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Abstract
The aim of this research is the modelling of landslide susceptibility in the hillslopes of Bujumbura using
the Weights-of-Evidence model, a probabilistic data modelling approach relevant for predicting future
landslides at a regional scale. Initially, characteristics and spatial mapping of different landslides type
were identi�ed (fall, �ow, slide, complex) by thorough interpretation of high-resolution remote sensing
data (mountainous areas with di�cult access) and intensive �eldwork. Subsequently, the main landslides
controlling factors were selected (lithology, fault density, land use, drainage density, slope aspect,
curvature, slope angle, and elevation) using in-depth �eld knowledge and relevant literature. A landslide
inventory map with a total of 569 landslide sites was constructed using the data from various sources.
Out of those 569 landslide sites, 285 (50.1%) of the data taken before the 2000s was used for training
and the remaining 284 (49.9%) sites (post-2000 events) were used for the accuracy assessment purpose.
Thereafter, a prediction map of future landslides was generated with an accuracy of 73.7%. The main
geo-environmental landslides factors retained are the high density of drainage networks, the lithology
often made with weathered gneiss, the high fault density, the steep topography and the convex slope
curvature. The landslide susceptibility map validated was reclassi�ed into very high, high, moderate, low
and very low zones. The established susceptibility map will allow with the interaction of the real terrain to
locate roads, dwellings, urban extension areas, dams located in high landslides risk zones. These
infrastructures will require intervention to address their vulnerability with new facilities, slope
stabilization, creation of bypass roads, etc. The susceptibility map produced will be a powerful decision-
making tool for drawing up appropriate development plans. Such an approach will make it possible to
mitigate the socio-economic impacts due to slope instabilities.

1. Introduction
Tropical Africa, especially the East African Rift Valley region is more affected by landslides (Broeckx et al.
2018). Heavy rainfalls with rapid weathering partly explain the high distribution of landslides (Monsieurs
et al. 2017). Moreover, steep slopes associated with the uplifting and tectonic fault system would be the
main cause of historical deep-seated landslides (Dille et al. 2019). The mountains of North Tanganyika-
Kivu Rift region where sit the hillslopes of Bujumbura are characterized by a scarcity of landslides data
(Jacobs et al. 2018, Dewitte et al. 2020). One of the reasons for the landslides data-scarcity is the low
capacity of the local policy (Maes et al. 2017). In addition, spatial landslides data collection is
constrained with persistent clouds, rapid vegetation growth which hinders the obvious interpretation of
satellite images (Wilson and Jetz 2016; Nobile et al. 2018; Dille et al. 2019; Robinson et al. 2019), and the
di�cult conditions of �eld accessibility (Jacobs et al. 2017).

Furthermore, the hillslopes of Bujumbura are affected by landslides (Depicker et al. 2020b; Dewitte et al.
2020). However, a reliable landslide inventory and accurate susceptibility still lacking. Only 89 landslides
have already been inventoried (Nibigira et al. 2015; Shirambere et al. 2018). Susceptibility analysis at
regional scale has shown that the region is predisposed to various landslides processes (Jacobs et al.
2018; Kubwimana et al. 2018; Monsieurs et al. 2018; Shirambere et al. 2018; Depicker et al. 2020b;
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Nsengiyumva et al. 2019). Therefore landslides damaged from simple destruction to the loss of several
human lives (e.g., Reliefweb 2014). Nevertheless, accurate landslide susceptibility analysis is too limited
at the North Tanganyika- Kivu Rift (Monsieurs et al. 2018; Depicker et al. 2020b). At Bujumbura hillislopes
scale, Nibigira et al. (2015) and Kubwimana et al. (2018) attempted to assess the susceptibility using a
multi-criteria approach where slope, lithology and fault density were found to be the main geo-
environmental drivers of landslides. Looking at landslides and their characteristics used for model
validation, we argue that these two studies are too weak for landslide susceptibility assessment of the
hillslopes of Bujumbura. This new approach will be accurate landslide susceptibility assessment
compared to what is already known.

