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Increased Precipitation (DRIP) algorithms to map and predict rainfall-triggered landslides 

in the West-Cameroons’ highlands (Central-Africa) 

Alfred Homère Ngandam Mfondoum*1,2, Pauline Wokwenmendam Nguet3, Jean Valery Mefire Mfondoum4, 

Mesmin Tchindjang2, Sofia Hakdaoui 5, Ryan Cooper6 , Paul Gérard Gbetkom7, Joseph Penaye3, Ateba Bekoa3, 

Cyriel Moudioh3 

Abstract 

Background – The SLIP and DRIP algorithms recently developed correlate Landsat 8 images and local daily 

precipitation records to map and time rainfall-triggered landslides. In many areas recently affected by that geohazard 

in west-Cameroon’s highlands, only the dry season images are available, while rainfall data are recorded on a 

monthly scale.  

Methods – The SLIP algorithm is modified, integrating the inverse NDVI to assess the soil exposure, the Modified 

Normalized Multi-band Drought Index (MNMDI) combined with the hydrothermal index to assess soil moisture, 

and the slopes in degrees. They are converted into binned layers and overlaid to map the recent landslide. The DRIP 

algorithm is also modified, using the monthly rainfall rescaled to a daily window and the days of rainfall per month. 

Their probability density function (PDF) curves are superimposed and their intersection are used to propose set 

dichotomous variables before and after the 28 October 2019 landslide event, for a prediction model.     

Results – The Landslide Hazard Zonation (LHZ) map of latest landslides is effective at 100%, while the overall 

accuracy is 77.8% when integrating the control point around the disaster area. Moreover, for 1948-2018 individual 

thresholds of 0.22 ≤ 𝑃𝑃𝑃𝑃𝑃𝑃, and 2019 threshold of  0.29 ≤ 𝑃𝑃𝑃𝑃𝑃𝑃 between June and October, the risk of rainfall-

triggered landslide is 95%, while the 'no-landslide' probabilities are between 98.95% and 99.99%.        

Conclusions – Based on the SLIP and DRIP algorithms, the proposed methodology offers a new alternative in case 

of voids and gaps between data. Improvements and comparisons with others models are in perspective.  

Keywords – SLIP, DRIP, Landsat 8, geohazard, West-Cameroons’ Highlands, rainfall-triggered Landslides, LHZ, 

prediction model.    
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Introduction 

Landslide refers to a sudden outward and downward gravitational mass wasting process of earth materials (rock, 

soils, artificial fill), triggered by variety of external factors or mechanisms (earthquakes, rainfall, reservoir 

impoundment, anthropogenic activities), but which do not requires a transportation medium (water, air or ice) 

(Varnes and IAEG, 1984; Brusden, 1984; Crozier, 1986; Hutchinson, 1988; Cruden, 1991 and Courture, 2011. The 

materials may move by falling, toppling, sliding, spreading, or flowing (UNISDR, 2017; USGS, 2004).  

Landslides are natural events, but may turn into serious geohazards responsible for casualties and economical losses 

worldwide (Petley, 2012). These include loss of lives and damage to human settlements and natural structures, 

which present a significant constraint for the development of the zones affected. According to the International 

Disaster Database of the Centre for Research on the Epidemiology of Disasters (CRED) (EM-DAT), since 1900 

some 130,000 persons have lost their lives because of landslides and flash floods; and the economic losses amounted 

to over US$ 50 billion. In the period from 2000 to 2014, the corresponding figures were around 26,000 deaths and 

US$ 40 billion in losses. The actual figures are, however, much higher (UNISDR, 2017). At least 90% of landslides 

losses can be avoided if the problem is recognized before the landslide events (Brabb, 1993). Therefore, the 

mitigation measures requires to identify existing landslides, and/or to predict of future events and endangered zones. 

However, Landslide inventories suffer from underreporting at both regional and global scales. Even in developed 

countries, the database of landslides events are usually far from complete (UNISDR, 2017). Significant gaps in 

available landslide information additionally contribute to the shortcomings of landslide inventories due to the lack of 

routine global monitoring or cataloging systems, such as those available for hurricanes and earthquakes 

(Kirschbaum et al. 2009). However, mapping landslide deformation and activity is fundamental for the assessment 

and reduction of landslide hazards and risks (Zhao and Lu, 2018).  

Remote sensing data and the geographic information system (GIS) process are very powerful tools to study the 

prevailing causal factors and achieve that goal (Tofani et al., 2013). Their integration leads to a standard tool known 

as landslide susceptibility mapping used around the world by various researchers (Guzzetti et al., 1999; Van Westen 

et al., 1999). The susceptibility of a given area to landslides can be determined and depicted using hazard zonation 

(Lin et al., 2017). Recent advances identify two sets of methods for landslides hazard zonation (LHZ), i.e. heuristic 

(knowledge-based) and data driven (statistical) approaches (Pardeshi et al., 2013).  

The heuristic or qualitative approach relies on the distribution (inventory) analysis through field survey mapping, 

historical records, satellite images and aerial photo interpretation (Varnes and IAEG, 1984; Cruden, 1991; Colombo 

et al., 2005; Guzzetti et al. 2005; Galli et al., 2008). Others researchers use decision-action processes and weighing 

models, including the analytical hierarchy process (AHP) and its different derivatives (Komac 2006; Ghosh et al. 

2011; Kayastha et al. 2012; Wu et al., 2016; Meena et al., 2019). The statistical or quantitative approach include 

bivariate and multivariate modeling methods to minimize subjectivity (Kanungo et al., 2006). Amongst bivariate 

methods, weights of evidence model, weighted overlay method, frequency ratio approach, information value method 

and fuzzy logic method are used (Blahut et al. 2010) (Martha et al., 2013; Preuth, et al., 2010; Lee, 2005; Sarkar et 

al., 2006; Singh et al., 2011). Multivariate are specifically logistic regression analysis, discriminant analysis, 



artificial neural network (ANN) method and probabilistic approach (Guzzetti et al., 2005, Wang and Sassa, 2005; 

Lee et al., 2008; Kanungo et al., 2009; Pradhan et Lee, 2009; Bui et al., 2012; Calvello et al., 2013). 

The accuracies of susceptibility maps resulting from both qualitative and quantitative methods are affected by data 

resolution and availability. It can be assume that, the best approach should be built in a flexible perspective that 

integrative all data accessible. It is the intent of the present study. 

The main objective of this paper is to map the rainfall-triggered landslides occurrence and susceptibility. A hybrid 

model is adapting the NASA’s Sudden Landslide Identification Product (SLIP) and Detecting Real-Time Increased 

Precipitation (DRIP) approaches. It is a method originally qualitative, which uses open source data at less cost and 

consequently fits Cameroon’s local scientific and economic conditions. So to notice, the developed approach is 

neither meant to substitute the standardized SLIP and DRIP algorithms, but to adjust the experimental processing as 

possible to a context of missing data, in both quality and quantity, by proposing way-outs for efficient results.   

Description of the SLIP and DRIP methodology  

NASA developers proposed the SLIP and DRIP methodology to automate rainfall-induced landslide identification in 

Nepal (Fayne et al., 2019). It is a two-sided approach, using satellite imagery data to identify the landslide extent 

and precipitation data to frame the timing the landslide event. The main entry is Landsat-8 imagery and the 

processing were performed in a cloud environment, based on a spectral band analysis and ancillary field data.  

