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Abstract 
This study developed a flash flood prediction model for Nairobi, focusing on improving 

the city's resilience and emergency preparedness and response to flash floods. The study 

employed quantitative and experimental research design. A machine-learning model was built 

to predict flash flood occurrences using historical rainfall, soil moisture, and meteorological, 

hydrological, and topographical data. The key variables identified to influence flash flood 

occurrence were rainfall, soil moisture content, river discharge, and erosion degree, with 

rainfall showing the highest correlation (61%) to flash floods. Among various machine learning 

models, the Random Forest model outperformed others with an accuracy of 93.33%, recall of 

90.47%, and an F1 score of 0.90, making it the most reliable predictor. Other models, such as 

KNN, Logistic Regression, SVM, and ANN, also showed impressive performance. The 

developed model can potentially improve flood prediction which can lead to reduction on 

damages, enhance Nairobi's resilience to flash floods, and providing a reference for other urban 

areas facing similar climate challenges. It was recommended that Nairobi and similar 

metropolitan areas should invest in enhancing their drainage infrastructure to complement the 

predictive model's capabilities. Integrating this model into city planning, emergency response 

systems, and early warning systems could help in mitigating the risks posed by flash floods. 

Additionally, policymakers should prioritize land use planning and environmental conservation 

to address the key drivers of flash floods, such as soil erosion and improper land use. 
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Chapter 1: Introduction 

1.1 Background of the Study 

Flash floods are those more hazardous types of floods that can occur with little or no 

warning. Flash floods may result in water rising significantly in a short period (NOAA, n.d). 

In the recent past, due to climate change, there have been frequent flash floods with devastating 

consequences manifested in the degradation of infrastructures like roads, social amenities like 

parks, buildings, drainage, and affecting the population in general. A 2021 study by climate 

experts highlighted that climate change is worsening the effects of flooding, with human-

caused warming leading to heavier downpours—by 3-19% in regions like Western Europe, 

where flash floods claimed nearly 200 lives (Shukla, 2021). By 2022, approximately 20 percent 

of Germany’s population was at risk of flooding, while the Netherlands had the highest 

exposure in Europe, with around 60 percent of its population living in flood-prone areas. 

In Asia, where many countries are prone to monsoon seasons, climate models predict 

more intense flooding and prolonged monsoons due to increased greenhouse gas emissions 

(Lai, 2023). South and Southeast Asia, with densely populated low-lying cities, are particularly 

vulnerable to these climate-related flooding risks, which are expected to intensify in the future. 

A study published in September 2021 by the World Weather Attribution says there is a direct 

link between climate change and the extreme rainfall events that led to deadly floods in the 

Mediterranean region, including Greece, Turkey, and Libya. Researchers determined that 

climate change has made these flooding events between ten and fifty times more likely and 

intense (Igini, 2023). The analysis, which involved examining historical rainfall data, climate 

models, and socioeconomic factors, revealed that increased greenhouse gas emissions have 

intensified the hydrological cycle, leading to more frequent and severe rainfall. The study 

highlighted that Greece experienced a 1-in-250-year flood event, made ten times more likely 

and 4 out of 10 more intense due to human-induced climate change. In Libya, typically 

experiencing floods once every 300 to 600 years, the likelihood increased up to fifty times, 

with intensity rising by 50% compared to a cooler climate.  

In Eastern African countries, particularly Ethiopia, Somalia, and Tanzania, heavy rains, 

flash floods, and landslides caused significant disruption, with nearly 1.6 million people 

affected by May 30 2024 (OCHA, 2024). Among those affected, 528 people lost their lives, 

and approximately 482,320 individuals were displaced. While rains in Kenya, Somalia, and 

southeastern Ethiopia were projected to decrease in late May, the Climate Prediction and 

Applications Centre (ICPAC) announced on May 21, during the 67th Greater Horn of Africa 
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Climate Outlook Forum (GHACOF67), that other parts of the region were likely to experience 

above-average rainfall from June to September 2024 (Xinhua, 2024). Countries like Djibouti, 

Eritrea, central and northern Ethiopia, parts of Kenya, Uganda, South Sudan, and Sudan were 

forecasted to receive this heightened rainfall. This period was particularly critical in northern 

and western regions of the Greater Horn of Africa, as it often accounts for over 40 percent of 

annual rainfall and, in some areas, up to 90 percent. In Tanzania, heavy rains, landslides, and 

floods led to the loss of 155 lives and affected around 126,000 people by early May, according 

to local authorities (UNICEF, 2024). In Somalia, the Gu season rains (April-June) affected 

more than 268,000 people, displacing around 38,700 by mid-May 2024. Nine fatalities were 

recorded, and significant damage was done to schools, shelters, and infrastructure. 

In Kenya, between March 1st and May 29th, 2024, 315 people lost their lives, 188 were 

injured, and 38 were reported missing due to heavy rains and flooding (Grignon, 2024). More 

than 306,520 people (61,304 families) were affected, including an estimated 293,200 people 

(58,641 families) displaced (Voice of America, 2024). Floods also caused significant property 

damage and disrupted essential services. Tropical Storm Ialy, which struck the coastline on 

May 21, brought heavy rains, strong winds, and high waves, resulting in two deaths and six 

injuries. Several health facilities across seven counties were either flooded or made 

inaccessible, impacting healthcare services. Nairobi has not been spared of these consequences 

with erratic weather patterns that are hard to predict which brings devastating effects to the 

residents of the city. Sometimes the city is too cold or too hot with excessive rainfall.  

Apart from the climatic conditions, human factors like rapid population growth, 

increase in infrastructure development, and industrialization are among the factors that have 

led to social, environmental, and economic challenges. Urban development and 

industrialization have extensively changed the land use/land cover (LULC) and drainage 

pattern of the cities and urban centres (Zafar, 2024). According to Rukanga (2023), Nairobi 

with a population of over 4.5 million inhabitants, the sheer scale of the March/June 2024 

rainfall has exposed the city's infrastructure and planning weaknesses. Another factor that has 

put Nairobi at a disadvantage is its location, which is on top of the Nairobi River flood plains, 

with other rivers flowing through the city. In addition, some of the rivers have dried due to 

construction and urbanization, but during flooding, the flood waters find the original course of 

the dried rivers. The infrastructure has also not been at par with the growth of the human 

population, with most drainages blocked or over-utilized. 

Several studies have been conducted to handle flooding challenges globally by 

developing various forecasting models to handle flooding challenges globally. Lin et al. (2022), 
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in their research, developed a web-based prototype system for flood simulation and forecasting 

based on the HEC-HMS model. However, the study did not use parameters such as temperature, 

precipitation, and soil topography in its prediction. Rawas et al. (2024) reviewed innovative 

technologies such as artificial intelligence (AI)/machine learning (ML), the Internet of Things 

(IoT), cloud computing, and robotics used for flash flood early warnings and susceptibility 

predictions. This study primarily discussed flash flood technologies in general without a 

specific geographic focus, and it did not make use of climate change data in its prediction. The 

reviewed study mentioned the need to consider climate change impacts in future flash flood 

models. 

To effectively address the shortcomings and research gaps identified in existing flood 

forecasting models, this study proposes the development of a web-based machine learning 

model that incorporates both climate data and soil topography. Unlike previous models that 

often relied solely on historical data and overlooked the dynamic impacts of climate change, 

this approach integrated real-time climate variable such as temperature, precipitation, and wind 

speed with critical soil characteristics, including erosion levels and sensitivity to capping. By 

harnessing advanced machine learning algorithms, the study aimed at enhancing the accuracy 

of flood predictions while providing adaptive insights tailored to the unique hydrological 

context of Nairobi. This innovative model will not only fill the existing research void by 

focusing on the interplay between soil and climate factors but also support decision-makers 

with timely, data-driven alerts for flash flood risks. Ultimately, this work strives to contribute 

to the development of resilient flood management strategies, ensuring communities are better 

prepared for future flash flood challenges.  

1.2 Problem Statement 

Flash floods are a frequent and destructive natural hazard that has resulted in many 

fatalities, property damage, disruption of daily lives, and loss of life nearly every year in 

Nairobi (Kilavi et al., 2018). The most affected areas are informal settlements because of 

unsupervised land use and the building of semi-housing structures (Kaburu et al., 2019). The 

2024 floods significantly affected 43 counties, displacing 55,109 households and impacting a 

total of 101,132 households (Kenya Red Cross Society, 2024). The disaster led to 294 fatalities 

and 162 missing persons. Critical infrastructure was severely damaged, with 68 roads 

destroyed, 151 schools affected, and 1,373 businesses disrupted. Additionally, 11,539 livestock 

were lost, and 65,377 acres of crops were destroyed, posing a severe threat to food security. 



 4 

Public health was compromised, with 45 health facilities affected and 2,458 water sources 

destroyed, further worsening the situation for the affected population.  

Among the studies conducted in the line of flash floods, Kilavi et al. (2018) examined 

the correlation between multi-day heavy rainfall episodes and the active Madden–Julian 

Oscillation (MJO) phases alongside tropical cyclone activities, which contributed to enhanced 

moisture convergence over the region. This study utilized seasonal and short-term forecasting 

models to assess predictability. Wang et al. (2024) study innovatively combined deep learning 

methods, specifically a Temporal Convolutional Network (TCN), with flash flood simulation 

to predict the spatiotemporal dynamics of flash floods in complex terrains. The two studies are 

nearly identical to the current research in the sense that they are predicting flash floods. 

However, they used different prediction models and datasets to predict flash floods in different 

terrains from the current study.  

The lack of a reliable and efficient localized prediction model that is adapted to 

Nairobi’s geographic and climatic conditions is the problem this study seeks to address. While 

the Kenya Meteorological Department makes useful forecasts, weather predictions for 

localized phenomena such as flash floods prediction are inherently limited since the certainty 

of some of the warnings used are categorized as ‘moderate possibility of occurrence’ which 

makes the science of weather prediction imperfect (Mobanga & Amondi, 2024).  The study 

aimed to develop a prediction model utilizing machine learning models and advanced data 

analytics for predicting flash floods that have higher precision. The proposed model aimed to 

bridge these gaps in prediction methods and to increase disaster preparedness, resulting in 

lower financial losses and protecting the Nairobians' lives and means of subsistence.  The 

prediction model, therefore, could serve as a valuable basis for the Kenya Meteorological 

Department and the Kenya Red Cross Society in flood forecasting, disaster preparedness, and 

mitigation. 

1.3 Research Objective 

This study aimed to develop a machine learning model to predict flash floods in Nairobi. 

1.3.1 Specific Objectives 

i. To identify factors that influence the occurrence of flash floods in Nairobi County. 

ii. To develop a machine learning model to predict flash floods in Nairobi County. 

iii. To validate the accuracy of the developed model. 
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1.4 Research Questions 

i. What are the factors that influence the occurrence of flash floods in Nairobi County? 

ii. How can a machine learning model be developed to predict flash floods accurately? 

iii. How effective is the developed model to predict flash floods? 

