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Abstract: Background: Land use and land cover change (LULCC) in the Ruhuhu River Sub-Basin 
(RSWC), a crucial watershed within the Lake Nyasa Basin in Tanzania, poses a significant threat to 
water resource sustainability and ecological integrity. However, a lack of comprehensive data on 
long-term LULCC trends has hindered effective conservation efforts. Methods: This study utilized 
Landsat 5 TM and Landsat 8 OLI data within Google Earth Engine to quantify LULCC dynamics 
from 1990 to 2023. Six land cover classes were analyzed: water, forest, barren land, grassland, 
shrubland, and farmland. Results: Results revealed a substantial decline in forest cover (56.92% to 
28.60%), primarily converted to farmland (2.99% to 20.22%). Shrubland expanded initially but then 
declined, while barren land steadily increased. These changes have profound implications for water 
resources, biodiversity, and ecosystem services within the RSWC and the broader Lake Nyasa Basin. 
Conclusions: This research highlights the urgency of implementing sustainable land management 
practices to mitigate the adverse impacts of LULCC in the RSWC. The high classification accuracies 
achieved (90.9% to 98.7%) validate the robustness of the methodology. This study provides crucial 
insights for policymakers, land managers, and conservation practitioners, emphasizing the need for 
targeted interventions to promote sustainable land use and ensure the long-term resilience of the 
RSWC ecosystem. 

Keywords: land use and land cover change; Ruhuhu River Sub-Basin; remote sensing; Lake 
Nyasa/Niassa/Malawi 

 

Introduction 

Water catchments are essential for global sustainability, providing freshwater resources, and 
supporting diverse ecosystems and human activities(Creighton et al., 2021). However, their integrity 
is increasingly threatened by population growth, climate change, natural disasters, and unsustainable 
land-use practices(Näschen et al., 2019). Land use and land cover change (LULCC) within these 
catchments, often driven by agricultural expansion, overgrazing, logging, and mining, is a major 
factor in the degradation of vital ecosystems. LULCC has been shown to directly affect terrestrial and 
aquatic environments (Tuholske et al., 2017) by altering runoff patterns, sediment loads, water 
quality, biodiversity, and ecosystem services, potentially leading to flooding and other adverse 
effects (Tesfaw et al., 2023). 

The Lake Nyasa Basin, shared by Malawi, Tanzania, and Mozambique, is one such catchment 
that faces these challenges (Yihdego and Paffard, 2016). The Ruhuhu River, its largest tributary, has 
experienced environmental degradation, flooding, and disruptions to fish breeding grounds owing 
to human activities and climate change, threatening the endemic species of the basin (Chavula et al., 
2023). 

The lack of baseline LULC data for the Ruhuhu sub-catchment (RRSB) further complicates 
efforts to identify and mitigate these threats. To address this knowledge gap, this study utilised 
remote sensing and GIS technologies, specifically the Google Earth Engine (GEE) and Landsat 5TM/8 
OLI datasets, to assess LULC change dynamics in the RRSB from 1990 to 2023. This approach, which 
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has proven effective in similar studies(Hamel et al., 2015; Musyoka et al., 2023; Pullanikkatil et al., 
2016), will provide crucial information for decision makers to promote sustainable land management 
practices and safeguard this critical water catchment. 

Methods  

Location of Study Area  

The Ruhuhu River Sub-Basin (RRSB) is situated within the Lake Nyasa Basin in southern 
Tanzania, encompassing an area of approximately 14,070 km2, making it the largest tributary of Lake 
Nyasa (Chavula et al., 2023). The catchment extends between latitudes 9°40'00″ " S and 11°00'00" S 
and longitudes 34°40'00"E and 35°40'00"″ E (Figure 1). Elevations within the catchment range from 
473.58 to 2485.21 meters above sea level. This catchment drains into Lake Nyasa (also known as Lake 
Malawi or Lake Niassa), providing a crucial habitat for spawning diverse endemic fish species and 
significantly contributing to the ecological richness of the broader Lake Nyasa Basin. (Yihdego & 
Paffard, 2016). 

