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Abstract Land use and land cover (LU/LC) classification is an important aspect of research 

in various sectors of society. With technological advancements, LU/LC classification is a 

catalyst to achieve set goals, including the Malawi 2063 agenda. Diamphwe Basin, with 

over 90% farmers, is in central Malawi on vastly flat land, with a lot of potential in both 

commercial and subsistence agriculture production. Using the September 2017 and 2022 

Sentinel-2 images, supervised classification and change detection were performed to track 

LU/LC changes using the maximum likelihood algorithm. The classes used for this 

classification were dense vegetation, wetland vegetation, agricultural land, settlement land, 

and bare land. The results showed that dense vegetation land increased by 10%, mostly 

converted from wetlands in forest reserves, and agricultural land decreased by 15.5%, of 

which a large proportion was converted to settlement land, thus increasing settlement land 

(urbanization) by 11.7%. The increased dense forest is expected to have a cooling effect and 

can increase baseflow to river discharge, whereas decreased agricultural land is expected to 

have a heating effect on the land mass. However, owing to the proximity to agricultural land, 

people in the basin experience more heating effects than cooling effects. Urbanization can 

create a ready market and can be leveraged to increase agricultural production through 

irrigation in the basin, as seen in the case of the Ganges River Basin. An increase in dense 

forest area could lead to an increase in river discharge owing to an increase in basin storage 

in the form of a baseflow increase.  Since almost all human developments occur on land, 

LU/LC change detection is the key to policymakers and other stakeholders in achieving the 

three pillars of the Malawi 2063 agenda, thus agricultural development, industrialization, 

and urbanization by keeping abreast of the changes on the land. 
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INTRODUCTION 

Land use and land cover (LU/LC) changes are important topics in various societal sectors. It refers 

to changes in the surface covering of the Earth and the conversion of land utilization by humans from 
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one purpose to another. Land/canopy cover is a significant indicator of crop development (Zhang et 

al. 2021). LU/LC classification is vital for urban planning, resource management, environmental 

monitoring, and agriculture (Topaloǧlu et al., 2016). The Diamphwe Basin’s long-term hydrologic 

trend analysis showed a decreasing trend in river discharge between 1975 and 2010 (Luweya et al., 

2024); however, a recent half-decade hydrological trend indicates an increase in river discharge. 

Changes in LU/LC, such as the shift from perennial to seasonal vegetation (row-cropping/agricultural 

expansion), lead to increased discharge (water yield) owing to an increase in baseflow (Schilling et 

al., 2010). In small, forested watersheds, an increase in forest cover increases the base flow by 

promoting infiltration (sink function enhancement) and recharging-discharging processes that 

increase the yield at the outlet (Zhou et al., 2010; Ouyang et al., 2013; Uwimana et al., 2017). 

Limited point-based weather data from traditional stations hamper climate-change research. RS 

provides a continuous, high-resolution view of the Earth's climate using satellite, aircraft, or drone 

sensors (Wang, 2023). Satellite RS technology data provide observations of essential climate 

variables (ECVs), such as LU/LC, independent of in situ measurements, thus enhancing our 

understanding of climate change from space by validating climate models and improving their future 

projections and impacts (Wang 2023; Zhao et al. 2023). LU/LC conversion impacts the climate 

through temperature changes; any change in agricultural land cover induces localized cooling, similar 

to reforestation, but converting dense forests to agriculture induces warming (Nayak and Mandal, 

2019; Sleeter et al., 2018). Several LU/LC classification studies have been conducted in Malawi, 

ranging from monitoring forest resources in both urban and forest reserves, all of which used satellite 

sensors other than high spatial and temporal resolution, to Sentinel-2, which offers free access, a 

convenient option for developing countries such as Malawi. Most of the previous RS research could 

not target agricultural watersheds such as the Diamphwe Basin, where climate change issues can be 

leveraged through LU/LC changes, especially in developing countries where point weather data are 

scarce. 

OBJECTIVE 

Hydrologic trends for river discharge indicate an increasing trend in the last seven years, despite 

long-term decreasing trends over the past 3.5 decades. To understand the cause of the recent 

increasing trend of river discharge, this study aimed to detect six years of LU/LC changes in the 

Diamphwe agricultural watershed using Sentinel-2 imagery. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 Location of Diamphwe River basin 
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The Diamphwe River Basin (Fig. 1) has vast wetlands (Dambos) along the perennial river with high 

irrigation potential that stakeholders have not yet fully utilized. It covers the Lilongwe and Dedza 

districts within the central region plains between 1,200 and 1,400 m above sea level. The basin has 

a warm tropical climate with temperatures ranging from 3.5°C to 39°C; generally, it has a rainy 

season (November to April) and a dry season (May to October) (Malawi Government, 2016). Similar 

to the rest of the country, rainfed agriculture is the main occupation of the basin, with over 90% of 

the farmers being small-scale (Malawi Government, 2019). The basin is located between 33.57°E 

and 34.13°E and 13.96°S and 14.72°S, enclosing an area of 1420.2 km2. The Dzalanyama Forest 

Reserve partly occupies the basin within the river catchment area bordering Mozambique.  

