can further reduce available water. It has been reported that significant irrigation developments in the Upper Luvuvhu Catch-
ment have resulted in a decrease in water for domestic and industrial supply (Muavhi and Mutoti, 2022).
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Waterbody occupied about 5 km2 of the total area in 1990, which dropped to 3 km2 in 1995. The catchment experienced about
threefold increase of waterbody area coverage up to 9 km2 by 2000. The year 2000 marked one of the heavy rainfall periods in the
catchment and severe socio-economic impacts triggered by this heavy rainfall (CRIDF, 2018). The overland flow of rainwater con-
tributed to the increase in the overall area coverage of surface waterbodies. Post 2000, the region suffered several episodes of drought
from 2002 to 2004 (Mazibuko et al., 2021). Therefore, in 2005 the area coverage of waterbody decreased to 7 km2. The year 2005
also marked the completion of the Nandoni Dam, which makes up the Nandoni Dam sub-system, the largest and most recent develop-
ment in the Luvuvhu Catchment. The main purpose of this dam is for regional water supply to Malamulele, Thohoyandou, Louis
Trichardt, and surrounding areas as well as the revitalization of 11 km2 subsistence irrigation schemes (DWA, 2012). From 2010 to
2020 the area coverage of waterbody gradually increased from 24 km2 in 2010, 25 km2 in 2015 to 29 km2 in 2020. The 11 km2 of
Nandoni Dam contributed to the six-fold increase of waterbody in the catchment from 1990 (5 km2) to 2020 (29 km2). In general,
bare land and natural vegetation were the most dominant land cover types for the study period.

From 1990 to 2020, natural vegetation occupied 50%–80% of the catchment, while bare land occupied up to 45% of the catch-
ment. On the other hand, waterbodies occupied <1% of the area, thus making it the smallest LULC in terms of area coverage. In gen-
eral, waterbodies, plantation, and agricultural land, occupied less than 6% of the catchment for the entire study period. Natural vege-
tation suffered extensive loss of up to 1121.730 km2 from 1990 to 2020. Part of natural vegetation was lost to built-up and agricul-
tural land particularly in the Upper Luvuvhu catchment where agricultural activities are extensive. Furthermore, due to the popula-
tion growth that has occurred over the study period, the catchment experienced urban expansion, hence the substantial increase in
built-up. Built-up area revealed a continuous increase over the study period. The total area under this LULC class has been 29.9 km2,
120.4 km2, 314 km2 in 1990, 2005 and 2020, respectively. The tremendous increase in this category can be attributed to the expan-
sion of residential and commercial establishment.

Bare land is the second most dominant LULC class in the Luvuvhu catchment. This class experienced an increase of up to
899.8 km2 from 1990 to 2020. Bare land dominates the north-west part of the Lower Luvuvhu catchment and is rarely exploited by
other LULC classes. The occurrence of bare land in the lower part of the catchment can be attributed to the unfavourable climatic con-
ditions of the area. The lower area of the catchment is characterized by high annual temperature and receives low annual rainfall
(Kundu et al., 2015). However, flash floods, which are common in the catchment may result in, sheet, rill, and gully erosion (CRIDF,
2018). Furthermore, the increase in bare land may be due to the removal of vegetation cover due to overgrazing, wood consumption
and clay mining (State of Rivers Report, 2001). As stated previously, soil erosion reduces the land productivity and can cause sedi-
mentation of catchments downstream, which has negative impacts on water quality and aquatic life (Kundu et al., 2015).

