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FOREWORD 

This thesis is the final deliverable of PhD research conducted in the African Centre of 

Excellence in Internet of Things (ACEIoT) with the financial support of the Government of 

Rwanda through the African Centers of Excellence (ACEs) project.  

The ACEIoT opened academic programs in 2017, just one year after the tragedies that occurred 

in the North and Western provinces of Rwanda in 2016, where landslides killed many people 

and destroyed various properties and infrastructures. Then, after being admitted into PhD 

program in the first cohort in 2017, we had to submit our research proposal, and I addressed my 

request to contribute to the landslide risk reduction through the prediction and landslide early 

warning system using IoT as one of the strategies to reduce the risks caused by rainfall induced 

landslides. The proposal was accepted by my supervisors and later presented to the doctoral 

committee and approved as PhD research work. 

 The full commitment was required to achieve the objectives of this research work. I started by 

analysing the landslide causal factors, then identifying the data sources. I had to meet various 

people in different institutions, such as the Ministry in Charge of Emergency Management, 

Rwanda Meteorology Agency, and local governance authorities. Secondary data have been 

collected from those institutions for further analysis and predictions. Various experiments have 

been conducted in the area of study (Gakenke district) to identify the correlation between 

rainfall, soil moisture and landslide occurrence. We had to spend many hours a day (in most 

cases, 8 hours or more) using the rainfall simulator, recording the simulated rainfall amount and 

observing whether the selected plot would crack or not. After that, we developed the prototype 

and spent a lot of time on the field testing it. 

For the period of 4 years, I learnt a lot, like spending much time on the field, working hard, 

gaining experience from others I used to interact with during the entire process of this journey. 

I would like to say thanks to the Government of Rwanda for its initiative to empower and 

strengthen the human capacity to promote the knowledge-based economy by delivering high 

quality, market-relevant postgraduate education in Rwanda. 

Firstly, let me express my sincere gratitude to the first Director of the ACEIoT, Prof. Santhi 

Kumaran who made a successful proposal to initiate the Centre and her continued 

support/management of this Centre. I would also like to thank her for supervising my research 

for more than four years. Although she had other responsibilities as the Director of the Centre, 

she always tried to find a time to meet and discuss on a weekly basis, regardless of her busy 

agenda. Thank you for your guidance, discussions, opportunities, and other various support you 

provided to make this research successful. 

I would like to thank my co-supervisor, Dr. Marco Zennaro, for his dedicated support and 

guidance during this research. Dr. Marco continuously provided technical support in different 
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ways, such as offering appropriate trainings. Your encouragement and always enthusiastic 

willingness to assist are invaluable to the achievements of this research. I also acknowledge the 

support of the resident co-supervisor, Dr. Nzanywayingoma Frederic. Although you came into 

the supervision team late, you did your best while writing this thesis. 

Thanks to Professor Damien Hanyurwimfura for your guidance, inspiration, administrative 

support, and facilitation to accomplish different research activities. Thanks to the entire staff of 

the ACEIoT, especially Mr. Mugiraneza Jean Baptiste, for different support, including hosting 

the primary data on the server to be accessed by the reviewers and other researchers. 

I would want to express my gratitude to Honorable Germaine Kamayirese, the former Minister 

of Emergency Management and Refugee Affairs, who took time out of her hectic schedule to 

meet with me to discuss my research. She gave all the essential help by assigning the appropriate 

ministry personnel to assist me and supplying all of the information or secondary data I required.  

The objectives of this research could not be achieved without secondary data. I would therefore 

like to express my sincere gratitude to the leadership of the office of meteorology/Rwanda for 

their assistance in terms of providing all the rainfall data I needed for different analyses. Thank 

you, Mr. Amos Uwizeye, for your kindness and being patient by replying to numerous emails 

requesting data.  

Thanks to Mr. Ndayambaje Godefroid and Mrs. Mukunduhirwe Benjamine, the former mayor 

and Vice mayor of Social Affairs of Ngororero district, respectively, for your permission to 

collect primary data in the district chosen as the area of study. Likewise, I would like to thank 

the mayor of Gakenke district, Mr. Nzamwita Deogratias, for allowing me to conduct some 

experiments and capture data. 

Thanks to my classmate, Mr. Habiyaremye Joseph, for technical assistance. To the department 

of civil engineering at the University of Rwanda for the lab service of testing and analyzing the 

soil composition. Thanks to the other co-authors who were not part of the supervision team, Mr. 

Minani JB and Mr. Niyonzima Albert. 

Finally, yet importantly, I am thankful to my entire family. My spouse, Ingabire Felicula, for 

your usual patience during this long journey and your prayers. My daughter Iza K. Emma Lise 

and my sons Ize K. Odilo Landry as well as Izi K. Odo Landericus without forgetting my sister 

Mukeshimana Francine. I apologize for being obnoxious while I was busy writing papers and 

couldn't allow you to converse as you desired. I'll never forget your constant encouragement, 

without which I would have given up on my studies long ago. You are all a part of the 

accomplishments that brought this lengthy journey to a close. 

JUNE/2022       Martin KURADUSENGE  
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SUMMARY 

Natural disasters are among the leading causes of death worldwide. Statistics indicate that many 

people lose their lives in different disaster incidents. Damages to properties and infrastructure 

from this type of hazard are worth millions of dollars, and much more money is spent on disaster 

recovery. In many countries, including the East African region, landslides and floods are the 

most common natural disasters causing fatalities. In the least developed or developing countries, 

there are no efficient mechanisms for prediction or early warning of rainfall-induced disasters 

for rescuing people before the occurrence.  

In Rwanda, the common strategies used to reduce the risk of landslides are to move people from 

high-risk zones to low-risk areas and cover the land with vegetation (forestation, grass). The 

first method takes a long time as it has a financial implication and citizens have to be responsible 

since the support from the government is limited. Today, technological solutions are available, 

such as wireless sensor networks. The last plays a key role in solving many problems by 

monitoring environmental parameters and providing alerts to the public. With the help of 

machine learning techniques, the prediction of disaster occurrence can be done by using 

historical rainfall data and landslide incidence records in the past.  

This research aimed to reduce the risks of landslides by identifying and analysing the internal 

and external landslide-causing factors, the correlation between disasters’ occurrences and the 

causing factors, and then designing and developing an early warning system for predicting 

rainfall-induced landslides. The system uses wireless sensors to collect hydrological data that is 

used to predict landslide incidence and alert the public before the occurrence of the incident. 

Rainfall, topographical, and geological data were collected, and machine learning techniques 

have been used to predict landslide occurrences. The wireless sensor network was designed and 

developed to collect real-time data, send it to the cloud where it is processed, and predict 

landslide incidence.  

This research was conducted in 3 systematic phases: The prediction of landslide incidence using 

machine learning models; experimental study to determine thresholds to be used in the prototype 

implementation; design, development, and testing of the IoT prototype. In the first phase, 

Random Forest (RF) and Logistic Regression (LR) are the two machine learning models that 

were used for the prediction of landslides using historical data. The models’ performance was 

evaluated using false negative rate (FNR) and the receiver operating characteristics, area under 

the curve (ROC-AUC).  

The prediction results revealed that the antecedent rainfall has a significant impact on the 

occurrence of landslides. The AUC for RF was 0.995 and 0.997 for LR, whereas FNR was 

4.80% and 3.84% for RF and LR, respectively. The comparative analysis showed that LR 

performed better than RF. The correlation between rainfall, soil moisture, and landslide 
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incidence was identified in the second phase of this research. The results from this phase 

revealed the amount of rainfall and soil moisture content inducing landslides.  

The results of the experiments showed that for a particular site, the minimum time required to 

cause slope failure was 8h41, with an intensity of rainfall of 8 mm/hour and soil moisture levels 

exceeding 90% for the sensors placed more than 100 cm deep in the ground. Those thresholds 

were used for the early warning system prototype, and the delivery of the warning message is 

based on threshold values. The system prototype was successfully tested at the selected sample 

sites at a rate of 71.4%. The study area of this research is the Ngororero and Gakenke districts 

in Rwanda. 
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

The number of natural disasters’ occurrences has been increasing over time due to unavoidable 

natural phenomena. Climate change is the catalyser of some hazards such as landslides, floods, 

droughts, storms, and winds. These disasters have a negative effect on the lives and assets that 

lead to the economic loss. The cost of the damage is expressed in billions of dollars every year 

in many countries [1,2]. The general consensus is that the extent to which properties or people 

are exposed to disasters increases the loss associated with them [3]. One of the most common 

natural disasters is landslides. The last, which is also known as “slope failure” or “debris flow”, 

is defined as the uncontrollable downhill movement of a slope forming materials from a 

mountain under the influence of gravity [4].  

Rainfall induced landslides occur after a certain period of precipitation (high rainfall intensity 

or low intensity with long duration). Landslides lead to the deaths of people or animals living at 

the foot of the hills or in the path of debris flow. In addition, this disaster causes damage to the 

properties such as infrastructure as well as the natural environment around the incident, and this 

leads to economic harm. For instance, a single landslide can lead to the serious damage of roads, 

railways, communication systems, and buildings such as schools, hospitals, etc. Hence, more 

funds will be allocated for reconstruction or repair of the damaged infrastructure. According to 

the Centre of Research on the Epidemiology of Disasters (CRED), Landslides are responsible 

for 17% of all fatalities worldwide [5].  

1.2 Landslides in the context of Rwanda 

Rwanda is a mountainous country with an average altitude of 1,700 meters [6]. The highest peak 

is found at Kalisimbi volcano, with an elevation of 4,507 meters [7]. The steep slopes that 

characterize Rwanda's topography render it vulnerable to landslides, particularly in the west and 

north regions (Figure 1). There are four distinct climatic seasons in the country: (i) the short 

rainy season (September–November); (ii) the short dry season (December–February); (ii) the 

long rainy season (March–May); (iv) the long dry season (June–August) (June-August). 
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Figure 1. Landslides’ inventory in Rwanda and elevation [8] 

The long rainy season is characterised by abundant precipitation, especially in the western and 

central parts of the country (Figure 2), and the regions with steep slopes are much affected by 

landslides. The last led to the loss of lives, the destruction of infrastructure, and damage to 

citizens’ properties and the environment. For instance, on May 6-7, 2022, the ministry in charge 

of emergency management recorded 65 deaths in the entire country, many injuries as well as 

livestock, hundreds of houses destroyed, and many hectares of land overlapped by landslide 

debris [9].  

 

Figure 2. Mean annual rainfall in Rwanda 2011-2021 (source: Meteorology Rwanda) 
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1.3 Motivation 

According to the World Meteorological Organization (WMO), weather related disasters have 

increased over the past half-century, causing many deaths and about US $202 billion of loss 

daily. In its report, WMO said that disasters related to climate change were amplified by a factor 

of five over the last 50 years, but due to the early warning systems, the deaths related to the 

threats were reduced almost three-fold [10]. Landslides form one of the leading natural hazards 

causing loss of life and damage to infrastructure worldwide [11]. Landslides strike several parts 

of Rwanda almost every year during the period of heavy rainfall. Some of the victims drowned 

in the debris flows or floodwater, while others died after houses collapsed under the heavy 

rainfall.  

Disasters which ravaged several parts of the country and caused many deaths (Figure 3) and 

damage. For instance, during the year 2017, many damages were estimated at RWF 6.7 billion, 

according to the Ministry in Charge of Emergency Management [12]. Another example, 

MINEMA reported that during the rainfall events in 2017, around 5,000 houses were damaged 

and almost 5,111 hectares of different crops were destroyed [13]. The Northern Province was 

hit the worst and had the greatest fatality rate [14,15].  

 

Figure 3. Annual statistics of deaths caused by landslides (2011-2018) 

Due to the countless hills and steep slopes that characterize Rwanda, several areas are prone to 

landslides (Figure 4). The most vulnerable areas are in the northwestern districts. During the 

last 10 years, the most affected districts were Ngororero and Gakenke. This is due to the geo-

environmental factors that characterize these districts (and the entire region). The most common 

factors that cause this area to be vulnerable are high slope inclinations, soil types, land use, and 

many others (Figure 4). 
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Figure 4. Disaster prone areas in Rwanda: Floods and Landslides (source: MINEMA, 2012) 

Rainwater causes changes in soil properties, leading to slope failures, which are also linked to 

the different activities on land such as agriculture, deforestation, excavation, and other internal 

factors. These landslide contributing factors might provide crucial information for reducing or 

mitigating the hazards posed by this natural disaster.  

The current strategies to cope with landslides in Rwanda are: construction and maintenance of 

drainages, relocation of populations in low-risk areas, measures to reduce erosion (reforestation, 

implementation of terraces), and crop diversification to reduce runoff. Although there are 

different studies about risk reduction and various strategies to solve this problem, there is still a 

gap in those studies because of poor coverage of the existing landslide early warning system 

(LEWS), since most of them are regional. The reliability of LEWS depends on the coverage 

area. Yet, the coverage of the regional LEWS used to be wide because they used weather stations 

[16–19]. 

The Internet of Things (IoT) is one of the emerging technologies that can be used to address the 

issue of landslides by remotely collecting data and delivering them into the LEWS to alert 

citizens of the specific area. The rationale for the use of IoT for disaster monitoring and 

prediction is that this technology can rapidly respond to the change of data, therefore providing 

accurate information about the imminent disaster prior to its occurrence. By using IoT, many 

parameters can be monitored, which increases the accuracy of prediction. The previous studies 

that used the IoT did not consider the parameters in the specific regions of the studies [20]. In 

this research, various parameters have been considered by conducting experiments in the 

respective areas of study, which improved the accuracy of prediction. 
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1.4 Problem statement 

Many people suffer because of unpredicted disasters like landslides, floods, and droughts due 

to the prolonged period of abnormal high or low rainfall. If proper preparation is made against 

the impending landslide, the disaster's effects can be reduced. Although various studies are 

ongoing, and elsewhere many early warning systems are being developed, information about 

disasters is not provided before the occurrence in Rwanda. Citizens are communicated about 

disasters by means of radio broadcasts, where in most cases, the information is about weather 

forecasts and no warnings about imminent landslide incidences are provided before their 

occurrence [21]. The most efficient way to reduce the risks caused by this hazard is to deliver 

an early alert to the community. However, many proposed or developed systems do not provide 

a reliable solution to the problem due to the prediction capability caused by unconsidered 

parameters (features) during their design or coverage incapability. 

This research focused on identifying an appropriate prediction model by using machine learning 

techniques and developing an early warning system using wireless sensors to collect 

hydrological data in a real-time pattern and provide a warning message to the people located in 

the prone areas.  

1.5 Research aim and objectives  

This research is aimed at reducing the risks caused by rainfall-induced shallow landslides by 

using a site-specific landslide early warning system (SSLEWS).  