Data Collection and Pre-Processing 

Earth observation (EO) Sentinel-2 and 12 band-based raw data images were downloaded from 

the Sentinel Hub website to assess LU/LC changes. The details of downloaded data are as follows. 

Table 1 Sentinel-2 data details 

Parameter Details 

Data source/format  Sentinel 2 EO browser/ TIFF (32-bit float) 

Resolution/coordinate system High (2500 x 1449px)/ WGS (EPSG 4326) 

Resolution Lat: 0.0006871 deg/px (2.5sec/px); Long : 0.0007086 deg/px (2.6sec/px) 

Cloud cover Atmospherically corrected (cloud cover < 5%) 

Download/ recorded date  6th August 2024/ 1st September 2017 and 23rd September 2022 

After the data were downloaded, composite band combinations were prepared in ArcGIS Pro to 

produce RGB composites (true color →B04, B03, and B02, or false color → B05, B04, and B03). 

For clear vegetation identification, a Normalized Difference Vegetation Index (NDVI) composite 

raster was prepared (B04→ electromagnetic spectrum (EMS) portion that absorbs red energy and 

resampled to 10 m resolution B08→EMS portion that reflects NIR energy) for use with (RGB=Red, 

Green, Blue) composites. NDVI was computed (Rouse et al., 1973) as shown in Eq. (1). 

NDVI =
NIR – Red

NIR + Red
                                                                                                                         (1) 

where NIR is the near-infrared energy reflected and Red is the energy absorbed within the EMS. 

Image Classification and Method 

Supervised image classification was used in this study, where the image analyst guided the pixel 

categorization process by providing numerical descriptors for different LU/LC types in the scene to 

a computer algorithm (Sivakumar et al., 2003). Using representative sample sites of known LU/LC 

types (training samples), a numerical interpretation key was created to outline the spectral attributes 

for each feature. In ArcGIS Pro, each pixel in the dataset was compared numerically to each category 

in the interpretation key and labelled with the name of the category it most closely resembled 

(Sivakumar, 2012). Table 2 describes the five classes utilized since the data were collected in 

September, the dry season. 

Table 2 Class descriptions and codes 

Code Class Description 

1 Dense vegetation Areas with thick vegetation, especially in natural forest reserves 

2 Vegetation/wetlands Areas with trees, shrubs and bushes, especially in dambos/forests 

3 Agriculture/cultivated land Land used for cultivation of crops, especially rainfed crops 

4 Settlement/build-up land Residential areas and trading centers with some buildings 

5 Bare land Areas with no vegetation and not used for cultivation, also in forest  

GIS has three main methods for classifying satellite images: (1) maximum likelihood (ML), (2) 

Geoprocessing Tool-classified raster (GPT-CR), and (3) image classification wizard (ICW) with 
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three sub-methods: SVM, RT, and KNN. The GPT-CR classification method was used in this study 

after proving to be a better classifier for Sentinel-2 images than the other methods. 

Accuracy Assessment and Change Detection 

An accuracy assessment compares a classified image to a reference image, such as an aerial 

photograph or ground truth data, by matching pixels for pixels in scale, detail, categories, and 

projection (Parece et al., 2019). An accuracy assessment point raster was created and linked to 

Google Earth using a Keyhole Markup Language (KML) file. Google Earth uses more recent images 

as ground truth for study regions. Pixel mismatches in the RS are recorded as errors in an error matrix 

that compares the class code assigned during classification with the actual class from an aerial photo. 

The two key coefficients from the error matrix are (i) Cohen’s kappa, which assesses the 

classification performance against random assignment, and (ii) overall accuracy, which indicates the 

ratio of matching points between the classified and reference images (Parece et al., 2019). Change 

detection in RS involves comparing multiple pairs of raster datasets from the same area at different 

times to identify the type, magnitude, timing, and location of changes due to environmental or 

climatic trends. Hence, the output is the difference between the raster in pixel changes (Parece et al., 

2019). In this study, two classified rasters, 2017 and 2022 Sentinel-2, classified raster for the 

Diamphwe Basin, were used. Raster was first converted from the crf format to TIFF and then to a 

polygon raster. The dissolved polygon raster generated a ‘from → to Table’ through a pixel-by-pixel 

comparison to allow the assessment of the nature and magnitude of change, as shown in area and 

percentages in Table 6. 