High overall accuracies were produced for the classified maps, ranging from 93% to 98% and Kappa coefficients above 0.9, which
represents good classification (Aronoff, 1982; Altman, 1991; Muavhi, 2020). The confusion matrix reported a PA of <80% for built-
up areas in 1990, 1995, 2000 and 2010. These were the years in which built-up areas achieved the lowest PA. Objects such as build-
ings and roads can be difficult to identify in low and medium spatial resolution satellite images (i.e., 30 m of Landsat) (Bouzekri et al.,
2015; Janiola and Puno, 2018). In addition, although the separability measures of >1.85 are acceptable (Latty and Hoffer, 1980),
built-up achieved low separability measures with most LULC classes, particularly in the earlier years of the study period. However, in
the later years of the study period i.e., 2015 and 2020, built-up reached a PA of 90%. As settlements and other infrastructures associ-
ated with built-up become dense over time, sensors with medium spatial resolution such as Landsat can allow excellent classification.
Waterbody, natural vegetation, and bare land attained PA beyond 90% for the entire study period. Conversely, built-up acquired a UA
ranging from 80 to 100% for all years.

In the case of built-up in 1990, since 70.03% of validation pixels are classified correctly as demonstrated by the PA, UA parameter
is the ratio of correctly classified pixels of built-up (70.03%) and the total number of validation pixels from all LULC classes classified
as built-up. In addition, the UA parameter also assesses if the remaining 29.97% representing the OE of validation pixels of built-up is
incorrectly classified as fitting to the remaining five LULC classes. Jensen (1986) describes UA as the precision or reliability of an al-
gorithm in classifying LULC type in the ground. Therefore, the higher UA implies that few to no pixels are misclassified as other LULC
classes in the ground. Meanwhile, Muavhi (2020) considers UA as a parameter of estimating the level of confidence that can be attrib-
uted to pixels classified as belonging to a land cover type in an image. In general, all LULC classes attained a UA in the range of
80–100% for all years, except for natural vegetation in 1990, which attained a UA of 77.73%. Therefore, a confidence level beyond
80% can be attributed to all classified pixels in the LULC classification images. Consequently, the estimated main accuracy measures
(overall accuracy and Kappa coefficient) and accuracies per class (PA, UA, CE, and OE) provide a major platform for the subsequent
analysis of LULC spatial distribution and changes.

5.2. The impacts LULC changes on surface runoff
Literature suggests that the amount of change in catchment water yield is indirectly proportional to the percentage of forest cover

of a catchment. Thus, an increase in vegetation cover results to a decrease in surface flow, while the removal of vegetation cover leads
to an increase in surface flow (Affessa et al., 2022). The reduction of evapotranspiration influences the increase of runoff (Mishra et
al., 2014). Evapotranspiration is higher in natural forests than on land cover with sparse vegetation (Owuor et al., 2016). Therefore,
the removal of vegetation cover reduces evapotranspiration and increases the rate of surface runoff. Water yield showed little to no
change from 557.2 mm to 557.06 mm. Astuti et al. (2019) states that change in water yield is mostly due to an increase in surface
runoff, however in this study only a 7% increase was observed, thus the negligible change in water yield. Increase in surface runoff
also leads to reduced infiltration and a decrease in ground water recharge (Mishra et al., 2014). However, the impact of LULC change
on groundwater is not discussed in this study. The variation of the hydrological components over the study period supports the impact
of LULC changes. The resulting increase in catchment discharge observed in this study was influenced by the LULC changes that oc-
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curred in the catchment. The subsequent 18.9% decrease in natural vegetation and the 15.2% increase in bare land caused the change
in hydrological components. Serpa et al. (2015) stated that, deforested lands have high surface runoff and low groundwater recharge
than forest areas. Furthermore, agricultural land and bare land require less soil moisture than forest cover or plantation, and rainfall
satisfies the soil moisture deficit in these land cover classes more rapidly than in plantation, thus leading to high runoff generation
(Deng et al., 2015). Therefore, the LULC changes observed in this study align with the literature, that the reduction of natural vegeta-
tion and plantation decreases infiltration thus leading to increased surface runoff (Chilagane et al., 2021).