The specific objectives are: 

1. Identifying the best prediction model for landslides and their causal factors  

2. Determining the correlation between rainfall, soil moisture, and the occurrence of 

landslides 

3. Developing and testing a prototype for the landslide early warning system  

1.6 Methodology 

This research was carried out in three systematic phases. It consisted of preliminary literature 

about the landslide risk reduction techniques and early warning systems used elsewhere. 

Therefore, phase I was aimed at assessing the existing strategies for landslide risk reduction in 

the study area. This stage also consisted of finding the best parameters to be used in the landslide 

predictions as well as identifying the best prediction model (machine learning technique). The 

data were collected based on the identified (available) parameters and machine learning 

techniques were used to train those data. Then, the best predicting model and parameters were 

identified.  

The second phase consisted of determining the thresholds that could be used for the landslide 

early warning systems. At this stage, the field experimental study was done on various sites 



6 

 

characterized by the landslide causing factors identified in phase I. To conduct those 

experiments, we used the soil moisture sensors, a rain gauge, and a rainfall simulator. In total, 

eleven (11) sites were selected based on their landslides’ incidences history, and the results of 

these experiments were the thresholds for sites that resulted in the slope failure.  

In phase III, an IoT prototype for LEWS was developed by using the thresholds found in the 

previous phase. This prototype was successfully tested on sites characterized by similar geo-

features to those used in the second phase. 

1.7 Thesis outline 

Chapter 1 comprises the background of natural disasters in general and landslides in the context 

of Rwanda. The research motivation and problem statement are clearly explained. At the end of 

this chapter, the research aim and specific objectives are provided.  

Chapter 2 comprises the literature review on landslides, their causal factors, and the mechanisms 

used to reduce their risks. 

Chapter 3 is about the study of rainfall induced landslides’ prediction using machine learning 

techniques. Two machine learning models are used to predict landslide incidences using rainfall 

data and other features. The performance of the models was evaluated, compared, and a 

recommendation is provided for the landslide early warning system. 

In Chapter 4, the determination of the thresholds for the soil moisture content and rainfall for 

landslide prediction was done through the experimental study. The chapter comprises the 

description of different sites with various geo-morphological and environmental characteristics. 

The results from the experiments are presented with the identified threshold values of soil 

moisture and rainfall for LEWS. 

Chapter 5 describes the LEWS designed and developed to reduce the risks of landslide 

incidences. The components of the system are described, and the test results are presented. 

Chapter 6 concludes the thesis.   
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Introduction 

This planet confronts a great loss of lives, properties, and infrastructure due to natural disasters 

such as rainfall-induced landslides.  Most natural disasters are unpredictable and may occur in 

a very short period of time. The earth’s movement is caused by various factors, including 

geological, morphological, environmental, hydrological, and anthropogenic aspects [22]. More 

extensively, landslide determining factors are variations in rainfall, slope, aspect, and geology 

[23].  The occurrence of landslides is more frequent in hilly regions with steep slopes where 

rainfall used to be abundant. This natural disaster has high impacts when it occurs in clusters. 

Their impacts touch on three main sectors: economy, lives, and environment.  

The slope failure involves two main issues: (i) the internal strength of the slope material, (ii) the 

friction of the material of the slope. The failure occurs when the gravitational (driving) forces 

exceed the shear strength to pull the slope making material downhill [22]. Hydrological factors 

are common to induce landslides. This is because water adds substantial weight to the slope as 

it penetrates the ground, leading to increased gravitational force. Another role that water plays 

on the ground is lowering the strength of the earth’s material as well as reducing friction, which 

makes the movement of the material downwards easier [22]. 

2.2 Landslides categorization 

Classification of landslides can be done by considering different parameters. For instance, type 

of movement (flow, sliding, falling), earth material (debris, soil, rock), movement speed (slow 

or fast) [22,24]. They can also be determined based on the amount of water. 

Considering the speed and size, landslides can be classified as shallow or deep-seated. Shallow 

landslides, also known as mudslides, are debris-flow slides that occur within the topsoil layer 

between 1.5 and 10 meters deep [25,26]. They are usually initiated by intense precipitation over 

several hours or a few days that causes soil saturation and loosening, which then triggers sliding. 

They occur as a fast moving debris flows downhills or slumps along roadways or any other man 

made cut slopes like those associated with the site preparation during building houses. Contrary, 

deep-seated landslides are slow moving debris-flow slides rooted in bedrock, usually on a large 

scale, devastating infrastructure, environment, and buildings.  They can cover a large area and 

are devastating. The depth of this type of slope failure can range from 10 meters and above. 

Deep seated landslides are caused by the change of geologic and hydrologic processes like an 

earthquake or increased amount of earth water [3].  

Regarding the type of movement, landslides can be classified as flows, slides, topples or rock 

falls. Flows are defined as a concoction of water, soil, rock, and (or) debris moving speedily 
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downhill [26]. Flows can also be of different types, such as earth flows, debris flows, debris 

avalanches, lahars, lateral spreads, soil creep, etc. Slides are defined as a downhill movement of 

soil or rock along a surface and can be either shallow or deep-seated. This type of slope failure 

can also be categorized as transitional slides, rotational slides (slumps), or brock slides [26]. 

2.3 Landslides’ risks reductions strategies 

The main constraints of landslides risk mitigations are the lack of information about landslides 

risks in the area, how those risks change versus the climate change, and information about land-

use at the local scale [5]. Broadly, strategies used to mitigate or reduce the risks caused by 

landslides can be categorized into: (i) landslide susceptibility assessment, ii) structured 

measures that consist of slope stabilization structures, (iii) non-structured measures comprising 

land use planning and digital technology such as early warning systems for awareness of the 

imminent hazard prior to the occurrence. 

2.3.1 Landslide susceptibility assessment 

Although landslides are unavoidable and undetected, their risks can be reduced in different 

ways. Some of the techniques used to minimize the risks include hazard zonation or 

susceptibility assessment of slope failures in different areas, whereby the analysis comes with 

an indication of the areas that are highly susceptible and those with moderate to low 

susceptibility. The techniques used for vulnerability zonation may comprise landslide 

inventories, statistical models, vulnerability zonation, probabilistic methods, etc. [27].  

Many countries possess building acts stating the rules and criteria for site selection of buildings 

such as houses, schools, hospitals, and other infrastructure. The rules also specifically state that 

no building should be constructed in the hazardous area. The identification of hazardous zones 

and their respective levels is done through the landslides’ susceptibility assessment, then the 

map is established. Thereafter, the analyses may be used for decision making in terms of 

infrastructure settling or construction.     

2.3.2 Landslides risks reduction by structural techniques 

Structural measures for landslides’ mitigations consist of all techniques used to reduce  water 

infiltration into the ground. It comprises the construction of strong walls and draining the 

rainwater into constructed channels. Forestation or grass planting are the most effective and 

cheapest techniques to deal with landslides’ risks reduction. Vegetation increases the shear 

strength by adding a water resistive layer on the topsoil that will limit the amount of rainwater 

penetrating the soil.   

  



9 

 

2.3.3 Digital Technology 

Various studies and research have been conducted worldwide using the latest technologies of 

wireless sensor networks (WSN). Worldwide, the development and use of weather-related 

landslide early warning systems are of great importance to reduce the risks caused by slope 

failures triggered by abundant precipitation [28]. LEWSs operate at either a regional (territorial) 

or local scale. For instance, on a territorial scale, LEWS for Java Island (Indonesia) can be 

mentioned [29,30]. The system predicts slope failures based on the rainfall threshold and can 

detect the incidence using an extensometer [30]. The initial LEWS for Indonesia could have 

provide a warning some minutes or a few hours prior to the incident. The new version of 

Indonesian LEWS can provide warning four days before the landslide occurrence [28].  

Other regional systems developed a long time ago include the LEWS for Hong Kong island, 

more than 40 years operational but with many revisions [31]. This system uses rainfall data from 

20 rain gauges [32]. The LEWS for the San Francisco Bay Area (SFBA) that began operating 

in 1986 [32]. The SFBA system uses the hourly rainfall from 60 rain gauges (each rain gauge 

covering 300 Km2). The values from rainfall measurements are compared with the empirical 

thresholds for a possible slope failure incidence in the SFBA [33]. The near real-time debris-

flow warning system for Vancouver (Canada) operated in 2011 [34]. The Vancouver system 

consisted of four precipitation catchments covering 600 Km2 and using 25 rainfall variables 

such as cumulated rainfall, rainfall duration, rainfall intensity, and various antecedent rainfall 

[32].   

The LEWS for Rio de Janeiro (Brazil) established in 1996 uses 1, 24, and 96 hours rainfall data 

measured by meteorological stations (each station covers 37 km2) compared with empirical 

thresholds for the landslides’ prediction [32]. The LEWS for south Taiwan uses 3 hours mean 

rainfall and cumulated 24-h rainfall measurements from 96 rain gauge stations (each covering 

77 km2 approximately), susceptibility zonation (low, medium, and high class), and empirical 

thresholds [35]. Different regional LEWS are found in Italy, such as Emelia-Romagna and 

Piedmont [16,17] (north Italy), Umbria and Tuscany [18,19] (Central Italy), Sicily, Apulia and 

Sardinia [36,37] (southern Italy).  

The local LEWSs use the WSN, which is one of the major technologies used for remote sensing 

or real-time monitoring and provides information for alerting. They are basically designed to 

operate in a well-identified area where they provide warnings to the local citizens [38].  In 

addition to the operational LEWS, several studies proposed systems using the Internet of Things. 

Aji F. et al. [39]  proposed a system made of a potentiometer and a soil moisture sensor 

controlled by the Arduino (ATMega 328) microcontroller. The warning is provided using light 

emitting diodes (LEDs) and an alarm.  

A landslide detection system developed by [40] consists of a lower layer made of wireless sensor 

nodes for data collection, and an upper layer to aggregate data to the sink node (gateway) at the 
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deployment site. This system connects to the data management center through Wi-Fi and 

satellite terminals for real time data transmission. Ravi et al. discussed a proto-model of a node 

design for landslide monitoring in heavy rainfall and hilly areas. The WSN deployment enables 

access to many sensors’ information by using Ethernet, Wi-Fi, satellite or any other wireless 

protocol [41]. Yong et al. developed a landslide monitoring system based on a wireless sensor 

network that consists of geological sensor nodes and camera sensor nodes. The anomaly 

detection based on geological sensor nodes is analyzed in terms of its self-learning threshold 

[42].  

2.3.4 Machine learning for landslide prediction 

Machine learning is a cutting-edge analytics method that has been widely employed in the 

prevention of landslides [43]. Machine learning plays an important role in landslide risk 

reduction in different ways, such as detection, susceptibility assessment, and prediction using 

early warning systems. Machine learning for landslide detection entails training and testing of 

the landslide inventory dataset. The last consists of landslide inventory produced through remote 

sensing technology that captures images, positions, areas, and the level of demolition [43].  

The likelihood of landslide occurrence in a given location can be determined by landslide 

susceptibility based on meteorological and topographical and topographical parameters. Based 

on the landslide inventory, the topography is classified into several levels of danger [44]. 

Machine learning models process and produce susceptibility judgments on the study region 

using the acquired data. The level of contribution of each causing factor is calculated so that 

those with an insignificant contribution can be eliminated. The most common supervised models 

are Logistic Regression (LR), Artificial Neural Network (ANN), Naïve Bayes (NB), Support 

Vector Machine (SVM), Decision Tree (DT) [45–49,49–53].  

Landslide prediction is an important component of operational early warning systems. Time-

series data on landslide displacement can properly reflect slope failures [54]. Real-time data 

such as precipitation and groundwater data can be collected by remote sensing systems or IoT 

sensors and play a crucial input in predicting slope failures. SVM [55], ANN [56], RF [57], and 

other conventional machine learning models have been applied to predict landslide events using 

precipitation and groundwater data. In experiments by Xie P. et al. [58] and Yang B. et al. [59], 

for example, the long short-term memory (LSTM) achieved good results in landslide prediction. 
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2.3.5 IoT for landslide prediction 

A reliable LEWS should have the following components: data collection, data transmission, 

modeling, warning, and response [60]. The data collection and transmission components are 

performed by IoT or remote sensing systems, whereas the modelling and warning are performed 

by machine learning. The failure or bad performance of those components affects the LEWS 

reliability. However, where machine learning is not used in LEWS development, a prior study 

should be conducted to identify the landslide triggering parameters. Then, the real-time data 

collected from the IoT components will be processed and compared with the thresholds to learn 

the potentiality of the landslide occurrence. Thresholds can be determined from the experimental 

study or by using machine learning methods.  

As described in section 2.3.3, remote sensing systems are suited for regional or territorial LEWS. 

Sensor-based IoT, on the other hand, can provide a dependable solution for local LEWS. 

Therefore, local sensors can increase the reliability of the regional prediction system. Regional 

deployment of local sensors is not really possible when low-cost, low-maintenance sensors are 

mass-deployed [61]. According to Thomas et al. [62], a single soil moisture sensor can cover a 

broader region and better depict soil moisture levels than a satellite soil moisture product. 
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CHAPTER 3  

PREDICTION OF RAINFALL INDUCED SHALLOW LANDSLIDES USING 

MACHINE LEARNING MODELS  

Landslides fall under natural, unpredictable and most distractive disasters. Hence, early 

warning systems for such disasters can alert people and save lives. Some of the recent early 

warning models make use of the Internet of Things to monitor the environmental parameters to 

predict disasters. Some other models use machine learning techniques (MLT) to analyse rainfall 

data along with some internal parameters to predict these hazards. The prediction capabilities 

of the existing models and systems are limited in terms of their accuracy. In this research paper, 

two prediction modelling approaches, namely random forest (RF) and logistic regression (LR), 

are proposed. These approaches use rainfall datasets as well as various other internal and 

external parameters for landslide prediction and hence improve the accuracy. Moreover, the 

prediction performance of these approaches is further improved by using antecedent cumulative 

rainfall data. These models are evaluated using the receiver operating characteristics, area 

under the curve (ROC-AUC) and false negative rate (FNR) to measure the landslide cases that 

were not reported. When antecedent rainfall data was included in the prediction, both models 

(RF and LR) performed better, with an AUC of 0.995 and 0.997, respectively. The results proved 

that there is a good correlation between antecedent precipitation and landslide occurrence 

rather than between one-day rainfall and landslide occurrence. In terms of incorrect 

predictions, RF and LR improved FNR to 10.58% and 5.77% respectively. It is also noted that 

among the various internal factors used for prediction, slope angle has the highest impact of all 

the other factors. Compared to both the models, the LR model’s performance is better in terms 

of FNR and it could be preferred for landslide prediction and early warning. The LR model’s 

incorrect prediction rate FNR = 9.61% without including antecedent precipitation data and 

3.84% including antecedent precipitation data. 

3.1 Introduction 

Landslides and floods are the common natural disasters that strike the northern and western 

provinces of Rwanda due to their topographical, geological, and climatic profile [11,63]. 