 

Figure 1. Map of the Ruhuhu River Sub-Basin (RRSB) within Lake Nyasa Basin, Tanzania, indicating 
its geographical location, elevation range, and drainage into Lake Nyasa. 

Data Acquisition and Preprocessing 

Landsat 5 TM and Landsat 8 OLI data from the Google Earth Engine (GEE) were used to analyse 
land use and land cover changes in the Ruhuhu River Sub-Basin (RRSB)(Akbar et al., 2019; Roy & 
Bari, 2022). Data collection was constrained by factors such as deciduous vegetation, cloud cover, and 
non-photosynthetic vegetation(Vinya et al., 2018). To address these challenges, zero-cloud images 
from the dry season (April-August) with the highest quality were selected for 1990, 2005, 2013, and 
2023 (Table 1). Google Earth Pro aided in collecting training and validation data(Koskinen et al., 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 July 2024                   doi:10.20944/preprints202407.1106.v1

https://doi.org/10.20944/preprints202407.1106.v1


 3 

 

2019a; Saah et al., 2019). Preprocessing, including atmospheric correction, radiometric calibration, 
and geometric correction, was also performed in the GEE (Mashala et al., 2023). 

Table 1. Data collected, acquisition date, resolution, and sources or provider Satellite Image. 

Data types  Acquisition Date  Resolution Source/Provider  
Landsat 5TM  Medium (1990, 2005) Raster (30) Google Earth Engine  
Landsat 8 OLI Medium (2013, 2013) Raster (30) Google Earth Engine 
Google Earth Pro imagery 2007 & 2016 Raster < 2 Google Earth Pro/Collect Earth  
Study Area (Boundary) 2023 Vector  Lake Nyasa Water Body  

Land Use and Land Cover Classification 

LULCs were classified into six predefined categories (Table 2), as recommended by the UNFCCC 
Good Practice Guide: water, forest, barren, grass, shrub, and farms (de Deus & Tenedório, 2021; Liu 
et al., 2020; Nguyen et al., 2020). We supplemented our LULC classification with field visits and the 
use of high-resolution images to collect training and ground-truth data, as suggested in other studies 
(Jew et al., 2016). Moreover, this study applied the smile random forest (SRF) classification algorithm 
scripts ("ee.classifier.smileRandomForest") available in GEE (Schirpke et al., 2020a). Previous studies 
have indicated that the SRF classifier is among the superior supervised classification techniques 
(Cheng et al., 2023) when compared with Maximum Likelihood, Random Forest, and Support Vector 
Machines(Blicharska et al., 2020; Haque & Basak, 2017). 

Table 2. Land Use and Land Cover (LULC) Classes in the Ruhuhu River Sub-Basin. 

S/N Class Definition 
1 Water Rivers, lakes, swamps, dams, and wetlands. 
2 Forest Natural forests (e.g., Miombo woodlands) and forest plantations. 
3 Barren Land Abandoned farms, mining sites, rocks, outcrops, sand, beaches, and residential 

areas. 
4 Grass Areas with short vegetation and grass near rivers and grazing lands. 
5 Shrub Vegetation with low foliage and shorter height. 
6 Farms Areas used for seasonal and perennial crops. 

Ground Truthing and Validation  

The ground truthing datasets were collected using the open-source platform, which is free and 
reliable, and is known as the Open-Foris Collect Earth tool operating in Google Earth Pro(Koskinen 
et al., 2019b). The collected ground-truthing datasets were divided into two groups: 60% were used 
as training data for performing LULC, and the remaining 40% were used for validation procedures 
following established practices(Zeng et al., 2020). Table 3 displays the training and validation data 
samples per Land Use/Land Cover Category for 1990, 2005, 2013, and 2023. 

Table 3. Training and validation datasets for years 1990 – 2023. 