We used a suitable bivariate statistical approach never used in the region (WofE) to carry out this
research another to assess the susceptibility of spatial occurrence of future landslides. The study
focuses on assessing the rugged hillslopes of Bujumbura, where many landslides impacts are
concentrated in Burundi (Moeyersons and Trefois 2012; Reliefweb 2014). Our approach assumes that the
current landslide susceptibility available is biased due to the underestimation of landslides used during
its development (e.g., Nibigira et al. 2015; Kubwimana et al. 2018). The new susceptibility map will be,
therefore, an effective tool for the civil protection authorities in charge of the early warning system
another to reduce the landslides damages. Moreover, the landslide susceptibility map will be used for
planners to better grasp high-risk areas where many efforts will be highlighted during land-use
management. Therefore, the landslide susceptibility map will used to draw up any development project
and, on the other hand, to anticipate the occurrence of landslides in inhabited areas and in the vicinity of
important infrastructures (roads, dams etc.).

2. Study Area
The hillslopes of Bujumbura selected for this study are located in the west of Burundi within 491 km²
(Fig. 1). In this area, the population is high with an average of over 500 inhabitants per square kilometre
(“Kirasa Energy”, n.d.). It is a mountainous area particularly most prone to landsliding compared to other
regions of Burundi. The elevation varies between 758m to 2467m above sea level (a.s.l) and the slope
angle varie from 0 to 76°. In addition, the study area is a humid tropical climate with a wet season
(September – May) alternating with the dry season (June – August). The average annual precipitation
calculated over a section of the study area (the southern) where the hydropower dam is being built on the
Kirasa river is 1400mm with an average temperature of 19°C (“Kirasa Energy’’, n.d.). The long rainy
season during nine months per year explains a high density of the hydrographic network with active rivers
which crossing the steep topography and then incising vertically and generating river landslides and bank
erosion (Moeyersons and Trefois 2012). For geomorphological setting, low slope angles are founded in
the West followed by very steep topography associated to recent tectonic uplift with North-Southern
oriented active faults system (Smets et al. 2016; Delvaux et al. 2017) and the Eastern with moderate
slopes. The lithology is dominated by complex rocks of Precambrian age. The Precambrian rock are
metamorphic rocks (gneiss, quartzite and metaquatzite) with magmatic intrusions (granite, pegmatite)
dominant in most of the study area (Fig. 2). Recent rift sediments of Pleistocene age are located in the
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lower western part (Fig. 2). Land use is classi�ed in three units (1) the built-up area with a high extension
due to the high demographic pressure over the last few decades, following the rural exodus of the
massive population to settle in the urban and peri-urban area of Bujumbura, (2) the more abundant forest
in the East which is gradually disappearing towards the west to cope with human activities and (3)
agricultural land with low to moderate vegetation and scattered trees (Mboga et al. 2020).

3. Methods

3.1. Landslide inventory
The characteristics, spatial mapping and inventory of different landslides type in the hillslopes of
Bujumbura were �rst identi�ed from Moeyersons and Trefois (2012), Reliefweb (2014), Jacobs et al.
(2018); Kubwimana et al. (2018), Monsieurs et al. (2018), Shirambere et al. (2018), Depicker et al. (2020b)
and Nsengiyumva et al. (2019). They were then completed by our analysis of satellite images of high-
resolution aerial ortho-photographs (0.5m), obtained within the framework of the CBUE (2013) and, �nally
our surveys in very intensive �eldwork from 2013 to present. We provided a data catalogue with 569
landslides (Fig. 3) classi�ed according to Hungr et al. (2014) in rotational slide (e.g., Fig. 4a), complex
(e.g., Fig. 4b), translational slide (e.g., Fig. 4c), earth�ows (e.g., Fig. 4d), slide/avalanche (e.g., Fig. 4e), etc.
Frome the 569 landslides, hereafter we have �ve examples of landslides characteristics as inventoried for
the whole database.

1- 2018: in the region of Winterekwa (Bujumbura), a rotational slide (29,409°; -3,346°) is developed on
South West – North East facing and exposed towards the North. The elevation varies between 940m a.s.l
and 970m a.s.l and the slope angle is ranged between 10–15°. Its surface area is 5914m². This region is
characterised by rift sediments of Pleistocene age and is affected by a normal fault (N20). The area is
urbanised with disordered building without a reliable drainage system. This landslide led to the
destruction of more than 35 houses.

