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 The Semliki River valley in Ntoroko district has experienced devastating 

annual floods since 2019. Recurrent floods in Ntoroko District have displaced 

thousands and devastated pasturelands, disrupting livelihoods. Therefore, rapid 

assessment of flooded areas is crucial for developing effective mitigation 

strategies, disaster preparedness plans, and proactive policies to enhance 

resilience and mitigate the impact of future flood events.  This study introduced 

a combined approach using Synthetic Aperture Radar (SAR) imagery and a 

digital elevation model (DEM) to map flood extent, depth, and building 

exposure in the Semliki Valley. Using Sentinel-1 SAR images taken both 

before and during the flood, combined with the ALOS PALSAR DEM, 

inundated areas and flood depths were determined, based on thresholding the 

SAR backscatter of the VH polarisation images. The flood extent maps were 

generated using Google Earth Engine and GIS techniques to create depth maps 

by subtracting the surface elevation from the height/surface of the flood waters. 

Building exposure and impact analysis for two flood events was ascertained 

through spatial join and overlay. The results showed that the 2023 flood event 

inundated approximately 1,968 hectares, including 1,553 hectares of 

pastureland and 74 buildings, while the 2024 event covered 1,139 hectares, 

equally inundating 1,050 hectares of pastureland and 54 buildings. Further 

analysis revealed that despite the smaller extent, the 2024 flood event caused a 

severe impact on the buildings compared to the 2023 flood disaster.   
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Introduction 

Floods are among the most devastating natural 

disasters, causing widespread loss of life, property 

damage, and disruption of livelihood across the globe 

(Sellami and Rhinane, 2024). The problem of floods 

has been exacerbated by climate change and its 

associated impacts, like rising lake/sea levels, extreme 

weather events, and the melting of glaciers (Bhuyan et 

al., 2023). The impact is especially severe in     

resource-limited areas associated with poor 

preparedness and low resilience (Liu et al., 2024), 

where rapid detection and response are vital. 

According to the EMDAT disaster report (CRED et al., 

2023) floods are recorded as the second frequent 

natural disaster and account for over 7700 deaths 

worldwide and over USD 100 million in economic 

losses. Southeast Asia and Africa account for the 

largest percentage of these fatalities and financial 

damages since they have been noted to be the most 
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affected regions due to climate change impacts. The 

transboundary Semliki River region in Ntoroko 

District, Uganda, is highly vulnerable to flooding due 

to its geography and weather patterns, worsened by 

inadequate execution of pre-flood mitigation strategies 

(Barasa et al. 2022). Located on the rift valley floor in 

the area between two major lakes (Edward and Albert) 

and at the base of the Rwenzori mountains, the region 

is prone to and experiences seasonal flooding, 

particularly during heavy rainfall (OPM-Uganda, 

2016). Flooding in the Semliki valley is exacerbated 

by land degradation due to human activity, which 

exposes topsoil to erosion (Nkuba et al., 2021; 

Turyahabwe et al., 2024), leading to the depletion of 

the river banks. These recurrent floods create 

significant socio-economic and environmental 

problems, making effective flood monitoring and 

impact assessment crucial for disaster risk 

management and planning (Priyatna et al., 2023). 

Effective flood damage assessment necessitates the 

identification and quantification of elements at risk 

(EaR), including vulnerable communities, critical 

infrastructure, and ecological systems, to enhance 

disaster risk reduction strategies (Bhuyan et al., 2023). 

However, accurate flood impact assessment is 

curtailed by the high cost and logistical challenges of 

field surveys, which are often unfeasible until 

floodwaters recede. As a result, detailed 

documentation of flood events in tropical Africa 

remains scarce, with only 12% of the incidents 

thoroughly reported and recorded across the continent 

(CRED et al., 2023).  