Year Number Training samples 
Collected samples Training  Validation  

1990 12,228 7,426 4,802 
2005 12,186 7,330 4,856 
2013 10,825 6,421 4,404 
2023 2,767 1,929 838 
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Results  

Accuracy Assessment 

The accuracy of the LULC maps was assessed using the confusion matrix method, a standard 
approach for validating thematic maps derived from supervised classifications (FAO, 2016). This 
involved comparing the classified LULC maps with 40% of the collected data that were not used in 
the classification process (Zhang et al., 2019). User accuracy (UA), producer accuracy (PA), overall 
accuracy (OA), and kappa coefficient (KC) were calculated using GEE scripts (Calderón-Loor et al., 
2021; Ngoc Thach et al., 2018). Previous studies suggested that the allowable limit for approving 
LULC classified maps is when the overall accuracy reaches at least 80% (Ge et al., 2020; Koskinen et 
al., 2019a; Wickham et al., 2017). The high accuracy values obtained in this study (ranging from 90.9% 
to 98.7% overall accuracy, with kappa coefficients of 0.885–0.982) strongly support the robustness and 
reliability of the LULC classification approach. These results exceeded the recommended thresholds 
for reliable LULC mapping, validating the use of the generated thematic maps for further analysis 
and interpretation in subsequent sections. 

Table 4. Accuracy Assessment Results for LULC Maps. 

 Accuracy Assessment 
Year OA KC 
1990 0.967 0.956 
2005 0.987 0.982 
2013 0.983 0.976 
2023 0.909 0.885 

Land Use and Land Cover (1990-2023) 

Analysis of the LULC patterns in the RRSB for 1990, 2005, 2013, and 2023 (Table 5, Figure 2) 
revealed significant shifts in land cover over 34 years (Figure 3). In 1990, forests dominated the 
landscape, covering 56.92% of the study area, followed by shrublands (29.2%), and barren land 
(5.29%). By 2005, forest cover had expanded to 62.9%, whereas that of the shrublands had decreased 
to 22.8%. However, a notable trend emerged in 2013, with shrublands becoming the dominant land 
cover type (52.4%), surpassing forests (21.80%). Farmland expanded considerably during this period, 
covering 15.3% of the total area. In 2023, shrublands will remain dominant (32.2%), followed closely 
by forests (28.6%) and farmland (21.40%). Barren land continued to increase, reaching 14%, whereas 
grasslands and water bodies experienced relatively minor fluctuations over the study period. 

Table 5. Land Use, Land Cover Area (hectares), and Percentage Change in the Ruhuhu River Sub-
Basin (1990-2023). 

LULCC 
Categories 

1990 2005 2013 2023 LULC Change 
Ha % Ha % Ha % Ha % 1990 - 2005 2005 - 2013 2013 - 2023 

Water 8,100.29 0.57 9,353.76 0.66 7,932.98 0.56 8,125.35 0.58 -1,253.47 1,420.78 -192.37 
Barren 74,633.77 5.29 93,768.60 6.65 94,638.01 6.71 196,961.90 14 -19,134.83 -869.41 -102,323.89 
Forest 802,836.60 56.9 886,990.15 62.9 307,557.19 21.8 403,407.20 28.6 -84,153.55 579,432.96 -95,850.01 
Grass 71,023.60 5.04 81,707.10 5.79 46,255.82 3.28 46,412.12 3.29 -10,683.50 35,451.28 -156.30 
Farm 42,147.82 2.99 16,580.68 1.18 215,234.48 15.3 301,825.37 21.4 25,567.14 -198,653.80 -86,590.89 
Shrub 411,814.56 29.2 322,156.35 22.8 738,938.14 52.4 453,824.69 32.2 89,658.21 -416,781.79 285,113.45 
Total  1,410,556.63 100 1,410,556.63 100 1,410,556.63 100 1,410,556.63 100       
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Figure 3. a-d. Land use and land cover (LULC) maps of the Ruhuhu River Sub-Basin (RRSB) for (a) 
1990, (b) 2005, (c) 2013, and (d) 2023, depicting the spatial distribution of six classified LULC 
categories: water (blue), forest (dark green), barren land (light brown), grassland (light green), 
shrubland (yellow), and farmland (brown). 