Sudden Landslide Identification Product (SLIP) algorithm takes advantage of spectral properties of vegetation, 

slope, land-cover type, and soil moisture in biweekly (16 days) time steps to identify new areas of bare-earth 

exposure that may represent landslide events. A percent red change for Landsat-8, band 4, is computed between the 

ten composed recent images before the landslide and the most recent images after the event. Areas with at least a 

40% increase in red reflectance are considered bare-earth exposed to landslide according to this criteria.  

To pursue, the soil moisture is assessed by using a Modified Normalized Multi-band Drought Index (MNMDI), 

inspired from Wang and Qu (2007), and adapted to Landsat 8 spectroscopy. The last step integrates a Digital 

Elevation Model’s (DEM) slope. The slopes values are extracted in degrees, and 20º is considered as the basis. 

On the other side, noticing that a predominant triggering mechanism for landslides is rainfall (Petley et al. 2005), the 

Detecting Real-Time Increased Precipitation (DRIP) model leverages NASA’s Global Precipitation Measurement 

(GPM) was used. It provides precipitation data with a more precise temporal window of occurrence for each 

potential event (Fayne et al. 2019). The DRIP algorithm identify the likely timing/date of peak of precipitation 

triggering potential landslide events and corresponding to the SLIP detected areas in a window of 16 days. Windows 

of 24, 48 and 72 hours are used to obtain continuous rainfall data and integrate into the model.  

Therefore, the purpose of these two algorithms has been the landslide identification and extreme precipitation 

monitoring by using python 3 as programming language.  

Methodology 

Landslide is a function of susceptibility (spatial propensity to landslide activity) and temporal frequency of landslide 

triggers, and its assessment may be done on local (individual slope), regional, national, continental or event global 

scale (UNISDR, 2017). Hence, there is a need for its hazard assessment at various spatial scales. This study was 

carried out on a regional scale.   



Study area 

The study was conducted on a subset of Cameroon’s west-highlands (Fig.1.a), covering 393 035 hectares. This area 

belongs to the Cameroon Volcanic Line (CVL), one of the several segments of the African plate, oriented NE–SW 

(Elsheikh et al., 2014; Wokwenmendam, 2019). The altitudes are between 700m and 2400 m. It is a transition area 

between the Cameroon’s rainy and dry areas. Consequently, the annual rainfall are 100mm to more than 3300mm in 

the southern part around the city of Bafoussam, and 20mm to more than 2400 mm when evolving to the northern 

part around Njimom. Twelve months average temperature is between 26º and 28º Celsius. The vegetation melt 

highland forest and sub-tropical savanna, depending on the rainfall and the sun exposition. The population is 

1,720047 inhabitants, with a density of 124 inhabitants per squared kilometer.  

Because of the altitude and the rough elevation (Fig.1.b,c,d), human activities and settlements such as agriculture or 

buildings mainly occupy slopes or shallows, exposing their selves to natural hazards. As recent events for instance, 

on the 4th and 5th September 2018, terrain cracking followed by blocks slides damaged dozens of houses in the city 

of Foumban (Penaye et al., 2018; Fig.2.a), causing the delocalization of hundreds of inhabitants. Recently, during 

the night of 27 to 28 October 2019, a long and huge rainfall of about 36 hours triggered a rotational to translational 

landslide in Bafoussam (Kankeu & Ntchantcho, 2019; Fig.2.b), the deadliest in that area with 45 bodies found, 

dozens of unfounded people and at least 100 houses destroyed. This context justified the carry out of the present 

research, to help administrators anticipating such events and planning mitigation actions. 

 

Fig.1. The study location. A) Country elevation and landslides events. B) & C) – Subset of study elevation and 

Landsat OLI-TIRS image. D) 3-dimensional appraisal of the subset elevation.   
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Fig.2. Scarps leaved by the landslides of Foumban (2018-A) and Bafoussam (2019-B). Both events were sudden 

with transitional to rotational movements, but the one in Foumban happened in one-step, while the one in 

Bafoussam happened during at least two steps (yellow dashed), justifying three main blocks/stairs.  

Data acquisition and pre-processing 

The experiment was conducted in a desktop script environment, using recent licensed versions of Erdas imagine, 

ArcGISPro and Xlstat software script environments. The main entry is the landsat-8 imagery, given the fact that 

multispectral image analysis is a popular technique in landslide detection (Martha et al. 2016). Taking the landslide 

of the 28 October 2019 as reference, twelve Landsat-8 images were downloaded from the United States Geological 

Survey website, distributed as eleven before the event and one after. Unfortunately, the cloud cover for the rainy 

season images are very important to stay in a16 days window for processing, so that the best images are available 

between December and March with at least two images per year. Freely available Landsat images are all Level-1 

products, delivered as digital numbers (DNs). The bands used are 2-7, i.e. blue to SWIR2 (Table) with a 30 meters 

spatial resolution, and the panchromatic band is used to rescale the spatial resolution to 15 meters. Applying the 

Cosine Solar TAUZ (COST) radiometric calibration model of Chavez (1996) to the stacked image, blue-SWIR2, the 

DNs were converted from at-sensor radiance to top-of-atmosphere (TOA) reflectance via solar correction, and 

rescaled from 64-bit to unsigned 8-bit. Therefore, to precise, atmospheric corrections and haze reduction have 

helped to remove other noises and then approximate values of surface reflectance. The last step concerned the 

topographic correction that had addressed altitude artifacts.  

The Shuttle Radar Topography Mission (SRTM) and the Advanced Spaceborne Thermal Emission and Reflection 

Radiometer (ASTER) Digital Elevation Models (DEMs) are also used. They are downloaded from the USGS and 

the NASA websites and they are integrated in the model to assess the slopes threshold for landslides triggering, 

while eliminating errors of commission in the processing (Jiménez-Perálvarez et al. 2011).  

Another entry concerns the precipitation data. These data were combined from three main sources. The Tropical 

Rainfall Measuring Mission (TRMM) (Braun, 2011), Tropical Applications of Meteorology using Satellite data 

(TAMSAT) (Maidment et al., 2014) and some local meteorology services.  

Image classification and NDVI computation for LULC extent assessment 

All the cloud-free satellite images of the study area are only available for the dry season. There is a need of 

matching the land use land cover (LULC) with the rainy season when sudden landslides have always taken place. 