Remote sensing offers tools and techniques for 

rapid flood mapping and monitoring (Cohen et al., 

2018; Hao et al., 2021; Tantri et al., 2024). Remote 

sensing sensors provide real-time and multitemporal 

imagery (optical and SAR) that captures flood 

information, given that floods are short-lived 

occurrences. However, clouds often obscure optical 

sensors (visible and near-infrared) during floods, 

limiting their usefulness (Klemas, 2015; Ge et al., 

2020; Munawar et al., 2022). Synthetic Aperture Radar 

(SAR), with its all-weather, cloud-penetrating,         

day-night capabilities, can provide data in all seasons. 

SAR's multi-polarization data makes it easy to 

differentiate between flooded and non-flooded areas 

(Catalao et al., 2020; Ge et al., 2020). For this reason, 

many studies have used SAR data interpretation 

techniques to map flooded areas (Hossain and Meng, 

2020; Hao et al., 2021; Mason et al., 2021; Ghouri et 

al., 2024). Common methods include image 

processing approaches like change detection based on 

backscatter, histogram thresholding, fuzzy 

classification, region growing, texture analysis, 

combined or hybrid approaches, and recently, machine 

learning and deep learning (Munawar et al., 2022). 

Using SAR data with advanced geospatial analysis in 

platforms like Google Earth Engine (GEE) and 

traditional Geographic Information Systems (GIS) 

allows for robust flood mapping and damage 

assessment (Nghia et al., 2022; Ariyani et al., 2024; 

Suni et al., 2024). Google Earth Engine’s (GEE) 

cloud-based platform enables efficient and automated 

processing of large SAR datasets, and GIS facilitates 

spatial analysis and the integration of other relevant 

data for a complete flood assessment. 

With the influx of many SAR satellites (e.g., 

ERS, Envisat, Sentinel-1, ALOS PALSAR, RadarSat, 

COSMO-SkyMed, and TerraSAR), a big chunk of 

open-source data is now made available. This has led 

to growing interest in research utilizing SAR data for 

mapping expeditions, including inundation mapping. 

Estimating and forecasting flood water depth is crucial 

for risk assessment and disaster mitigation, and SAR-

based depth estimation is a popular research area 

(Cham et al., 2015; Cohen et al., 2018; Hao et al., 

2021; Teng et al., 2022). Locally, flood mapping in 

Uganda has not been fully undertaken. A few studies 

have attempted to utilize remote sensing data for flood 

mapping in Uganda.   Barasa and Wanyama (2020) 

mapped freshwater lake inundation, based on object-

oriented classification, Erima et al. (2022) and Nedala 

et al. (2024), studied flood susceptibility and impact, 

respectively. The temporal resolution of satellite 

sensors can limit flood mapping due to issues like 

partial coverage or infrequent overpasses during 

floods. Given that river floods tend to recede quickly 

in most cases, sensors with low temporal resolution 

tend to miss such events, henceforth limiting the utility 

of remote sensing data in flood inundation and damage 

assessment. 

Additionally, evaluating the exposure of 

elements at risk is crucial for disaster response 

planning, mitigation, and delivery of humanitarian aid. 

Population and buildings are the most affected 

elements at risk in both rural and urban floods (Zhu et 

al., 2020). Many studies have assessed building 

exposure to floods, but with an emphasis on urban 

floods (Mugume et al., 2024). Very little has been done 

about rural floods, yet rural populations are less 

resilient than their urban counterparts. For the case of 

Uganda and the Semliki Valley in particular, no 

studies exist concerning the use of SAR data for rapid 

assessment of flood damage, up till now the region 

continues to suffer from floods annually due to river 

bank erosion, land use change, melting of the glacier 

ice from the Mt. Rwenzori peak and rising water levels 

of lake Albert. This study sought to address these 

limitations by developing a rapid method for 

determining flood extent and depth using SAR data 

and a digital elevation model (DEM), and 

characterising building exposure based on flood depth 

levels suitable for areas with limited satellite coverage 

and advanced resources like speed boats and drone to 

carry out field-based assessment. The proposed 

workflow in this study builds upon existing techniques 

but offers several advantages. Primarily, it integrates 

SAR satellite data, high-resolution DEM, and Google 

building footprint data for a more complete picture of 

the flood events. It goes beyond exposure assessment 
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by conducting flood impact analysis based on flood 