According to the National Risk Atlas of Rwanda report published by the Ministry in Charge of 

Emergency Management (MINEMA), 42% of areas are classified as moderate to very 

susceptible areas to landslides [12]. Every year, during the rainfall period, landslides affect 

many people in mountainous regions [64]. These disasters led to the loss of lives and left many 

homeless and without a livelihood. Since the establishment of an institution in charge of disaster 

management (MINEMA) in 2010, systematic records indicate that there have been 227 deaths 

and 160 injuries from 2011–2018 (June). Also, many houses have collapsed, and many hectares 
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of crops have been washed away by landslides and floods [8]. Table 1 and Figure 5 summarize 

the statistics of deaths caused by landslides during the period of 2011–2018 in Rwanda. 

Table 1. Number of deaths caused by landslides in Rwanda (2011–2018). 

Year 2011 2012 2013 2014 2015 2016 2017 2018 Total 

Number of deaths 19 14 31 0 10 64 7 77 222 

 

Figure 5. Number of deaths caused by landslides per district. 

In most cases, landslides and floods in Rwanda occur in a cascading manner as debris is dumped 

into rivers, which in turn causes riverine floods [65]. One example is the case of floods and 

landslides that occurred in 2016 and 2018, when many people died after heavy rainfall that 

caused widespread flooding and landslides across parts of Rwanda. At least 222 people have 

died in different landslide events since 2011–2018, where victims drowned in floodwater or 

others died after houses collapsed due to debris movement or landslides caused by heavy 

rainfall. The types of floods most threatening Rwanda are riverine floods due to its dense river 

network and large wetlands [66]. 

The triggering factor of a landslide is rainfall infiltration into the soil, making the groundwater 

level increase, resulting in a reduction of the shear strength, which is also closely related to 

antecedent rainfall, cumulative rainfall, and rainfall duration [67]. The slope instability increases 

with high intensity or long duration rainfall but does not relate to rainfall alone. It is affected by 

other factors such as lithological material, type of soil and depth, the surrounding vegetation, 

slope inclination or aspect, curvature, altitude, land use patterns, and drainage networks 

[8,68,69]. 

Although the rainfall intensity may be the same in different regions, landslides may or may not 

occur according to the geological and topographical characteristics. Therefore, rainfall intensity 
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cannot be the only cause of landslides [69]. According to the study carried out by MINEMA, 

the following landslide contributing factors have been assigned weights based on the past 

landslide characteristics in Rwanda: rainfall (20%), slope (20%), altitude (15%), soil type 

(14%), lithology (10%), land cover (9%), soil depth (7%), and distance to the main roads (5%) 

[66]. Various machine learning models and assessment studies have been carried out on both 

landslide susceptibility assessments and flood predictions [69–71]. The models are built based 

on the assumption that landslides are more likely to occur in situations similar to those of past 

landslides [11]. 

Although there have been numerous researches undertaken on disaster susceptibility assessment 

and prediction models, the literature about landslides data for Rwanda is scarce [66]. Hence, 

Rwanda lacks efficient early warnings about disasters and therefore, the risks of vulnerability 

to incidences are high [72]. Therefore, there is a need for continuous research on the prediction 

of disasters due to landslides and floods to reduce the risks. Recently, a few studies were 

conducted on landslide susceptibility in Rwanda [8], but none of them were about disaster 

prediction for early warning and risk reduction. 

Elsewhere, numerous machine learning techniques have been used to predict landslide 

occurrence but most of them have been focusing on disaster susceptibility mapping using 

internal (geological, topographical, environmental) factors without taking into consideration the 

triggering internal factors such as rainfall [21,73]. Those that include rainfall in their dataset do 

not consider antecedent rainfall or vice versa [8,74,75], while others use both daily and 

cumulated previous precipitations without internal conditioning parameters [76]. False negative 

rate was not considered to measure the performance of the models, yet it is a crucial evaluation 

metric in landslide predictions. 

The main purpose of this research is to improve the performance of the prediction models by 

including the antecedent rainfall data among other parameters used in the previous studies, such 

as daily rainfall, hill slope angle, soil type, soil depth, and land cover. Another objective is to 

minimize the incorrect predictions (FNR), as this is a very important metric to be considered 

since it counts landslide cases that have not been seen by the prediction model and has 

significance in early warning systems. The preferred MLTs are random forest (RF) and logistic 

regression (LR). These two MLTs were selected among others because of being among the most 

broadly used in landslide prediction [64] and due to their ability to deal with discrete and 

continuous data for classification problems. Besides, LR calculates regression coefficients while 

RF can show the importance of different parameters. Its training speed is high and the 

computational cost is low [64]. This study is aimed at: 1) analyzing the correlation between 

historical rainfall data and other topographical and geological factors impacting landslide 

occurrence in Rwanda; and 2) proposing a machine learning model for the prediction of this 

disaster which can be used for early warning. This study is geographically limited to the 

Ngororero district in Rwanda, and the period of study was from 2011–2018. 
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3.2 Materials and Methods 

3.2.1 Area of Study 

The district of Ngororero is one of the seven districts of the western province. The district is 

situated in the northwestern region of Rwanda. The district has a surface area of around 679 

km2, and is composed of 13 administrative sectors, 73 administrative cells, and 419 villages. 

The district shares borders with five other districts. The district has a relief characterized by high 

mountains with very steep slopes that flow into valleys. The altitude varies between 1460 m and 

2883 m above sea level (Figure 6), the highest point being on Bweru Mountain, situated in 

Muhanda sector at 2883.4 m of altitude. The average annual temperature is 18 °C which varies 

with the altitude. The average altitude is 1500 m. 

 

Figure 6. Study area, elevation map. 

The climate of the region is more of the tropical type with four distinct seasons. (1) Short rainy 

season of October–December corresponding to the agriculture season A. (2) Short dry season 

of January–February. (3) Long rainy season of March–June corresponding to the agriculture 

season B. (4) Long dry season of July–September corresponding to the swamp agriculture 
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season C. Rainfall is regular, with a rainfall of 1527.7 mm per year, although irregularities are 

recorded sometimes with shortages or excess rainfall. Due to heavy rainfall and the topographic 

structure, which is characterized by a steep slope, the district is often affected by landslides 

(Figure 7) and floods almost every year during the period of heavy rainfall. In the past, some of 

the victims drowned in floodwater, others died after houses collapsed under heavy rainfall or 

landslides [77]. 

 

Figure 7. Photographs of some landslides in the study area. 

3.2.2. Data Acquisition and Landslide Inventory 

3.2.2.1. Data Collection 

Site visits have been conducted in the study area for primary data collection where different 

landslide-prone areas were visited during the period of 9 months (October 2018–June 2019) to 

collect GPS coordinates of landslide locations and investigate contributory factors. In addition 

to the primary data collection, historical data about landslide incidence records have been 

collected from the ministry in charge of emergency management (MINEMA). Since this 

ministry was established in 2010, no landslide data before 2011 could be found. Therefore, the 

chosen period for the study is 2011–2018. Daily rainfall data were collected from Rwanda’s 

office of Meteorology. Soil type, land cover, and slope inclination were collected from different 

government institutions: Rwanda Land Management and Use Authority, Rwanda Agriculture 

Board, and the Centre for Geographic Information Systems and Remote Sensing (CGIS) at the 

University of Rwanda. It has been realized that landslides occur under the same or similar 

conditions as those that caused them in the past [68]. Precipitation is the common internal 

triggering factor of landslides in Rwanda. However, depending on the selected disaster-prone 

area, the conditioning factors may vary. 
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3.2.2.2. Dataset 

The internal factors most contributing to the landslide occurrence in Rwanda are slope angle, 

soil type/texture, soil depth, and land cover while rainfall is the external triggering factor [66]. 

The daily rainfall data and other parameters collected from stage 1 have been arranged in one 

datasheet. Geo-topographical data were extracted from Geographic Information Systems (GIS) 

data.  

3.2.2.3. Rainfall 

Daily historical rainfall data (2011–2018) for the study area were collected from the Rwanda 

Office of Meteorology. The dataset was made up of daily precipitation from Sovu and Muramba 

weather stations located in the Ngororero district. The number of rainfall data records from each 

station are 1893 and 2077 entries respectively. Sovu station had 978 rainfall instances while 

Muramba had 1305 (Figure 8). Because no landslides occurred during the dry seasons in the 

study area, some non-rainfall days were not included in this dataset. Therefore, 3970 instances 

(rainfall and non-rainfall) have been used. 

 

Figure 8. Rainfall in the study area. 

The two rainfall gauge stations were not sufficient for rainfall data at every location in the study 

area. To estimate the rainfall in the areas distant from the rainfall gauge stations, the data from 

neighboring weather stations (Figure 9) were collected and the data interpolated using the 

inverse distance weighting (IDW) method. 
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Figure 9. Landslide inventory in the study area and rain gauge stations. 

The IDW was chosen because it is a commonly used technique for the estimation of missing 

data in hydrology and geographical sciences [78]. It is based on the functions of the inverse 

distances in which the weights are defined by the opposite of the distances, and normalized so 

that their sum equals one [79]: 

𝑍(𝑆0) = ∑ 𝜆𝑖𝑍(𝑆𝑖)

𝑁

𝑖=1

    (1) 

where 𝑍(𝑆0) represents the interpolated value at point S0, Z(Si) represents the observed value 

at point Si, n is the number of observations, and λi is the weight. The weights decrease as the 

distance increases. The weights λi can be calculated as follows: 

𝜆𝑖 =
𝑑𝑖0

−𝑝

∑ 𝑑𝑖0
−𝑝′

 𝑁
𝑖=1

 ⟹ ∑ 𝜆𝑖 = 1

𝑁

𝑖=1

    (2) 

where p is a power and di0 is the distance between a target and observations. Rainfall data from 

the two weather stations in the study area and those in three neighboring districts (Figure 9) 

were used as input into the IDW model, and a GIS software tool was used for implementation. 
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3.2.2.4. Antecedent Rainfall 

Analysis indicates that landslides can be triggered by 1-day of prolonged rainfall or by many 

consecutive days. From a physical viewpoint, the antecedent rainfall determines the initial water 

content and matric suction of the soil, but the effects of the antecedent rainfall last for a certain 

period of time [69]. From the rainfall dataset, 5-days antecedent rainfall data has been computed 

and used as an additional parameter. This parameter has the same size (number of records) as 

that of daily rainfall. 

3.2.2.5. Slope 

One of the most important landslides’ causal factors is slope [80]. An increase in the slope 

decreases its stability if the soil depth is sufficient [81]. According to the “National risk atlas of 

Rwanda” by the ministry in charge of emergency management, the slope is classified into ranges 

from 0 to 10 according to the steepness angle [66]. 

3.2.2.6. Soil Type 

Based on the grain-size distribution analysis and prevailing range of particle sizes, soils in the 

study area are classified into three categories: sand, silt, and clay [66]. 

3.2.2.7. Soil Depth 

This was considered as one of the landslide’s causal factors. Three classes of soil depth were 

used in the dataset according to MINEMA soil depth classification [66]. 

3.2.2.8. Land Cover 

Various past studies have pointed out that permanently covered lands are more protected against 

landslides than non-covered ones. According to their potential influences, there are six main 

types of vegetation in Rwanda [66], but three are dominant in the area of study, as shown in 

Table 2. 

Table 2. Summary of classification of key parameters in the study area and their standardized scores used in the 

model. 

Slope Soil Land 

Slope Angle 

(Degree) 
Score 

Soil 

Type 
Score 

Soil Depth 

(cm) 
Score Land Cover Score 

0–10 0 Clay 0 <50 1 
Forest 

plantation 
3 

>10–15 1 Sand 4 >50–100 4 Agriculture 7 
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>15–20 4 Silt 6 >100 10 Open land 10 

>20–25 6       

>25–45 10       

All the data in Table 2 have been collected as secondary data. Slope and soil depth are 

continuous, while on the other hand, the soil type and land cover are categorical. Both datasets 

were obtained from the source (government institutions) with the assigned scores (claimed to 

be FAO scores) for the purpose of getting qualitative data as defined in some official documents 

[66]. The standard scores were used as categorical data during the model training process. Figure 

10 shows the geographical characteristics (as defined in the area of study). 

The complete dataset was made up of 3970 daily rainfall, 5 slope categories, 3 soil type 

categories, 3 soil depth categories, 3 land cover categories. Then, the entire dataset was made 

of 535,950 records. 

 

(a) 

 

(b) 
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(c) 

 

(d) 

Figure 10. Geographical characteristics in the study area: (a) slope, (b) land cover, (c) soil type, (d) soil depth. 

3.2.2.9. Landslide Incidences 

Data on landslide events, including their dates of occurrence, were obtained from the ministry 

in charge of emergency management (MINEMA) and coded as zero (0) for "no landside event" 

or one (1) for "landslide event". The datasheet was converted to the comma-separated value 

(CSV) format for the purpose of being used in the machine learning algorithm. At this stage, the 

missing values were handled using the fill in missing values with the median technique, and 

labels were removed from the features. 

3.2.2.10. Splitting Dataset into a Training and a Test Dataset 

The dataset was divided into a training set and a test set at different proportions. 

3.2.2.11. Training and Testing the Models 

The training dataset was used to train two machine learning models, and predictions were made 

using the test dataset. Test labels were used for the accuracy calculation. 

3.2.2.12. Results Analysis 

Based on the performance, the best model will be recommended to be implemented for an early 

warning system. 
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3.2.3. Machine Learning Models 

This study aims to apply two machine learning techniques and choose the best performing one 

for predicting landslide incidences in Rwanda, which can be used for early warning to reduce 

risks. Two classification models that have been selected to accomplish this research area are 

random forest (RF) and logistic regression (LR). The simplicity or complexity of each MLT 

differs from one to another. Hyper-parameter tuning has been done to optimize the performance 

of each. These classification models were chosen because this research deals with the binary 

classification problem. The complete research methodology is indicated in Figure 11. 

 

Figure 11. The proposed landslide prediction flow chart.  

3.2.3.1. Random Forest 

Random forest (RF) was first introduced by Breiman [82] as an ensemble learning algorithm. It 

is a commonly used machine learning technique for data prediction for both classification and 

regression problems [83–85]. It is called random forest because of the randomness in the 

selection of features on each decision tree and also in the training samples from the dataset [86]. 

It operates by building up several decision trees from random subsets of the dataset during the 

training time to make up a relationship between features and labels [87]. A decision or 

classification tree (Figure 12) is a tree-shaped diagram which is a basic structural block of RF 

used to decide a route of action. RF consists of the construction of classification rules (tree) 

from bootstrap samples of the dataset. The ultimate classification decision is made using the 

majority vote of various classification trees. 
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Figure 12. Random Forest decision tree. 