Then, an image of the rainy season was downloaded from 23 June 2019, and a cloud-free subset was extracted on 

the natural land covers area, i.e. vegetation and soil, and a supervised classification was performed for each image 

A. Njintout (Foumban) B. Gouache (Bafoussam) 



(Fig.3.) Their average overall accuracy is 92% and the average kappa coefficient is 0.89. An image difference was 

then performed with the newest image (dry season) classification of the same year. The relation is expressed as 

follows: 𝐕𝐕𝐕𝐕 = 𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃 + (𝐃𝐃𝐑𝐑𝐑𝐑𝐑𝐑𝐃𝐃𝐃𝐃𝐃𝐃 − 𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃) 

Where Va is the new vegetation area and sv is the season vegetation. It was noticed that in June, the 337 845 

hectares of the classification subset were occupied by the vegetation up to 61% (205295 ha) versus 39% (132550 ha) 

for soils, while in December, these percentages switch to 46% (155260 ha) for vegetation and 54% (182587 ha) for 

soils (Fig.4.). To confirm the objects extraction and the trends above, the Normalized Difference Vegetation Index 

(NDVI) was computed for the two images (Fig.3.). The statistics gave (Figure 4.) 69% (233113 ha) for vegetation 

and 31% (104732 ha) for soil in June, versus 47% (158787 ha) for vegetation and 53% (179058 ha) for soil in 

December (Fig.4.). The average percentages are 65 % for vegetation and 35% for soils in June, versus 46.5% for 

vegetation and 53.5% for soils in December. The ratios of the rainy season over the dry season areas were 

computed, showing that the rainy season vegetation area is about 1.4 times bigger than in dry season. Further, 

assuming that the average percentages could have the same influence on the classification process, the ratio of 

vegetation extent (65%) over the classification accuracy (92%) was calculated. The result obtained, i.e. 0.598≈0.6, 

was summed with the previous value, 1.4, as the best vegetation extent approximation for the rainy season, i.e. 2 

times the vegetation area of the dry season’s the images used in the study. The ArcGISPro software expand function 

tool is useful for this purpose. In its principle, the class value targeted is multiplied by an x factor (2 here) to 

approximate the area as needed. The algorithm is written as follows: 𝐎𝐎𝐎𝐎𝐎𝐎_𝐫𝐫𝐕𝐕𝐃𝐃𝐎𝐎𝐫𝐫𝐫𝐫 = 𝐄𝐄𝐄𝐄𝐄𝐄𝐕𝐕𝐄𝐄𝐄𝐄 (𝐢𝐢𝐄𝐄_𝐫𝐫𝐕𝐕𝐃𝐃𝐎𝐎𝐫𝐫𝐫𝐫,𝐄𝐄𝐎𝐎𝐧𝐧𝐧𝐧𝐫𝐫𝐫𝐫_𝐜𝐜𝐫𝐫𝐜𝐜𝐜𝐜𝐃𝐃, 𝐳𝐳𝐳𝐳𝐄𝐄𝐫𝐫_𝐃𝐃𝐕𝐕𝐜𝐜𝐎𝐎𝐫𝐫𝐃𝐃) 

With in_raster representing the reclassified raster image, number_cells being the x factor and zone_values standing 

for the class to be expanded.    

 

Fig.3. Subset of Landsat 8 images used for Land cover extent approximation  



 

Fig.4. Land Use Land Cover (LULC) – comparison for the classification and the NDVI 

Adapted SLIP algorithm  

The first step is defining the soil exposure, i.e. the percentage of non-vegetated land. Fayne et al. (2019) proposed it 

as a rate of change in the red band reflectance between the current image before the landslide and a composed image 

of the ten red bands of the images before the landslide. The formula is expressed as follows:  

%𝐃𝐃𝐫𝐫𝐄𝐄𝐜𝐜𝐜𝐜𝐕𝐕𝐄𝐄𝐜𝐜𝐫𝐫 = � 𝐃𝐃𝐫𝐫𝐄𝐄𝐜𝐜𝐎𝐎𝐫𝐫𝐫𝐫𝐫𝐫𝐄𝐄𝐎𝐎 −  𝐃𝐃𝐫𝐫𝐄𝐄𝐜𝐜𝐳𝐳𝐧𝐧𝐄𝐄𝐳𝐳𝐃𝐃𝐢𝐢𝐎𝐎𝐫𝐫𝐃𝐃𝐫𝐫𝐄𝐄𝐜𝐜𝐳𝐳𝐧𝐧𝐄𝐄𝐳𝐳𝐃𝐃𝐢𝐢𝐎𝐎𝐫𝐫 � ∗ 𝟏𝟏𝟏𝟏𝟏𝟏 

The images should be collected for consecutives months. In the present study, regarding the gap of almost ten 

months in the same year between two Landsat 8 usable images, the percentage formula described above was leading 

to infinite values. Then the red difference was modified to an Inverse Normalized Difference Vegetation Index, 

INDVI, to assess the non-vegetated land. The INDVI is proposed as the spectral difference between the red and the 

NIR wavelength, as follow: 𝐑𝐑𝐑𝐑𝐃𝐃𝐕𝐕𝐑𝐑 =
𝐃𝐃𝐫𝐫𝐄𝐄 − 𝐑𝐑𝐑𝐑𝐃𝐃𝐃𝐃𝐫𝐫𝐄𝐄 − 𝐑𝐑𝐑𝐑𝐃𝐃 

After an average of the INDVI was computed for the ten oldest images, referring to the landslide of the 28 October 

2019 in Bafoussam. Then, the average INDVI was subtracted from December’s 2019 INDVI and the resulting 

image was normalized in percentage values, as follows: 𝐑𝐑𝐑𝐑𝐃𝐃𝐕𝐕𝐑𝐑𝐄𝐄 =
𝐑𝐑𝐑𝐑𝐃𝐃𝐕𝐕𝐑𝐑 − 𝐑𝐑𝐑𝐑𝐃𝐃𝐕𝐕𝐑𝐑𝐧𝐧𝐢𝐢𝐄𝐄𝐑𝐑𝐑𝐑𝐃𝐃𝐕𝐕𝐑𝐑𝐧𝐧𝐕𝐕𝐄𝐄 − 𝐑𝐑𝐑𝐑𝐃𝐃𝐕𝐕𝐑𝐑𝐧𝐧𝐢𝐢𝐄𝐄 ∗ 𝟏𝟏𝟏𝟏𝟏𝟏 

Where INDVIn stands for the normalized INDVI image, min and max are the minimum and the maximum of the 

INDVI. Values starting at 40% were selected as indicators for soil exposure as proposed by Fayne et al. (2019). A 

binned image was then created, with 0 for vegetated areas and 1 for non-vegetated areas. Then, the vegetated class 

was expanded times 3 to approximate the land surface coverage in the rainy season, according to the classification 

statistics. 

Further, the moisture was assessed by using two indices. The Modified Normalized Multi-band Drought Index 

(MNMDI) (Fayne et al., 2019) was computed between the near infrared (NIR) and the shortwave infrared (SWIR2) 

bands: 𝐌𝐌𝐑𝐑𝐌𝐌𝐃𝐃𝐑𝐑 =
𝐑𝐑𝐑𝐑𝐃𝐃 − 𝐒𝐒𝐒𝐒𝐑𝐑𝐃𝐃𝐒𝐒𝐑𝐑𝐑𝐑𝐃𝐃 + 𝐒𝐒𝐒𝐒𝐑𝐑𝐃𝐃𝐒𝐒 



To confirm and reinforce the soil moisture information, the hydrothermal index was computed. This index helps 

enhancing soils, rocks and minerals, as well as vegetation cover at a regional scale, based on a multiple ratios 

approach computation between the visible and infrared wavelengths (Pour, 2014). Band ratios concerned are 4/2, 

6/7, 5 and 10 in red–green–blue), and the result is a three principal component analysis image. A linear regression 

was performed between each component and the MNMDI image, showing that the third component was positively 

correlated to MNMDI with the highest determination coefficient (R2) up to 82% (Appendix 1.). This band and the 

MNMDI images are stretched in the intervals [0–11] and [-1.205 – 0.915] respectively. The sum of the two images 

gave a new one stretched in the interval [-1.205 – 11]. Therefore, taking in account the moisture thresholds of [-0.08 

– 0.915] for MNMDI and [1.5 – 11] for hydrothermal, a binned image was created between [-0.08 – 11], with 0 for 

no humidity and 0.75 for moisture.  