depths. The May 2023 and August 2024 extreme flood 

events in Semliki Valley, Ntoroko district, serve as a 

case study. Google Earth Engine (GEE) and GIS are 

used to assess flooding and damage in the 

transboundary Semliki River region of Ntoroko 

District.  

Materials and Methods 

Description of the study area 

The study was conducted along a section of the 

Semliki River floodplain in Bweramule sub-county, 

Ntoroko District, Uganda. The area is located in the 

western part of Uganda, on the floor of the western arm 

of the East African Rift Valley. Bweramule is one of 

the seven sub-counties in Ntoroko district (Figure 1). 

The Semliki River originates from Lake Edward to the 

south and flows into Lake Albert in the north. The river 

forms part of the border between Uganda and the 

Democratic Republic of the Congo. The upper part of 

the river flows through the heavily forested Semliki 

National Park, and the lower section winds through 

grasslands inhabited by the Batuku pastoral 

community before emptying its water into                 

Lake Albert. 

The Semliki River catchment area encompasses 

protected areas like Semliki National Park, Toro 

Wildlife Reserve, and Virunga National Park (DRC). 

This rich ecosystem attracts tourists interested in 

birdwatching, plant life, sport fishing, and wildlife 

viewing, including elephants, hippos, crocodiles, 

buffaloes, antelopes, and over 400 bird species 

(Kabenge et al., 2017).  

The residents of this area are primarily engaged 

in small-scale subsistence farming and pastoralism, 

dealing with cattle and goats. Ntoroko District enjoys 

a year-round growing season thanks to its bimodal 

rainfall pattern. The first rainy season occurs from 

March to May, while the longer season stretches from 

August to November. Annual rainfall varies 

considerably, ranging from less than 800 to 1,600 

millimetres, with higher elevations receiving more 

precipitation (Nkuba et al., 2019). Areas near the foot 

slopes of the Rwenzori Mountains experience reliable 

rainfall, enabling cultivation during both seasons. 

Temperatures vary significantly depending on altitude. 

The plains are hot, with temperatures reaching up to 25 

°C. In contrast, the highlands can be quite cold, with 

temperatures dropping below freezing. Lowland 

humidity ranges from 72% to 80%, while the 

highlands are more humid, exceeding 80% (Bwambale 

et al., 2015).  

 

 

Figure 1. Location of the study area. 
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The topography is dominated by the Rwenzori 