The larger number of trees in the model plays a role in improving the accuracy and predictive 

capability [88] and requires defining the number of trees (T) and the number of predictive 

variables (m). RF can work with both categorical and numerical data [80]. RF was chosen 

because of its power to deal with mixed variables (categorical and numerical), over-fitting risks 

reduced, efficiently working on large databases with high accuracy, robustness with less training 

time, estimation of missing data, and feature importance indication [89]. 

3.2.3.2. Logistic Regression 

Logistic regression (LR) is a machine learning algorithm that was initially used in the biological 

sciences (during the early 20th century) and later in other areas. It is used in solving 

classification problems by measuring the relationship between independent variables and 

categorical dependent variables. The technique has become one of the most used in landslide 

susceptibility assessment [80]. It is in three categories: Binary (dichotomous or has two possible 

classes coded as 0/1: absence/present), Multinomial (more than two categories without 

ordering), and ordinal LR (more than 2 categories with ordering). In its simplest form, the LR 

model can be expressed using a sigmoid function to makeover regression values in a range of 

−∞ to +∞ producing a probability between 0 and 1 for non-landslide and landslide respectively 

with 0.5 being the threshold [90]: 

𝑃(𝑌 = 1) =
1

1 + 𝑒−𝑦
 

 

(3) 

where P is the probability of event occurrence and y is the dependent variable (landslide or no-

landslide) and is defined as: 

𝑦 =  𝛽0 + 𝛽1𝑋1 + 𝛽𝑋2 + ⋯ 𝛽𝑛𝑋𝑛 
  

(4) 
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where y is dependent variable and X1, X2, … and Xn are explanatory variables. Then: 

𝑃(𝑌 = 1) =  
1

1 + 𝑒−(𝛽0+𝛽1𝑋1+𝛽2𝑋2+⋯𝛽𝑛𝑋𝑛)
=

𝑒𝛽0+𝛽1𝑋1+𝛽2𝑋2+⋯𝛽𝑛𝑋𝑛

1 + 𝑒𝛽0+𝛽1𝑋1+𝛽2𝑋2+⋯𝛽𝑛𝑋𝑛
 

 

(5) 

where 𝛽0 is an intercept of the model and β1, β2,….βn are regression coefficients that measure 

the contribution of x1,x2, …xn to the prediction model. With LR, mathematical equations can 

be generated from regression coefficients and intercept, hence the probability of landslide 

incidence can be computed. 

3.2.4. Re-Sampling 

One of the challenges of various machine learning models is that their performance is affected 

by imbalanced data in the training dataset. To deal with this problem, three re-sampling 

techniques have been used: oversampling, under-sampling, and the synthetic minority 

oversampling technique (SMOTE), and the later was found to be the best. SMOTE was initially 

proposed in 2001 by Nitesh [90].  

3.2.4 Synthetic Minority Oversampling Technique 

SMOTE is an oversampling technique that uses the nearest neighbor’s algorithm to create new 

instances of minority categories by forming a convex combination of neighboring instances. 

SMOTE works by picking examples that are near in the feature space, sketching a line between 

the examples in the feature space, and drawing a new sample at a point along that line. With this 

approach, “the minority category is oversampled by taking each minor category sample and 

introducing synthetic examples along the line segment joining any/all of the k minority class 

nearest neighbors” [90]. Synthetic data is generated in the following two main steps: (i) The 

difference between the feature vector (sample) under consideration is taken and its nearest 

neighbor. (ii) Multiplying the difference by a random number between 0 and 1, and add it to the 

feature under consideration. This makes the selection of an arbitrary point along the line segment 

between two specific features [90].        

3.2.5. Preliminary Analysis Using Exploratory Data Analysis (EDA) 

Exploratory data analysis (EDA) was used to get patterns and the relationship between landslide 

incidences and various parameters [90]. The scatter plot matrix tool was used as a method of 

EDA and helped to identify the relationship among variables. 

3.2.6. Models Evaluation 

Proper evaluation of the performance of the model is a crucial aspect of predictive modelling. 

A wide ranges of performance metrics are available for classification and regression models. A 

common metric for binary classification is the area under the receiver operating curve (ROC). 

The most widely used evaluation metric is the confusion metric, which distinguishes measures 

between errors and measures overall accuracy or percent correct classification. In this study, the 
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statistical index-based method and ROC have been used to evaluate the performance of the 

models. The following evaluation indices were calculated using the table of summary of 

classification errors (confusion matrix): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 + 𝐹𝑃
 

 

(6) 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 (7) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (8) 

where Accuracy is the overall performance of the classifier, false positive rate (FPR) is the rate 

of incorrect predictions. TP or Recall denotes the true positive (correctly predicted incidences), 

TN represents true negative (correctly predicted as negative) [91]. FP is the false positive 

(predicted occurrences but did not occur), FN is the false negative (predicted negative but in 

reality, it was positive). These performance metrics were selected based on their high impact on 

predicted landslides. Moreover, the metrics are most relevant for the proposed approach as the 

model will be combined with a wireless sensor network (WSN) that will be used as an early 

warning system to alert people about landslide occurrences and reduce risks. 

The receiver operating curve is one of the most widely used models’ performance tools for 

classification problems. It summarizes all the confusion matrices that each threshold produces 

by plotting FPR (1 - sensitivity) on the X-axis vs. Sensitivity or Recall (TPR) on the Y-axis [92]. 

The ROC curve makes it easy to identify the best threshold to make a decision. The area under 

the curve (AUC) is also used to compare two or more ROC curves. AUC is used to decide which 

classification method is better. The following equation is used to calculate AUC [93]: 

𝐴𝑈𝐶 =  
(∑ 𝑇𝑃 + ∑ 𝑇𝑁)

𝑃 + 𝑁
 (9) 

where P is the total number of positives (landslides), N is the total number of negatives (No 

landslides). 

3.3. Results 

3.3.1. Preliminary Analysis: Correlation Among Features Used in the Models 

As shown in Figure 13, there is no specific threshold for 1-day rainfall inducing landslides. 

Depending on how much rain fell in the previous days, a rainfall of 0 mm could trigger a lands

lide. As indicated by the graphs, very few landslide hazards occurred for antecedent rainfall of 

less than 50 mm. In most cases, landslides occurred when previous cumulative precipitation was 

close to 100 mm. 
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Figure 13. Correlation between landslide and rainfalls. 

Also, as indicated in Figure 14, many landslides occurred in hilly areas where the slope 

inclination was 25–45° (categories 6 and 10) and very few landslides occurred in area where the 

slope was less than 15° (categories 1 and 4). The land covered by the forest resists landslide 

hazards, but also the low number of landslide incidences in that area can be justified by the low 

dominance of that category. Agricultural land is the most affected by slope failure, while the 

forest land is less affected. 

 

Figure 14. Correlation analysis between landslides, slope and land cover. 

The soil under the category of silt was much affected by landslides, while areas of sand had few 

incidences, not just because of the physical properties of the soil particles but also because not 

much of this type of soil is found in the district. Figure 10 points out that few landslides’ 

incidences occurred in the areas where the soil depth was thin (less than 50 cm), while more 

occurred in the regions with thick soil (depth greater than 50). 
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Figure 15. Correlation analysis between landslide and soil. 

3.3.2. Models Results 

The performance evaluation of the classifiers was done by using five different metrics, including 

Recall, accuracy, FPR, FNR, and the ROC-AUC. Four internal parameters and one external 

(triggering factor) have been used by the models. Initially, the models were trained by using 1-

day rainfall, followed by training models with the inclusion of the cumulated 5-days antecedent 

precipitation as a new parameter into the dataset. 

Initially, the models have been trained using 5-fold cross validation and later tested using 

different train/test ratios (0.8 and 0.2, 0.75 and 0.25, 0.7 and 0.3, 0.65 and 0.35, 0.6 and 0.4, 

0.55 and 0.45) to determine which provides better results. By applying 5-fold cross validation, 

the variance is very low, as indicated by the insignificant standard deviation for both models, 

which is 0.0003 and 0.0004 for RF and LR, respectively (Table 3). The overall prediction 

accuracy was 95.30% (RF) and 94.63% (LR) by using cross validation, while 0.6 and 0.4 ratio 

provided better results with an accuracy of 95.35% for RF, and 0.55 and 0.45 was the best ratio 

for LR. On the other hand, if the antecedent rainfall is included as the new feature in the models, 

the overall accuracy was 98.74 and 98.79% (RF, LR respectively), the best ratio for RF cross 

validation was 0.65 and 0.35 with an accuracy of 97.67%, while 0.60 and 0.40 ratio looks to be 

better in LR model with 98.40% accuracy. It has been observed that there is no significant 

difference in applying different train/test ratios as indicated by the standard deviation (0.0001). 

However, the ratio of 65% of the dataset was adopted as training, while 35% was used as a test 

sample. This ratio was preferred because LR 0.65 and 0.35 is the best ratio for incorrect 

predictions (FNR) and for maintaining the same ratios for both models.   
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Table 3. Models’ overall accuracy. 

1-Day Rainfall (Without Antecedent Rainfall) 5-Days Antecedent Rainfall Included 

Fold 
Accuracy (cross-

validation) 
Accuracy (train/test ratios) 

Accuracy (cross-

validation) 

Accuracy (train/test 

ratios) 

 RF LR Ratio RF LR RF LR Ratio RF LR 

1 0.9530 0.9466 
0.80, 

0.20 
0.9414 0.9322 0.9875 0.9877 

0.80, 

0.20 

0.974

2 

0.98

36 

2 0.9536 0.9466 
0.75, 

0.25 
0.9398 0.9330 0.9871 0.9882 

0.75, 

0.25 

0.975

9 

0.98

35 

3 0.9531 0.9459 
0.70. 

0.30 
0.9399 0.9352 0.9876 0.9878 

0.70, 

0.30 

0.974

4 

0.98

38 

4 0.952 0.9457 
0.65, 

0.35 
0.9394 0.9392 0.9870 0.9879 

0.65, 

0.35 

0.976

7 

0.98

38 

5 0.9530 0.9467 
0.60, 

0.40 
0.9469 0.9413 0.9876 0.9879 

0.60, 

0.40 

0.974

0 

0.98

40 

Av. 0.9530 0.9463 
0.55, 

0.45 
0.9409 0.9415 0.9874 0.9879 

0.55, 

0.45 

0.974

4 

0.98

37 

Std 0.0003 0.0004  0.0028 0.0041 0.0002 0.0001  0.001 
0.00

01 

The overall accuracy could not be considered as the only metric to judge the performance of the 

models because of the imbalance of dependent values in the dataset. Therefore, to assess the 

performance of the models, other metric indexes have been used. FN and FP were used to 

evaluate the models in terms of incorrect predictions such as landslide cases which have been 

considered as no landslides, yet landslides occurred. In addition to the prediction results 

presented in Table 4 RF generated features of importance indicating how much each conditioning 

factor contributes to the landslide incidence. As the triggering factor, rainfall has the highest 

contribution rate on landslide occurrence. If 1-day rainfall data are used (without antecedent 

precipitation), rainfall contributes 40.49%, slope 32.74%, soil type 16.48%, land cover (land 

use) 8.46%, and soil depth 1.80% (Figure 16a). 

Table 4. Performance results. 

Performance Metric 
1-Day Rainfall, Antecedent Rainfall 

Excluded (%) 

5-Days Antecedent Rainfall 

Included (%) 
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 RF LR RF LR 

Recall (TPR)  84.61 90.38 95.19 96.15 

Specificity (TNR) 93.91 93.92 97.64 98.38 

False Positive Rate (FPR) 6.08 6.07 2.35 1.61 

False Negative Rate (FNR) 15.38 9.61 4.80 3.84 

Upon including antecedent cumulated rainfall, the most contributing factor was antecedent 

rainfall at the rate of 40.64%, followed by the rainfall on the day of landslide occurrence 

contributed 22.91%, slope with 22.50%, soil type 7.87%, land cover 5.21%, and soil depth 

0.84% (Figure 16b). 

  

Figure 16. RF features importance (a) without antecedent rainfall (b) with antecedent rainfall. 

Also, LR model provided the intercept and coefficients of variables from which the 

mathematical equation establishing the relationship between labels (dependent variables) and 

features (independent variables) was derived. Variables’ coefficients reveal which parameters 

have a high or low impact on landslide occurrence as indicated by positive or negative values 

in Table 5. 

Table 5.  LR intercept and coefficients of parameters. 

Intercept 
Daily 

Rainfall 

Antecedent 

Rainfall (5-Days) 
Slope Soil Type Soil Depth Land Cover 

−7.06 1.32 2.47 −9.34 −2.90 −4.10 −4.37 

   −9.29 −5.39 −1.85 −1.12 

   1.20 1.23 −1.10 −1.56 

   3.87    
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   6.49    

By using equations (3) and (4) and the values of intercept and coefficients in Table 5, the 

probability of landslide occurrence can be expressed by the following equation: 

P(Y=1) = 
1

1+e−y = 
𝑒𝑦

1+𝑒𝑦  (10) 

where P is the probability of landslide occurrence and: 

Y =  −7.06 + 1.32rf + 2.47Ar − 9.34Sl0−10 − 9.29Sl11−15 + 1.2Sl16−20 + 3.87Sl21−25  

+ 6.49Sl26−45 −  2.9Stclay  − 5.39Stsand + 1.23Stsilt − 4.10Sd<0.5

− 1.85Sd0.6−1.0 − 1.10Sd>1.0 − 4.37Lcforest − 1.12Lcagri

− 1.56Lcopen    

(11) 

where −7.09 is the intercept, Rf is one day rainfall, Ar is antecedent rainfall, Sl is a slope in 

degrees (0–10, 11–15, 16–20, 21–25, 26–45) respectively, St is the type of soil (clay, sand, and 

silt), Sd is soil with (>0.5 meter, 0.5–1.0 meter, more than 1.0 meter) depth, and Lc is land cover 

(forest, agriculture, and open land). 

3.4. Discussion 

Prediction of landslide occurrence and early warning systems are the primary keys to awareness 

and preparedness for risk reduction from this type of disaster. Different prediction models and 

warning systems (both local and regional) are available for this purpose [38]. The most popular 

machine learning models that have recently been used for landslide prediction are namely 

random forest [85,94,95], artificial neural network [23,96], support vector machine [8,85], 

logistic regression [23,95,97], etc. The results obtained from these different studies were good 

depending on the variables used and the metrics used to evaluate their performance. In some 

studies, only internal factors were used to determine landslide susceptibility. Some others used 

rainfall, while a few of them included antecedent precipitation to determine its impact on the 

disaster occurrence. We chose RF and LR for this study for the reasons stated earlier, and more 

specifically to be used in Rwanda because, to our knowledge, no similar study has been 

conducted on this territory.  