The slopes values were computed based on the DEM-SRTM. The threshold fixed as enough to trigger landslide is 

20º. Slope intervals categories are gentle (0º–20º), fairly steep (20º–35º), steep (35º–45º), very steep (45º–60º), and 

extremely steep (60º–90º). A binned image was created with 0 for slopes less than 20º and 0.5 for slopes at or above 

20º. The three conditioned layers binned values are recorded in table 1.  

Table 1. SLIP conditioned layers 

Layers Conditions for LHZ 

Excluded Included 

Uncovered soil 0 1 

Soil moisture 0 0.75 

Slopes 0 0.5 

The three layers were submitted to a simple weight linear combination (SWLC) to map the areas were sudden 

landslides conditions are met. The overall SLIP process are described in fig. 5 and the layers are illustrated in fig.6. 

 

 

Fig.5. Workflow of the SLIP process 

Data set Goal General processing Specific processing Common processing Result Key 
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Objects areas 
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Soil exposure 
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Fig.6. SLIP stretched and conditioned layers. A) INDVI stretched values; B) Barren land binned map; C) 

MNMDI + hydrothermal stretched map; D) Land moisture binned map; E-Slopes in degrees; F-Slopes binned map. 

Only remains the triggering factor identified as a long and huge rainfall condition. The DRIP algorithm helps 

assessing it.  

Adapted DRIP algorithm  

The DRIP tool is adapted as the rainfall intensity and threshold corresponding to the SLIP landslide mapping. 

Monthly precipitations of the west Cameroon were computed between 1948 and 2017 for Africa8, and annual data 

are available for 2018 and 20199 (Table 2). According to the Tropical Applications of Meteorology using Satellite 

 

8 https://fr.climate-data.org/afrique/cameroun/west-1367/ 
9 https://weather-and-climate.com/average-monthly-Rainfall-Temperature-Sunshine 

https://fr.climate-data.org/afrique/cameroun/west-1367/
https://weather-and-climate.com/average-monthly-Rainfall-Temperature-Sunshine


and ground-based observations (TAMSAT) data, especially its TRMM Multi-satellite Precipitation Analysis 

(TMPA) datasets component and mapping models, daily rainfall for the Cameroons’ west highlands were between 6 

mm and more than 10 mm between 1983 and 2012 (Maidment et al., 2014). The annual highest period is between 

the second decade of June and the first decade of October, with at least 15 millimeters to more than 25 millimeters 

per day (Maidment et al., 2014; Dezfuli et al., 2017). 

Fieldwork observations and data collection assessed the rainfall of 27 to 28 October in Bafoussam up to 81 mm, in 

about 36 hours, before the landslide (Local agro-meteorology offices; October 2019). This represents 22.0% of the 

384 mm recorded for that monthly rainfall in 2019 (Appendix 2).  Ten groups of rainfall records were determined 

with five months of rainfall, from June to October, i.e. 50 observations (Appendix 2). The month’s selection is 

explained by the fact that all the landslides in Cameroon occurred in that interval, corresponding to the full rainy 

season (Table2.). Since the 50’s, more than 136 deaths were recorded, before 2019 (Tchindjang, 2012 & 2013). 

The rainfall increases then from June to September with higher records in August, and decreases in October. The 

trends are the same for the number of rainy days, although some local differences can be barely noticed between two 

zones. In addition, the rainfall zonation was done from the lower (Zone 1) to the higher (zones 9 and 10) records. 

Histograms of zones 1, 5 and 9 illustrate these two statements for 2019 (Fig.7). 

 

Fig.7. Monthly rainfall and rainy days sampled for three zones of the study area in 2019 

The general trends give an average rainfall of 2615 mm for 1948-2018 and 2573 mm in 2019, representing 

respectively 79% and 78% of the 3300 mm maximum annual rainfall. The month of August usually represent 25% 

of the five months, while October when occurred the recent landslide record about 14% (Fig.8). Moreover, the 80 

mm preceding the landslide represents 3.1% of the five months rainfall and almost four times the total daily mapped 

by Maidment et al. (2014) and Dezfuli et al. (2017).   

  

Fig.8. Percentages of monthly rainfall For June-October period 



Table 2. Landslides history and consequences in Cameroon to the best of the records  

 Location (Region) Month / Year Main casualties and losses 

1 Fossong-Wentcheng (Dschang) August / 1978 6 Deaths reported and plantations destroyed 

2 Pinyin (North-West) June / 1991 Plantations destroyed 

3 Santa (Bamenda) September 12 / 1992 12 deaths reported 

4 Bafaka (North-west) 1993 Plantations and houses destroyed 

5 Rom Nwah 2000 6 deaths reported, plantations destroyed 

6 Limbe (South-west) 2001 & 2009 24 deaths reported, 2800 homeless 

7 Bana (West) September 10 / 2002 10 deaths reported 

8 Maga (Far-North) July 20/2003 22 deaths reported, 50 deaths cattle  

9 Bafou (West) 2003 2 deaths reported 

10 Wabane (South-west) 2003 1 death reported 

11 Fondonera (West) 2008 Plantations destroyed 

12 Abuh (North-West) September 27 / 2007 Plantations destroyed 

13 Moume-Bafang (West)  2008 1 death reported, 100 homeless, national road 

destroyed/cut and 9 months without traffic 

14 Bamenda (North-West) 2009 7 deaths, 50 homeless, road destroyed 

15 Koutaba (West) October 23 / 2011 2 deaths reported 

16 Mbo and Ndop plain (West and 

North-West) 

August, September and 

October every year 

Plantations and road destroyed 

17 Foumban (West) September 4-5 / 2018 Houses destroyed and access roads destroyed 

18 Bafoussam (West) October 28-29/2019 45 deaths reported, 300 homeless and dozens of 

houses destroyed 

After the data collection, their statistical distribution and variability were assessed. One popular method is the 

Weibull distribution that is expressed by calculating a cumulative distribution (CDF) or a probability density 

function (PDF) using the following equation: 𝐟𝐟(𝐄𝐄) =  
𝛄𝛄𝛂𝛂 � 

𝐄𝐄−𝛍𝛍𝛂𝛂 �𝛄𝛄−𝟏𝟏 𝐫𝐫𝐄𝐄𝐄𝐄(−((𝐄𝐄 − 𝛍𝛍)/𝛂𝛂)
𝛄𝛄

)          With      𝐄𝐄 ≥ 𝛍𝛍;𝛄𝛄,𝛂𝛂 > 𝟏𝟏        

Where 𝛾𝛾 is the shape parameter, 𝜇𝜇 is the location parameter and 𝛼𝛼 is the scale parameter. Because the Weibull model 

assesses strength and failure of a system in relation with time (Klein, 2009), the resistant parts or particles expressed 

the strength to failure and lifetime probability of the system. If 𝜸𝜸 < 𝟏𝟏, then the failure rate decreases with time; if 𝜸𝜸 = 𝟏𝟏, the rate of failure remains constant with random weaknesses; if 𝜸𝜸 > 𝟏𝟏, the rate of failure increases with time, 

also expressed as ageing process. In this case, we assess the stronger relationship to the failures in the relationship 

between rainfall and days of rainfall for the period 1948-2018 average, setting  𝜸𝜸 = 𝟏𝟏.𝟓𝟓 .  