1.5 Justification  

Rapid urbanization in the city has seen a decrease in the quality of infrastructure, such 

as natural drainage and waste management systems. With the increased population, the city’s 

infrastructure is overloaded and is even worse during rainy seasons. These heavy rainfalls have 

caused frequent flash floods that interrupt the daily activities of the city dwellers, destroy 

property, and put the residence health at risk from water borne diseases and other climate-

associated diseases.  A flash flood predicting model tailored towards Nairobi can provide timely 

warnings, allowing for better preparedness and response time and mitigating the adverse impact 

of flash floods.  

The beneficiaries of the flash flood prediction system in Nairobi are multifaceted, 

encompassing both local authorities and the general population. Government agencies, such 

as Nairobi County's disaster management and environmental departments, will benefit 

significantly from the predictive capabilities of this model. With the system providing early 

warnings based on real-time data, these agencies can proactively allocate resources, 

coordinate emergency response teams, and issue timely public alerts. This not only mitigates 

the damage caused by flash floods but also reduces the risk of casualties, infrastructure 

damage, and long-term economic impacts. Furthermore, the data-driven insights from this 

model will enhance urban planning efforts, allowing authorities to identify high-risk areas 

and implement flood-prevention measures in future development projects. 

The Red Cross, notably the Kenya Red Cross Society, will also be a key beneficiary 

of the flash flood prediction system in Nairobi. As a humanitarian organization dedicated to 

disaster response, the Red Cross Society plays a critical role in providing emergency relief, 

medical care, and shelter to those affected by floods. By integrating the predictive model into 

its operations, the Red Cross Society can significantly enhance its preparedness and response 

capabilities. Early warnings will allow the organization to mobilize volunteers, pre-position 

essential supplies, and coordinate with local authorities to reach vulnerable populations more 

efficiently. This proactive approach will not only save lives but also ensure that emergency 

interventions are timely and effective, minimizing the chaos and delays typically associated 

with sudden flash floods. Moreover, the Red Cross Society can use the system to coordinate 
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evacuation efforts and shelter management better. In areas at high risk of flooding, the 

organization can issue evacuation alerts to residents ahead of time, directing them to safer 

locations. Having accurate flood risk data allows the Red Cross to set up and manage 

temporary shelters in safer zones, ensuring that displaced families have access to adequate 

shelter, food, water, and medical care. This advanced planning, enabled by the flood 

prediction system, reduces the strain on emergency services and improves the overall 

effectiveness of disaster relief efforts. 

Additionally, the scientific community gets to benefit from this study as the factors 

identified as causes of flash floods and the model created will add to the body of knowledge 

by integrating data sources like meteorological data, topographical information, and flood 

historical records.  The model will use machine learning to increase the precision and 

dependability of flash flood prediction. 

1.6 Scope and Limitations 

The scope of this study focused on developing a flash flood prediction model for 

Nairobi, using a combination of meteorological, hydrological, topographical, and geospatial 

data to identify key drivers of flash floods. The study aimed to improve the city’s resilience 

and emergency response to such events through machine learning techniques, with a primary 

focus on predicting flash floods in urban areas.  

The study has several limitations. First, the model's performance is dependent on the 

availability and accuracy of historical data, which may be limited in some regions. 

Additionally, the study focused on flash floods in Nairobi and may not fully account for the 

unique challenges posed by different urban environments. The model's effectiveness may vary 

in other cities with different topographies, climates, and infrastructure. Finally, while the study 

highlighted the importance of certain variables, it does not address all possible contributing 

factors to flash floodings, such as human behaviour or long-term climate change impacts. 
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Chapter 2: Literature Review 

2.1 Introduction 

Flash floods are sudden and severe floods that can devastate infrastructure, disrupt daily 

life, and endanger human safety. Rapid urbanization, inadequate drainage systems, type of soil, 

and climate change all exacerbate the impact of flash floods in cities such as Nairobi, Kenya's 

capital. The increasing frequency and intensity of these events necessitate the creation of 

reliable prediction models to mitigate their negative consequences. This literature review will 

look at existing studies on flash flood prediction models, with a focus on how their application 

can be relevant in Nairobi. Various methodologies, technologies, and case studies will be 

reviewed to identify the most effective approaches for predicting flash floods in an urban 

African context. Challenges and limitations of these models will also be discussed, as well as 

potential areas for future research. The review will also address the models' challenges and 

constraints. 

2.2 Empirical Literature 

In the recent past and currently, climate change has manifested everywhere in the world, 

with melting glaciers in the Arctic, extreme heat waves in Europe, the Middle East, and the 

Americas, as well as heavy erratic rainfall in Africa and the Caribbean. While climate change 

can occur naturally, the current rapid trends have been caused by human activities (BBC 

News,2024). Among the effects of climate change are flash floods, and with this problem, many 

studies and experiments have been carried out to make predictions on flash floods and flooding 

in general in various cities around the world. The most notable studies have been done in 

Chinese cities, which have experienced heavier-than-usual floods that have led to the 

destruction of properties and loss of lives.  

This is a good initiative and leads to other cities or urban areas facing the same problem. 

The issue is that, sometimes, many of the countries and towns affected by flash floods are not 

aware of the causes or how to mitigate and minimize the flash flood damage. In the causes 

where they have information regarding how to create some sense of mitigation, they lack the 

technical know-how or even funds, rendering their methods ineffective and hence no 

consequence in the idea of prevention or proper mitigation. The effective of flash floods on 

infrastructure and the population in general cannot be underestimated.  To confront this issue, 

there is a need to create solutions that are workable and customizable to the specific region that 

is facing the challenge.   
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Wu, Bhattacharya, Xie, and Zevenbergen (2023) proposed an improved flash flood 

forecasting method by integrating Flash Flood Guidance (FFG) with a Frequentist approach. 

The study analysed rainfall data from the Posina River basin in Italy, focusing on 94 six-hourly 

rainfall events, including 23 flood events. The methodology involved calculating deviations 

from log-transformed rainfall data leading to flash floods and using Kernel Density Estimation 

(KDE) to model these deviations. The output was fitted to a Normal Distribution Function 

(NDF) to calculate flood probabilities. The study introduced three probability thresholds (10%, 

20%, and 60%) to classify flood risks into four categories: very low, low, significant, and high, 

with corresponding colour codes for straightforward interpretation. The findings showed that 

the Frequentist FFG method provided a range of flood probabilities (0% to 100%), improving 

accuracy in predicting flood risks and reducing false alarms compared to the traditional binary 

FFG system. This probabilistic approach aided decision-making by offering a more precise 

assessment of flash flood risks. 

A study on improving flood forecasting developed a web-based prototype system 

(WSFF) based on the Hydrologic Engineering Centre Hydrologic Modeling System (HEC-

HMS) model to address simulation challenges in web environments. The study used a dataset 

from the Chuanchang watershed in southeastern Fujian Province, China, to evaluate the 

WSFF’s performance. A hydrological model of the Chuanchang watershed was built, and 

empirical equations incorporating key parameters λ and V were established using data from 

nine historical flood events. These models and parameter identification knowledge were then 

integrated into the WSFF. The system’s accuracy was tested with three additional flood events. 

The WSFF demonstrated consistent and satisfactory performance in forecasting peak flow, 

total flood volume, and peak flow timing. The average Nash-Sutcliffe efficiency (NSE) was 

0.81 for validation events and 0.82 for calibration events. The relative error in peak flow (REP) 

was within 15%, and the timing error (RET) was within 1 hour, indicating reasonable accuracy. 

The WSFF, developed as open-source software, serves as a valuable tool for the hydrological 

community in applying HEC-HMS to flood forecasting efforts (Lin et al., 2022). 

A study by Al-Rawas, Nikoo, Al-Wardy, and Etri (2024) reviewed the application of 

emerging technologies for flash flood prediction and early warnings, including artificial 

intelligence (AI), machine learning (ML), the Internet of Things (IoT), cloud computing, and 

robotics. The study analysed articles published between 2010 and 2023 from databases like 

Google Scholar, Scopus, and Web of Science. The findings indicated that AI/ML technologies 

were the most used, applied in 64% of the studies, followed by IoT (19%), cloud computing 

(6%), and robotics (2%). Standard AI/ML methods included random forests and support vector 
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machines with high prediction accuracy (ROC and AUC > 0.90). However, these models 

require further optimization and larger test datasets for improvement. The integration of 

AI/ML, IoT, and cloud computing enables real-time dissemination of early warnings through 

platforms like SMS and social media, although issues with internet connectivity and data loss 

persist. AI/ML models commonly use topographical, geological, and hydrological variables for 

susceptibility prediction, but the variable selection lacks theoretical consistency. Future studies 

should consider incorporating sociodemographic, health, and housing data for more reliable 

flood risk assessments, as well as projections under different climate change scenarios to aid 

long-term adaptation strategies. 

According to the study conducted by Wang et al. (2024), a novel approach combining 

deep learning methods with hydrodynamic models was developed to improve flash flood 

simulation, particularly addressing challenges such as data scarcity, small sample sizes, and 

complex terrain. The study proposed a Temporal Convolutional Network (TCN) model to 

predict the spatiotemporal dynamics of flash floods. Typical rainfall patterns were extracted 

from the study area, and a hydrograph dataset was generated using design storm methods, 

incorporating various rainfall patterns and return periods. The TCN model's performance was 

benchmarked against a Convolutional Neural Network (CNN). The findings revealed that the 

TCN model effectively predicted flash floods, with average Mean Absolute Error (MAE), Root 

Mean Square Error (RMSE), and Nash-Sutcliffe Efficiency (NSE) values of 0.04, 0.17 and 

0.834, respectively, on the validation set. Although the CNN model performed better in small 

flood scenarios, the TCN model showed better stability, fewer outliers, and higher consistency 

during the flood's recession period. The TCN-based rapid simulation method demonstrated 

strong capability in capturing the dynamic characteristics of flash floods, particularly in 

mountainous areas, offering a promising new method for flash flood prediction and early 

warning. 

In a study by Kilavi et al. (2018), the exceptionally wet Long-Rains season (March-

May) of 2018 in Kenya was examined to understand the causes, impacts, and predictability of 

extreme rainfall events, with a focus on implications for flood risk management. The study 

found that the unusually high rainfall totals in March and April resulted from multiple multi-

day rainfall episodes rather than single extreme daily events. Three significant intra-seasonal 

rainfall events led to widespread flooding, causing loss of lives, displacement, infrastructure 

damage, and disruption of essential services. These events were linked to active phases of the 

Madden–Julian Oscillation (MJO) and tropical cyclones over the southwest Indian Ocean, 

which drove moisture convergence and enhanced convection over Kenya. Predictability of the 
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rainfall events was assessed, revealing that while long-lead seasonal forecasts showed limited 

ability to predict heavy rainfall, sub-seasonal and short-term forecasts provided more precise 

signals of extreme weather, mainly due to skill in predicting MJO activity. The study highlights 

the need for integrating sub-seasonal and short-term forecasts to improve flood preparedness 

in Kenya, as well as the importance of differentiating between forecast lead times for Kenya’s 

two wet seasons. Enhanced early warning and action systems for flood management were 

recommended, especially given the short anticipatory window during the long rain season. 