2- 2014: in the region of Gikoma, a landslide of translational type (29,409°; -3,346°) occurred on North
West – South East slope exposed towards the West. The elevation varies between 1050m a.s.l and
1100m a.s.l and the slope is between 25–30°. Its surface area is 9868m². This region is characterised by
rift sediments of Pleistocene age (conglomeratic sandstone). Vegetation is mainly formed by food crops.
The landslide depletion zone is located near the National Road 1 (1m) which connects the city of
Bujumbura to the city of Kigali. A potential reactivation could cut the NR 1, the main road to Rwanda.

3- In Rohe (Kanyosha), a complex old slide – earth�ow (Fig. 4b; 29,388°; -3,433°) has developed on the
slope of a valley oriented North West – South East and exposed towards the North West. The altitude
varies between 950m a.s.l and 1200m a.s.l, the slope is between 25–30°. Its surface area is 494693m².
This region is characterised by the presence of strongly altered Precambrian gneisses and affected by a
normal fault N170. Vegetation consists mainly of food crops and oil palm trees. This landslide destroyed
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several houses. In the historical aerial photos of 1980s, dozens of houses appear in the landslide body
but they have now disappeared.

4- In Muyira, a �owslide (29,428°; -3.408°) has developed on the slope of a valley oriented North – South
and exposed towards the West. The altitude varies between 1350m a.s.l and 1500m a.s.l, the slope is
between 25–30°. Its surface area is 42050m². This region is characterised by the presence of a high
altered granite. Vegetation is not very dense and consists mainly of food crops. This landslide totally
destroyed the Muguye primary school in 2013.

5- In the region of Kabumba (Buhonga), an old earth�ow (Fig. 4d, 29,400°; -3,430°) has developed on the
slope of a valley oriented in West – East and exposed towards the South. The altitude varies between
1050m a.s.l and 1350m.a.s.l, the slope is between 20–25°. Its surface area is 416359m². This region is
characterised by the presence of highly altered Precambrian gneiss. The vegetation consists mainly of
banana and palm oil trees. The landslide has damaged completely the National Road 7 (main access
road to the southern provinces).

3.2. Parameterization of independent variables
The source of the topographic variables, here the Digital Elevation Model (DEM) is essential input data for
landslide susceptibility mapping (Fressard et al., 2014). In order to obtain an adequate and accurate
topographic data, we used a DEM from available orthomosaics covering Burundi (CBUE 2013) chosen for
its very good spatial resolution (10m) more suitable to the accuracy required within this study. The
landslide controlling factors are selected based on the literature review and a thorough knowledge of the
terrain (Van Westen et al. 1999; Van Westen 2007). With the 10m-DEM, we generated �ve landslides
controlling factors including slope aspect, curvature, slope angle, drainage density and elevation (Figs. 5a
– f). The �ve topographic factors and fault density are continuous variables reclassi�ed according to
Natural Breaks (Jenks) while the land use and land cover and lithology are categorical variables
reclassi�ed according to their normal units (Figs. 5g,h).

3.2.1. Slope aspect
Solar radiation depends on slope exposure, which controls soil moisture as well as precipitation, as it has
a pronounced directional component depending on the orientation of the slope (Mastere et al. 2010, Ait
Brahim et al. 2018). A slope more exposed to the sunlight will receive a lot of precipitation and will be
highly susceptible to landslides occurrence. The slope aspect map has been classi�ed with ArcGIS 10.2.2
into eight classes (North, North-East, East, South-East, South, South-West, West, and North-West) (Fig. 5a)

3.2.2. Curvature
The concavity of the slopes is an important factor for the analysis of landslides susceptibility. In fact, a
more convex slope will be exposed to landslides than a concave slope. The concavity was determined
using ArcGIS tool and reclassi�ed into three classes (Concave, Plane, and Convex) according to Natural
Breaks Jenks (Fig. 5b).
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3.2.3. Slope angle
The slope angle controls landslides in the study area. Kubwimana et al. (2018) showed that the slope
angle controlled landforms in a central zone of the study area, the watershed of Kanyosha. In this study,
we computed slope angle 10m DEM-based under ArcGIS 3D analysis tools. The result obtained was
reclassi�ed into nine classes (0–5°, 5–10°, 10–15°, 15–20°, 20–25°, 25–30°, 30–35°, 35–40°, > 40°)
according to Natural Breaks Jenks (Fig. 5c).