The rainfall data were scaled on a daily window by the ratio [monthly rainfall over monthly total of rainy days]. 

Further, the ratio of [monthly rainy days over monthly total days] was computed. The probabilities of failure and 

success were defined for both sets of data as: 𝐏𝐏𝐏𝐏(𝐄𝐄) =
𝐄𝐄𝐄𝐄𝐑𝐑+𝟏𝟏   

  𝐏𝐏𝐒𝐒(𝐄𝐄) = 𝟏𝟏 − 𝐏𝐏𝐏𝐏 



With PF and PS representing the probability of strength to failure and the probability of success. Then, their 

probabilities of strength to failure are suitable to be used as the z value in the standard PDF computation, which is 

defined as a normal distribution. Purposely and based on the data, the averages (≈3 and ≈4) and the standard 

deviations (≈1) of the daily rainfall and days of rainfall were computed for the two periods, and the PDF curves were 

superimposed on each other to find intersections(Fig.9a&b). 

  

Fig.9. Individual PDF curves and their intersections before (A) and in (B) 2019 

From the intersections of the two PDF curves, a set of thresholds were defined in a whole algorithm, with six 

explanatory variables (X), and two response variables (Y). The algorithm is written as follow: 

i. 𝑋𝑋1.1. = �𝟏𝟏   𝑖𝑖𝑖𝑖 𝑃𝑃𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑𝑖𝑖𝑑𝑑𝑑𝑑 𝑟𝑟𝑑𝑑𝑖𝑖𝑟𝑟𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑑𝑑 ≤ 0.228728126𝟏𝟏                                           𝑂𝑂𝑂𝑂ℎ𝑓𝑓𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑓𝑓                                      
 

ii. 𝑋𝑋1.2. = �𝟏𝟏   𝑖𝑖𝑖𝑖 0.228728126 > 𝑃𝑃𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑𝑖𝑖𝑑𝑑𝑑𝑑 𝑟𝑟𝑑𝑑𝑖𝑖𝑟𝑟𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑑𝑑 ≤ 0.393719582𝟏𝟏                                                                           𝑂𝑂𝑂𝑂ℎ𝑓𝑓𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑓𝑓                                      
 

iii. 𝑋𝑋1.3. = �𝟏𝟏   𝑖𝑖𝑖𝑖 0.393719582 > 𝑃𝑃𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑𝑖𝑖𝑑𝑑𝑑𝑑 𝑟𝑟𝑑𝑑𝑖𝑖𝑟𝑟𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑑𝑑 𝟏𝟏                                           𝑂𝑂𝑂𝑂ℎ𝑓𝑓𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑓𝑓                                      
 

iv. 𝑋𝑋2.1. = �𝟏𝟏   𝑖𝑖𝑖𝑖 𝑃𝑃𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑𝑑𝑑𝑒𝑒 𝑜𝑜𝑖𝑖 𝑟𝑟𝑑𝑑𝑖𝑖𝑟𝑟𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑑𝑑 ≤ 0.228728126𝟏𝟏                                                𝑂𝑂𝑂𝑂ℎ𝑓𝑓𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑓𝑓                                      
 

v. 𝑋𝑋2.2. = �𝟏𝟏   𝑖𝑖𝑖𝑖 0.228728126 > 𝑃𝑃𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑𝑑𝑑𝑒𝑒 𝑜𝑜𝑖𝑖 𝑟𝑟𝑑𝑑𝑖𝑖𝑟𝑟𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑑𝑑 ≤ 0.393719582𝟏𝟏                                                                                𝑂𝑂𝑂𝑂ℎ𝑓𝑓𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑓𝑓                                      
 

vi. 𝑋𝑋2.3. = �𝟏𝟏   𝑖𝑖𝑖𝑖 0.393719582 > 𝑃𝑃𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑𝑑𝑑𝑒𝑒 𝑜𝑜𝑖𝑖 𝑟𝑟𝑑𝑑𝑖𝑖𝑟𝑟𝑖𝑖𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑑𝑑 𝟏𝟏                                                𝑂𝑂𝑂𝑂ℎ𝑓𝑓𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑓𝑓                                      
 

vii. 𝑌𝑌1 = � 𝟏𝟏   𝑖𝑖𝑖𝑖 𝑃𝑃𝑃𝑃𝑃𝑃 ≤ 0.290389044

 𝟏𝟏  𝑂𝑂𝑂𝑂ℎ𝑓𝑓𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑓𝑓                           
 

viii. 𝑌𝑌2 = � 𝟏𝟏   𝑖𝑖𝑖𝑖 0.290389044 > 𝑃𝑃𝑃𝑃𝑃𝑃
 𝟏𝟏  𝑂𝑂𝑂𝑂ℎ𝑓𝑓𝑟𝑟𝑒𝑒𝑖𝑖𝑒𝑒𝑓𝑓                           

 

As 𝑌𝑌2 expresses the opposite perfect of  𝑌𝑌1 , it has been decided to use one or another as response variable instead of 

both. Then the probability of rainfall-triggered landslide is calculated by performing the logistic function.  

In fact, logistic regression is a classification algorithm useful for predicting binary outcome (1/0, Yes/No, 

True/False) given a set of predictor variables. It allows computing a multivariate regression relation between a 

binary dependent variable and several independent variables (Atkinson and Massari, 1998). Multiple logistic 

regression assumes that the observations are independent and the natural log of the odds ratio and the measurement 

variables have a linear relationship. The quantitative relationship between the occurrence and its dependency on 

several variables can be expressed as: 



𝑷𝑷(𝑬𝑬𝑬𝑬=𝟏𝟏) =
𝟏𝟏𝟏𝟏 + 𝒆𝒆𝒁𝒁𝑬𝑬𝑬𝑬.

 

Where PEv, is the probability of an event occurring. In this case, the event is the daily rainfall threshold to trigger the 

landslide, and then being equal to 1 in the interval (0; 1). ZEv. is the linear relationship of the event occurrence’s with 

the independent variables and it is expressed as: 𝐙𝐙𝐄𝐄𝐃𝐃 = 𝐧𝐧𝟏𝟏 + 𝐧𝐧𝟏𝟏𝐄𝐄𝟏𝟏 + 𝐧𝐧𝐒𝐒𝐄𝐄𝐒𝐒 + ⋯𝐧𝐧𝐄𝐄𝐄𝐄𝐄𝐄 

Where b0 is the intercept of the model, the bi (i=0, 1, 2, … , n) are the slope coefficients of the logistic regression 

model, and the xi (i=0, 1, 2, … , n) are the explanatory variables. Fig.10 present the main steps of the DRIP 

modelling.  