In a study conducted by Tom et al. (2022), urban flood modeling in developing cities, 

with a focus on informal settlements such as Mukuru slums in Nairobi, Kenya, was reviewed. 

Informal settlements, characterized by unplanned housing and inadequate infrastructure, face 

heightened flood risks that have been underexplored compared to rural flooding. The study 

emphasizes the need for flood modeling as a key component of integrated flood risk 

management in urban settings. A desk review was conducted to explore various flood models, 

their strengths, limitations, and the role of model calibration and stacking in addressing 

uncertainties and capturing flood dynamics at multiple scales. Model stacking was highlighted 

to understand flood risks across different city scales. The review gathered literature from 

sources such as Google Scholar, ScienceDirect, and Elsevier, focusing on studies from 1990 

onwards. The study underscores the growing flood risks in informal settlements as cities 

expand and call for better flood modeling practices to manage these risks effectively. Figure 

2.1 shows events that will lead to flooding in urban areas. 

 

 

Figure 2.1: Schematic representation of flooding in urban areas (Tom et al., 2022) 
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2.3 Theoretical Literature 

2.3.1 Types of Floods 

There are two primary types of floods: flash floods and river floods. A flash flood is a 

flood that begins within 6 hours, and often within 3 hours, of a heavy rainfall (NOAA, n.d). 

Flash floods occur when water levels rise quickly due to heavy rain, especially in low-lying 

areas. These events are hazardous because of their sudden onset and the speed at which they 

can develop, often leaving little time for people to seek higher ground or take protective actions. 

Flash floods are widespread in regions with arid climates and rocky terrain, where the absence 

of soil or vegetation reduces the natural barriers that could slow or absorb the flow of rainwater. 

Flash floods can result from a variety of causes, but they most commonly occur due to intense 

rainfall from thunderstorms. In some cases, they can also be triggered by dam or levee failures, 

as well as mudslides or debris flows. Several factors influence how quickly flash flooding may 

develop and where it occurs, including the intensity and location of rainfall, land use, 

topography, vegetation types and density, soil type, and the soil’s water content (National 

Severe Storms Laboratory, n.d). Urban areas are especially susceptible to rapid flooding. 

Rainfall from the same storm can lead to more severe flooding in cities compared to suburban 

or rural areas. This is because impervious surfaces, such as roads and buildings, prevent water 

from soaking into the ground, causing it to flow into low-lying areas quickly. Flash floods 

happen so swiftly that they often catch people off guard. If individuals are travelling, they can 

face dangerous conditions if they encounter high, fast-moving water. At home or in businesses, 

the rising waters can trap people or cause property damage before they have a chance to respond 

or take protective measures. 

On the other hand, river flooding happens when the water in a river exceeds the capacity 

of its banks, causing it to overflow. This type of flooding is more frequent in regions with wetter 

climates, extended rainy seasons, or areas near melting snow and ice, where the accumulated 

water cannot be held within the river's channel (Zurich Insurance Group, 2024). River floods 

can cause widespread destruction as the overflow impacts smaller rivers downstream, 

potentially leading to dam and dike failures that flood surrounding areas. To assess the 

likelihood of river flooding, models consider historical and forecasted rainfall, current river 

levels, and soil and terrain conditions. The severity of a river flood depends on the landscape 

and the duration and intensity of rainfall in the river's catchment. Additional factors include 

soil saturation and the effects of climate change on rainfall patterns. In flat areas, floodwaters 

tend to rise slowly and remain shallow but may persist for several days. Conversely, in hilly or 
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mountainous regions, floods can occur quickly after heavy rainfall, drain rapidly, and cause 

significant damage due to debris flow. 

2.3.1 Causes of floods 

Several studies have been conducted to determine the causes of flooding in urban areas 

and cities. Among the causes mentioned are inadequate planning, lack of proper provisions of 

services and equipment, focusing on areas that are vulnerable to flooding, and extreme 

increases in rainfall frequency that have been attributed to climate change (Ramiaramanana & 

Teller, 2021).  According to Ferreira et al. (2010), growth in urbanization poses several risks 

related to water management issues, such as food shortages and deterioration of water quality, 

which renders the population vulnerable. Because of the harsh weather and 

hydrometeorological circumstances, Ferreira et al. (2021) state that the increase in urbanisation 

possess several risks among the water management problem like degradation of water quality, 

therefore making the population vulnerable. Urbanization and global warming exacerbate 

flooding because of high and extreme hydrometeorological conditions. Today, 56% of the 

world's population lives in urban centres and the percentage is projected to increase to nearly 

68% by 2050 driven by urbanization trends especially in Africa and Asia (United Nations, 

2018; World Bank, 2023). This population pressure, coupled with inadequate facilities in third-

world cities like Nairobi, has made it very hard to control flash floods in the cities because the 

abandoned wetlands or rivers beds are used by those who do not get job opportunities to build 

informal housing.  

Other scholars argue that floods are caused by drainage basin conditions, soil 

characteristics and permeability, soil moisture content and its vertical distribution, rate of 

urbanization, and the presence of dykes, dams and reservoirs (Kundzewicz et al., 2013). 

Brackenridge et al. (2012) argue that floods are caused by extreme storm surges or extreme 

tide events, but this can only apply to areas around bigger lakes or oceans.  It seems from these 

scholars that they agree on the causes of flooding, with significant note being rapid 

urbanization. 

2.3.2 Effects of the floods 

Flooding, particularly flash floods, can wreak havoc on entire cities and urban 

landscapes. Historically, rapid flooding has claimed many lives, often resulting in secondary 

disasters such as landslides and infrastructure collapses. One of the most severe consequences 

of flooding is the loss of homes and personal property, along with the incapacitation of vital 
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buildings and infrastructure, including hospitals and care facilities for the elderly. Disruptions 

to power and mobile communication are common during floods, which can hinder access to 

safety and affect people's livelihoods. 

The economic impact of floods can be substantial, significantly affecting critical 

industries and sectors such as agriculture, fishing, food production, healthcare, labour, and 

tourism. Research suggests that recurrent flooding could reduce a region's GDP by as much as 

11% by the end of the century (Lai, 2023). Recovery from such resource losses can take 

countries years. Individuals residing near rivers, in wetter climates, or areas prone to monsoon 

seasons are particularly vulnerable to flooding. Countries in South and Southeast Asia, such as 

Bangladesh which experienced a third of its land submerged at one point in 2020 and India, 

have faced severe flood events in recent years due to their low-lying geography and dense 

populations (Mishra, 2024). As a result, there has been significant mass migration and 

population displacement over the past few decades, leading to overcrowding in urban areas and 

an increase in urban poverty. This trend raises concerns about long-term social inequalities and 

potential unrest. 

Flooding has been a recurring problem in Nairobi, Kenya, wreaking havoc on the city's 

infrastructure, economy, and citizens' daily lives. Nairobi has seen regular flooding, with 

significant floods happening about every two years on average. Between 1964 and 2004, Kenya 

saw 17 catastrophic floods, each impacting around 70,000 people. Climate change, 

urbanization, and insufficient drainage systems have all had an impact on how frequently these 

disasters occur (Kilavi et al., 2018).  Significant loss of life and displacement have occurred 

due to floods. For example, in recent years, heavy rains and floods have killed hundreds of 

people and displaced thousands. In May 2024 alone, 267 people died, and 281,835 people were 

displaced because of persistent heavy rains (OCHA, 2024). In addition, there has been 

significant damage to infrastructure, such as roads, bridges, and buildings. The consequences 

of flooding on the economy are substantial. Floods cause livestock losses, crop destruction, 

and disruptions to commercial operations. Nearly 10,000 animals perished, and 41,562 acres 

of crops were damaged in 2024. The financial resources of the city are further taxed by the 

expense of reconstructing and fixing damaged infrastructure.   

Rukanga (2024) states that health and sanitation problems are made worse by flooding, 

especially in informal settlements. Contaminated water sources and overflowing sewers 

increase waterborne disease risk. Particularly vulnerable are slum areas like Mukuru and 

Mathare due to inadequate waste disposal and drainage systems—environmental 

repercussions, including biodiversity loss and soil erosion. The natural absorption capacity of 
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the land has been diminished by urban development's encroachment on riverbanks and 

wetlands, making the flooding situation worse. 

2.3.3 Triggers to surface water runoff 

Soil water repellence (hydrophobicity) is the reduction of the affinity of soil to retain 

water such that the soil resists water wetting for long periods ranging from seconds to even 

weeks. This, in effect, reduces the infiltration capacity of the soil, which enhances flow and 

accelerates soil erosion, uneven wetting patterns, and leeching of agrochemicals.  They go 

ahead and state that clay and sand percentage determine the infiltration and water-holding 

capacity of the soil. High clay content can be related to high water retention capacity and vice 

versa. Aggregated clay content causes soil to be fractured, which promotes drainage under wet 

conditions. In addition, canopy and tree covers also affect soil moisture content, with high 

vegetation cover reducing the surface runoff but negating evaporation due to shading. This, in 

contrast, is reversed by transpiration from the vegetation leaves (Doerr et al., 2000). 

Cheng et al. (2016) maintain that Nairobi areas have block cotton soil, which shrinks 

or swells depending on weather conditions. In his text, Mwangangi (2023) asserts that many 

places in Nairobi and the satellite towns around it have blocked cotton soil. He goes on to say 

that black cotton soil has high plasticity because of the high clay content, which makes it retain 

and absorb a high amount of water and retain it for an extended period, especially during wet 

seasons. Because of the high retention of water, the soil has low water permeability, which 

causes high water stagnation. The black cotton soil in Nairobi and its environment makes the 

region experience flash floods.  

2.3.4 Other Solutions 

Among the notable mentions of alternative ways of predicting floods is the Nature-

Based Solution (NBS), which was suggested by Ferreira et al. (2021). They assert that there is 

a need to use vegetation to control flooding by planting trees and grass in flooding zones. The 

main problem with this suggestion is that it is influenced by design and placement aspects. 

Berlin and other Chinese cities have implemented these solutions. Examples of this include 

reforestation and afforestation, wetland restoration, green infrastructure, and sustainable land 

management (Pakistan Department of Economic and Social Affairs, 2023).  Bibi et al. (2023) 

suggest Storm Water Management Simulation (SWMS). They claim the drainage system 

malfunctions due to the impervious nature of cities’ soils and variations in rainfall intensity. In 

their argument, these methods check land use and climate change impact. From this test, peak 
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surface run off, infiltration rate, and flooding volume can be measured. The drawback with this 

solution is that it is more of a reactive approach than a proactive approach, and by the time the 

solution comes to those affected, the damage will have already been done.  