3.2.4. Drainage line density
The drainage line density plays a key role in the occurrence of landslides. Indeed, during the percolation
through fracture zones, water accelerates landslides. In addition, during �oods, water erodes the
riverbanks as observed by Moeyersons and Trefois (2012). The hydrographic network was automatically
achieved using Archydro tool in ArcGIS 10.20.2. The realized density map was reclassi�ed into �ve
classes from the lowest to the highest density of the hydrographic networks (Fig. 5d)

3.2.5. Elevation
Elevation is certainly one of the variables most often used when we deal with landslides, particularly
because of its relationship with rainfall in areas with strong differences in altitude (Gallart and Clotet-
Perarnau, 1988). The elevation was obtained directly using the DEM 1m without any particular
transformation. The elevation is measured in metres above mean sea level. They are measured and vary
from 759 to 2467 m.a.s.l for our study area. The altitudes have also been divided into classes. The lower
altitudes receiving less rainfall are less predisposed to landslides and the higher altitudes are very
exposed to landslides (Fig. 5f).

3.2.6. Fault density
Schistosity, fracturing, strati�cation or fault planes are areas of weakness where landslides occur
(Kubwimana et al. 2018). The fault density was collected by digitalization on the geological map, a sheet
of Bujumbura at 1/50000 (Laghmouch et al. 2018). We collected all active faults available in the area
and reclassi�ed into four classes (Fig. 5f). Delvaux et al. (2017) showed that active faults are associated
with the African rifting. In the region of Bujumbura, these faults are oriented to North-South direction.

3.2.7. Land use
The study area is largely dominated by low vegetation/or simply by bare soil/or agricultural land. The
highly urbanized west zone corresponds to the building and road networks (Fig. 2). The eastern is
dominated by high forests whose population remove slowly for agricultural land. The land use was
performed by digitalisation of 0.5m resolution orthomosaics (CBUE 2013) and very high-resolution
Google Earth images (USGS 2006). The land use map was reclassi�ed into �ve classes (urban,
agricultural land or bare soil Forest, quartzitic soil and quarrying) (Fig. 5g).

3.2.8. Lithology
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The geology is among the main controlling factor of landslides in the study area and in the region
(Jacobs et al. 2017; Kubwimana et al. 2018). The spatial landslides distribution showed that most of the
landslides occurred in outcrops within gneissic or granite units (Kubwimana et al. 2018). To extract the
lithological units, we digitalized the geological map of Burundi, Bujumbura sheet at 1/50000 (Laghmouch
et al. 2018). The lithological map produced showed a lithological variation categorised into �ve classes
(Fig. 5h).

3.3. Weights-of-Evidence approach (WofE)
To carry out this study, we performed a bivariate statistical approach using the WofE method. It is a
probabilistic approach for Spatial Data Modelling (SDM) which involves determining the probability of a
region undergoing the future landslides (Sawatzky et al. 2009). The WofE model is based on the principle
of uniformity which states that future landslides will occur under similar conditions of the past (Abella et
al. 2007; Fressard et al. 2013). This indirect mapping approach characterizes the extent of occurrence of
landslides based on landslide conditioning factors (Soeters and Westen 1996). In order to achieve this
model, we integrated landslides conditioning factors into GIS and then converted to raster integer (Westen
et al. 2003) before being subjected to the statistical treatments (Fig. 4). Then, we calculated the
landslides posterior probability using independent predictive variables (predictor variable, Pv). In fact, the
likelihood ratio approaches (Lee and Talib 2005) are based on observed relationships between landslide
distribution (dependent variable, Dv) and each landslide related factor to reveal the correlation between
landslide locations and the factors involved the predictors. The association between Dv and Pv will thus
make it possible to calculate a positive weight W+ (1) and a negative weight W− (2) for each predictive
variable, corresponding respectively to a greater or a lower probability of occurrence of Dv (Elmoulat et al.
2018). The formula below will allow us to calculate the speci�c weight each criteria and will be based on
the ratio calculated from the empirical relationship with landslides and their causative factors.