The use of both internal (geological and morphological) factors together with external 

(triggering) factors (rainfall: antecedent & current) led us to the better performance of the 

models compared to when either one of these factors is not considered. The results from a 

comparative analysis of one-day rainfall and 5-days antecedent cumulative rainfall before 

landslide occurrence revealed that antecedent cumulative rainfall has more impact on landslide 

occurrence than one-day rainfall (Table 6). This is because the shear strength of the soil is 

degraded by rainfall and continuous if the interval between two or more rainfall events is short 

(a few hours) but also depends on the hydraulic conductivity of the soil [98]. 
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Table 6. Models’ performance summary (various metrics. 

 Random Forest Logistic Regression 

 Correct Predictions (%) 

Performance 

Metric 

Without 

Antecedent 

Rainfall 

With 

Antecedent 

Rainfall 

Improvement 

(%) 

Without 

Antecedent 

Rainfall 

With 

Antecedent 

Rainfall 

Improvem

ent (%) 

Recall (TPR)  84.61 95.19 10.58 90.38 96.15 5.77 

Specificity 

(TNR) 
93.91 97.64 3.73 93.92 98.38 4.46 

 Incorrect Predictions (%) 

False 

Positives 
6.08 2.35 3.73 6.07 1.61 4.46 

False 

Negatives  
15.38 4.80 10.58 9.61 3.84 5.77 

All performance metrics improve when the antecedent rainfall (Ar) is used for both models. For 

correct predictions, RF improves 10.58 and 3.73% for recall and specificity respectively, while 

LR improves 5.77 and 4.46% on the same metrics. Incorrect predictions improve in the same 

manner as the correct one since one is the opposite of the other. FN is a very important parameter 

to consider in the case of landslide prediction, as its low value means few incidence cases were 

not predicted. In this case, LR performs better than RF as Table 6 shows that only 3.84% cases 

were not predicted. 

The receiver operating curve was used to identify the performance of the models at different 

classification thresholds and the AUC was used to compare two models by including or not 

including antecedent cumulated rainfall. Considering ROC-AUC, RF performs with an AUC = 

0.973 (Figure 17a) if only daily rainfall is considered as a landslide triggering factor and with 

an AUC = 0.995 by including antecedent rainfall as an additional landslide triggering factor 

(Figure 17b). This means that antecedent cumulated rainfall implicates better performance of 

the model to the rate of 2.2%. Likewise, Ar improved the LR model as before the inclusion of 

previous cumulative precipitations, AUC was 0.979 (Figure 17a). However, after including the 

Ar, the AUC was equal to 0.997 (Figure 17b), indicating that this parameter contributed 1.8% 

to the model prediction. 
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Figure 17. ROC-AUC (a) with no antecedent rainfall, (b) 5-days antecedent rainfall taken into consideration. 

Both models indicated that five 5-days antecedent precipitation has a high impact on the 

occurrence of landslides in the study area. Table 5 shows that the features most triggering 

landslide incidences are rainfall (one-day, 5-days antecedent) as indicated by their coefficients 

of 2.47 and 1.32, respectively. Among the internal factors, the slope is the one most affecting 

the occurrence of the disaster. The magnitude of the impact increases as the slope increases or 

vice versa. For low slopes less than 15 degrees coefficients are negative, while the probability 

of landslide incidence is very high on slopes of 25–45 degrees, with a coefficient of 6.49. This 

means that high slope zones are prone to landslides, and people should not reside in such areas 

to reduce risks. The silt soil, the soil more than 1m deep, and agricultural land are the most 

vulnerable to the landslide (Table 5). 

Table 6 shows that both models performed well in terms of different performance indicators 

such as accuracy, errors, and AUC. The use of antecedent precipitation made the models predict 

better. We also compared the performance of these prediction models with other models in 

recent  studies using the same machine learning algorithms [99–105] and those using different 

models such as artificial neural networks (ANNs) [86], support vector machine (SVM) 

[100,102,103,105], Boosted Regression Tree (BRT) [100], Multivariate Adaptive Regression 

Spline (MARS), Quadratic Discriminant Analysis (QDA), Linear Discriminant Analysis 

(LDA), and Naive Bayes (NB) [102]. The comparison of the models was done using AUC, 

which seems to be widely used by researchers, and FNR, which has been used in a few studies 

[106–108].  

The RF proposed by Yacine et al. [100] had almost the same performance as one of the RF and 

LR models proposed in this study before the use of antecedent rainfall data, but after including 

the antecedent rainfall data in the dataset, both RF and LR models predict better with good AUC 

results compared to other models. Thus, adding antecedent rainfall data has made the RF and 

LR models proposed in the current study achieve good results (Figure 18). 
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A comparative analysis has also been done with other models on incorrect predictions. Figure 

19 indicates that the model proposed by Utomo et al. [106] is the best to minimize false negative 

errors up to 1.60%, while the LR in our study can minimize FNR up to 3.84%. On the other 

hand, our proposed LR can minimize FP errors up to 1.61% against 2.01% of Utomo et al. [106]. 

When comparing the two proposed models RF and LR of the current study among themselves, 

there is a slight difference in the prediction parameters. For instance, if ROC-AUC is considered, 

both models are good, as indicated in Figure 17, but in terms of prediction errors, LR is 

considered the best because its FNR is 3.84% against 4.80% of RF. This evaluation parameter 

(FNR) should be highly considered because it indicates how many landslide cases were 

predicted as NO landslides, which can be a dangerous outcome. Minimizing the ratio of false 

negatives is crucial for better performance of the system and disaster risk reduction. In this 

regard, logistic regression is the best model to be used due to its performance in terms of error 

reduction (false negatives). Besides error reduction, LR performs faster than RF, which is 

another important aspect that LR should be considered in the early warning system as the delay 

is reduced. Though no model can guarantee 100 percent accuracy, the objective is to reduce 

false negatives (warnings that there will be no landslides, but landslides do occur). This is 

because they have a greater detrimental impact on lives than false alarms (warning that there 

will be a landslide while it is false). 

 

Figure 18. Comparison of the models results (using AUC) vs. other studies. 
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Figure 19. Comparison of the models results (false predictions) vs. other studies. 

3.5. Conclusions 

In this research, two approaches, random forest (RF) and logistic regression (LR), were applied 

to analyze the rainfall data along with other external and internal factors to develop a prediction 

model for landslide incidences for an early warning system. Performance parameters such as 

ROC-AUC, error rate (TP and FN) have been used to evaluate the best prediction models. The 

results prove that the prediction performance of these two models is better than those established 

in other research studies. 

Results from this study revealed that landslides are triggered due to too much daily (or low 

intensity but prolonged) rainfall, but in most cases, they occur after a few consecutive (like 2–

5) days of precipitation. This was proved by the impact of antecedent rainfall on disaster 

occurrences as marked by prediction models used in this study. Both models indicated that five 

days antecedent precipitation has a high impact on the occurrence of landslides in the study area. 

In addition to the rainfall data, other parameters have been utilized to assess their impact on the 

disaster. The slope of hills is the most internal parameter affecting disaster occurrence after 

rainfall (external factor), meaning that the areas of high slope angle are more susceptible to 

landslides than the regions where the terrain is almost a plateau. Agricultural land or non-

protected land is the most susceptible to landslide occurrences while land covered by forest has 

few incidences. As previously discussed, landslides are triggered by current rainfall but very 



36 

 

highly correlated with consecutive precipitation before the day of incidence. This is because the 

soil strength reduces with water content depending on the type of soil material and gets strong 

again during the evapotranspiration process or the sunny season. Based on the results, logistic 

regression proves to be the best approach to be used for landslide prediction and early warning. 

The LR model’s incorrect prediction rate FNR is 9.61% without including antecedent 

precipitation data and is 3.84% after including the antecedent precipitation data. Therefore, the 

LR model can be used for the early warning system. 

Instead of antecedent cumulated rainfall, in our future work, we will study the correlation 

between landslide occurrences, rainfall and soil moisture level on different types of the soil, 

which will be gathered by sensors and through WSN, landslides will be predicted and citizens 

warned earlier. The prediction capability combined with the Internet of Things (IoT) where 

rainfall gauges can be used to capture rainfall intensity in real-time and soil moisture sensors 

used to measure the water content in the soil will be used for rescuing citizens from landslide 

disasters. 
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CHAPTER 4 

EXPERIMENTAL STUDY OF SITE SPECIFIC SOIL WATER CONTENT AND 

RAINFALL INDUCING SHALLOW LANDSLIDES 

Shallow landslides are among the natural threats causing death and damage. They are mostly 

triggered by rainfall in mountainous areas where precipitation used to be abundant. The amount 

of rainfall inducing this natural threat differs from one site to another based on the geographical 

characteristics of that area. In addition to the rainfall depth, the determination of soil water 

content in a specific zone has a major contribution to the landslide prediction and early warning 

systems. Rwanda, being a country with hilly terrain, and some areas are susceptible to both 

rainfall and soil water content inducing landslides. But an analytical study of the physical 

threshold determination of both rainfall and soil water content inducing landslides is lacking. 

Therefore, this experimental study was conducted to determine the rainfall and soil water 

content thresholds that can be fed into the landslide early warning system (LEWS) for alert 

messages using Internet of Things (IoT) technology. Various experiments have been conducted 

for the real-time monitoring of slope failure using a toolset composed of a rain gauge, soil 

moisture sensors, and a rainfall simulating tool. The results obtained show that the threshold 

for landslide occurrence does not solely correlate with the total rainfall amount (or intensity) 

or soil moisture, but it is also influenced by internal (geological, morphological) and 

environmental factors. Among the sampled sites, the sites covered by forest indicated no sign of 

slope failure, whereas sites with crops could slip. The experiments revealed that for a specific 

site, the minimum duration to induce slope failure was 8 hours and 41 minutes with a rainfall 

intensity of 8 mm/hour and the soil moisture was above 90% for deeper sensors. These values 

are used as thresholds for LEWS for that specific site to improve predictions. 

4.1 Introduction 

Rainfall induced shallow landslides are among the most common natural disasters that cause 

deaths and substantial economic losses by damaging infrastructure or plants in different 

mountainous regions around the world [67,109,110]. In Rwanda, about 1,000 landslide cases 

have been identified during the past decade [8], affecting a significant number of citizens, 

agriculture land, livelihoods, and infrastructure that are valued in billions of dollars. For 

instance, almost 200 people died by landslide incidences during 2016-2018 [111,112]. The most 

susceptible areas in Rwanda are the northern and western provinces, which are characterized by 

mountains and steep slopes [12,66].  

Rainfall induced landslides are mainly caused by intrinsic factors like geological and 

geomorphological parameters and extrinsic factors such as hydrological conditions, climatic 

conditions, earthquakes, and volcanic eruptions [113–115]. Hydrological factors such as rainfall 
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and ground water table location influence the slope stability. The process of this type of natural 

disaster is intricate. The water content in the shallow soil is almost absent during the dry season. 

When it rains, the rainwater starts penetrating into the earth, characterized by different 

permeability properties, and then the ground becomes moist. It keeps on penetrating until it 

reaches the layer of low hydraulic conductivity, where it accumulates up to the complete 

saturation level [116] and forces the grains of the soil to separate. The matric suction on the 

topsoil decreases, and once the ground is fully water-logged, the soil matric suction finally 

vanishes completely [117], making the ground unstable, and that is a critical condition for 

landslide risk [118]. Thus, depending on the other geo-physical characteristics of the area, a 

landslide incidence may follow [118]. Chiorean in [119] describes the process of a rainfall-

induced landslide as follows: (i) rainfall permeation results in a reduction of the matric suction 

of the slope soil, (ii) the diminution in soil matric suction decreases the soil shear strength, and 

(iii) the decrease in soil shear strength afterwards causes the slope to become unbalanced and 

finally fail. The matric suction (𝜓𝑚) plays a crucial role in landslide occurrence and is defined 

as the difference between pore air pressure (𝑢𝑎), and pore water pressure (𝑢𝑤) [119–122].  

𝜓𝑚 = 𝑢𝑎  −  𝑢𝑤        (12) 

 𝜓𝑚is influenced by the movement of water (most of the time rainwater) within soil pores [123]. 

At the initial state, when the soil is free from water (dry), the soil has the peak value of matric 

suction, and this attains its lowest value (zero) when the soil is fully saturated [124]. It is 

associated with the degree of soil saturation over the soil water characteristics curve (SWCC) 

[125].  The SWCC is broadly defined as a variation of water within a soil with respect to suction 

and is graphically represented by matric suction on the x-axis versus degree of saturation (S), 

gravimetric water content (w), or volumetric water content () on the y-axis [126]. The degree 

of soil saturation is expressed in the following mathematical equation [126]: 

𝑆𝑟 =  
𝑉𝑤

𝑉𝑣
         (13) 

where Sr is the degree of saturation, Vw is the volume of water, and Vv is the volume of voids 

in a soil representative elementary volume. Gravimetric water content (w), which is the 

commonly used term in geotechnical engineering, is calculated using equation (3):   

𝑤 =
𝑀𝑤

𝑀𝑠
          (14) 

where w is the gravimetric water content, Mw is the mass of water, and Ms is the mass of soil 

solids. The volumetric water content (), which is mostly used in agriculture field, is the amount 

of water content in the soil over the total volume of the soil. Its formula is expressed as follows: 
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 =
𝑉𝑤

𝑉𝑣+𝑉𝑠
         (15) 

where  is the volumetric water content, Vw is the volume of water, Vv is the volume of voids, 

and Vs is the volume of solids. Landslides are closely linked to the rainfall infiltration that causes 

dissipation of matric suction [127]. Therefore, the SWCC is essential for modelling rainfall 

infiltration in the soil and is useful for landslide prediction.   

Various mitigation methods have been extensively utilized to reduce the risk of landslide 

incidence. They include both structured and non-structured warning systems. Structural 

methods require high construction costs and may take many years to complete [128]. Therefore, 

high precision LEWS is more efficient and should be emphasized.  

Numerous studies have been undertaken broadly to reduce the impact of landslides on human 

lives and economic loss. They include various prediction models, susceptibility models, and 

landslide early warning systems (LEWS) [110,114]. Some of the models establish the 

relationship between landslide occurrence and rainfall intensity through laboratory field tests as 

well as numerical analysis [129,130]. Others estimate the rainfall intensity and duration that 

could cause landslide incidences [114,131–135]. The parameters used in each study are different 

and depend on the author’s selection and the availability of data. The most common parameters 

used in different studies are rainfall (an external triggering factor) and internal factors such as 

slope (inclination, aspect), soil type, lithology, and land cover [107,136–142].  