There is another method of predicting flash floods in cities. It involves measuring the 

varying water levels in rivers in the towns and streams.  The process uses Supervisory Control 

and Data Acquisition (SCADA) techniques. Here, computers with sensors are used with the 

sensors placed in the flowing riverbeds. The computers are networked with 3G, which means 

when there is a flood, the river level swells, and the colour of the water turns muddy. This, in 

return, notifies the populace of the danger coming (Achakakorn et al., 2014; Intharasombat & 

Khoenkaw, 2015). This method has a weakness in that it can only be used in situations where 

there is a river flowing within a city. In addition, there might be inaccuracy in river colour 

water, or the sensor might send false alarms due to winds.  

Pannamperuma and Rajapakse (2020) suggest the use of the Digital Elevation Model 

(DEM). In this method, GIS software is used to model ponds to control floods. Excessive 

rainwaters are directed to ponds, which are strategically located to avoid overflow in pavements 

and residential areas. The weakness of this method is that it is costly to implement and not ideal 

for a city like Nairobi, which is a low-lying water catchment zone.  Among the many solutions 

mentioned is the Synthetic Aperture Radar method.  This involves the processing of images of 

a region from two separate dates and then comparing to check whether water and non-water 

differentiation. From the images of the result, predictions will be made as to whether there is 

flooding or the absence of floods. The disadvantage of using this method is that it can be 

affected by localized factors like tall buildings' shadows and vegetation, which may make the 

results inaccurate. It also ignores hydrometeorological conditions and focuses primarily on 

human factors (Jardosh et al., 2020).  

2.3.5 Machine Learning Models 

When A.L. Samuel, an American computer scientist, developed a self-learning checkers 

software in the late 1950s, he came up with the phrase ‘machine learning.’  However, it was 

not until the 2000s that machine learning became a widely accepted term thanks to 

improvements in processing power and greater accessibility of massive data. According to 

Mitchell (1997), machine learning is a subset of artificial intelligence. Machine learning, 

according to Ratner (2017), is the ability of a machine to learn a data structure without explicit 

programming. As a result, machine learning uses statistical models and algorithms to perform 

various mathematical operations on collected data and discover patterns and relating within 
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them. In conclusion, sampling data, also referred to as training data, is the primary goal of 

machine learning. Consequently, statistical theory is used in machine learning to create models 

that depict patterns in data that, if found, can generalize complicated problems.  

Machine learning (ML) and artificial intelligence (AI) have emerged as effective tools 

for forecasting flash floods. Random forests, support vector machines, and neural networks 

have been used to predict flash flood risk and provide early warnings. These models can analyse 

large datasets and detect complex patterns that traditional models may overlook. AI/ML models 

have been shown in studies to be highly accurate, with receiver operating characteristics (ROC) 

and areas under the curve (AUC) greater than 0.90. However, these models require a large 

amount of training data as well as computational resources (Al-Rawas et al., 2024). 

According to Alpaydin (2014), the model may be applied to description, prediction, or 

both. Descriptive models aid in describing and understanding a situation by illuminating the 

structure of the facts, whereas predictive models forecast future conditions based on data that 

characterize previous events (Witten, Frank, Hall, & Pal, 2017). The two primary categories of 

machine learning are distinguished by the various data input architectures that are utilized. 

These consist of both supervised and unsupervised learning. Supervised learning is a machine 

learning paradigm in which the model is trained using a labelled dataset. This implies that each 

training example is associated with an output label. The model's goal is to learn the mapping 

from inputs to outputs so that it can predict the outcome for new, previously unseen data. 

Supervised learning is commonly used for tasks such as classification and regression, whereas 

unsupervised learning involves training a model on data with unlabelled responses. The goal is 

to find hidden patterns or intrinsic structures in the input data. This type of learning is 

commonly used for clustering, association, and dimensionality reduction. 

2.3.5.1 Decision Trees  

Decision trees are a supervised learning algorithm that can be used for classification as 

well as regression. They split the data into subsets based on the value of input features, resulting 

in a decision tree-like model. Each internal node represents a "test" of an attribute, each branch 

represents the result of the test, and each leaf node represents a class label or a continuous 

value. The concept of decision trees originated in the 1960s, with early work by Hunt, Marin, 

and Stone. Breiman introduced the most notable algorithm, CART (Classification and 

Regression Trees), in 19841. Since then, decision trees have evolved dramatically, with 

numerous variations and improvements (Blockeel et al., 2023). Decision tree analysis entails 

visually depicting the potential outcomes, costs, and consequences of a complex decision. 
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These trees are beneficial for analysing quantitative data and making numbers-based decisions.  

Figures 2.2 and 2.3 show how decision trees work and how they can be used in flood prediction.   

 
Figure 2.2: How Decision Tree works (Kanade, 2022) 

 

 
Figure 2.3: Use of decision tree in predicting floods (Pham et al., 2021) 

2.3.5.2 K-Nearest Neighbours 

The k-nearest neighbors (k-NN) algorithm is a fundamental machine learning method 

that is well-known for its simplicity and effectiveness in a wide range of applications. The k-

nearest neighbors’ algorithm is a nonparametric method for classification and regression. It 

works by identifying the k closest training examples in the feature space to a given test instance 

and making predictions based on their proximity. K-NN's simplicity and intuitiveness make it 

a popular choice for a wide range of practical applications. This algorithm was used in 

Bangladesh by Gauhar et al. (2021) to make flood predictions for the Bengal River. The 
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principles use the Pearson correlation coefficient (rxy), which measures the strength of existing 

linear relations between two variables (e.g., x and y). 

 
 

Where n, xi, yt, and y respectively represent several data points, value of x (ith observation), with 

the mean of x, value of you (for ith observation), and mean of y. Spearman’s rank correlation 

coefficient (rs) is a measure of strength and direction between any of the two ranked variables. 

 
 

Where n and di denote the number of cases and the difference between paired ranks, 

respectively, after correlation analysis, the following equation is used for feature selection. 

 

 

2.3.5.3 Hybrid Models 

Combining multiple techniques, processes, or algorithms to maximize their benefits 

and minimize their downsides is the goal of hybrid machine learning models. Performance, 

accuracy, and resilience may all be enhanced by this approach (Ankita Bhattacharya, 2022). 

One of the hybrid models that stands out is architectural integration, which mixes two or more 

classical algorithms. The Adaptive Neuro-Fuzzy Inference System (ANFIS), which combines 

artificial neural networks and fuzzy logic, is an example. An additional approach is the 

information control model, which combines conventional machine learning techniques with 

data manipulation techniques. One example of this type of model is the PCA-ANN Hybrid 

Model, in which an Artificial Neural Network (ANN) is used after Principal Component 

Analysis (PCA) reduces the dimensionality of the data. The case Adaptive Neuro-Fuzzy 
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Inference System was used by Nhita et al. (2015) for rainfall forecasting in Bandung. Figure 

2.4 shows the flow of the ANFIS. 

 

Figure 2.4: ANFIS (Nhita et al., 2015). 

2.4 Frameworks 

With the use of a machine learning framework, data scientists and software engineers 

may build machine learning models without having to figure out the underlying statistical and 

mathematical foundations of the algorithms. It makes development easier by removing the need 

for programmers to start from scratch every time they create a specific application. Machine 

learning frameworks comprise several related working libraries that facilitate the development 

of machine learning models, as will be covered in more details in the following sections. 

2.4.1 PyTorch 

PyTorch is a Python programming library designed to support deep learning 

applications. Deep Learning for Computer Vision, an expert approach to training complex 

neural networks using TensorFlow and Keras, provides responsiveness and ease. PyTorch 

facilitates deep neural network development. It is used for many different purposes and has a 

wide range of applications. PyTorch, like Python for programming, is a tool that can be used 

in expert real-world applications and serves as an excellent introduction to deep learning 

(Imambi et al., 2021). Figure 2.5 shows the PyTorch Model. 
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Figure 2.5: The Flow Diagram of the PyTorch Model (Hoc et al., 2023). 

 

 

2.4.2 Keras 

Bindings to deep learning libraries such as TensorFlow, CNTK, Theano, and the 

recently released Deeplearning4j are made possible via the Python wrapper framework Keras. 

It is available for free under the MIT license and was created for quick testing. Keras can 

function equally effectively on central processing units (CPUs) and graphics processing units 

(GPUs) because of their underlying frameworks (Nguyen et al., 2019). 

2.4.3 Scikit Learn 

The most reliable and practical Python machine-learning library is called Scikit-learn 

or Sklearn. A Python consistency interface offers a range of effective tools for statistical 

modeling and machine learning, including regression, clustering, classification, and 

dimensionality reduction. This library is based on NumPy, SciPy, and Matplotlib and is mostly 

developed in Python (SciKit Learn Tutorial, n.d.). According to Abraham et al. (2014), a two-

dimensional array of size-sampled features can be used as data for any object or technique 

using scikit-learn. Its wide application across all disciplines is provided by this convention. All 

Scikit-learn objects share this consistent set of operations: Estimators can apply models to data, 

Predictors can create predictions based on fresh data, and Transformers may convert data 

between different representations. 
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2.5 Gaps in the Existing Systems 

Even with the latest technological developments and technical expertise in weather 

pattern prediction, there are still gaps in the models used to predict flash floods, particularly in 

Africa where there is a dearth of data and literature about system implementation. To begin 

with, the River Nzoi Basin is the only significant prediction model in Kenya that has been 

reported, leaving other regions without any predictions. Additionally, Nairobi's climate is not 

comparable to that of the Nzoia basin. Secondly, the advanced models, particularly those 

developed by the Chinese, are not adaptable to Nairobi; as a result, they are unable to accurately 

forecast flash floods in Nairobi. Implementing some of the recommended strategies will cost 

money. For instance, they need costly devices, gear, and networking capabilities, all of which 

are difficult to maintain and buy in Nairobi, a Third World city. Furthermore, the security of 

these devices cannot be assured. Lastly, some researchers have focused on just one aspect of 

weather measurement, such as rainfall, failing to consider the multitude of variables that might 

cause surface runoff. This research did not consider several aspects, including plant cover, soil 

moisture content retention patterns, slope patterns, human activities, and soil type.   In 

summary, a user-friendly, safe, and customizable paradigm is required for usage in cities, 

particularly in developing nations like Kenya. 