Where C, is a contrast and P, the probability.

To achieve this study, we performed seven steps listed hereafter and summarised in Fig. 4: (1)
identi�cation and cartography of predictive factors and landslides, (2) reclassi�cation and
standardisation of evidential themes, (3) generation of evidence weights tables for themes according to
their relationships with landslides, (4) weighted evidential maps were combined to produce a posterior
probability map, (4) assessment of conditional independence, (5) evaluation of the resulting map
prediction accuracy and (7) landslide susceptibility map generation and validation.

3.4. Susceptibility modelling and performance analysis
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The landslides inventory is the main component of any landslide susceptibility assessment (Van Westen
et al. 2006). The landslides inventory was collected combining intensive �eld investigation, analysis of
high-resolution satellite images such as professional Google Earth imagery and 0.5m spatial resolution
of orthomosaics (CBUE 2013). For the calibration of the WofE model, we must select a part of the
landslides to be used in the training and another part for testing and validation. According to Pradhan
and Lee (2010), there is no universal rule for selecting the ratio of testing and training dataset. In our
case, the WofE model was calibrated with 50.1% (285 training landslides) and validated with the
remaining 49.9% (284 testing landslides). The calibration landslides were not selected randomly but
based on the period of spatial occurrence i.e. triggered before the 2000s and therefore independent to
testing landslides activated afterwards. The differentiation of landslides timing was done using Google
Earth imageries available from the 2000s to present and the interviews of local people in �eld surveys.
Testing landslides was at least occurred during the last two decades. The model performance was
calculated automatically using the SDM (Sawatzky et al. 2009). To increase the performance of the
model, we recombined landslides controlling factors removing one by one and taking a high accuracy
value as used in Iovine et al. (2014). Low accuracy indicated that the removed factor is more important
and vice versa. For validation of datasets, we calculated automatically the Conditional Independence
Ratio (CIR) using the SDM in order to validate if landslides controlling factors are independent each other
(Sawatzky et al. 2009). CIR > 1 indicated that there is independence between variables in the model
(Bonham-Carter et al. 1989). Finally, we calculated the Area Under Curves (AUC) using Success Rate
Curve (SRC) and Predictive Rate Curve (PRC) automatically using the SDM (Sawatzky et al. 2009).
According to Sawatzky et al. (2009), the accuracy ≥ 50% is acceptable for landslide susceptibility
modelling. The data collection and treatments that enabled us to produce the susceptibility map are
shown in Fig. 6.

4. Results And Discussion
The Weights-of-Evidence (WofE-0 to WofE-8) experiments are shown (Table 1). In WofE-0 with all
variables, the landslide prediction model accuracy is 72.2 %. It is a satisfactory value because it is more
than 50% (Sawatzky et al. 2010). A WofE model performance improvement was made recombining seven
independent variables (Table 1). Small accuracy values i.e less than the WofE-0 have been found
successively when removing drainage density (69.1%), land use (69.9%), geology (70.4%), fault density
(70.8%), slope angle (71.1%) and curvature (71.8%). These are the major landsides controlling factors in
the study area. These landslides controlling factors are broadly similar to those found in previous studies,
except that the order often change (Kubwimana et al., 2018; Moeyersons and Trefois 2012; Jacobs et al.
2018). For example, Kubwimana et al. (2018) highlight the lithology, the fault system and the drainage
density as main landslides controlling factors. The fourth position of the slope angle seems anomalous if
we consider earlier studies where it is among the �rst landslides controlling factors (Kubwimana et al.
2018; Jacobs et al. 2017). The relatively low weighting of the slope angle factor would be due to the fact
that shallow landslides were not considered in this study as training landslides (Fig. 3). We dealt with
landslides before the 2000s for training points, or old landslides are deep-seated because, in the
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landscape, shallow landslides disappeared in few years due to rapid erosion and weathering processes
(Dewitte et al. 2020), whereas they are more gravity-induced and sensitive to climatic and
geoenvironmental constraints (Sidle and Bogaard 2016). This low correlation slope angle to deep-seated
landslides comes to support that in hillslopes of Bujumbura, old deep-seated landslides are not only
gravity-controlled but rather to other facets such as the geodynamics process (Depicker et al. 2020b).
Here it is shown with the landslides distribution in the high fault density (Table 2). The land use and land
cover not considered in the previous multi-criteria analysis (Kubwimana et al. 2018) have shown a high
control of landslides, as well as curvature, except that their in�uence is small. In addition, the high values
of accuracy were found when removing the slope aspect (73.7%) and elevation (72.2%). The lack of slope
aspect control in landslide occurrence was previously predicted (Jacobs et al. 2017; Kubwimana et al.
2018). The reason is that the region belongs to the tropical climate where slopes are exposed to the
sunlight in the same way and therefore receive the same precipitation. There is no obvious variability in
landslide occurrence associated with slope aspect. For elevation, the lack of landslide control would be
related to the small scale of the study which implies insigni�cant climatic variations.