Past studies have used the laboratory flume test to identify the correlation between soil water 

content and landslide occurrence where rainfall, soil type (particle size), and slope inclination 

have been taken into consideration [120,124,143–146]. Others used empirical field tests 

[146,147] or numerical modelling [110,148], and various studies conducted on LEWS have 

generally used historical rainfall data together with landslide occurrence records to determine 

the rainfall threshold that induces landslides [140,149–155]. The studies conducted in 

[129,142,156–162] have shown that they have used antecedent rainfall as a key parameter that 

has a great impact on landslides’ occurrence. In this research paper, the parameters considered 

are rainfall intensity together with soil moisture content (SMC), which can help to achieve a 

better landslide prediction modelling tool that might be used for LEWS. Though, the preceding 

studies demonstrated the role that rainfall plays in triggering slope failure and came up with 

good results, but the optimization is needed because of the complexity of conditions causing 

landslide incidence. Therefore, there is a need to derive the correlation between the present 

rainfall, antecedent rainfall, and the content of water in the soil at the time of slope failure to 

determine the site specific threshold values of these parameters.  
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In relation to the above, the gaps found in the past studies are the exploration of how rainfall 

has different effects on slope stability according to geophysical and environmental 

characteristics. For example, some experiments used the embankment soil in the slope flume 

[130,163,164] that has no original strength (cohesion) and could not provide a reliable threshold 

like the one conducted on the terrain. Therefore, the field experiment to determine the SMC and 

rainfall depth is of great importance for the LEWS. The present study was carried out on site 

and aimed at: 1) analyzing how gradually the rainwater penetrates into the soil during or after 

rainfall events until the landslide occurrence; 2) identifying the rainfall amount and threshold 

values for the SMC as a step prior to feeding in to the LEWS using IoT technologies. Both 

quantitative and qualitative techniques were used on different environmental covariates, 

namely, slope, soil type, vegetation (or land coverage), and rainfall intensity as an external 

parameter. The soil water content inducing landslides will be determined for each selected site. 

The geographical scope of the study is the district of Gakenke while the period of study is 

October 2019 to June 2021 (21 months). 

4.2 Materials and Methods 

4.2.1 Study Area 

This study was conducted in five sectors (Figure 20c) of Gakenke district (Figure 20b), located 

in the northern province of Rwanda (Figure 20a). The district shares borders with Rulindo, 

Burera, Musanze, Nyabihu, Kamonyi and Muhanga Districts.  The district comprises 19 

administrative sectors divided into 97 cells, and 617 villages. The District has an area of 704.06 

km2 [165]. 

. The population density is 473 residents/km2. The climate in this district is commonly a type of 

humid climate, with the average annual temperature ranging between 16oC and 29oC. The 

rainfall is quite plentiful, with a scale between 1,100 and 1,500 mm/yr. This district has four 

main seasons: the small dry season from January to February, a high rain season that spans from 

March to May, marked by plentiful rainfall and landslide incidences, the long dry season 

extending from June to August, and finally the short rain season from September to December. 

The high hills separated by rivers and swamplands characterize this district. The highest altitude 

attains 2,647 meters (Mount Kabuye), whereas the lower altitude is 1,362 meters [165]. 



41 

 

  

Figure 20. Study area: (a) Rwanda, (b) district elevation map and sectors’ boundaries, (c) district’s sectors of 

experiments. 

Due to its climatology and geographical characteristics such as topography, geology, the district 

is characterized by numerous landslides that cause few to many deaths and property damage in 

different  heavy rainfall events [166–168]. In addition to the frequent and abundant rainfall, high 

slopes, land cover, and soil texture contribute to the slope failure in this region [169,170]. The 

landslides in this region can be classified into two categories: (i) landslides related to natural 

slopes that initiate from anywhere on a hill slope (Figure 21a) and (ii) human-made slopes which 

are cut slopes related to house plots (Figure 21b), roads, or excavation activities. 

 

Figure 21. Pictures of landslides in the study area during 2016 (a) and 2020 (b) events. 

4.2.2 Methods and Data 

The early warning system is one of the methods that can be used to reduce the risks related to 

landslides by providing incident information to the citizens prior to the occurrence. Two main 
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methodological approaches can be used for landslide mitigation techniques. The first method 

uses physically based models considering the infinite soil mechanism, the second counts on 

experimental studies to determine the rainfall intensity and duration threshold [114,116]. The 

challenge associated with the first approach is that the landslide can be detected but not 

predicted. The second approach can be appropriate, but the threshold for each influencing factor 

(such as hydrological, land use, lithological, and soil characteristics) should be determined 

[171]. In the current study, the rainfall intensity causing shallow landslides is estimated 

considering the soil-forming factors and environmental covariates. Various experiments and 

numerical analysis were carried out to estimate the rainfall amount and the soil water content 

level that may lead to slope failure.  

4.2.2.1 Daily Rainfall Data 

The slope failure in the study area and in the entire country is solely dependent on rainwater. 

Therefore, the rainfall data were necessary for this study. Primary and secondary data have been 

used for both quantitative studies and qualitative assessment. Firstly, historical rainfall and soil 

moisture data were collected from Rwanda Meteorology Agency for analysis of their 

correlation. Data from three rain gauge stations (Figure 23d) were used for primary analysis 

(Figure 22). This analysis was envisaged to identify rainfall amount induced slope failures and 

landslide locations in the neighborhood of rain gauge stations.  

 

Figure 22. Past daily rainfall in the district of Gakenke from three  rain gauge stations and one soil moisture 

station: (a)Janja, (b)Minazi, (c)Nemba, (d)Rushashi soil moisture station. 

Secondly, field work was conducted in the surrounding areas that have been characterized by at 

least two landslide incidences in the past five years. In this study, rain gauge and soil moisture 

sensors were used for real-time data collection. 

4.2.2.2 Soil Moisture   
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In addition to the rainfall data, historical soil water content data were collected from the office 

in charge of meteorology and were analyzed (Figure 22d) on the basis that the SMC has a 

correlation with precipitation [172–175]. Moreover, studies revealed that the actual soil wetness 

can be achieved through in situ measurement [113,176]. The soil moisture sensors were used to 

collect the soil water content on different sites (Figure 23d). 

4.2.2.3 Slope 

Various studies show that the slope has a high impact on landslide occurrence. Steep slopes in 

several regions characterize Gakenke district, where the slope angle can be more than 45 

degrees. Other studies such as [142,169]  used 5 slope classes, whereas in this study, we grouped 

the first two classes because landslide cases are very few in areas with slopes of less than 15%. 

According to the data source (GIS centre at the University of Rwanda), the slopes are 

categorized in four classes, as indicated by Figure 23c. 

4.2.2.4 Soil Types 

Geotechnical properties have an important impact on slope stability [177]. At each test site, soil 

samples were collected and taken to the soil mechanics lab at the University of Rwanda to be 

tested for soil classification and other analysis. The soil classes found on the sampled sites are: 

Silty Sand, Sandy Silt, Sandy Lean Clay with Gravel, Lean Clay, and Elastic Silt.   

4.2.2.5 Land Cover 

Land use is another factor contributing to the landslide occurrence. There are five different types 

of land cover in the study area: forest, cropland, grassland, built area, and water, but only the 

first three could be used in this study.  
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Figure 23. Maps: (a) soil types, (b) land use classification, (c) slope classification, (d) rain gauge & test site 

locations. 

4.2.2.6 Experimenting Tools and Setup 

To identify the rainfall influence on slope instability and its correlation with soil moisture, we 

used the rainfall simulator (Figure 24) for the direct in situ measurement of the soil humidity at 

various time durations until the slope starts indicating the sign of sliding, such as a horizontal 

crack on the ground above the slope, or sliding of cut slopes. The rainfall amount was recorded 

along with soil moisture at an interval of 49 seconds. The sensor-based monitoring tool was 

made of: (i) the sensor node comprising three analog capacitive soil moisture sensors 

manufactured by Paialu, whose operating voltage is 3.3 ~ 3.5V to capture soil water content in 

various ground depths; and the Arduino Uno Microcontroller ATmega328P. (ii)a weather 

station consisting of the transmitter (MISOL model: WH40) and the receiver (model: WN5360). 

The communication between the transmitter and receiver was via wireless, with a transmission 

frequency of 433 mhz and a maximum distance of 100 meters. (iii) A laptop with the Python 

code data logger to record readings from 3 sensors and convert into CSV file (Figure 25) 
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Figure 24. Rainfall simulator. 

 

Figure 25. The block diagram & tool set of monitoring equipment: (a) block diagram, (b) sensor node box, (c) 

inside box, (d) rain gauge with a digital display. 

The soil moisture sensor used is a resistive sensor that outputs the voltage variation as water 

penetrates the ground, i.e., the increase of water in the soil lowers the ground resistance that will 

then drop the voltage. By default, the sensor readings change from high to low when moisture 

is detected, and their values may differ from one sensor to another. Therefore, the output values 

from the sensors were calibrated in the Arduino IDE (Integrated Development Environment) by 
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putting the sensors into oven-dried soil and recording the readings, and then putting the sensors 

into the fully wetted container of the soil (fully saturated) and again recording readings. In the 

Arduino IDE, the maximum value (reading in dried soil) was mapped to zero (0) and the 

minimum (reading in wet soil) to 100. Three sensors were placed at different ground depths as 

indicated in Table 7. 

Table 7. In-ground depth placement of sensors  

Sensor 

Site plot  

Depth placement (m) 

SA1 SA2 SB SC1 SC2 SC3 SD1 SD2 SD3 SE1 SE2 

Sensor1 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 

Sensor2 0.6 0.6 0.5 0.6 0.7 0.6 0.6 0.6 0.6 0.5 0.6 

Sensor3 1.2 1.1 0.9 1.2 1.3 1.2 1.1 1.2 1.2 1 1.2 

4.2.2.7 Experimental Sites 

All field experiments were conducted in the surrounding zones that have the historical 

background of landslides (Figure 23d). As shown in Table 8, several typical sites were chosen 

based on geo-topographical and environmental factors such as slope, soil types, and land use.  

Table 8. Geo-topographical characteristics of representative sites in the study area 

# Site Location (Sector, Cell, 

Village) 

Plot Slope (o) Land 

cover 

Number of 

experiments 

1 
SA Minazi, Raba, Ndegamire 

SA1 26.4 Crops  3 

2 SA2 35.3 Grass 2 

3 SB Mataba, Buyange, Gabiro SB 41.8 Forest 2 

4 

SC 
Rushashi, Mbogo, 

Gisanze 

SC1 47.2 Crops 3 

5 SC2 28.9 Crops 3 

6 SC3 39.7 Grass 3 

7 
SD 

Gekenke, Rusagara, 

Museke 

SD1 49.5 Forest 2 

8 SD2 31.3 Crops 3 
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9 SD3 29.8 Grass 3 

10 
SE Nemba,Gisozi,Karukara 

SE1 28.6 Forest 2 

11 SE2 24.4 Crops 3 

At least two experimental tests were done at each site plot to test the reoccurrence of the slope 

failure. Following the first two tests, a third test was undertaken on those who identified at least 

one landslide to ensure that the results were reliable. 

4.3. Results and Discussion 

4.3.1 Soil Classification Test Results 

Five main sites were chosen as sample sites (SA, SB, SC, SD, and SE). Soil samples were taken 

for the laboratory test of soil particle size distribution analysis because this plays an important 

role in different hydrologic features such as water retention characteristics and slope failure as 

well. The relative composition of the soil in the sampled sites is summarized in the table below 

(Table 9).  

Table 9. Soil particle size and classification 

Sample  
Gravel 

(%) 

Sand 

(%) 

Fines 

(%) 

LL 

(%) 

PL 

(%) 

PI 

(%) 

Group 

symbol  
Group name 

SA 1 52 48 37 25 12 SM Silty Sand & Sandy Silt 

SB 24 24 53 41 23 18 CL 
Sandy Lean Clay with 

Gravel (SLCG)  

SC 0 10 90 42 25 17 CL Lean Clay 

SD 0 3 97 66 37 29 MH Elastic Silt 

SE 0 10 90 42 23 16 CL Elastic Silt & Lean Clay 

As shown in Table 8, from each site, two or three plots were sampled (except site SB) to identify 

the soil-related effects on the infiltration process. Some of the plot samples were found to have 

different soil textures. For instance, the soil types on site SA were Silty Sand and Sandy Silt for 

SA1 and SA2, respectively. Likewise, site SE plots had Elastic Silt and Lean Clay for SE1 and 

SE2, respectively. 

4.3.2 Simulation Results 
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The rainfall simulation was applied to the selected sites while recording the rainfall amount and 

soil moisture content (using a wireless rain gauge and three sensors, respectively) until the slope 

sliding (or crack) is observed or not. The activity lasted a different amount of time depending 

on the site. The limit of rainfall simulation and duration was based on the rainfall events that 

induced landslides recently (Figure 22) or in the past [142]. Out of twenty-nine (29) 

experimental tests carried out on 11 plots, sixteen of them (55.5%) resulted in slope failure (or 

crack) as shown in Table 10.   

Table 10. Observed simulation results 

Site Soil type Intensity (mm/h)/duration (hours, 

minutes) 

Slope failure observed 

(Test 1, 2, 3)? 

Test 1 Test 2 Test 3 

SA1 Silty Sand 8.7/10h15 8.7/12h31 8.7/11h45 Y, N, N 

SA2 Sandy Silt 8.7/11h03  8.7/11h26 NA N, N, - 

SB SLC/G* 8.4/11h33 8.4/12h24 NA N, N, - 

SC1 Lean Clay 9.4/10h59 7.8/10h27 7.8/10h23 N, Y, Y 

SC2 Lean Clay 7.8/9h04 7.8/8h48 7.8/9h40 Y, Y, Y 

SC3 Lean Clay 9.4/9h54 7.8/9h32 7.8/10h37 Y, Y, N 

SD1 Elastic Silt 11.1/10h37 7.2/11h04 NA N, N, - 

SD2 Elastic Silt 8.0/8h41 7.2/11h10 7.2/11h21 Y, Y, N 

SD3 Elastic Silt 7.2/9h36 7.2/11h58 7.2/9h37 Y, Y, Y 

SE1 Elastic Silt 10.8/11h14 7.7/10h14 NA N, N, - 

SE2 Lean Clay 7.7/9h11 7.7/8h53 7.7/9h28 Y, Y, Y 

As shown in Table 8, most sites are characterized by steep and very steep slopes, while the 

laboratory results indicate that lean clay and elastic silt are the most dominant soil classes in the 

sampled sites. The results in Table 10 show that landslides are possible in all categories of soil, 

except in sandy lean clay with gravel, which is less represented among the selected sites because 

the sampled sites are those that had landslides in the past.  

4.3.3 Correlation between Rainfall and Soil Moisture Content 
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The shortest time used to simulate rainfall and provoke slope failure was 8h41 at a rainfall rate 

(intensity) of 8 mm/h. This occurred on site SD2, where the land is covered by crops at a slope 

of 31.3o. The soil moisture at the point of failure was 82%, 92%, and 95% (Figure 26a). In 

addition to other factors, the short duration of time to simulate slope failure is linked to the 

antecedent rainfall indicated by high initial soil moisture.    

 

Figure 26. Variation of soil moisture content versus cumulative rainfall for three experimental tests on site SD2. 