2.6 Conceptual Model 

The problem at hand is rationalized in the conceptual framework, along with a 

suggested solution that the study intends to implement. Through the user interface, the required 

dataset will be entered by the user. After querying the trained models for flash flood prediction, 

the user will be provided with a decision from the three best performing models. K Nearest 

Neighbour (KNN), Random Forest (RF), Support Vector Machine (SVC), Artificial Neural 

Network (ANN), and Linear Regression (LR) algorithms will be used to train and assemble the 

model. Slope position, surface stoniness, area affected, erosion degree, sensitivity to capping, 

wind speed, temperature, soil moisture percentage, humidity, rainfall, river discharge, land use 

type, and elevation features will be used to train the models, which will then be combined to 

link across columns with various surface shapes. An assessment of the model’s prediction will 

be given showing the categories of flash flood event. All these applications are required to 

ensure a seamless pipeline that ingests raw data, processes and splits it into training and testing 

sets, applies various machine learning models through a user-friendly prediction interface, and 

delivers accurate and interpretable prediction results to the user by integrating data handling, 

model inference, and database interaction.  Figure 2.6 depicts the model’s solution. 
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Figure 2.6: Conceptual Model of the solution. 
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Chapter 3: Research Methodology 

3.1 Introduction 

The growing frequency and intensity of flash floods in urban areas such as Nairobi 

necessitated the development of reliable prediction model to limit their negative consequences. 

The goal of this study was to create and apply a predictive model that is suited to Nairobi's 

specific hydrological and meteorological circumstances. The methodology used in this study 

was designed to ensure a thorough understanding of the components that contribute to flash 

floods and the development of a dependable prediction framework. The study technique was 

separated into major phases that is, research design, identifying target population, creating a 

sample size, data collection, preprocessing, model creation, and finally validation. Each phase 

was precisely constructed to handle the unique issues associated with flash flood prediction in 

Nairobi.  

According to Igrewnagu (2016), research methodology is the systematic, theoretical 

analysis of the methods applied to a field of study. It encompasses the theoretical analysis of 

the body of methods and principles associate with a branch of knowledge.   Kumar (1999) 

states that research is a way of thinking which examines critically the various aspect of day-to-

day professional work, understanding and formulating guiding principles that govern a 

particular procedure, develops, and test new theories that contribute to the advancement of a 

field or profession. The adoption of choice regarding research design, data collection, and the 

target population provided the research with legitimacy and perspective on the study’s 

boundaries. Methodology used by researcher supported the validity of the study (Somkh & 

Lewin, 2005).  

3.2 Research Design 

Research design is a procedural plan that is adopted by the research to answer questions 

validly, objectively, accurately and economically (Kumar, 1999). In their study, Kamiri and 

Mariga (2021) discovered machine learning research works mostly use quantitative analysis in 

combination with experimental research designs. Therefore, quantitative and experimental 

research methods was used this study as well to align with what other scholars use in the same 

field.  Quantitative in the sense that there was calculation of data through machine learning 

algorithms and experimental since the data was divided into testing and training then the 

created model was evaluated with the testing dataset to validate its accuracy.  
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3.3 Target Population 

The area of study for this research was Nairobi city as depicted in figure 3.1. Data used 

was secondary data related to climatic and topographic conditions of the city.  

 

Figure 3.1: Map of Nairobi and satellite towns. 

3.4 Sample Size 

A sample size of 10% to 30% is needed for a descriptive survey (Mugenda & Mugenda, 

2003). Rainfall and soil dataset from 2000 to 2022 was used as sample as data sample size to 

carry out this study and it was split for training and testing portions.  In his article Brownlee 

(2020) said there is no optimal percentage in splitting the training and test datasets for machine 

learning however, the common split percentages are 70/30, 67/33, and 50/50. To avoid the 

model being biased and creating the false impression of a higher accuracy model, 30% of the 

dataset was utilized for testing and the remaining 70% for training. Because it strikes a suitable 

balance between training the model and evaluating its efficacy using the data at hand, the 70/30 

rule is frequently used in machine learning a suggestion supported by Dobbin and Simon (2011) 

that a model may be trained on a large enough sample to identify patterns in the data and 

provide an estimate of its generalization performance on fresh data by designating 70% of the 

data as the training set and 30% as the testing set. 
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3.5 Data Collection 

The dataset for this study was obtained from NASA’s Prediction of Worldwide Energy 

Resources (POWER) project, accessible via the POWER Data Access Viewer (NASA, 2024). 

This platform provided a comprehensive collection of climate data, which was crucial for the 

development of our machine learning model. Specifically, the dataset included historical 

climate variables that is temperature, rainfall, soil moisture, humidity, and wind speed, 

spanning from the year 2000 to 2022. These climate variables were used to analyse patterns 

and forecast flash floods in the Nairobi region. In addition to climate data, the study 

incorporated soil topographical data, which was collected from local geological and 

hydrological studies. Table 3.1 and 3.2 show all the variables that were used in the analysis and 

model development. 

Table 3.1: Climate Parameters 

Description Units 

Temperature at 2 Meters Maximum °C 

Wind Speed at 50 Meters Maximum m/s 

Humidity % 

Rainfall  mm 

Soil Moisture % 

River Discharge M3s 

 

Table 3.2: Soil Topography Parameters 

Parameter Description Values/Options 

Slope Position Topographic position based on 

elevation 

H: Hilltop or Upper slope, 

D: Depression or Valley, 

M: Mid-slope or Middle 

position, L: Lower slope 

Surface Stoniness Presence of significant surface 

stoniness 

N: None (No significant 

surface stoniness) 

Area Affected The proportion of the area affected 

by erosion or deposition 

Numerical value (e.g., "1" 

for 1% area affected, "4" 

for 40% area affected) 

Erosion Degree Degree of erosion severity S: Slight erosion, V: Very 

severe erosion 

Sensitivity to 

Capping 

Sensitivity of soil to capping (hard 

crust formation on the soil surface) 

N: None (No sensitivity to 

soil capping) 

Land use type Classification of the urban areas 

based on various categories 

Agriculture, forest, urban, 

wetland 

Flood occurrence The overflow of water 1 for flood 

0 Otherwise 
 

https://power.larc.nasa.gov/data-access-viewer/
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3.6 Data Pre-Processing  

Pre-processing is an essential step in data validation. The purpose of data pre-

processing was to convert the data into a suitable form that algorithms can use since the 

algorithms only read data which are in numerical forms. Three main preprocessing steps that 

were applied to the dataset are data cleaning, feature encoding, and feature scaling. The pre-

processing was done using Python programming language. 

3.6.1 Data Cleaning  

In the real world, data is often noisy and unstructured, making data cleaning a crucial 

step in ensuring the accuracy and reliability of any predictive model. This process involved 

identifying and addressing anomalies, such as missing values and outliers, to enhance the 

dataset’s quality. In this study, data cleaning focused on handling missing values and smoothing 

out noise to ensure consistency in the dataset. The completeness of data allowed for seamless 

data preprocessing, ensuring that the model’s predictions were based on a robust and well-

structured dataset. 

3.6.2 Features Encoding  

In ML models, all inputs and outputs are required to be numerical variables. Therefore, 

when there are categorical data, it must be encoded before using it in the model, and this is 

called features encoding (Breskuvienė & Dzemyda, 2023).  Feature encoding is the pre-

processing of the categorical data when working on a model of ML algorithms. There are 

several techniques to encode categorical features, such as Label Encoding, One-Hot Encoding, 

Frequency Encoding, Ordinal Encoding, Binary Encoding, Hash Encoding, and Mean/Target 

Encoding. In this study’s dataset, there were five categorical features, namely slope position, 

surface stoniness, erosion degree, sensitivity to capping, and land use type. To encode these features 

into numeric features, Label Encoder was employed because it is simple, efficient and 

maintains the order of categorical values. 

3.6.3 Features Scaling  

Feature scaling is a crucial preprocessing step that normalizes independent variables to 

ensure consistency across different scales, enhancing the performance of machine learning 

algorithms. By transforming data into a smaller range, typically between 0.0 and 1.0, feature 

scaling helps reduce error rates and accelerate the training process by preventing models from 

being biased toward larger numerical values. Several techniques exist for scaling data, 

including MinMaxScaler, StandardScaler, MaxAbsScaler, and RobustScaler, each with its 
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unique approach to handling different types of distributions. In this study, the MinMaxScaler 

technique was applied to the dataset, ensuring that all features were rescaled proportionally, 

thereby improving the efficiency and accuracy of the predictive model. 

3.7 Splitting Dataset  

The train-test split process was used. The data was first divided into features (X) and 

labels (y). The data frame was further split into training and testing sets of 70% and 30% 

respectively. X_train, X_test, y_train, and y_test. The X_train and y_train sets were used to 

train and fit the model, while the X_test and y_test sets were utilized to evaluate the model's 

performance in predicting the correct labels. Additionally, the sizes of the train and test sets 

were explicitly tested, with a recommendation to keep the training sets larger than the test sets. 

This process can be viewed on this GitHub repository Flash Flood Prediction Model repository. 

3.8 Data Analysis 

The study employed a classification-based approach to predict the occurrence of flash 

floods by analysing historical climate data and soil characteristics spanning from the year 2000 

to 2022. The primary objective was to develop a predictive model capable of estimating the 

probability of floods occurring in specific areas. To achieve this, the study integrated multiple 

climate variables, including temperature, wind speed, and rainfall, alongside essential soil and 

terrain features such as erosion degree, area affected, and sensitivity to capping. These factors 

were chosen based on their established influence on flood susceptibility, ensuring that the 

model could effectively capture key patterns that contribute to flash flood events. By leveraging 

this diverse dataset, the study aimed at building a robust and reliable model that can aid in early 

warning systems and disaster preparedness initiatives. 

To develop the predictive model, the study employed a variety of classification 

algorithms, including Linear Regression, Random Forest, K-Nearest Neighbors (KNN), 

Artificial Neural Networks (ANN), and Support Vector Machines (SVM). Each of these 

algorithms was selected based on its ability to handle complex, high-dimensional data and 

identify meaningful relationships between independent variables and flood occurrence. Linear 

Regression, often used for establishing baseline models, helped in understanding the linear 

relationships among the variables. Random Forests, known for their ensemble learning 

capabilities, contributed to improved accuracy and robustness by aggregating multiple decision 

trees. KNN, a distance-based algorithm, was employed to assess local similarities in the data, 

while Artificial Neural Networks introduced deep learning techniques to capture nonlinear 

https://github.com/bicosteve/flashfloodmodel
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patterns in flood susceptibility. Lastly, Support Vector Machines were utilized to maximize 

classification margins, ensuring an optimal separation between flood-prone and non-flood-

prone areas. 

The entire analysis was conducted using Python 3.9 and a suite of its powerful libraries, 

including NumPy, Pandas, Scikit-learn, TensorFlow, Matplotlib, and Seaborn. Data 

preprocessing, cleaning, and feature engineering were performed using Pandas and NumPy, 

ensuring the dataset was well-structured and free from inconsistencies. Machine learning 

models were implemented and trained using Scikit-learn and TensorFlow, providing a flexible 

framework for model selection, hyperparameter tuning, and optimization. The visualization of 

results, including feature importance and model performance metrics, was accomplished using 

Matplotlib and Seaborn, enabling a clear interpretation of the data. The coding and execution 

of the analysis were carried out in Jupyter Notebook, which facilitated an interactive and 

organized approach to data exploration, model training, and performance evaluation. 