Mountains and their eastern escarpments, which slope 

downwards toward Lake Albert. The Semliki valley is 

one of the lowest areas in Uganda, lying at a height of 

about 650 meters above sea level, and the adjacent 

escarpment sits at 1,700 meters above sea level. The 

landscape features numerous gorges and valleys, 

through which several major, permanent rivers flow, 

emptying their waters into the Semliki flats.  The rivers 

carry varying amounts of sediment and boulders, 

depending on their volume and flow rate. The primary 

water sources for these rivers are the Rwenzori 

Mountains and the northern escarpments, 

characterized by rich tropical and riverine forest 

ecosystems. The soils in the Semliki River valley are 

primarily grey, alkaline alluvial clay sediments of low 

fertility, derived from Rift Valley deposits. Tectonic 

activity along the valley floor has resulted in igneous 

and metamorphic bedrock (mainly granites, gneisses, 

and schists) in the Rwenzori Mountains and 

escarpments (Link et al., 2010). These steep slopes 

provide the source material for the soil deposits found 

along the river. The rivers distribute gravel and sand 

across the valley before depositing finer sediments 

(sand and clay) into Lake Albert. The main soil types 

along the Semliki River include Pellic Vertisols, 

Mollic Andosols, Orthic Ferralsols, and Humic 

Gleysols. Livestock farming and fishing are the main 

economic activities in the area. Overgrazing in areas 

depletes the vegetation, leaving the river banks bare 

and susceptible to inundation. Given the location of the 

study area, i.e., in between two major lakes, being 

drained by many rivers, and being part of the western 

East African rift valley, the district is very prone to 

flooding caused by the rivers severely bursting their 

banks as well as rising water levels of Lake Albert 

Data 

This study utilised the Sentinel-1 GRD images for two 

flood events, i.e., May 2023 and August 2024. Two 

images (pre-flood and post-flood) with VH 

polarization and descending path for the two flood 

events were obtained. The VH polarization was 

prioritized due to its effectiveness in delineating 

flooded areas, particularly within vegetated regions, 

and its superior contrast over open water. The VH 

polarization is sensitive to surface roughness and is 

associated with fewer classification errors (Kianfar, 

2019). A descending orbit path was selected for its 

favourable alignment with the study area's specific 

timing and conditions, ensuring the acquisition of 

consistent and optimized imagery for flood change 

detection. The Sentinel-1 data is chosen because it is 

not affected by weather conditions and is excellent for 

detecting changes in water surfaces due to its 

backscatter properties. These datasets were used to 

ascertain the extent of the two flood events in the study 

area. Additionally, the Global surface water (Pekel et 

al., 2016) accessed via Google Earth Engine 

(JRC/GSW1_0/GlobalSurfaceWater) was also used to 

mask the permanent water areas from the flood area. It 

contains data on the occurrence, seasonality, and 

global surface water extent from 1984 to 2020. The 

HydroSheds DEM data (Lehner and Grill, 2013) 

(WWF/HydroSHEDS/03VFDEM) was also used in 

this study for terrain analysis and eliminating slopes 

greater than 5% since they are unlikely to retain flood 

waters. A building footprint dataset 

(GOOGLE/Research/open-buildings/v3/polygons) 

provides high-resolution data on building footprints 

globally. Additionally, the ESA global land cover 

dataset (Zanaga et al., 2022) 

(ESA/WorldCover/v200/2021) was used to estimate 

the area of affected pastureland. For validation 

purposes, we used field assessment reports obtained 

from the Ntoroko District Disaster Management 

Committee and the Office of the Prime Minister 

(Kabenge et al., 2017) 

Image processing 

The sentinel-1 SAR ground range detected (GRD) data 

used in this study has already undergone preliminary 

pre-processing by the producer i.e., it is multi-looked, 

projected, calibrated, and provides georeferenced 

radar backscatter data in amplitude form, suitable for a 

wide range of applications like flood mapping, land 

cover analysis, and disaster monitoring. As such, pre-

processing involved clipping the images as per the 

region of interest (ROI), filtering the images to select 

only the descending orbit path, thermal noise removal, 

speckle filtering using a smoothing radius of 50, 

chosen to balance speckle reduction, and preservation 

of detail. The derivation of the change difference 

images is the last step before undertaking further 

analysis. The descending orbit path is preferred since 

images are acquired in the morning and hence free 

from the impact of diurnal changes (Chen et al., 2016).  

Flood mapping 

The primary method for flood mapping in this study 

involved the application of a threshold to Sentinel-1 

SAR backscatter values. This approach capitalizes on 

the capacity of SAR to discriminate between flooded 

and non-flooded surfaces based on variations in 

backscatter intensity. The threshold was determined 

based on trial and error, and this value can vary 

depending on the study area (Amitrano et al., 2024). 