RESULTS AND DISCUSSION 

The MK/Pettitt test for the 2010-2023 rainfall trend decreased (not significant) and river discharge 

trend increased 2018 as a transition year (at a 0.10 significance level) between a set of years with 

lower and a set of years with higher river discharge (Fig. 2, left); hence, diverged rainfall-river 

discharge trends. For the years with higher river discharges, 2016-2023, an increasing trend (MK 

trend analysis) was obtained (at a significance level of 0.01) (Fig. 2, right). However, rainfall showed 

no trend change in the two R-analyses, that is, the MK and Pettitt tests. To assess the linkages 

between increasing river discharge and basin characteristics, RS and ArcGIS methods and LU/LC 

changes were analyzed. Hence, LU/LC change detection was performed using Sentinel-2 images 

from 2017 and 2022. The classified rasters were assessed for accuracy, and the results are 

summarized in the accuracy assessment Tables 3 and 4. 

The overall accuracy and kappa coefficients for 2022 were 77% and 69%, respectively, whereas 

those for 2017 were 81% and 74%, respectively. A higher kappa coefficient indicates a better 

classification process than the random assignment of values. However, a higher overall accuracy 

indicates a good match between the classified and reference images, such as those from Google Earth. 

 

 

 

 

 

 

 

 

 

Fig. 2 Pettitt test for 2010-2023 (left) and MK trend for 2016-2023 (right) 

Change Detection 
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Figure 3 shows the classified raster for 2017 and 2022, and Tables 5 and 6 show the changes detected 

in the area (km2) and percentage ratios over the six years, respectively. Dense vegetation increased 

by 10.03%, from 136.64 km2 in 2017 to 150 km2 in 2022. Notably, 12.6% of wetland vegetation 

(54.01 km2) was converted to dense vegetation between 2017 and 2022, representing 3.82% of the 

entire basin area (Table 5). 

Table 3 Confusion matrix assessment for 2017 

 Dense veg. Wetlands Agriculture Settlement Bare land Total P-accuracy Kappa 

Dense Veg. 11   0   0   0 0 11 1.00 0 

Wetlands   0 32   1   0 0 33 0.97 0 

Agriculture   3   3 38   1 0 45 0.84 0 

Settlement   5   0   5 10 0 20 0.50 0 

Bare land   0   1   4   0 5 10 0.50 0 

Total 19 36 48 11 5     119 0.00 0 

P-accuracy 0.58 0.89 0.79 0.91 1.00 0.00 0.81 0 

Kappa 0 0 0 0 0 0 0 0.74 

Table 4 Confusion matrix assessment for 2022 

 Dense veg. Wetlands Agriculture Settlement Bare land Total P-accuracy Kappa 

Dense Veg. 8   3   0   0 0 11 0.73 0 

Wetlands 0 32   1   0 0 33 0.97 0 

Agriculture 0   3 32   0 0 35 0.91 0 

Settlement 0   1   9 11 0 21 0.52 0 

Bare land 0   8   0   0 2 10 0.20 0 

Total 8 47 42 11 2 110 0.00 0 

P-accuracy 1 0.68 0.76 1.00 1.00 0.00 0.77 0 

Kappa 0 0 0 0 0 0 0.00 0.69 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 2017 and 2022 classified raster for Diamphwe basin 

Wetland (Dambo) vegetation increased by 11.14% from the initial area of 428.72 km2 in 2017, 

specifically in the protected areas of the Dzalanyama and Chongoni forest reserves. An increase in 

dense forests leads to general cooling conditions (Sleeter et al., 2018). The increase in dense 

vegetation could have resulted from the intensified security of the Malawi Defense Forces (MDF) 

over the last decade, especially in areas far from people where security is tight. 
Some areas with dense vegetation were possibly reclaimed land encroached upon from the late 

1990s to the early 2000s. Agricultural land decreased by 15.49% (91.33 km2). Notably, 15.49% 

(91.31 km2) (Table 5) of agricultural land was converted to settlements, representing 6.45% of the 

basin area. The increase in dense vegetation in the interiors of the two forest reserves, Chongoni and 
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Dzalanyama, has less impact on land cooling because dense vegetation is far from where people live. 

People are more affected by warming owing to the decreased agricultural land. 