LULC Change Matrix (2013-2023) 

The LULC change matrix for 2013-2023 (Table 6) provides a detailed account of the dynamic 
land cover transformations in the RRSB. While most water bodies (7131.958 ha) remained relatively 
stable, a notable portion (7990.108 ha) transitioned to other land cover types, primarily forest 
(572.6698 ha), barren land (107.2799 ha), and shrubland (121.4999 ha). This suggests a complex 
interplay between the factors that influence the hydrological dynamics of the catchment. A significant 
portion of the barren land (94751.16 ha) has undergone transitions, predominantly to shrubland 
(26302.49 ha), farmland (15478.47 ha), and forest (11611.62 ha). This pattern could reflect natural 
processes such as ecological succession and anthropogenic drivers such as land abandonment and 
reforestation. Forests, initially the most extensive land cover type, underwent the largest area of 
change (308027.6 ha) during this period. Substantial conversions to farmland (54598.31 ha) and 
shrubland (28080.71 ha) were observed, highlighting significant deforestation pressures in the RRSB. 
Grassland areas also exhibited notable changes, with a considerable portion (46272.59 ha) 
transitioning primarily to shrublands (14705.55 ha) and farmlands (13587.75 ha). This could be 
attributed to factors such as overgrazing, agricultural expansion, or changes in precipitation patterns. 
Farmland experienced both expansion and contraction, with a substantial increase (215519 ha) 
attributed mainly to conversions from forest (6598.348 ha) and shrubland (115706.5 ha). This 
highlights the intensification of agricultural activities in the region. Shrubland, the most extensive 
land cover type in 2013, underwent substantial changes, with large areas transitioning to farmland 
(174283.2 ha) and forest (173750.4 ha), possibly indicating shifts in land management practices or 
ecological succession processes. Overall, the LULC change matrix for the RRSB revealed a complex 
landscape of interconnected transformations, with various land cover types experiencing gains and 
losses. These changes likely reflect the interplay between multiple drivers, including anthropogenic 
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activities, climatic variations, and natural ecological processes. Understanding these dynamics is 
crucial for developing effective regional land management and conservation strategies. 

Table 6. LULC Change Matrix for the Ruhuhu River Sub-Basin (2013-2023) (in hectares). 

Change matrix 2013 - 2023 (Ha) 
LULC TYPE Water  Barren Forest Grass Farm Shrub Total 
Water  7131.958 107.2799 572.6698 9.8099 46.8899 121.4999 7990.108 
Barren 146.5199 36188.09 11611.62 5023.979 15478.47 26302.49 94751.16 
Forest 381.1498 12669.93 211276.9 1020.6 54598.31 28080.71 308027.6 
Grass 24.1199 8232.748 129.7799 9592.647 13587.75 14705.55 46272.59 
Farm 116.2799 34994.96 6598.348 13859.55 44243.36 115706.5 215519 
Shrub 380.1598 105118.6 173750.4 16944.84 174283.2 269382.4 739859.6 
Total 8180.188 197311.6 403939.7 46451.42 302237.9 454299.2 1412420 

 
Figure 4. a-d. LULC change matrices for the Ruhuhu River Sub-Basin (RRSB) illustrating the spatial 
distribution and transitions of land use and land cover (LULC) categories between (a) 1990-2005, (b) 
2005-2013, (c) 2013-2023, and (d) the cumulative changes from to 1990-2023. 

Discussion  

The LULC change matrix for the Ruhuhu River Sub-Basin (RRSB) from 2013 to 2023 revealed a 
complex and dynamic landscape transformation. Although the water bodies experienced relatively 
minor changes, the other land cover categories underwent substantial shifts, reflecting both natural 
ecological processes and anthropogenic influences. 