We used two threshold values of 1.10 and 1.30 to 

differentiate flooded pixels from non-flooded pixels 

based on their backscatter values. The use of two 

thresholds was necessitated by the fact that the flood 

events occurred in different seasons, with the area 

having different surface conditions, e.g., the 2023 

floods occurred in May, while the 2024 floods 

occurred in August, which is associated with a short 

dry season. Eyewitness accounts attest that these 

floods were caused by rains occurring far away in the 

mountains, on the Ugandan and the DRC sides. A 

change detection approach was employed, utilizing 

Sentinel-1 SAR imagery to map flood inundation. 
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Baseline backscatter values were established from pre-

flood Sentinel-1 images. These were then compared to 

backscatter values from post-flood Sentinel-1 images, 

which captured changes during the flood event. A 

difference image, created by subtracting the pre-flood 

values from the post-flood values, highlighted areas of 

significant backscatter reduction, effectively 

identifying potentially flooded regions (Ge et al., 

2020). To refine the change detection results, a water 

mask was applied to eliminate the permanent water 

areas from the flooded extent area. This ensures that 

only temporary water areas are classified as potentially 

flooded. It is worth noting that this method has some 

limitations, including misclassification, e.g., dense 

vegetation and wet soil may depict backscatter 

properties similar to those of open water bodies. This 

procedure was implemented in GEE based on a 

modified version of the schematic approach developed 

by UN-SPIDER, 2019 project (Wong et al., 2021). 

This recommended practice provides a user-friendly 

and efficient tool for generating flood data, accessible 

to all skill levels. 

Flood damage and depth analysis  

Flood extent is mapped as a binary mask based on 

raster pixels with 1 representing the flooded area and 

0 for non-flooded. To compute the total flooded areas, 

flooded pixels are isolated from the non-flooded 

pixels. These are summed up, first into square meters 

determined by the spatial resolution of the image, and 

then converted into hectares. Flood damage 

assessment covered the aspects of pastureland, 

building exposure, and impact on the settlement area. 

Pastureland is preferred here since the area is part of 

the cattle corridor with cattle rearing as the                

main economic activity. During flood episodes,           

the pastureland is submerged,  and  livestock  are  left 

without grazing areas, which affects the health of the 

livestock and leads to economic losses. To ascertain 

the extent of affected pastureland, first, the grassland 

pixels are masked from the ESA land cover raster and 

then averaged with the flood extent raster through 

overlay, such that 1 represents grassland pixels that are 

flooded and 0 for non-flooded areas. The extent of the 

flooded grassland is calculated using the same 

procedure as for flood extent mapping. This procedure 

was implemented using Google Earth Engine (GEE). 

After ascertaining the extent of the flooded areas, 

this was exported and used for further analysis in the 

ArcGIS environment to estimate the depth of the 

flooded areas. Flood depth within identified flood 

zones was calculated using the ALOS PALSAR DEM, 

downloaded from www.asf.alaska.edu/#/?dataseta. 

This DEM was preferred due to its global coverage and 

good spatial resolution. It is a precondition that the 

resolution of the DEM and the flood extent raster 

match to ensure accurate extraction of elevation values 

(Cham et al., 2015). The approach used in this study 

combines aspects from a procedure outlined by Cham 

et al. (2015) and Cohen et al. (2018). The procedure 

involves a pixel-by-pixel depth estimation based on 

the steps in (Figure 2) and these include; extraction of 

the flood extent boundary (polygon), conversion of the 

extent polygon into a polyline, generation of points 

along the flood boundary polyline, sampling the DEM 

at the points generated, interpolation of the elevation 

point values using the Triangular irregular network 

(TIN) to yield a flood water surface raster, using raster 

math to subtract the DEM from the flood water surface 

raster, and the output is a flood depth raster. Further 

processing involves clipping the extent raster using the 

flood depth raster. The flood depth map is classified 

using the natural breaks method into 4 classes, i.e., 

low, medium, high, and very high. 

 

 

Figure 2. The flood depth mapping workflow using GIS.  