By adopting a classification-based methodology, this study provided actionable insights 

that could significantly enhance flood preparedness and response strategies. The predictive 

model offered a systematic approach to identifying factors that have a greater influence on flash 

flood occurrences, enabling policymakers, environmental planners, and disaster response 

teams to implement timely interventions. With the ability to assess flood risks based on 

historical climate patterns and terrain characteristics, decision-makers can proactively develop 

flood mitigation measures, improve early warning systems, and allocate resources more 

effectively to areas with the highest vulnerability. Ultimately, this research contributes to a 

data-driven approach in disaster management, ensuring a more resilient and prepared response 

to flash floods in the future. 

3.8.1 Support Vector Machines (SVM) 

Support Vector Machine (SVM) is a widely used supervised machine learning 

algorithm suited for classification tasks (Bithari et al., 2020).  Introduced by Vapnick in 1995, 

SVM addresses prediction and pattern recognition challenges while analysing and mapping 

both linear and non-linear functions (Adejo & Connolly, 2018). The core principle of the SVM 

algorithm is to identify a hyperplane that maximally separates data into two distinct classes 

(Alboaneen et al., 2022). SVM achieves this by constructing one or more hyperplanes in a 

high-dimensional space, where objects are classified based on whether they lie above or below 

the plane, depending on their features. Additionally, kernel methods allow the algorithm to 

transform nonlinear relationships into linear ones before applying the partition. 
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3.8.2 Random Forest (RF) 

Random Forest (RF) is a supervised machine-learning algorithm introduced by Leo 

Breiman in 2001 (Speiser et al., 2019). It operates by combining multiple decision trees to 

perform tasks such as regression and classification. The more trees within the forest, the 

stronger and more reliable the prediction becomes. Over time, RF has become a widely used 

and effective tool for data analysis and prediction (Alboaneen et al., 2022). In the case of 

regression, each decision tree generates a numerical prediction, and the Random Forest 

algorithm outputs the result by averaging these individual predictions. 

3.8.3 K-Nearest Neighbors (KNN) 

The K-Nearest Neighbors (KNN) algorithm, first introduced in the early 1950s, is a 

fundamental supervised machine learning technique used for both classification and regression 

tasks. It is widely recognized for its simplicity, effectiveness, and non-parametric nature, 

making it a valuable tool for pattern recognition and predictive modeling. Unlike many other 

machine learning algorithms that build an explicit model based on training data, KNN operates 

based on instance-based learning, meaning it does not construct an internal model during 

training. Instead, it memorizes the training data and defers computation until a prediction is 

required. This characteristic classifies KNN as a lazy learning algorithm, as it does not perform 

generalization until the classification or regression process begins (Han, Pei, & Tong, 2022). 

The K-Nearest Neighbors (KNN) algorithm predicts the label of a new data point by identifying 

the K most similar instances from the training dataset using a selected distance metric, such as 

Euclidean distance, Manhattan distance, or Minkowski distance. In a classification problem, 

KNN assigns the majority class label among the K-nearest neighbors to the new instance. 

Because KNN follows a lazy learning approach, it does not build an explicit model during 

training. Instead, it stores the entire dataset and performs computations only when making 

predictions. This characteristic results in low training time but high prediction time, as every 

new prediction requires scanning the entire dataset. Consequently, KNN can be 

computationally expensive for large datasets, particularly when using a brute-force approach 

to find nearest neighbors. Despite its computational challenges, KNN is simple to implement 

and interpret, requiring minimal parameter tuning. It is particularly effective for small datasets 

and can easily be applied to multi-class classification problems, making it a versatile machine 

learning approach.  
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3.8.4 Artificial Neural Network (ANN) 

McCulloch’s research on simulating biological nervous systems in the 1940s laid the 

foundation for the development of Artificial Neural Networks (ANNs) (Alboaneen et al., 

2022). ANNs are computational models designed to mimic the way the human brain processes 

information, learns from data, and adapts to changing environments. A Neural Network (NN) 

consists of multiple interconnected units (neurons) that process input data and generate outputs 

through weighted connections. The behaviour of an NN is influenced by its architecture (layers 

and connections), activation functions, learning algorithms, and training data. Over the years, 

ANNs have evolved into one of the most powerful and widely used machine learning 

techniques, enabling breakthroughs in image recognition, natural language processing (NLP), 

speech recognition, healthcare, finance, and robotics (Sharma et al., 2023).  Artificial Neural 

Networks typically consist of three main layers: the input layer, the hidden layers, and the 

output layer. The input layer receives raw data, which is then processed through one or more 

hidden layers where mathematical transformations occur using activation functions like ReLU 

(Rectified Linear Unit), Sigmoid, or Tanh. Each connection between neurons has an associated 

weight, which determines the strength of the connection. During training, the model adjusts 

these weights using optimization techniques such as gradient descent and backpropagation, 

minimizing errors and improving accuracy. Finally, the output layer produces the final 

prediction or classification based on the learned patterns. 

ANN was chosen in this study because of their ability to learn from data and recognize 

complex patterns without being explicitly programmed. Unlike traditional algorithms that 

require manually defined rules, neural networks automatically extract features from raw data, 

making them highly effective for tasks like image and speech recognition. Additionally, ANNs 

are capable of handling large volumes of high-dimensional data, making them suitable for real-

world applications where massive datasets are involved. Their adaptability allows them to 

continuously improve and refine their performance over time, much like human learning. 

3.8.5 Linear Regression (LR) 

Regression methods are fundamental statistical and machine learning techniques used 

to model and analyse the relationship between a response variable (dependent variable) and 

one or more explanatory variables (independent variables). By establishing this relationship, 

regression analysis allows researchers to understand trends, quantify impacts, and make 

predictions based on historical data. Among the various regression techniques, Linear 

Regression (LR) is one of the simplest yet most powerful approaches, particularly within 



 31 

supervised learning, where the goal is to predict continuous outcomes (Hope, 2020). Linear 

Regression assumes a linear relationship between the dependent variable and independent 

variables. When only one independent variable is used for prediction, the method is referred to 

as Simple Linear Regression. However, in practical applications, multiple factors often 

influence an outcome, necessitating the use of Multiple Linear Regression (MLR), where two 

or more explanatory variables are included (Dash et al., 2023). 

Linear Regression was selected as a key predictive method for flash floods in Nairobi 

County due to its ability to quantify the impact of various climatic and environmental factors 

on flood occurrence. The region experiences seasonal rainfall variability, rapid urbanization, 

and soil degradation, all of which contribute to flash flooding. By using LR, the study aimed 

to identify and quantify key predictors such as rainfall intensity and frequency, soil moisture 

levels, land surface characteristics, temperature variations, wind speed, and topographical 

factors. One of the primary advantages of using Linear Regression for flash flood prediction is 

its interpretability and simplicity. LR provides a clear and interpretable model where each 

coefficient quantifies the effect of an independent variable on the likelihood of flash floods. 

Unlike complex machine learning models, LR allows researchers to directly analyse the 

influence of rainfall, temperature, and land characteristics on flood probability. Additionally, 

Linear Regression is computationally efficient and requires fewer resources compared to non-

linear models like Artificial Neural Networks (ANNs) or Random Forests. This makes it ideal 

for large-scale climate datasets, allowing for faster analysis and real-time predictions. 

Furthermore, LR is particularly effective for continuous flood probability estimation. 

Since flash flood occurrence is highly correlated with meteorological and geographical 

conditions, LR helps estimate the probability and severity of flooding based on historical data. 

This enables authorities to predict future flood risks based on weather forecasts and urban 

development patterns. Another key benefit is its ability to identify the most critical flood 

predictors, allowing policymakers to focus on the most influential factors. For instance, if the 

model reveals that urbanization (impervious surfaces) significantly increases flood risk, city 

planners can implement better drainage systems and sustainable urban development strategies. 

3.9 Model Evaluation 

The model was rigorously evaluated using performance metrics of accuracy, precision, 

recall, and F1-score to assess its predictive reliability. These metrics provided a comprehensive 

evaluation of the model’s effectiveness in correctly identifying flood-prone while minimizing 

false predictions. Accuracy measured the overall correctness of predictions, while precision 
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and recall provided insights into the trade-off between false positives and false negatives, 

ensuring the model was balanced and reliable. The F1-score, a harmonic mean of precision and 

recall, further ensured that both false alarms and missed flood predictions were minimized, 

making the model suitable for real-world applications.  

The formula below shows how accuracy, precision, recall, and F1 will be calculated. 

Accuracy = (TP + TN)/ (TP + TN + FP + FN) 

Precision = TP / (TP + FP) 

Recall = TP / (TP + FN) 

F1 = 2 * ((Precision * Recall)/ (Precision + Recall)) 

Where TP refers to True Positive, TN refers to True Negative, FP refers to False Positive, and 

FN refers to False Negative. These were derived from the confusion matrix, which assists in 

classifying a model's performance, as shown in Table 3.3. 

 

Table 3.3: Confusion Matrix 

 Predicted Negative Predicted Positive 

Actual Positive TN FP 

Actual Negative FN TP 

 

3.10 Research Result’s Utilisation and Dissemination 

Flash flood control, prediction, and mitigation are critical in any society or economy. 

This study aimed to help Nairobi residents, county governments, and humanitarian 

organizations prepare for potential flash flood disasters and take proactive measures to prevent 

loss of life and minimize economic damage. This will help to reduce catastrophes and losses 

that occur whenever there is a flash flood or abnormal weather conditions in the city. The results 

and findings of this study will be shared online through the Strathmore University repository 

and easily accessed by anyone. The created model will be hosted on either Heroku or Digital 

Ocean where anyone could use the application interfacing the model to make predictions. In 

addition, the codebase will be hosted on GitHub where those interested in learning how it works 

could clone it and make suggestions and contribute to its growth. 

3.11 Ethical Considerations 

The study underwent the mandatory Institutional Scientific and Ethical Review Process 

to ensure compliance with established research guidelines and ethical considerations. Ethical 

approval was obtained from Strathmore University, affirming the study’s adherence to rigorous 
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academic and scientific standards as indicated on appendix B while originality was determine 

using Turnitin as indicated on appendix A. Additionally, a research license was secured from 

the National Commission for Science, Technology, and Innovation (NACOSTI), further 

validating the study’s credibility and authorization to conduct research within Kenya as 

indicated on appendix C.  