The slope failure was observed for the first two tests (a, b) and did not occur during the last test (c). 

The nearby site SD3 was selected with a different land cover (grass) and a slope inclination of 

29.8o. The slope failure was observed for all three tests on this site after 9h36, 11h58, and 9h37 

with a rainfall intensity of 7.2 mm/h. It took a different duration of rainfall simulation to induce 

a landslide, but the soil moisture content recorded by the three sensors was above 80% for the 

top sensor, while the deeper sensors recorded more than 90%, as shown in Figure 27 a-c. 

Furthermore, three tests conducted on site SC2 resulted in slope failure. This site has a slope 

inclination of 28.9o and the land used for agriculture (covered by crops). The maximum soil 

moisture content attained by the three sensors was 98%, while the least value was 86%, recorded 

by the top sensor (sensor1) during the first test (Figure 27).  As shown in Table 10, the duration 

of each test was different due to factors like the initial soil moisture content (prior to the 

experiment) or other internal geological factors.  
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Figure 27. Variation of soil moisture content versus rainfall for three tests on site SC2 (a-c), and Site SD3 (d-f). 

It was also observed that the two sites were characterized by lean clay. It indicates that this soil 

type is more susceptible to landslides because even on sites SC1 and SC3, two tests out of three 

resulted in slope failure. On site SC1, the rainfall simulation of 10h59 and intensity of 9.4 mm/h 

did not result in slope failure, while the last two tests at an intensity of 7.8 mm/h resulted in 

slope failure after 10h27 and 10h23, respectively. On the other hand, the first two tests on site 

SC3 resulted in slope failure; however, the last did not even show any sign of sliding. Figure 28 

shows the correlation between rainfall and soil moisture content for the two sites.  
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Figure 28. Variation of soil moisture content versus rainfall for three tests on site SC1 (a-c), and site SC3 (d-f). 

The land covered by the Eragrostis spectabilis type of grass has shown to be resistant to 

rainwater infiltration in the soil. This is the only site among the grass-covered plots (Figure 29 

a&b) that did not show any sign of slope failure for the first two tests. However, out of the three 

tests carried out on site SA1, only one slope failure was observed as shown in Table 10. 

Generally, the simulation took a long time on sites that did not show any sign of slope failure 

compared to those that manifested landslides. The reason was to test the effect of daily total 

cumulative rainfall and duration on landslide occurrence. Figure 29 (a-f) shows that the 

simulated cumulative rainfall was about 100 mm while the duration was more than 11 hours 

(Table 10). 

The land cover is common to the sites that showed no signs of slope failure, as they are covered 

by forest (Figure 29 c-f), whilst the other is covered by grass (Figure 29 a-b). Figure 29 (a-f) 

also indicates that, even though it required a long duration of simulation and the high amount of 

total rainfall, in some cases, the saturation level was less than 90% for the three sensors (Figure 
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29 a, c-f)). This means that it requires a long time to make the soil fully saturated with the slopes 

covered by forest or protected by Eragrostis spectabilis. 

 

Figure 29. Variation of soil moisture content versus rainfall for sites SA2 (a, b), SB (c, d) and SE1 (e, f). 

From the figures above, the linear regression of both rainfall and soil moisture (Figure 30) 

is observed due to the continuous simulation of rainfall. In practice, this is not the case 

because rainfall is characterized by discontinuous events (with inter-event periods) of 

different durations. Even though one-day rainfall can reach the values simulated in this 

study, the duration either expands to many hours or else can be related to the previous 
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rainfall events (antecedents). Hence, the use of soil moisture sensors for LEWS has a crucial 

importance because their data are informative to the antecedent rainfall.  

 

Figure 30. Rainfall vs. soil moisture: (a) SD2, (b) SD1, (c) SE2, (d) SE1. 

The first two figures (Figure 30a & b) compare cropland and forestland, respectively. As shown 

by the slope lines of the best fit, the slope of 0.4 indicates that the infiltration rate was faster for 

crop land than that of forest land and that it got saturated before forest land (slope = 0.2). 

Likewise, Figure 30c & d, slope = 0.7 for cropland and 0.4 for forestland.   

4.3.4 Slope Failure,Total Rainfall and Intensity 

The numerical analysis of rainfall intensity and duration (Table 10) shows that each site required 

a different duration and rainfall intensity to initiate the slope failure. This shows that the 

thresholds for the two parameters are not identical, and in order for them to be identical, all other 

factors should be identical, which is almost impossible for different sites. As shown in Figure 

31, there are many landslide cases that occurred when the rainfall intensity was lower than that 

of the highest intensity.  
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Figure 31. Slope failure vs. total rainfall and intensity. 

4.3.5 Slope Failure and Geo-environmental Factors  

It is not forthright to explain the correlation between hydrological and mechanical processes 

that occurred before and during the slope failure. Although the triggering factors may be clearly 

known, the process itself is complex. Rainfall has been discussed in the literature as an external 

landslide’s causing factor but cannot be considered alone without the physical characteristic 

changes of the soil at the near stage of sliding. The rainfall intensity and duration that are the 

basis of the hazard prediction cannot be determined because their values cannot be the same in 

all susceptible areas characterized by different environmental factors. Therefore, the field 

experimental analysis was crucial in this study to identify the threshold of both rainfall and soil 

water content, leading to water-induced shallow landslides in different susceptible locations. 

4.3.5.1 Landslides, Slope, and Land Cover 

Although steep slopes are associated with landslide occurrence, in this study, it has been realized 

that very steep slopes (45o and higher) are not more prone to soil failure compared to slopes less 

than 45o and greater than 25o (Figure 32). Two reasons that may justify this statement are: (i) 

the most very steep slopes are characterized by sturdy rocks that make the slopes to be more 

stable, (ii) due to the high inclination, much rainfall water runs off instead of seeping into the 

soil compared to the moderate slopes. Apart from the slope inclination, the rainwater runoff also 

depends on the land cover and soil texture. There was no landslide indication observed on all 

sites covered by forest, although simulating rainfall for a long duration has been used for 

simulating rainfall (more than 11 hours). This is an indication of the role of forest cover in slope 

stability.  
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Figure 32. Slope failure vs. slope angle & land cover. 

In the study area, most of the forest areas are at the same time covered by Eragrostis spectabilis, 

which is a natural grass type found in the high mountains in the study area. Site SA2 was covered 

by this type of grass and did not show any signs of slope failure. 

4.3.5.2 Landslides, Slope and Soil Types 

Table 10 shows that the soil types in most of the sampled sites are lean clay and elastic silt. The 

results do not really indicate which soil type is more susceptible to landslides. But the sites were 

selected based on the historical background of landslide events, and the laboratory tests revealed 

the two types of soil that are most dominant among the sampled sites. It was noted that the sites 

(lean clay or elastic silt) that did not indicate any sign of slope failure were those that were 

protected by forest or had a high slope angle. Therefore, lean clay and elastic silt are the most 

affected by landslides compared to the other types of soil in the sampled sites (Figure 33). 

 

Figure 33. Slope failure vs. soil type. 

4.3.6. Rainfall and Soil Moisture Thresholds  
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The maximum records of rainfall and soil moisture content from the experiments conducted in 

this study help us establish thresholds for both parameters in the specific sites (area of study). 

As stated earlier, three sensors were placed at various depths underground to determine which 

one could better predict landslide incidence. The red dots in Figure 34 are more clustered in the 

right lower corner of the figure, indicating that the slope failure was observed when sensor1 soil 

moisture was greater than 80% and 90% for sensors placed deeper (sensor2 and sensor3). The 

minimum rainfall inducing slope failure, as indicated by the same figure is around 70 mm. 

Therefore, we can conclude that these values can be used for local LEWS. On the other hand, 

rainfall can be used for regional LEWS as it is not possible to identify the soil moisture content 

at every site. Even though, a rainfall of more than 100 mm did not cause slope failure according 

to this study, such a daily rainfall depth is also dangerous as the increased rainwater runoff may 

cause floods, which can also depend on different factors (which are out of the scope of this 

study). It was also noted that the sites that did not experience any slope failure were those lands 

covered by forest or types of grass that reinforce the shear strength of the topsoil. But, under 

normal circumstances, a one-day rainfall of more than 70 mm should be taken into consideration 

for early warning systems by considering the antecedent rainfall and other geo-factors.  

 

Figure 34. Rainfall and soil moisture thresholds. 

As mentioned before, most of the non-landslide cases in this study are related to the forestland 

cover that persists to rainwater penetration and requires more rainfall duration. This explains 

the reason for having fewer incidences of high total rainfall as shown in Figure 34. It was also 

explained that rainwater runoff was much more on very steep slopes than on steep or medium 

slopes. Hence, the probability of slope failure increases with soil permeability, which is 

dependent on the soil texture, rainfall intensity, and duration.  
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4.4. Conclusions 

In this study, field experiments were conducted at various sites selected in the surrounding areas 

that had landslide events in the past. The study consisted of the measurement of rainfall and soil 

water content using a rain gauge and soil moisture sensors. The site sample profile considered 

different parameters such as slopes, angles, soil texture, soil depths, and land coverage.  

The experimental results show that rainfall triggers slope failure and that the total rainfall 

amount inducing this hazard depends on various other parameters. Rainfall alone cannot be 

considered as a parameter to predict slope failure and it has an impact on the hydrological 

properties of the soil. In addition, the level of soil water content at the near stage of slope failure 

differs from one site to another depending on the internal and external features. In general, steep 

slopes are more susceptible to shallow landslide incidence compared to very steep slopes. 

Furthermore, we noticed that land coverage plays an important role in the stability of the slope 

due to the more time required for saturation of land covered by natural grass or forest than that 

covered by plants. This is because the vegetation adjusts the hydrological equilibrium of the 

involved location through the evapotranspiration process, whereas roots add some 

reinforcement by increasing soil shear strength [178–180] and the degree of slope stabilization 

varies according to the vegetation [181–183]. 

According to the experimental results in this study, the following major insights are taken: (i) 

For LEWS, no common rainfall intensity or soil water content threshold could be determined. 

Instead, location-specific thresholds must be determined using empirical models. Then, the 

identified threshold can specifically be used to predict slope failure in areas with identical (or 

almost identical) geomorphological features. (ii) Depending on other geo-factors in specific 

locations, daily rainfall of more than 70 mm and soil water content of more than 90% can cause 

landslides. (iii) The thresholds found in this study can be used in designing local LEWS for 

areas having almost similar environmental covariates or soil forming factors, especially for cut 

slopes (manmade slopes) such as in-house plots or roads. (iv) This study proposes similar 

experiments to be conducted at various sites to derive site-specific thresholds to feed in to local 

IoT-based LEWS as the parameters differ from one zone to another.  
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CHAPTER 5 

DESIGNING A SITE SPECIFIC LANDSLIDE EARLY WARNING SYSTEM 

(SSLEWS) FOR RISKS REDUCTION 

This chapter describes a Site Specific Early Warning System (SSEWS) for rainfall-induced 

landslides using the soil moisture sensors deployed in the regions prone to landslides’ 

incidences to minimize the risks caused by this natural threat. An experimental study was 

conducted to estimate the soil moisture level that induces a slope failure. The estimated 

thresholds were used in the development of the SSEWS prototype. The system on site 

consists of a sensor node that gathers the soil moisture data from remote sites (landslide 

prone areas). The collected data are transmitted using a GSM/GPRS (Global Systems for 

Mobile/General Packet Radio Service) module over the cellular network to the database 

server and analyzed for issuing alerts and visualized on a dashboard. The system was 

tested on different sites and shown to be 71.4% successful.  

5.1 Introduction 

Rainfall induced landslides have been challenging the world due to the loss they cause to lives, 

the natural environment, and infrastructure. Universally, different strategies and techniques have 

been used to mitigate or reduce the risks caused by this natural threat. Landslide mitigation 

strategies can be categorized into structural and non-structural strategies. Structural strategies 

are like drainage, walls, planting, directing, etc. Their implementation may be challenging in 

developing countries due to economic constraints. Non-structural measures are consequently 

reducing measures, which may include land use planning, public willingness, emergency 

management, early warning etc. [184].  

Digital technologies appear to be the most effective landslide risks mitigation techniques used 

in different countries. The use of the digital technologies for landslide risk reduction comprises 

of digital mapping, landslides’ prediction and early warning systems [184]. It has been proved 

that landslide early warning systems (LEWS) have a great importance in providing information 

about the imminent disaster so that precautions can be taken before the incidence and hence 

reduce the risks they would cause [185]. One of the digital technologies used nowadays is the 

Internet of Things (IoT). IoT supports quick data collection from the remote site, transmission, 

analysis, and feed them to the early warning system for alerting the people under risks.   L. 

Piciullo et al. have discussed a landslide early warning systems (LEWS) that has proved efficient 

in providing information about the imminent disaster so that precautions can be taken before the 

incidence occurs and hence reduce the risks that would be caused [155].  

Globally, the schematic representation of an early warning system proposed by the United 

Nations Office for Disaster Risk Reduction (UNDRR) and the World Meteorological 
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Organization (WMO) comprises four components: (i) disaster risk information, (ii) monitoring 

and analysis of threats, (iii) communication and warnings, (iv) readiness and response abilities 

[186,187]. Generally, monitoring and warning can be considered the main components of 

LEWS [188].  

 The monitoring process involves all operations related to the in situ installation of the 

instrumentation, data acquisition, processing, and analysis [189]. In situ installation involves 

on-field placement of measuring instruments such as meteorological stations, GPS systems, 

webcams, sensor nodes (inclinometer, piezometer, soil moisture, etc.) [190] to gather targeted 

data to be later processed for LEWS.  

 The data acquisition procedures involve setting the measurement frequency (cycles). The data 

are periodically captured by the monitoring instrument according to the preset cycle and 

transform them in the digital format. This process is performed locally and is terminated by 

the local export, which involves the transmission of data from the measuring node to the 

nearest gateway, and the central database (server).  

 The data transmission involves short range such as Bluetooth, Low Power Personal Area 

Network (6LoWPAN), etc. [190]; the long range data transmission uses technologies like 

LoRa (Long Range), SigFox, and cellular network technologies such as GPRS, 3G, and LTE 

(Long Term Evolution) [191].  

 The warning procedure involves the process of comparing the actual data to the preset 

threshold derived from the historical data collected through various experimentation. 

5.2 Related works 

Organizations in different countries have implemented LEWS using different techniques, 

whereas the research and studies are still ongoing to find a reliable solution for notification of 

landslide incidence prior to the occurrence. LEWS can be categorized as global, territorial, or 

local systems, operating at a global, regional, or local area scale, respectively [184]. Regional 

(also known as territorial) LEWS predict the rainfall-landslide occurrence over a large region 

(the area of concern covers a single slope) by monitoring meteorological parameters and 

providing an alert to the population, authorities, or other personnel in charge of disaster 

management [155,192]. Examples of regional LEWS are the Hong Kong Landslip Warning 

System, LEWS for the San Francisco Bay area (USA), and the LEWS for Java (Indonesia) as 

described in [32]. Instead, the local LEWS monitors variables inducing landslide occurrence at 

a small well-identified slope and provide warnings to the previously stated people [184], The 

Åknes rock slope in Norway is a typical example of this category [193]. Whether local, regional 

or worldwide, important components constituting LEWS are described similarly.  