Building exposure and impact analysis 

An exposure analysis was conducted to determine the 

number of buildings affected by the flood waters in the 

study area. This was implemented using the GIS 

analysis tools ‘intersect’ and ‘spatial join’ to find the 

intersection between the flood extent and the 

buildings. All buildings intersecting with the flooded 

areas were identified as exposed buildings, including 

those only partially within the flood extent polygons.  

Further analysis was done to classify exposed 

buildings according to flood depth to establish the 

extent of impact suffered. Here, the spatial join was 

used to join exposed buildings to the different flood 

depth classes, and summary statistics were derived to 

indicate the number of buildings per flood depth class. 

Hence, exposed buildings are classified according to 

the level of impact, corresponding to the flood depth 

classes, namely, low, medium, high, and very high 

impact. Buildings in deep waters are regarded as high 

impact because the time taken for floods to recede also 

depends on the depth (Simpson et al., 2013). Those in 

the deep flood waters are likely to feel the impact for a 

long period and even incur higher costs to repair their 

buildings than those in low-impact areas. 
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Results 

Flood extent and depth 

Flood extent mapping for the section of the River 

Semliki in the Bweramule sub-county (Figure 3) was 

conducted based on the Sentinel-1 satellite imagery. 

Flood depth was then estimated using the ALOS 

PALSAR DEM. Figures 3 (b) and (c) illustrate the 

resulting flood extent and depth for the mapped area   

of the River basin on May 5th, 2023, and August 3rd, 

2024. The study adopted a comparative approach                     

by considering two flood events, i.e., 2023 and 2024.  

The flood extent was mapped for the two years and 

compared to ascertain which flood event covered a 

larger area and resulted in greater damage or impact. 

The results show that the floods of 2023 affected a 

larger area, covering up to 1968 ha, while the 2024 

event covered 1139 ha (Table 1).  

Figure 3(a) shows the areas before the flood and 

after the flood in 2023 (b) and 2024 (c). The red colour 

indicates the estimated flooded area. It is observable 

that the flooded area extends over a large area on   

either side of the river, e.g., the Ugandan and the DRC 

side.   

 

 

 

Figure 3. Flood extent for the two years under consideration: (a) 2023 and (b) 2024. 
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Flood depth analysis based on the ALOS PALSAR 

DEM reveals that most areas experienced floods with 

a depth of less than 0.5 meters. However, some 

localized areas (Figure 4a and b) experienced 

significantly deeper flooding, exceeding 1 meter. 

These deeper areas are generally located adjacent to 

the river channel and are likely associated with older 

levee formations and depressions. It is also noticeable 

that there are limited variations in flood depth, which 

could be attributable to the nature of the plains having 

the same elevation. The estimated flood extents were 

qualitatively validated using ground truth data 

collected by the field teams conducting a preliminary 

assessment post-flood. Photographs from several 

locations in Bweramule subcounty and Kibuuku town 

council, and impact reports from the Ntoroko District 

disaster management committee, served as ground 

truth. These photos suggest that most areas 

experienced flood depths of less than 0.5 meters (based 

on the height of people and houses in the images), 

which is consistent with the model's estimations 

(Figure 6).  

 

 
 

 

Figure 4. Flood depth for the years: (a) 2023, and (b) 2024. 

Flood damage 

Flood damage assessment in this study covered the 

impact on pastureland, buildings, and settlement areas. 

This was ascertained by comparing pre-flood and   

post-flood images. The pre-flood image served as the 

baseline for change detection, and from the difference 

images, we calculated the extent of damage caused by 

the two flood events. The results indicate that 1,553 ha 

of pastureland were submerged by floodwaters in 
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2023, and in 2024, an estimated 1,050 ha of 

pastureland were affected. Due to the flat terrain in this 

area, floodwaters can persist for several weeks before 

the pastureland is available again for grazing. Based on 

ESA global land cover data, the settlement area 

impacted by the flood is estimated at 74 ha and 13 ha 

in 2023 and 2024, respectively.  It is noticeable that the 

2023 flood event caused more widespread damage 

than the 2024 event, given that more pastureland, 

settlement area, and buildings were affected. The 

number of exposed buildings also varies between the 

two flood events (Table 1 and Figure 5), specifically, 

71 and 54 buildings for 2023 and 2024, respectively. 