For the slope aspect, south-west facing slopes show a positive correlation with landslides. This would be
related to the wind direction of the region are oriented towards the southeast, thus directing rainfall to the
southeast to strike the southwest-sided slope. The curvature has shown that landslides occur on convex
slopes. The reason is that landslides occurrence depends on the shape of the slope here most signi�cant
for convex slopes. Moreover, the convex slopes are sunnier and therefore susceptible to landsliding. For
the slope, the most susceptible angle to landslides is between 20–25°. Jacobs et al (2017) highlight the
angle of friction of the gneisses (23–29°) as the cause. The positive correlation in slope between 35–40°
would be related to gravity control (Sidle and Bogaard 2016). The faults show a good correlation for the
highest density, which is consistent with the literature (e.g., Kubwimana et al. 2018), and then support a
tectonic control of landslides occurred in the region (Delvaux et al. 2017). The lithology is positive in the
gneiss units consistent with Jacobs et al. (2017) at a regional scale and Kubwimana et al. (2018) locally.
The distribution of landslides in gneisses may be due to their high alterability into thick regoliths. Land
use and land cover is positive in urban, bare or agricultural soils and in quarries (Table 2). The positive
correlation of landslides in urban, bare or agricultural soil would justify the rule of anthropogenic action in
landslide occurrence. The high demographic increase and the associated extension of the city of
Bujumbura, which does not comply with planning standards would be the main cause of the landslide
susceptibility linked to urbanisation. In addition, the lack of arable lands leads to deforestation, which
increases the landslide susceptibility (Depicker et al. 2020a). Landslides in quarries could be explained by
uncontrolled quarries that do not respect environmental conditions. The high landslides in low elevation
are related to geomorphology. Lower areas are rift deposits zone with unconsolidated sediments prone to
landsliding.

The CIR calculated is 1.1 which is greater than 1 i.e. the variables are therefore independent (Bonham-
Carter et al. 1989). The WofE-1 with a prediction rate of 73.7% is the most e�cient for characterising the
posterior probability of landslides in this study. The corresponding probability map was then generated
by combining �ve variables including curvature, slope angle, drainage density, road density, fault density,
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lithology and land use/land cover. In order to simplify the resulting probability map, the probability values
were reorganised into �ve classes using Natural Breaks (Jenks) classi�cation method designed to
determine the best arrangement of values in different classes (Figs. 7a,b).

In order to test the validity of the WofE model, we analysed the posterior probability map using the
success and predictive rates curves (AUC and PRC), which are the most important means of evaluating
the landslide susceptibility map. The AUC and PRC are 68.5% and 73.7% for predicting known and
unknown landslides respectively (Fig. 8). These values are valid for the WofE model used to assess the
landslide susceptibility (Sawatzky et al. 2009).

The landslide susceptibility map generated from the applied bi-variate statistical approach is shown in
Fig. 7. The WofE model showed that the areas of very low, low, moderate, high and very high landslide
susceptibility constitute 23%, 11%, 16%, 19% and 31% of the study area respectively. The landslide
distribution showed that 19% and 50% of the landslides inventory are in high and very high landslide
susceptibility areas respectively (Fig. 8). This allows us to validate the model used. This very high
landslide susceptibility is supported with several damages to infrastructures in the hillslopes of
Bujumbura (roads, schools, houses, hydroelectric power station, markets, sanitation, etc). This study was
limited to assessment of landslide susceptibility but could be completed by a risk assessment is
populated hillslopes of Burundi. Yet the landslide susceptibility maps will help management planners to
mitigate the frequent landslides impacts.