5.3. Effect of LULC change on SWAT model parameter posterior distribution
The impact of LULC change on the SWAT model's parameter posterior distribution holds significant implications for hydrological

modelling, a notion articulated by Abbaspour et al. (2007) and reinforced by Faramarzi et al. (2010). As landscapes undergo dynamic
transformations driven by urbanization, deforestation, and agricultural expansion, there arises a critical need for SWAT model para-
meters to adapt, ensuring an accurate representation of evolving hydrological processes (Neitsch et al., 2005; Moriasi et al., 2007a,b).
These alterations, affecting land cover types, soil properties, and vegetation, mandate a comprehensive reassessment of the model's
parameter posterior distribution, a point underscored (Gassman et al., 2007; Gosain et al., 2013).

The intricate interplay between LULC changes and SWAT model parameters becomes particularly evident in regions experiencing
rapid land use transformations, as exemplified by the Luvuvhu Catchment. In these areas, the precision of SWAT model simulations is
contingent on accurate representations of current landscape dynamics within its parameters (J. G Arnold et al., 2012; Gassman et al.,
2007). A holistic understanding of the complex relationships between LULC changes and SWAT model parameter posterior distribu-
tion is essential for refining hydrological simulations and ensuring robust predictive capabilities under changing environmental con-
ditions (Huang et al., 2018; Shafiei et al., 2020). However, to advance our knowledge in this field, it is imperative for future studies to
delve deeper into the effect of LULC change on SWAT model parameter posterior distribution in catchments akin to the Luvuvhu. The
observed trends in 2025 are anticipated to persist until 2030, signifying the enduring nature of LULC-induced changes. The outcomes
of the Luvuvhu catchment study indicated a 7.3% increase in overall surface runoff between 1990 and 2020, with significant contri-
butions from LULC changes in bare land and natural vegetation (Magidi et al., 2021; Xu et al., 2015). These alterations, representing a
15.2% increase and an 18.9% decrease, respectively, substantially influenced the catchment's runoff response. The expectation of on-
going LULC alterations suggests a sustained increase in surface runoff, presenting challenges such as flooding and erosion. Conse-
quently, the prioritization of effective catchment management strategies is crucial to mitigate the impacts of LULC changes, as em-
phasized by the findings of this study, offering valuable baseline information on the effects of LULC changes on surface runoff in the
Luvuvhu catchment in Limpopo, South Africa. Further studies in analogous catchments will deepen our understanding and guide
adaptive management strategies (Zuo et al., 2019; Waramboi et al., 2023).

6. Conclusion
The study aimed to comprehensively assess the impact of LULC changes on surface runoff within the Luvuvhu catchment from

1990 to 2020, utilizing remotely sensed data and predictive modelling techniques. Our analyses unveiled significant alterations in the
Luvuvhu catchment, notably marked by a 15.2% increase in bare land and an alarming 18.9% reduction in natural vegetation cover.
These transformations were linked to a 7.3% surge in mean annual surface runoff over the evaluated period, signifying a potential
shift in the catchment's hydrological dynamics. The observed decline in natural vegetation alongside the proliferation of bare land
emerged as pivotal contributors to the amplified surface runoff. These changes may instigate various environmental challenges, in-
cluding heightened flood risks, erosion of riverbanks, and increased peak flow rates, posing significant threats to the catchment's sus-
tainability. Implications drawn from our findings underscore the urgency for proactive management strategies. To curtail the degra-
dation and subsequent impacts on surface runoff within the catchment, it's imperative to prioritize sustainable land use practices. This
necessitates robust regulatory frameworks and adaptive land management policies to control and guide LULC alterations. Further-
more, fostering ecosystem restoration initiatives and promoting afforestation programs could aid in mitigating the adverse effects of
reduced vegetation cover. Encouraging sustainable agricultural practices and advocating for responsible urban development are cru-
cial steps toward maintaining the balance between land use changes and hydrological stability. In essence, this study emphasizes the
critical need for coordinated efforts among stakeholders, policymakers, and land managers to implement sustainable land manage-
ment practices. By adopting a proactive and holistic approach, we can mitigate the degradation of the catchment and promote long-
term sustainability of water resources within the Luvuvhu catchment.
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