 

 

Fig.10. Workflow of the DRIP process 

 

The graphical representation of the logit models, known as receiver operating characteristic (ROC) curve, was used 

to assess the quality of the prediction. It represents a plot of the sensitivity, i.e. the TP rate (TPR), against one minus 

the specificity, i.e. the FP rate (FPR), as the values of the cut-point c increase from 0 through 1. The TPR is the ratio 

of all positive cases correctly predicted under a specific threshold value. FPR is the ratio of all negative cases that 

are incorrectly predicted to be positive, under the same threshold value. They are expressed by the following 

equations: 𝐓𝐓𝐏𝐏𝐃𝐃 = 𝐓𝐓𝐏𝐏/(𝐓𝐓𝐏𝐏 + 𝐏𝐏𝐑𝐑)  𝐏𝐏𝐏𝐏𝐃𝐃 = 𝐏𝐏𝐏𝐏/(𝐏𝐏𝐏𝐏 + 𝐓𝐓𝐑𝐑) 

When the ROC curve matches the top-left corner of the plot, it explains then the excellent quality of the model. The 

implication on the TPR-FPR analysis concerned the area under the ROC curve (AUC), which helps summarizing the 

discrimination ability of a model. It ranges between 0.5 or no discrimination ability and 1 or perfect discrimination. 
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PDF curves 
 

Rescale to 
daily rainfall 

Average monthly rainfall 

(June – October ; 1948-2018) 

 

Probabilities of rainfall-triggered landslide 

Monthly rainfall 

(June – October 2019) 

 

Days of rainfall 

(June – October; 1948-

2018 and 2019) 

 

Rescale to 
daily rainfall 

Intersections  
 

Thresholding at 0.290389044 

for  2019 

Thresholding at 0.228728126 
and 0.393719582 

for 1948-2018 
 

Two dichotomous variables  
(0 or 1) (Y1 and Y2) 

Six dichotomous variables  
(0 or 1) (X1.1. to X2.3.) 

Rainfall-triggered 

landslide modelling 

 

Logit of Y1 or Y2 by X1.1. to X2. and Prediction model 



Results and findings  

The LHZ map in relation to recent landslides events   

The SLIP outcome is a map identifying the landslides zones of occurrences and predictions in eight classes. Its 

values vary from 0 to 2.25, based on the bin values affected to each layer. The lowest value, 0, stands for unmet 

conditions and the highest value, 2.25, corresponds to the landslides areas (Table 3).  

Table 3. LHZ codes and explanation 

Classes codes Conditions met 

0 None 

0.5 Slopes 

0.75 Soil moisture 

1 Uncovered soil 

1.25 Soil moisture & Slopes 

1.5 Uncovered soil & Slopes 

1.75 Uncovered soil & Soil moisture 

2.25 Uncovered soil & Soil moisture & Slopes 

 

Visually, the entire subset is widely exposed to landslides hazard (Fig.11.). Non-vegetated mountain flanks are the 

most exposed and because all the area’s slopes far above 75º, the conditions are fulfilled for a landslide according to 

the algorithm developed (Fig.11.). The accuracy of the method and the validation is performed by zooming on the 

two localities of Foumban and Bafoussam, subject to landslides of September 2018 and October 2019. Indeed, when 

plotted on the LHZ’s map as recorded on the closest point on the field, the landslides sites of Njiloum (1&2) and 

Njitout, in Foumban, as well as Gouache in Bafoussam match the red zone with code 2.25, i.e. a 100% mapping. 

Moreover, three on five (3/5) sites of observations around the Gouache landslide events coordinates belongs to the 

red zone, while the two others are intermediate between this exposure zone and the class coded 1.75 (Fig.11.). Then, 

7/9 points belong to the landslide occurrence class, i.e. 77.8% of overall accuracy. Further, these two cities meet at 

least two conditions for the landslide occurrence, mainly the soil exposure and the soil moisture that have the second 

ranked class when combined, i.e. 1.75 (Fig.11.).   

 

Therefore, the LHZ map based on the SLIP algorithm shows that landslides affected area, i.e. where the three 

conditions are fully fulfilled (2.25), is 224 110 hectares, representing about 57.02% of the studied area (Fig.12). The 

second high area is occupied by class 1.25 (soil moisture and slopes), with 139549 hectares, i.e. 35.5% of the study 

area. Then, classes 1.75 (uncovered soil and soil moisture) and 1.5 (uncovered soil and slopes) concern reduced 

areas (0.56% and 3.18%), while the lowest value, 0, just concern 2 hectares (0.00056%).   



 

Fig.11. LHZ mapping. A) The eight classes and codes. B) Class 2.25 versus the other classes. C1) to C3) Patterns 

and accuracy assessment in Bafoussam. D1) to D3) Patterns and accuracy assessment in Foumban 

  

Fig.12. Areas (A) and percentages (B) of LHZ per classes 



Rainfall as landslides triggering factor 

A comment on statistics of daily rainfall and days of rainfall reveals major information related to landslides 

occurrences and confirming existing records. Taking the daily rainfall average in period 1948-2018 and interval 

June-October, the lowest values were in recorded in June, between 13.6 mm/day and 16.13 mm/day, while the 

highest values were recorded in August between 22.3 mm/day and 25.9 mm/day. These illustrations confirm at first 

sight the TRMM Multi-satellite Precipitation Analysis (TMPA) for the study area between 15 mm/day and 25 

mm/day inside de same monthly interval (Maidment et al., 2014; Dezfuli et al., 2017). In addition, the ratio of days 

of rainfall appraisal gives the lowest value to October with 0.618 (61.8%), while the highest value is the maximum 1 

(100%), for August.   

Further, a visual appraisal of maps outputted from these data shows a decreasing spatial distribution from the south 

to the north, and highlights three main spots (Fig.13). The largest and densified spot is in the southern area, the 

second one is in the west and the third one is in the northeast area (Fig.13). The first and the third spots concern the 

areas inside and around the localities of Bafoussam and Foumban where landslides of 2018 and 2019 occurred. At 

first glance and according to a visual comparison with the SLIP algorithm outputs, it may be assumed that rainfall 

can trigger the landslides in these areas. However, the statistical analysis of the logit model helps to comfort and 

discuss this assumption.  