A significant decline in forest cover, primarily due to conversion to farmland, is a primary 
concern. This deforestation trend aligns with the broader patterns observed in sub-Saharan Africa, 
where agricultural expansion is a primary driver of forest loss (Jew et al., 2016). The loss of forests in 
the RRSB, particularly in the Miombo woodlands, threatens biodiversity and compromises the 
ecological integrity of the catchment and the broader Lake Nyasa Basin. Reduced forest cover can 
lead to soil erosion, decreased water quality, and the disruption of critical habitats for fish and other 
wildlife. The concurrent expansion of farmland highlights the increasing pressure on land resources 
to meet the demands of the growing population and changing livelihoods. While agriculture is crucial 
for local economies, unsustainable practices, such as overgrazing cultivation along riverbanks, can 
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exacerbate soil erosion, sedimentation, and water pollution (Kitalyi et al., 2013). The increased use of 
fertilisers and pesticides in agriculture poses additional threats to aquatic ecosystems and 
biodiversity. The continuous increase in barren land, primarily due to abandoned farms, mining 
activities, and urbanisation, raises concerns about land degradation and potential long-term impacts 
on water resources (Gedefaw et al., 2023; Zhou et al., 2018). Exposure of bare soil to erosive forces 
can lead to the loss of fertile topsoil and contribute to sedimentation in rivers and lakes. Fluctuations 
in shrubland and grassland cover likely reflect a combination of factors, including changes in land 
management practices, agricultural expansion, and natural vegetation dynamics. These changes can 
have significant implications for biodiversity, water regulation, and erosion control, because 
shrublands and grasslands play crucial roles in maintaining ecosystem health (Lynch et al., 2016; 
Syampungani et al., 2016). Overall, the observed LULC changes in the RRSB underscore the need for 
integrated land and water management strategies that balance the needs of local communities with 
those of critical ecosystems. Sustainable agricultural practices, reforestation efforts, and measures to 
control soil erosion and water pollution are essential for ensuring the long-term health and 
productivity of the catchment. Furthermore, continued monitoring of LULC changes is crucial for 
assessing the effectiveness of these interventions and adapting management strategies to evolving 
landscapes. 

Conclusion and Recommendations 

This study has provided a comprehensive assessment of land use and land cover (LULC) 
dynamics in the Ruhuhu River Sub-Basin (RRSB) over 34 years (1990-2023). The analysis revealed 
substantial transformations in LULC patterns, primarily characterised by deforestation, agricultural 
expansion, and the growth of barren land. These changes have significant implications for a region's 
ecological integrity and socioeconomic well-being. The decline in forest cover and the corresponding 
expansion of farmland underscores the urgent need for sustainable land management practices that 
balance agricultural productivity with the conservation of critical ecosystems. The increasing 
prevalence of barren land, attributed to land abandonment, mining activities, and urbanisation, 
necessitates interventions to restore degraded land and mitigate soil erosion. Fluctuations in 
shrubland and grassland cover highlight the dynamic nature and vulnerability of these ecosystems 
to anthropogenic and environmental pressures. Efforts to rehabilitate and protect natural habitats are 
crucial for maintaining biodiversity, regulating water resources, and preventing soil erosion. 

Although relatively minor, the observed changes in water bodies raise concerns about the long-
term impacts of land-use change on water quality and availability. Continuous monitoring and 
assessment of water resources are essential to ensure the sustainable management of this vital 
resource. 

Based on these findings, the following recommendations are proposed: 
• Promote sustainable agricultural practices: Encourage the adoption of agroforestry, 

conservation agriculture, and other sustainable farming techniques that minimise 
environmental impacts and maintain soil fertility. 

• Implementing reforestation and afforestation programs: Prioritise the restoration of degraded 
forest areas and establish new forest plantations to enhance carbon sequestration, biodiversity, 
and water regulation. 

• Enforce regulations on land use and mining activities: Strengthen enforcement of existing laws 
and regulations to prevent unsustainable land use practices, including deforestation, 
overgrazing, and uncontrolled mining. 

• Invest soil conservation measures: Promote terracing, contour farming, and other soil 
conservation practices to reduce soil erosion and maintain soil productivity. 

• Establish a comprehensive monitoring and evaluation system: Develop a robust system for 
monitoring LULC changes, water quality, and other environmental indicators to assess the 
effectiveness of interventions and inform adaptive management strategies. 

• Enhance community engagement and awareness: Engage local communities in land-use 
planning and decision-making processes and raise awareness about the importance of 
sustainable land management practices for their livelihoods and the environment. 
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