The data utilized in this study was collected exclusively from publicly accessible and 

reputable platform, NASA's Prediction of Worldwide Energy Resources (POWER) data 

viewer, ensuring full compliance with legal and privacy regulations governing research. To 

uphold scientific integrity and transparency, proper attribution was provided for all data 

sources, acknowledging their contributions to the study. The study prioritized data security by 

implementing strict access controls. The collected data was securely stored, with restricted 

access granted only to authorized personnel directly involved in the study. This measure 

prevented unauthorized use and ensured that the data was utilized solely for the intended 

research objectives. Additionally, transparency was maintained throughout the study regarding 

the purpose of data collection, aligning with ethical research guidelines and promoting 

accountability. Therefore, by adhering to these ethical standards, obtaining the necessary 

approvals, and ensuring data integrity, the study upheld the principles of responsible research 

while contributing valuable insights to flood risk prediction and mitigation efforts
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Chapter 4: System Analysis and Design 
 

4.1 Introduction 

System Analysis and Design (SAD) is a systematic methodology to develop and 

maintain information systems that align with organizational objectives (GeeksforGeeks, 2024). 

The system analysis phase involves a comprehensive study of the current system to understand 

its components, workflows, and interactions. This analysis helps identify problems, 

inefficiencies, and opportunities for improvement. Data flow diagrams are commonly used to 

gather relevant information from the system. Therefore, this section describes the created 

model, process architecture, components, and key functionalities.  

4.2 System Design 

System design refers to the process of defining the architecture, components, modules, 

interfaces, and data flow of a system to meet specific functional and non-functional 

requirements. It provides a structured blueprint that outlines how different elements of a system 

interact and work together to achieve the desired objectives. In the context of this study, system 

design involves planning how data will be collected, processed, analysed, and used to make 

flash floods predictions. It ensures that the flash floods system is efficient, scalable, and capable 

of delivering accurate flood forecasts in a timely manner.  

4.2.1 Functional Requirement 

Functional requirements describe the specific behaviour or functions of a system. In this 

case the requirements describe how flash floods system responds to inputs, reactions, and 

behaviour under certain conditions, and output (Requirements.com, 2024). The requirements 

were derived from user needs and significant in transforming user expectations into technical 

specifications. In this study, the functional requirements were: 

i. The flash flood system should allow users to upload file with climatic data to be 

used for prediction.  

ii. The system should be able to validate and process flash flood data for consistency 

and quality, which is crucial for reliable model performance. 

iii. The system should be able to leverage the machine algorithms to train models.  

iv. The system should use the trained models to predict flash flood occurrence and 

produce output.  
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4.2.2 Non-functional Requirement 

Non-functional requirements specify how the system performs its tasks. It focuses on the 

attributes of the system, such as performance, security, scalability, and usability, which 

determine how well the system performs its functions (GeeksforGeeks, 2025). Non-functional 

requirements for this study were: 

i. Performance - the system should process data and generate predictions within a 

reasonable time frame of 3 seconds. 

ii. Scalability - the system should be able to handle increased data volume and 

simultaneous user numbers, especially during peak demand. It should also be modular 

to allow for addition of features when necessary.  

iii. Reliability - the system should be able to maintain continuous system operation with a 

failover mechanism to ensure reliability during disasters.  

iv. Accuracy - the system must achieve high prediction accuracy to minimize false alarms 

and missed events.  

v. Ease of Use - the system should provide an intuitive interface that non-technical users 

can easily understand and navigate. 

4.3 System Architecture 

System architecture defines the structural design and interactions between various 

system components to ensure their functionality, scalability, and efficiency (Carter & Singam, 

2024). It includes identifying software components, their relationships, interfaces, and data 

flows. The flash flood prediction system in figure 4.1 was designed with a modular architecture 

to ensure efficient data handling, prediction accuracy, and user-friendly and intuitive user 

interface. The system was designed as per the objectives of the study. First hydrometeorological 

data is collected and saved into a file of ‘.csv’ format which was then uploaded into the system 

by a user. It is then pre-processed and cleaned using Python programming language libraries in 

this case Pandas, NumPy, and Scikit-learn. Once cleaned, it is used to train models using ML 

algorithms as mentioned in previous chapter. The trained models are saved into a file where 

they can be utilized by any user to make real-time flash flood predictions. The best performing 

models were selected with the criteria for selection of the best performing model being an 

accuracy result of 90% and above. There is an application with a user interface which sits 

between the user and the models. This was done to ensure that the system was user friendly, 
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and anyone can use it to make prediction. User is required to input the climatic conditions 

identified in chapter three into a web form and click on the submit button. The process of flash 

flood prediction will be initiated where the keyed in features will be validated and categorized 

by the application. Once the features are validated, the application will feed these features to 

the three best performing models to make prediction. Once the predictions are made, the results 

will be fed back to the application which will get the average of the results and save it to the 

database and relay the result to the user.  

 

Figure 4.1: System Architecture 

4.4 Use Case Diagram 

A use case diagram is a graphic depiction that highlights the various functionalities 

offered by a system and shows how users interact with it. The use case diagram outlines how 

several personas, including meteorologists, disaster management organizations, local 

authorities, and the public, engage with the early warning system in the context of the Nairobi 

County Flash Flood Prediction Model. The key use cases included data input and processing, 

which collects and pre-processes real-time climate variables and soil moisture index data; 
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model execution, which analyses data using supervised machine learning algorithms to predict 

flash flood risks and severity levels; and report visualization, which displays results on 

interactive geospatial dashboards. The use case diagram clarifies the system's operation, 

assures a user-centric flood risk communication design, and indicates future improvements for 

smooth integration into community-based early warning systems and disaster response 

frameworks as depicted in Figure 4.2. 

 

 

Figure 4.2:Use Case Diagram 

 

The primary actors in the use case diagram are the users and the system itself. The use 

cases for both the primary actors are highlighted below: 

Use case: Upload Data. 

i. Primary Actors: User. 

ii. Pre-conditions: The user can access the internet on the platform/device being used. 

Use case: Initiate Program 

i. Primary Actors: User, System. 

ii. Pre-conditions: Retrieve use case completed successfully. 

Use case: Pre-Process 
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i. Primary Actors: User, System. 

ii. Pre-conditions: Retrieve use case completed successfully. 

Use case: Predict Flash Floods 

i. Primary Actors: System. 

ii. Pre-conditions: Transform use case completed successfully.  

 

Use case: Receive Results 

i. Primary Actors: User. 

ii. Pre-conditions: Predict flash floods use case completed successfully. 

4.5 Sequence Diagram 

A sequence diagram is an interaction diagram in Unified Modeling Language (UML) 

that illustrates how objects or components within a system interact over time (GeeksforGeeks, 

2025). It visually represents the sequence of messages exchanged between participants, 

highlighting the order and timing of these interactions in a system. Sequence diagrams 

particularly useful for modeling the flow of control in a system, detailing the specific steps 

involved in a process or use case. Sequence diagrams help understand a system's dynamic 

behaviour by focusing on the temporal aspect of interactions, which is essential for system 

design and analysis. Figure 4.3 was the sequence diagram of message flows in the model 

created by this study. 

 
 

Figure 4.3: Sequence Diagram 
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Chapter 5: Model Implementation and Testing 

5.1 Introduction 

The study was guided by three key research questions: i. What are the factors that 

influence the occurrence of flash floods in Nairobi County? ii. How can a machine learning 

model be developed to predict flash floods accurately? iii. How effective is the developed 

model in predicting flash floods? Addressing these research questions, this chapter contributed 

to the broader understanding of how advanced computational methods can enhance flash flood 

prediction, informing disaster preparedness and mitigation efforts in urban areas like Nairobi 

County.  This study's theoretical framework also integrated concepts from hydrology, 

meteorology, and data science, emphasizing the interplay between environmental variables and 

machine learning techniques. Specifically, the framework drew on predictive analytics and 

disaster risk management principles, allowing for a structured exploration of flash flood 

predictors and model development. 

5.2 System Implementation 

System implementation refers to the process of deploying the developed Flash Flood 

Prediction Model for Nairobi County into a functional environment where it can be used for 

real-time predictions and decision-making. This phase involved setting up the necessary 

computing infrastructure, integrating machine learning models, and ensuring smooth data 

processing. The implementation began with data acquisition and preprocessing, where 

historical and real-time climate and soil data were collected from NASA's POWER Data 

Viewer database. The machine learning algorithms used were Linear Regression, Random 

Forest, K-Nearest Neighbors (KNN), Artificial Neural Networks (ANN), and Support Vector 

Machines (SVM). The models were trained, tested, and optimized using Python 3.9 

programming language and its data manipulation libraries to ensure high predictive accuracy.  

Once the models were validated, the system was deployed on Heroku, a cloud-based 

platform to facilitate accessibility for stakeholders, including meteorologists, disaster response 

teams, and policymakers. A user interface was designed to display predictions through 

dashboard, providing real-time flood risk alerts. Additionally, continuous monitoring and 

maintenance are crucial to refine model accuracy, update data sources, and ensure system 

security, making the flood prediction model a reliable tool for disaster preparedness and 

mitigation.  
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5.2.1 Data Processing 

The machine learning model development involved several essential steps, including 

data preprocessing. Some of the preprocessing steps which were conducted included checking 

missing values, scaling, and encoding. The dataset had no missing values, so the focus was on 

scaling and encoding the continuous variables. Scaling was applied to the continuous variables 

using the MinMaxScaler from scikit-learn. The features scaled were wind speed (km/h), 

temperature, soil moisture (%), humidity (%), rainfall (mm), river discharge (m³/s), and 

elevation (m). The MinMaxScaler transformed these variables to a range between 0 and 1, 

ensuring the features were comparable. This step is crucial for many machine learning models, 

particularly distance-based algorithms like KNN and SVM, as it prevents any variable from 

disproportionately influencing the model's performance due to its more significant scale. 

In addition to scaling, encoding was applied to categorical variables. The categorical 

features encoded were slope position, surface stoniness, erosion degree, sensitivity to capping, 

and land use type. Label encoding was used for these variables, transforming each unique 

category within the features into a corresponding integer value. This encoding process allowed 

the machine learning algorithms to efficiently process categorical data by converting it into a 

format they can understand and utilize in making predictions. The model leveraged all relevant 

information by appropriately handling these categorical variables. Figures 5.1 and 5.2 show 

the normalization and encoding processes, respectively. 

 
Figure 5.1: Normalization of continuous variables 
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Figure 5.2: Converting categorical variables to numeric 

5.2.2 Data Splitting 

Following preprocessing, the dataset was split into training and testing sets, ensuring 

an even distribution of data and enabling the evaluation of the model's performance on unseen 

data. A 70-30 split was typically used, where 70% of the data was used for training while 30% 

was used for testing. Figure 5.3 shows the data splitting process. The process was important as 

it heled to minimize the risk of overfitting and provided a more accurate estimate of the model’s 

generalization ability. 