  

Fig.13. Daily rainfall (left) and days of rainfall (right) spatial distribution  



According to the logit model, the prediction of landslides-triggered threshold is expressed as follow: 𝐏𝐏𝐫𝐫𝐫𝐫𝐄𝐄(𝐃𝐃.𝟏𝟏. )  =  𝟏𝟏 / (𝟏𝟏 +  𝐫𝐫𝐄𝐄𝐄𝐄 (−(−𝟏𝟏𝟏𝟏.𝟑𝟑𝟑𝟑𝟑𝟑𝟑𝟑𝟏𝟏𝟏𝟏𝐒𝐒𝟏𝟏𝟏𝟏𝟏𝟏𝟑𝟑𝟑𝟑𝟑𝟑 + 𝐒𝐒𝟏𝟏.𝟑𝟑𝟏𝟏𝟑𝟑𝟑𝟑𝟏𝟏𝟑𝟑𝟑𝟑𝟑𝟑𝐒𝐒𝟏𝟏𝟏𝟏𝟑𝟑𝟑𝟑 ∗ 𝐗𝐗.𝟏𝟏.𝟏𝟏− 𝟏𝟏.𝐒𝐒𝟏𝟏𝐒𝐒𝟏𝟏𝟑𝟑𝟏𝟏𝟑𝟑𝟑𝟑𝐒𝐒𝟑𝟑𝟏𝟏𝟑𝟑𝟓𝟓𝟓𝟓𝐄𝐄 − 𝟏𝟏𝟑𝟑 ∗ 𝐗𝐗.𝟏𝟏.𝐒𝐒. +𝟑𝟑.𝟑𝟑𝟏𝟏𝟑𝟑𝐒𝐒𝟑𝟑𝟑𝟑𝟑𝟑𝟓𝟓𝟑𝟑𝟑𝟑𝟏𝟏𝟑𝟑𝟑𝟑𝟏𝟏𝐄𝐄 − 𝟏𝟏𝟏𝟏∗ 𝐗𝐗.𝟏𝟏.𝟑𝟑. +𝟏𝟏.𝟓𝟓𝟓𝟓𝟏𝟏𝟑𝟑𝟓𝟓𝟑𝟑𝟑𝟑𝟑𝟑𝟏𝟏𝟑𝟑𝐒𝐒𝟓𝟓𝟑𝟑𝟑𝟑𝐄𝐄 − 𝟏𝟏𝟏𝟏 ∗ 𝐗𝐗.𝐒𝐒.𝐒𝐒.−𝟏𝟏.𝟓𝟓𝟏𝟏𝐒𝐒𝟏𝟏𝟑𝟑𝟑𝟑𝟑𝟑𝟏𝟏𝟑𝟑𝟑𝟑𝟑𝟑𝟑𝟑𝟏𝟏𝐒𝐒𝐄𝐄 − 𝟏𝟏𝟑𝟑 ∗ 𝐗𝐗.𝐒𝐒.𝟑𝟑. ))) 

At first point, it appear that the standardized coefficient of each explanatory variable is low and around zero. The 

three highest coefficients are those of 𝑋𝑋1.1., 𝑋𝑋1.2. and 𝑋𝑋2.3. (Fig.14.) 

 

Fig.14. The standardized coefficients of the explanatory variables 

To better assess the contribution of each explanatory variable coefficient on the model, the functions of all the 

thresholds were extracted from the general prediction model. Therefore, the probability for landslides-triggered is 

divided onto nine functions (Table 4.). 

Table 4. Different probabilities expressed by the prediction model  

          Probability 

For 

𝒇𝒇(𝒀𝒀𝟏𝟏) ≤ 𝟏𝟏.𝐒𝐒𝟑𝟑𝟏𝟏𝟑𝟑𝟑𝟑𝟑𝟑𝟏𝟏𝟑𝟑𝟑𝟑 

Expression Outcome 𝒇𝒇(𝑿𝑿𝟏𝟏) ≤ 0.228728126 and 𝒇𝒇(𝑿𝑿𝐒𝐒) ≤ 0.228728126 

1 / 1 + exp�−(−17.3384002171496 + 20.3088146827193)� 95.122% risk for 

landslides  𝒇𝒇(𝑿𝑿𝟏𝟏) > 0.228728126 𝑑𝑑𝑟𝑟𝑑𝑑  ≤ 0.393719582 and 𝒇𝒇(𝑿𝑿𝐒𝐒) > 0.228728126 𝑑𝑑𝑟𝑟𝑑𝑑 ≤ 0.393719582 

1 / 1 + exp�−(−17.3384002171496 − 1.27218133241455E− 09

+  1.55185644192548E− 10)� 99.99% chance of no-

landslides  

𝒇𝒇(𝑿𝑿𝟏𝟏) > 0.393719582 and 𝒇𝒇(𝑿𝑿𝐒𝐒) > 0.393719582  

1 / 1 + exp�−(−17.3384002171496 + 3.47429895467361E− 10− 1.57206861984972E− 09)� 99.99% chance of no-

landslides 𝒇𝒇(𝑿𝑿𝟏𝟏) ≤ 0.228728126 and  𝒇𝒇(𝑿𝑿𝐒𝐒) > 0.228728126 𝑑𝑑𝑟𝑟𝑑𝑑 ≤ 0.393719582 

1 / 1 + exp�−(−17.3384002171496 + 20.3088146827193

+  1.55185644192548E− 10)� 99.58% chance of no-

landslides 



𝒇𝒇(𝑿𝑿𝟏𝟏) ≤ 0.228728126 and 𝒇𝒇(𝑿𝑿𝐒𝐒) > 0.393719582 

1 / 1 + exp�−(−17.3384002171496 + 20.3088146827193− 1.57206861984972E− 09)� 98.85% chance of no-

landslides 𝒇𝒇(𝑿𝑿𝐒𝐒) ≤ 0.228728126 and  𝒇𝒇(𝑿𝑿𝟏𝟏) > 0.228728126 𝑑𝑑𝑟𝑟𝑑𝑑  ≤ 0.393719582 

1 / 1 + exp�−(−17.3384002171496 + 3.47429895467361E− 10)� 99.99% chance of no-

landslides 

𝒇𝒇(𝑿𝑿𝐒𝐒) ≤ 0.228728126 and 𝒇𝒇(𝑿𝑿𝟏𝟏) > 0.393719582 

1 / 1 + exp�−(−17.3384002171496 +  1.55185644192548E− 10)� 99.99% chance of no-

landslides 𝒇𝒇(𝑿𝑿𝟏𝟏) > 0.228728126 𝑑𝑑𝑟𝑟𝑑𝑑  ≤ 0.393719582 and  𝒇𝒇(𝑿𝑿𝐒𝐒) > 0.393719582 

1 / 1 + exp�−(−17.3384002171496 − 1.27218133241455E− 09

+ −1.57206861984972E− 09)� 99.99% chance of no-

landslides 

𝒇𝒇(𝑿𝑿𝐒𝐒) > 0.228728126 𝑑𝑑𝑟𝑟𝑑𝑑  ≤ 0.393719582  and  𝒇𝒇(𝑿𝑿𝟏𝟏) > 0.393719582 

1 / 1 + exp�−(−17.3384002171496 + 1.55185644192548E− 10

+ 3.47429895467361E− 10)� 99.99% chance of no-

landslides 

 

From the table 4 above, two main cases are to be noticed, as rainfall-triggered landslides event, 𝑌𝑌1 to happen or not. 

On one hand, there is 95.122% risk for landslides, when crossing frequency of daily rainfall and days of rainfall is 

under or at 29.04% and both of their individual frequencies are under or at 22.87%, (green row in table 4). On the 

other hand, the remaining eight probabilities refer to the 'no-landslide' event (𝟏𝟏 − 𝒀𝒀𝟏𝟏), when considering all the 

others individual threshold of daily rainfall and days of rainfall (Orange row in table 4). The lower value is 98.85% 

chance of not having landslides, when daily rainfall frequency is under 22.87%, and days of rainfall frequency is 

over 39.37%, for the same crossing threshold under or at 29.04%. All the others probabilities of 'no-landslide' are up 

to 99.99%. Therefore, the adapted DRIP approach shows suitability to distinguish landslide and no-landslide for one 

common frequency. Its prediction model can be trusted according to an accuracy assessment. From the classification 

table, the true positive rate (TPR) or sensitivity is 100% (39/39), while the false positive rate (FPR) or specificity is 

82% (Table 5.) 