Given the large extent of affected pastureland, the 

region's agricultural sector is significantly impacted. 

Flooded pastureland can severely affect the local 

economy, food supply, and the livelihoods of farmers 

and their communities since, during such episodes, 

livestock do not feed well, impacting their health and 

milk production.  

Table 1.  Comparative analysis between 2023 and 

2024 flood events. 

Effect 2023 2024 

Flood extent (ha) 1,968 1,139 

Pastureland (ha) 1,553 1,050 

Exposed buildings 71 54 

Settlement area (ha) 74 13 

 

 
Figure 5. Statistics of flood extent, affected pastureland, exposed buildings, and settlement area for the two flood 

events. 

 

Figure 6. Field photos taken post-flood in Bweramule Subcounty. 

Flood impact on buildings 

Analysing the extent of impact on buildings at each 

flood risk level is crucial for effective flood damage 

prevention and monitoring. It is also important in flood 

disaster response planning, including the delivery of 

humanitarian aid. This study based the flood impact 

analysis on the flood depth aspect, which directly 

impacts the flood recession period and the potential 

financial loss incurred to repair the buildings after the 

flood (Chen et al., 2016). The results are shown in 

Figure 6. The statistics indicate that most of the 

exposed buildings during the 2023 event are situated 

in low-depth zones. Only 17 buildings were found to 

be in the high-risk zones. In 2024, many exposed 

buildings are situated in the medium flood depth zone. 

Only 5 buildings were found to be located in the low-

risk zone. This implies that the 2024 flood event had a 

greater impact on building damage than the 2023 

event.  
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Figure 7. Flood impact on Buildings for the years 2023 (a) and 2024 (b).  

Discussion 

This study effectively demonstrates the utility of 

Sentinel-1 SAR data and change 

detection/thresholding algorithms for mapping floods 

in the Semliki Valley, Uganda. The findings provide 

valuable insights into the spatial extent of inundation, 

the settlement area affected, and the impacts on 

pastureland and buildings. These results can inform 

improved flood management strategies, support 

decision-making, and enhance community resilience 

in flood-prone regions. Ultimately, this research 

significantly contributes to flood management and 

preparedness efforts in Ntoroko, Uganda. By 

providing precise flood maps, authorities can create 

better strategies to mitigate flood damage, respond to 

floods more effectively, and devise targeted 

interventions to combat land degradation in the study 

area. These strategies include early warning systems, 

evacuation plans, wetland restoration plans, and 

improvements to infrastructure. Information about 

flooded pastureland can help governments make 

agricultural and land use policies and dispatch aid to 

affected farmers due to floods (Nkuba et al., 2021). 

The Sentinel-1 satellites have been acquiring images at 

good temporal and spatial resolution, rendering them 

very useful for the swift and timely mapping of floods 

(Bernet et al., 2018). 

The flood extents between the two years vary, 

with 2023 showing a larger potentially flooded area 

than 2024. This contrasts with field reports and 

eyewitness accounts stating that the 2024 flood event 

was the biggest in over 5 years. This discrepancy could 

be attributable to the limitations of the Sentinel-1 C 

band, i.e., the failure to differentiate between volume 

scattering and water backscatter (Mason et al., 2012; 

Ge et al., 2020; Munawar et al., 2022). It is very 

possible that some flooded but not submerged 

vegetation areas may have been missed by these 

images. Therefore, using methods and data sensitive to 

floods in vegetation areas is crucial to ascertain the 

exact extent of flooded areas in Bweramule sub-
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county. However, such SAR data using the L-band, 

which can map surface conditions below the 

vegetation, is available at a fee. Nonetheless, data 

fusion approaches that combine Sentinel-1 data with 

other datasets could help improve the accuracy of these 

maps. 