The most common components described by different authors for both local and territorial 

LEWS include monitoring, transmission, analysis, warning, and response [193]. T.F Fathani et 

al. proposed a seven sublayers schematic representation for LEWS by the extraction of four 
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components of UNDRR. They proposed a new layer of building the commitment of local 

authorities and communities while 3 sublayers were extracted from the preparedness and 

response capabilities layer: (i) establishment of a disaster preparedness and response team; (ii) 

evacuation map; (iii) and standard operating procedures for evacuation [188]. On the other hand, 

the structure proposed by [191] consists of three phases: (i) data acquisition procedures (which 

concern installation of measuring devices, onsite data collection, preprocessing, transmission, 

storage, and organization), (ii) early warning application (which defines the warning/alarm 

threshold), and (iii) monitoring results representation and dissemination (consisting of data 

representation for easy analysis and understanding).  

The transmitted data is uploaded into the database where they will be processed and analyzed. 

This stage comprises various procedures, mainly data preprocessing, validation, storage, 

presentation for visualization, and analysis before issuing an alert if necessary.  

The warning procedure involves the process of comparing the actual data to the preset 

threshold according to what has happened in the past. Threshold determination is done based on 

historical data analysis and landslide causing factor study in the specific area. Different 

thresholds should be used according to the warning level. Three levels are the most common: 

(i) Normal, (ii) Attention, (iii) Alarm [188]; Caution, Warning, Evaluate [194]. A model of 

different number of levels (more than 3) can also be used like those described by [189]: (i) 

normal situation, (ii) awareness, (iii) increased awareness, (iv) high hazard, (v) critical situation. 

Regional LEWS use weather stations, radars, and other technologies that are expensive, so 

that non-developed countries cannot afford them. Besides, the coverage areas of LEWS can be 

a challenge for reliability. Local LEWS can overcome different challenges of territorial LEWS. 

The purpose of this study is to design and develop a tailored, cost-effective prototype for local 

LEWS. Many systems use rainfall data while few of them use soil moisture and wetness 

information [32].  

The purpose of this study is to design and develop a tailored cost-effective prototype for 

Site-specific LEWS (SSLEWS). We used the soil moisture data, as recent studies showed that 

the hydrological threshold can improve the prediction capability [32]. Thresholds for rainfall 

and soil moisture have been determined through field experiments that found threshold values 

differ from one site to another depending on the geo-environmental characteristics such as slope, 

soil types, and land cover. 

5.3 Data and System Architecture 

5.3.1 Rainfall and Soil Moisture 

Regional LEWS considers different rainfall characteristics such as current and antecedent 

rainfall, intensity, and duration. The local LEWS monitors landslide events using some more 
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parameters based on personal experience (or expert judgement) [193]. Soil moisture has been 

proved to be one of the most useful parameters [113,185,193,195–197]. 

To overcome this problem, we conducted an experimental study to determine rainfall 

thresholds for different areas. Different sites have been chosen according to the various geo-

factors, including the slope inclination, soil types, and land cover/use. We used the rainfall 

simulator to provoke slope failure, and a rain gauge was used to capture the rainfall amount in 

a time series. 

Although the hydrological thresholds are not much used in designing the LEWS, recent 

studies have shown that the in situ measurement of soil moisture has a crucial importance in the 

improvement of LEWS [32,185] because this parameter has specific information on local 

landslide activity [196]. The soil moisture thresholds on specific sites were identified 

concurrently with that of rainfall, as explained in the previous paragraph.  Three sensors were 

placed underground at various depths (20 cm, 70 cm, and 120 cm). All data collected during 

field experiments are available online [198]. 

5.3.2 System Design 

The site specific landslide early warning system (SSLEWS) is made through a wireless sensor 

network (Internet of Things) that uses sensor nodes, which are spatially distributed to collect 

soil moisture data, transmit them to the nearest base station of the cellular network, and then to 

the cloud for landslide prediction processing, storage, visualization, analysis, and alerting. The 

system is made up of three main layers: perception, network, and application, as shown in Figure 

35.  

The perception layer: consists of sensor nodes. The network layer consists of a gateway (base 

station) and other interconnecting devices of a cellular network. The application layer comprises 

data acquisition, storage, visual visualization, analysis, and alerting.  

Sensor node: Each sensor node comprises the power supply, three soil moisture sensors, a 

microcontroller, and a GSM/GPRS module (Figure 36a). The power supply unit consists of an 

off-grid system comprising a solar panel, charge controller, battery, inverter, and enclosing 

accessories. The sensing part involves the capacitive soil moisture sensor v1.2 for measuring 

the ground water content. The specifications of the sensors are as follows: The device dimension 

is 98mm x 23mm, supports Gravity 3-pin interface, analog output, operating voltage is 3.3 ~ 5.5 

VDC, and the output voltage is 0 ~ 3.0VDC. It works by measuring the variations in capacitance 

caused by the water infiltration into the soil and the analog output is the charge and discharge 

timing. 
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Figure 35. Proposed SSLEWS Network Architecture.  

As shown by Figure 36 (b), the calibration was done in three steps: (i) measuring and recording 

the water content of dry soil; (ii) making them fully saturated by pouring water in the soil 

containers and recording the output value; and (iii) mapping the values of dry soil to 0 and those 

of fully saturated to 100 (the calibrated output ranges between 0-100). The soil moisture sensors 

were interfaced with a microcontroller (Arduino UNO) for central processing. In addition, the 

GSM/GPRS (SIM800L) module was connected to the microcontroller for connecting the sensor 

node to the server via a cellular network. The power unit and GSM module are interfaced by a 

DC-to-DC converter for adapting 12V from the power unit to the 4V needed for the GSM/GPRS 

module (Figure 36 (a)).  

The sensor probes were buried underground at 0.5m, 1m, and 1.5m depths to allow the sensor 

node to measure the soil water content at various levels of the earth. 

 

Figure 36. The block diagram of the sensor node, (b) inside the box and calibration. 
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Application: The application layer consists of data storage, processing, analysis, visualization, 

and alerting. The new data received from the network layer are stored in the database where 

they can also be visualized in real time. The incoming data are then compared to the threshold 

to classify the warning level (Table 11).  

Table 11. SSLEWS Warning levels 

Warning 

level 

Description Action 

Level 1: 

Normal 

No threshold attained  No action should be taken. 

Authorities/responsible agents can 

visualize the data. 

Level 2: 

caution 

One of the thresholds is 

attained. There is a 

possibility of a landslide 

occurrence. 

Alarms should be sent through short 

messages on the mobile phones of local 

citizens. Data and warnings can be 

visualized by authorities or agents in-

charge.    

Level 3: 

Critical  

Both thresholds are 

attained. There is a high 

possibility of a landslide 

occurrence, 

An alarm message should be sent through 

short messages on the mobile phones of 

local citizens. Data and warnings can be 

visualized. People should be evacuated. 

Thresholds for the soil moisture content that have been identified in our previous experimental 

study [20] were used to predict the disaster based on the new data and, via short messages, alerts 

are sent to the people located in the area of the disaster. The real time information together with 

the predicted disaster can also be accessed on the system dashboard so that further actions may 

be taken even before the alert is issued.  

5.4 Experimental Results and Discussion 

The prototype setup was preceded by an experimental study to identify the correlation between 

rainfall and soil moisture content. The study was conducted at various sites characterized by 

different factors such as soil types, slopes, and land cover. This activity is carried out by using 

a rainfall simulator on different sites while recording the rainfall amount from the rain gauge 

and soil moisture by capacitive soil moisture sensors. It took about 8 to 11 hours with a rainfall 

intensity of 7-11mm per hour to induce landslides on the selected sites. The result shows that 

there is a linear regression between rainfall and soil moisture content, as shown in Figure 37. 
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Figure 37. Correlation between rainfall and soil moisture. (a) Features characterizing those sites were Silty Sand 

as soil type, the slope inclination of 26%, land covered by crops.  (b) site features were Lean Clay, slope 

inclination of 29%, land covered by crop. 

An experimental study was conducted at 11 sites. Depending on the site specifications, some 

sites indicated the sign of slope failure, others did not. Six sites showed the signs of land sliding. 

Slope failures that occurred at different levels of rainfall and soil moisture are shown by Figure 

38. 

 

Figure 38. Slope failure vs sites’ parameters. 
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The first row of Figure 38 plots rainfall vs. soil moisture; the second row plots soil types vs. soil 

moisture; and the third row plots land cover vs. soil moisture. The estimation of rainfall and soil 

moisture inducing landslides could be drawn from the plots in the above figure (Figure 38). The 

experiments revealed that slope failure occurred when the soil moisture content was at least 90% 

for the two sensors placed between 50–120 cm depth, whereas the top sensor (20 cm) recorded 

a minimum of 80%. It was also observed that Lean Clay and Elastic Silt are prone to slope 

failure as well as land covered by crops or grass. The prototype was tested on the land covered 

by crops, soil type of Lean Clay, and the following thresholds were used to provide various 

warning levels as described in Table 12.  

Table 12. Warning levels and Soil moisture thresholds. 

Warning 

level 

Soil moisture thresholds 

Sensor1(20 cm) Sensor2 (70cm) Sensor3 (120 cm) 

1 <=60 <=70 <=70 

2 >=60 >=70 >=70 

3 >=80 >=90 >=90 

Seven sites were selected to test the prototype. The test was done by wetting the soil above the 

cut slope above the house until a portion of the wet soil falls (or indicates the sign falling). Out 

of seven sites, five slopes showed the sign of failure (71.4%), while two sites could not fall even 

if the soil water content was above 92% for all sensors. The soil moisture contents recorded at 

each site are shown in Table 13. 

Table 13. Soil moisture content at slope failure on the tested sites. 

Sensor Site1 Site2 Site3 Site4 Site5 Site6 Site7 

1 88% 96% 93% 89% 93% 95% 83% 

2 97% 99% 97% 88% 96% 92% 89% 

3 94% 99% 95% 93% 99% 99% 92% 

Slope failure? Yes No Yes Yes No Yes Yes 

The prototype of SSEWS was placed above the cut slopes of the homes with the historical 

background of slope failures. The sensor nodes collect the soil moisture content and transmit it 

to the remote database.  In real time, data can be visualized and analysed over the system 

dashboard, as indicated by Figure 39.  
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Figure 39. The real-time soil moisture data from the system dashboard. 

In addition, an alert can be issued to the people in the area through the short message service 

(SMS), and only warning level 2 (Figure 40) and 3 (Figure 41) can be received via SMS whereas 

level 1 doesn’t need any caution. 

 

Figure 40. LEWS warning message (level 2) 
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Figure 41. LEWS warning message (level 3) 

Every ten minutes, the new data entry from the sensor node is recorded and stored in the 

database for later use and analysis. The system dashboard can be visualized online. 

5.5 Conclusion 

The main objective of this research is to design a low-cost SSLEWS for risks reduction in the 

landslide prone areas of Rwanda. The system prototype was developed, tested, and deployed. 

The data are collected from remote sites and pushed to a web database hosted on a remote server 

where they are stored, analyzed, visualized in a dashboard, Early warning messages are sent to 

the citizens around that area via SMS when the pre-set threshold values of the parameters 

inducing landslides are attained. In our future work, we will integrate rainfall data and machine 

learning into SSEWS. 
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CHAPTER 6 

CONCLUSIONS AND RECOMMENDANTIONS 

6.1 Conclusions 

The aim of this synopsis was to present the outcomes of PhD research on the prediction model 

and development of an early warning system for rainfall induced landslide risks reduction. This 

research was conducted by analysing historical rainfall and landslide incidences data along with 

other external and internal factors to develop a prediction model for landslide incidences for an 

early warning system. The prediction of landslide occurrence was done by using Random Forest 

(RF) and logistic regression (LR) machine learning techniques to identify the best model that 

can be used for LEWS. Different parameters were used to train the models, and the results 

revealed that landslides are triggered due to too much daily rainfall or low intensity over a 

prolonged period, but in most cases, landslides occur after a few consecutive (like 2–5) days of 

precipitation. In addition to the rainfall data, other parameters have been utilized to assess their 

impact on the disaster. The areas of high slope angle are more susceptible to landslides than the 

regions where the terrain is almost a plateau. Upon the results of the models’ evaluation, LR 

was considered the best model recommended for the early warning system. 

After the identification of the best prediction model, an experimental study was conducted to 

determine the rainfall and soil water content thresholds that can be fed into the landslide early 

warning system (LEWS) using the IoT technology. Various experiments have been conducted 

for the real-time monitoring of slope failure using a toolset composed of a rain gauge, soil 

moisture sensors, and a rainfall simulating tool. The findings reveal that the landslide occurrence 

threshold is controlled not just by total rainfall amount (or intensity) or soil moisture but also by 

internal (geological, morphological) and environmental factors. The experiments revealed that 

for a specific site, the soil moisture inducing slope failure was above 90% for sensor nodes 

placed at 50 cm or deeper. These values were used as thresholds for LEWS for that specific site 

to improve predictions. 

As presented in section 3.3, the site specific LEWS was designed, developed, and tested. The 

estimated thresholds determined in section 3.2 were used in the development of the SSEWS 

prototype. The system on the site consisted of a sensor node that gathers the soil moisture data 

from remote sites (test sites). The collected data are transmitted using a GSM/GPRS (Global 

Systems for Mobile/General Packet Radio Service) module over the cellular network to the 

database server and analysed for issuing alerts and visualized on a dashboard. The system was 

tested on different sites and shown to be 71.4% successful. 
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6.2 Recommendations 

The following recommendations are drawn from the above conclusions: 

 Researchers should explore more machine learning models to find out which ones can 

provide improved prediction capabilities, especially the FNR. 

 The most efficient model has been discovered to be logistic regression, which is 

suggested for LEWS development. 

 A similar experimental study as those conducted in chapter four [20] is recommended 

for the specific site before implementing LLEWS. The purpose of such an experiment is 

to determine the threshold for two landslide predictors, which are rainfall and soil 

moisture content. 

  More research is recommended to determine the daily and antecedent rainfall that can 

be used for the RLEWS. However, any daily rainfall that is above 100 mm should be 

considered as dangerous precipitation and a warning to the inhabitants should be issued. 

 Local LEWS, such as SSLEWSs [199], that use both rainfall and soil moisture data are 

advised in landslide-prone areas because regional LEWS only use rainfall data and are 

hampered by poor weather station dispersion, which in most cases is insufficient to cover 

the full area being monitored. 
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