Table 5. Classification table for the training sample – variable 𝒀𝒀𝟏𝟏. 

      To 

From 

0 1 Total %Correct 

0 9 2 11 81.82 

1 0 39 39 100 

Total 9 41 50 96 

 

The ROC curve assessing the trade-off between the TPR and FPR was plotted at a cut-point c settled at 0.5. The 

curve is close to the upper-left corner of the graph, testifying the good quality of the prediction (Fig.15.). For a 

complete model performance interpretation, the area under the ROC curve (AUC) values can be classified in five 

levels (Xiong et al., 2020): 0.5~0.6 = poor, 0.6~0.7 = moderate, 0.7~0.8 = acceptable, 0.8~0.9 = excellent and 0.9~1 

= almost perfect. Therefore, with an AUC of ≈0.82 (Fig.15.), the prediction model is rated as excellent.   



 

Fig.15. The Receiver Operating Curve of the model 

Caveats and outlooks 

The two algorithms of SLIP and DRIP as originally developed (Fayne et al., 2018), and adapted in this research 

connect landslides occurrence and huge rainfall. Here, as the hourly rainfall data are not available and knowing that 

the original DRIP algorithm correlate the two events in a hourly window, this model used as is in other areas should 

be considered only for a daily scale. The ongoing work also concerns the automatic mapping and crossing of DRIP 

and with the SLIP outcomes as continuous as possible. The goal is to predict and correlate daily rainfall, days of 

rainfall and the magnitude of the landslide in terms of speed of occurrence, to complete the status mapping and 

timely retrospective of the original algorithms. Moreover, it will be interesting to correlate the soil 

stability/instability with the daily/hourly rainfall. This will help sequencing the soil moisture and stability/instability 

chronology on the scale chosen, and verify if the highest positive correlation matches landslide occurrence.     

In addition and far beyond the above mentionned aspects, the built-up extent and material can introduce biases 

especially when computing soil spectral indices (Ngandam et al, 2019). For instance, cities as Bafoussam and 

Foumban are characterized by their mi-rural/mid-urban patterns that include many houses in raw material such as 

earthen bricks and straw roofs, or unpaved dusty/muddy roads and tracks. Therefore, their reflectance with the 

landslide-affected areas might cause biases in the INDVI computation because they usually reflect enough in the red 

and SWIR wavelengths of Landsat 8 images (Ngandam et al, 2019). Then, the ongoing improvements also consider 

built-up spatial evolution and cities metabolism for further experimentations.    

Conclusions 

This paper has aspired to adapt the SLIP and the DRIP algorithms to map and predict the rainfall-triggered landslide 

in west-Cameroons’ highlands. The first axe has been to produce a LHZ map, mainly locating the recent event of the 

28 October 2019 in Bafoussam, and in parallel the event of 4 and 5 September 2018 in Foumban. Using three layers 

that are the soil exposure, the soil moisture and the slope degrees, a SWLC has helped combining them to produce a 

map zonation accurate at 100% for the landslides occurred and 77.8% for the control points. Further, using the logit 

regression, probability of the rainfall-triggered landslide is up to 95%, and the no-landslide is up to 99.99%, under or 



at the daily rainfall and the days of rainfall common frequency of 29.04%. This prediction model is trustable at 82% 

according to the AUC. Therefore, although improvements and comparisons with others models are in perspective, 

the proposed methodology contributes to another vision of the SLIP and DRIP algorithms, offering a new alternative 

in case of voids and gaps between data.  
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Appendix 1.  Regression of MNMDI and Hydrothermal principal components bands 

   

 

Appendix 2. Rainfall data for 1948-2018 (Green) and 2019 (Orange) 

 Zone 1 Zone 2 Zone 3 Zone 4 Zone 5 Zone 6 Zone 7 Zone 8 Zone 9 Zone 10 

R D R D R D R D R D R D R D R D R D R D 

Jun. 350 27 350 25 352 28 352 25 369 25 361 25 377 25 389 24 358 26 369 27 

Jul. 550 24 555 26 554 24 577 24 609 26 587 25 618 27 573 26 590 25 612 25 

Aug. 617 25 620 25 648 25 650 26 654 28 658 28 688 29 687 31 679 30 692 27 

Sept. 592 28 600 28 590 26 611 28 625 28 600 28 589 29 644 29 666 30 617 30 

Oct. 378 26 377 26 392 23 379 25 391 24 398 24 395 23 412 23 445 25 400 24 

Jun. 363 24 360 24 355 24 360 26 355 24 358 25 377 25 374 25 370 24 370 24 

Jul. 546 25 583 25 535 24 579 24 579 26 600 26 557 27 548 28 571 25 577 25 

Aug. 613 28 615 28 630 28 642 28 637 29 641 29 688 30 669 30 643 29 690 29 

Sept. 597 30 580 28 581 28 594 28 618 30 617 30 615 29 644 29 621 30 633 29 

Oct. 372 24 379 20 381 20 377 19 374 19 377 20 395 20 393 21 392 21 404 24 

R=rainfall in millimeters and D=rainy days.  

 



Figures

Figure 1

A) Country elevation and landslides events. B) & C) – Subset of study elevation and Landsat OLI-TIRS
image. D) 3-dimensional appraisal of the subset elevation.

Figure 3



Scarps leaved by the landslides of Foumban (2018-A) and Bafoussam (2019-B). Both events were
sudden with transitional to rotational movements, but the one in Foumban happened in one-step, while
the one in Bafoussam happened during at least two steps (yellow dashed), justifying three main
blocks/stairs.

Figure 5

Subset of Landsat 8 images used for Land cover extent approximation



Figure 7

Land Use Land Cover (LULC) – comparison for the classi�cation and the NDVI



Figure 9

Work�ow of the SLIP process



Figure 11

SLIP stretched and conditioned layers. A) INDVI stretched values; B) Barren land binned map; C) MNMDI
+ hydrothermal stretched map; D) Land moisture binned map; E-Slopes in degrees; F-Slopes binned map.
Only remains the triggering factor identi�ed as a long and huge rainfall condition. The DRIP algorithm
helps assessing it.



Figure 13

Monthly rainfall and rainy days sampled for three zones of the study area in 2019

Figure 15

Percentages of monthly rainfall For June-October period

Figure 17

Individual PDF curves and their intersections before (A) and in (B) 2019



Figure 19

Work�ow of the DRIP process



Figure 21

LHZ mapping. A) The eight classes and codes. B) Class 2.25 versus the other classes. C1) to C3)
Patterns and accuracy assessment in Bafoussam. D1) to D3) Patterns and accuracy assessment in
Foumban



Figure 23

Areas (A) and percentages (B) of LHZ per classes

Figure 25



Daily rainfall (left) and days of rainfall (right) spatial distribution

Figure 27

The standardized coe�cients of the explanatory variables



Figure 29

The Receiver Operating Curve of the model
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