Semliki valley experiences frequent flooding due 

to climate change, deforestation, overgrazing, and 

snowmelt waters from the Rwenzori mountain glacier. 

These floods have devastating effects, impacting lives, 

livelihoods, and the entire socio-economic structure of 

the region (Barasa et al., 2022). During the flooding 

time, the pastoral farmers in the area are forced to 

move their livestock to new places, leading to land 

conflicts with other communities in the region (Nkuba 

et al., 2019) and encroachment on the protected 

conservation areas, leading to heavy penalties and 

prosecution by the government authorities (Nkuba et 

al., 2021). It is also worth noting that some of the 

pastureland loss is attributable to the shifting course of 

the Semliki River, which has been exacerbated by 

overgrazing of the river banks, rendering them highly 

susceptible to erosion. 
There is a variation between the number of 

exposed buildings for the two years and the extent of 

impact encountered. Much as the 2023 flood event 

affected more buildings, the 2024 flood event had a 

greater impact on the buildings than the 2023 event. 

This is corroborated by the field reports and 

eyewitness accounts that indicated the 2024 floods 

were unprecedented in the recent past. The most 

affected buildings are those closest to the river and the 

wetlands in the area. This is because Rivers naturally 

act as drainage, making them prone to overflowing 

during heavy rainfall or storm surges (Sellami and 

Rhinane, 2024). The impact analysis considered only 

flood depths due to the difficulty of accessing detailed 

information about the building conditions, 

construction materials, and utilities. The accuracy of 

these results is also dependent upon the quality 

(confidence score) of the building footprint dataset 

used. As noted by Bhuyan et al. (2023) this dataset 

does not account for the latest buildings and those that 

have ceased to exist due to demolition. Hence, this 

contributes to the uncertainty of the results derived 

using the approach explained in this study. This 

analysis provides a valuable resource for 

understanding the area’s flood vulnerability, enabling 

local government planners and emergency responders 

to create strategies that minimize flood risk and 

safeguard the community. It is also useful for planning 

strategies to combat land degradation in the region 

since it is considered one of the causes of frequent 

flooding.  

Flood depth estimation based on DEM is 

dependent upon the quality of the DEM used, and 

therefore, overestimations might occur and create 

misleading results (Cohen et al., 2018). The river 

valley morphology and the resolution of the DEM also 

affect the estimation accuracy. High-resolution 

elevation data like LiDAR should be considered for 

more trusted results. Future research should consider 

developing a method for accurately mapping flooded 

vegetation using open-source datasets. Combining 

remote sensing results with field surveys so that 

information on building quality, status, and other 

elements at risk is captured in flood damage 

assessment to provide authorities with a more holistic 

situation report. Additionally, methods for assessing 

the effectiveness of the flood mitigation and wetland 

restoration measures in the study area are needed.  

Conclusions  

This research presents an approach for automatically 

and swiftly mapping floods using synthetic Aperture 

radar data. In an area like Semliki that floods during 

every rainy season, swift response is key, and yet it 

requires swift data acquisition. This study 

demonstrates the effectiveness of SAR satellite data 

for accurately mapping flood extent and the usefulness 

of Google Earth Engine for identifying damaged 

buildings; nonetheless, on-the-ground verification is 

necessary for complete accuracy. Analysing the level 

of impact on the exposed buildings also proved 

valuable for assessing flood impact, since such 

information helps to design targeted interventions in 

case of flood occurrence. There remains a need to 

propose methods that can accurately map floods in 

vegetation areas using SAR data. The resolution of the 

elevation data should be carefully considered to ensure 

accurate estimations. This research offers valuable 

insights into flood risk in Bweramule sub-county and 

can support disaster relief, inform flood mitigation 

strategies, and monitor recovery efforts.   
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