5. Conclusion
In order to predict or reduce potential slopes instabilities damage in the hillslopes of Bujumbura, research
on the landslides inventory, characterization and susceptibility assessment has been carried out as part
of the PhD thesis project. The present work is a continuation of this research, which aims to assess the
landslides susceptibility of the populated hillslopes of Bujumbura using the Weights-of-Evidence
modelling approach. This is a statistical approach more used in predictive modelling. However, it had
never been used in landslide modelling in the region or locally. This method comes to complement
previous studies particularly the multi-criteria analysis already carried out in area. To perform this study,
we used an inventory of 569 landslides divided into training and validation datasets (285 vs. 284)
according to the period of occurrence in order to respect the conditional independence. Input, old
landslides triggered before the 2000s were used for calibration and remaining landslides post 2000
events was used for validation process. The validation was done using the Area Under Curve frequency
and showed that the landslide susceptibility map produced predict future landslides at 73.7%. The
application of the Weights-of-Evidence method is effective for assessing the landslides susceptibility in
the study area. The landslides predictor variables used are independent with a CIR of 1.1. The main geo-
environmental factors for landslides are drainage networks, land cover/land use, geology, slope angle
and fault density. The most areas susceptible to landslides are gneiss units, high-density fault zones,
areas with slopes between 25 - 30° and 35 - 40°, agricultural land and quarries, while the most stable
areas are forests. This article will be useful for future researchers using mainly the expert method for
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weighting the landslide causative factors. It will be useful to the civil authorities in charge of the early
warning system by guiding in the choice of sites for the installation of real-time monitoring devices in
areas of very high landslides susceptibility. This map is also a powerful decision-making tool for drawing
up development plans (urban extension, new road, etc). Such an approach will make it possible to
mitigate the socio-economic impacts of slope failures in the hillslopes of Bujumbura.
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Figure 1

Location map of the study area. Note: The designations employed and the presentation of the material
on this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.



Page 18/25

Figure 2

Lithological map of the study area (Laghmouch et al. 2018). Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.
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Figure 3

Location of landslides in the study area. Yellow and blue dots are landslides occurred before and post
2000s respectively. Note: The designations employed and the presentation of the material on this map do
not imply the expression of any opinion whatsoever on the part of Research Square concerning the legal
status of any country, territory, city or area or of its authorities, or concerning the delimitation of its
frontiers or boundaries. This map has been provided by the authors.
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Figure 4

Typical landslides inventoried in this study. a The red lines symbolize the contours of old landslides used
as control points in the susceptibility modelling and the white arrows point to small landslides related to
the topographic change due to road construction, the photo was taken in August 2014 (29,391°; -3,437°).
b In red, large active slide – earth�ow with recent reactivations at the toe due to the bank erosion, the
photo was taken in April 2014 (29,388°; -3,433°). c An active/recent landslide initiated in 2012, an
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example used for model validation, the image is captured from Google Earth from February 2020
(29,404°; -3,381°). d A road cut by a large earth�ow, the photo was taken in July 2016 (29,400°; -3,430°). e
View of the entire dormant deep-seated landslide (left) in Mugere catchment area and an avalanche
damaged the road to Mugere hydroelectric power station (right), the �rst trigger occurred in 2010 and still
active until now, the photo was taken in December 2018 (29,39°; -3,481°).

Figure 5

Input thematic layers: a slope aspect, b curvature, c slope angle d drainage density, e Elevation, f fault
density, g lithological units, h land use.
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Figure 6

Flowchart of methodology used in this study. LS: landslide
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Figure 7

a Landslide susceptibility map using Weights-of-Evidence model for the study area. b Landslides plotted
to landslide susceptibility map. Note: The designations employed and the presentation of the material on
this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.
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Figure 8

Success and prediction rate with AUC for WofE model performance
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Figure 9

Percentage of landslides occurred in each landslide susceptibility class
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