Increased perennial dense vegetation can contribute to the river's baseflow due to the promotion 

of infiltration-recharge-discharge processes that increase basin storage, consequently redistributing 

water from the rainy season to the dry season. The conversion of agricultural land to settlement land 

can accelerate river sedimentation due to increased surface runoff (Schilling et al. 2010; Uwimana 

et al. 2017; Zhou et al. 2010). 

Table 5 Detailed actual 2017-2022 changes detected in each class 

Code Class name 
Initial area 

(km2) 

Initial 

% ∆ 

2022-2017 

area ∆ (km2) 

Basin%  

area ∆ 

1 Dense vegetation to wetlands 136.64 34.05 46.52 3.29 

2 Dense vegetation to Agriculture land 136.64   7.99 10.92 0.77 

3 Dense vegetation to Settlement land 136.64   2.57   3.51 0.25 

4 Dense vegetation to Bare land 136.64   1.15   1.57 0.11 

5 Wetlands to Dense vegetation 428.72 12.60 54.01 3.82 

6 Wetlands to Agriculture land 428.72   6.61 28.35 2.00 

7 Wetlands to Settlement land 428.72   7.42 31.80 2.25 

8 Wetlands to Bare land 428.72   0.57   2.43 0.17 

9 Agriculture land to Dense vegetation 589.64   3.10 18.25 1.29 

10 Agriculture land to Wetlands 589.64 12.05 71.03 5.02 

11 Agriculture land to Settlement land 589.64 15.49 91.31 6.45 

12 Agriculture land to Bare land 589.64   0.44   2.61 0.18 

13 Settlement land to Dense vegetation 256.96   1.76   4.53 0.32 

14 Settlement land to Wetlands 256.96 15.91 40.88 2.89 

15 Settlement land to Agriculture land 256.96 21.27 54.67 3.86 

16 Settlement land to Bare land 256.96   0.42   1.09 0.08 

17 Bare land to Dense vegetation     7.25   1.76   0.13 0.01 

18 Bare land to Wetlands     7.25 18.67   1.35 0.10 

19 Bare land to Agriculture land     7.25   6.89   0.50 0.04 

20 Bare land to Settlement land     7.25 76.48   5.55 0.39 

21 No change 
  

    944.79      66.73 

Total Area   1415.82    100.00 

Table 6 Area contribution per class for 2017 and 2022 classified raster 

Class name/code 
2017 2022 

Area ∆ Percent ∆ 
Area (km2) Percent Area (km2) Percent 

Dense vegetation 136.64   9.63 150.35 10.59 13.71 10.03 

Vegetation/ wetlands 428.72 30.21 476.47 33.57 47.75 11.14 

Agriculture/ cultivated land 589.64 41.54 498.31 35.11    -91.33    -15.49 

Settlement land 256.96 18.10 286.91 20.21 29.95 11.66 

Bare land     7.25   0.51    7.35   0.52   0.09   1.31 

CONCLUSION 

RS and GIS are vital for classifying and detecting changes in satellite imagery. Using Sentinel-2, five 

classes were classified in the Diamphwe Basin: dense vegetation, wetland vegetation, agricultural 

land, settlement land, and bare land. The GPT-CR method was used for supervised classification 

during the 6-year study period from 2017 to 2022. A total of 66.7% of the basin land was not exposed 

to any changes in LU/LC. Agricultural land experienced a decrease of 15.5%, of which a large 

proportion was converted to settlement land, resulting in an increase in settlement land (urbanization) 

of 11.7%. Within the forest region, dense vegetation experienced an increase in area of 10.0%, largely 

converted from wetland vegetation. Cooling conditions are expected from an increase in dense 

vegetation in the forest; however, decreasing agricultural land has a heating effect on the basin. 

People in the basin experience a heating effect more than a cooling effect because they are closer to 

agricultural land than to dense vegetation land. Government land reclamation efforts through tight 

MDF security could have contributed to the increased density of vegetation in the forest. Increased 
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dense perennial vegetation can contribute to river baseflow, which can increase the river discharge. 

The decrease in farmland is a worrisome situation for the basin, as over 90% of the inhabitants are 

farmers. Increased urbanization can mean an expansion of the market for farm goods that can be 

leveraged by venturing into modern irrigation to increase production. Increased settlement land and 

decreased wetland vegetation accelerate sedimentation in rivers because of increased surface runoff. 

This research recommends a combined field and RS study of river ecotone (Dambos) analysis and 

watershed modelling to quantify the water yield and sediments. LU/LC change detection is key to 

policy-makers and stakeholders achieving the three pillars of the Malawi 2063 agenda by keeping 

abreast of land changes. 
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