 

 
Figure 5.3: Data splitting 

5.3 Feature Selection 

Feature selection was a crucial step in developing the flash flood prediction model for 

Nairobi County, as it determined the most relevant variables that significantly impacted flood 

occurrence. By selecting the most influential features, the model improves accuracy, reduces 

computational complexity, and minimizes the risk of overfitting. In this study, the correlation 

matrix was used to determine features that influence flash floods as shown in figure 5.4.  From 

the matrix, rainfall had a strong positive correlation of 0.61 with flood occurrence, as increased 

rainfall is one of the primary causes of flash floods. Soil Moisture also showed a moderate 

positive correlation (0.52), indicating that higher soil moisture levels are associated with an 
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increased likelihood of flooding. This was consistent with the understanding that saturated soil 

is less able to absorb additional rainfall, increasing surface runoff and flood risk. 

River discharge, with a correlation of 0.48, was another key factor influencing flash floods. 

This suggested that the flow rate of rivers is an essential determinant of flood occurrence. When 

river discharge is high, it can exceed the capacity of the riverbanks, leading to flooding. Erosion 

Degree (0.37) also played a significant role, as areas with higher erosion are more prone to 

losing soil integrity, resulting in increased surface runoff and flash floods. Land use type 

showed a relatively weak positive correlation (0.16) but was still relevant. Different land uses, 

such as urbanization or agricultural activities, can alter natural drainage patterns, potentially 

increasing the risk of flooding. Humidity and Temperature exhibited minimal positive 

correlations (0.09 and 0.08, respectively), indicating that they may have a secondary or indirect 

influence on flash flood occurrence compared to the other factors. Elevation (m) and surface 

stoniness had very weak positive correlations, 0.08 and 0.07, respectively, which suggested 

that while they might contribute to local variations in flood risks, their overall impact on flood 

occurrence was limited. Conversely, the area affected (0.06) and wind speed (0.04) showed 

even weaker positive correlations, suggesting that these factors play a minimal role in the 

occurrence of flash floods in Nairobi County. 

Interestingly, the sensitivity to capping correlation was relatively weak at -0.05, and the 

slope position correlation was -0.16 with flood occurrence. This indicated that areas with lower 

sensitivity to capping or certain slope positions may be less prone to flash floods, possibly due 

to better drainage or more stable terrain that resists flooding. Therefore, the primary factors 

influencing flash flood occurrence in Nairobi County were rainfall, soil moisture, river 

discharge, and erosion degree, while land use type, humidity, and temperature contributed to a 

lesser extent. Environmental and geographical factors such as elevation, surface stoniness, and 

slope position also play a role, but their impact was relatively small compared to the more 

direct drivers of flooding. The four factors were selected and used to train the models. Figure 

5.4 shows the correlation matrix of the factors that influence flood occurrence.  
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Figure 5.4: Correlation matrix 

5.4 Model Training and Testing 

Five machine learning models were trained, tested, and evaluated to determine the best-

performing algorithm for predicting flash flood occurrence. Random Forest, K-Nearest 

Neighbors (KNN), Logistic Regression (LR), Support Vector Machine (SVM), and Artificial 

Neural Network (ANN) were chosen for comparison. Each model was trained using the pre-

processed training data, and their performance was evaluated using the testing set. 

Hyperparameter tuning was performed on each model to optimize their performance. For 

Random Forest, this involved adjusting the number of trees and the maximum depth of each 

tree, while for SVM, parameters like the kernel type and regularization strength were tuned. 

For KNN, the number of neighbors was adjusted, and for Logistic Regression, the 

regularization strength was optimized. 
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5.4.1 Random Forest 

The Random Forest model was constructed using Scikit-Learn's 

RandomForestClassifier class module, which was imported and utilized within the model's 

class, as illustrated in Figure 5.5. From the figure, the max_depth=3 parameter specifies the 

maximum depth of each decision tree, limiting the number of levels to ensure the trees are not 

overly complex and help prevent overfitting. The random_state=0 parameter was used to 

ensure the reproducibility of the results by fixing the randomization process during 

bootstrapping and feature selection. During training, the model employed an ensemble learning 

approach where multiple decision trees were constructed. Each tree was trained on a random 

subset of the training dataset, created using bootstrapping, which involves sampling with 

replacement. At each split in the trees, features were randomly selected, and the best split was 

determined to improve the model's ability to handle variability and avoid overfitting. The fit 

function was used to train the Random Forest model on the training dataset. Each decision tree 

in the forest learned independently and contributed to the overall model's predictive power by 

voting for the most likely class. Predictions were then made on the test dataset using the 

predict(X_test) function. For every data point in X_test, the model passed the input features 

through each decision tree in the forest. The trees collectively voted, and the majority class 

prediction became the final output. This voting mechanism improves prediction accuracy and 

robustness by reducing variance and mitigating overfitting compared to a single decision tree. 

The result of this process, stored in y_pred, contains the predicted class labels for the test 

dataset. This output represents the model's attempt to classify each data point based on patterns 

learned during training. 

 

Figure 5.5: Fitting and testing the Random Forest Classifier 

5.4.2 Support Vector Machine 

Figure 5.6 shows how Support Vector Machine (SVM) model was constructed using 

Scikit-Learn's SVC class module, configured with a linear kernel and a regularization 

parameter C=1.0. The linear kernel specified that the model separated the data points in the 

feature space using a straight-line hyperplane. The regularization parameter, C, balanced 
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achieving a low training error and maintaining a smooth decision boundary. A smaller value of 

C allowed for more margin violations, leading to a simpler and more generalized model, while 

a more significant value of C focuses on minimizing the training error.  The fit function was 

used to train the model, where X_train represents the input features of the training dataset, and 

y_train contains the corresponding target labels. During training, the SVM algorithm identified 

the optimal hyperplane that maximizes the margin, the distance between the hyperplane, and 

the nearest data points, called support vectors. Maximizing this margin ensured the model’s 

robustness and ability to separate classes effectively.  Once the model was trained, the 

predict(X_test) function was applied to the test dataset, X_test, which contains unseen input 

features. For each data point in the test set, the model determined its position relative to the 

hyperplane and assigned it to one of the classes. The predicted class labels, stored in y_pred, 

represent the model's classification results based on the patterns learned during training. This 

process demonstrates how the SVM model effectively uses the hyperplane to classify data 

points in a linear feature space. 

 

 
Figure 5.6: Support Vector Machine Classifier 

5.4.3 K-Nearest Neighbors 

The K-Nearest Neighbors (KNN) model was developed using Scikit-Learn's class 

module, which was imported from the neighbors’ package. This algorithm shown in Figure 5.7 

is an effective supervised machine learning method that classifies data points based on the 

similarity of their features to neighboring data points. An instance of the KNN classifier was 

created, which initialized the classifier with default parameters. The default settings determine 

the number of neighbors (k=5) and the distance metric to identify the closest points. The 

classifier was then trained on the dataset using the fit (X_train, y_train) function, where X_train 

represented the input features of the training dataset, and y_train contained the corresponding 

target labels. During this process, the model stored the training data points, as KNN relies on 

the proximity of points for predictions rather than explicitly learning a parametric decision 

boundary. After training, the predict(X_test) function was used to classify the test data points 

in X_test, which contained previously unseen input features. For each data point in the test set, 

the algorithm calculated the distance to its nearest neighbors in the training data and assigned 
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a label based on the majority class among those neighbors. The predicted labels were stored in 

y_pred, representing the model’s classification results. This approach allowed the KNN model 

to make predictions by leveraging the similarity of data points within the feature space. 

 

Figure 5.7: K-Nearest Neighbors Classifier 

5.4.4 Logistic Regression 

The Logistic Regression model was also built using Scikit-Learn's class module. The 

model was then trained on the dataset using the fit (X_train, y_train) function, where X_train 

represented the input features of the training set, and y_train contained the corresponding target 

labels. During the training process, Logistic Regression used a linear combination of the input 

features and applied the sigmoid function to estimate the probability of each class, optimizing 

the parameters to minimize the difference between predicted and actual class labels. Once 

trained, the predict(X_test) function was used to make predictions on the unseen test dataset, 

X_test. The expected class labels were stored in y_pred, representing the model's classification 

output based on the learned relationships between features and target labels. Figure 5.8 

illustrates the development of Logistic Regression. 

 

Figure 5.8: Fitting and Testing the Logistic Regression Classifier 

5.4.5 Artificial Neural Network 

The code in Figure 5.9 demonstrates the implementation of a neural network for binary 

classification using TensorFlow's Keras library. The model was constructed with a sequential 

architecture, where the number of features in the training data was determined by X_train and 

shape, representing the number of input columns. The network consists of three layers: the first 

was a dense layer with 64 neurons using the ReLU activation function and an input size equal 

to the number of features. The second layer was another dense layer with 32 neurons, utilizing 

the ReLU activation function. The final layer was a dense output layer with one neuron and a 

sigmoid activation function, which was suitable for binary classification as it outputs 
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probabilities between 0 and 1.  The model was compiled using the Adam optimizer, known for 

its efficient gradient descent performance, and the binary cross-entropy loss function, which 

was ideal for measuring the error in binary classification tasks. The accuracy metric was also 

included to track the model's performance during training and validation. Two callbacks were 

defined to enhance training efficiency and reliability. The EarlyStopping callback monitors the 

validation loss, stopping training if it does not improve for 10 consecutive epochs, and restores 

the weights from the epoch with the best validation loss. The ModelCheckpoint callback saves 

the best model to a file named best_model.h5, ensuring the optimal version is retained.  The 

model was trained using the fit method, where X_train and y_train were the input features and 

labels for training, while X_test and y_test were used for validation. The training ran for a 

maximum of 100 epochs with a batch size of 32, but it was terminated early due to the 

EarlyStopping callback. The callbacks ensured the training process was efficient and prevented 

overfitting, with the best-performing model saved for future use. 

 

Figure 5.9: Artificial Neural Network Classifier 

5.5 Model Testing and Validation 

Testing and validation of a model is a critical phase in developing a prediction model, 

ensuring that the model is accurate, reliable, and generalizable to real-world scenarios. This 

study evaluated the performance of each of the five models using accuracy, recall, precision, 

and F1-score. The Random Forest model and Support Vector Machine emerged as the best 

performers. Random Forest achieved an impressive accuracy of 93.33% with a recall score of 

90.47% indicating the strong predictive power, particularly in correctly identifying flash flood 

occurrences. Furthermore, the F1 score of 0.90 highlighted a well-balanced model regarding 

precision and recall, making it a reliable choice for flood prediction. On the other hand, the 

Support Vector machine had a recall score of 85.71% and an F1 score of 0.9.  The confusion 

matrix in Figure 5.10 provides a detailed breakdown of the model's performance in classifying 

instances into no flood occurrence and flood occurrence. The model accurately predicted no 

flood occurrence with 37 True Negatives. Similarly, it achieved many True Positives (19), 
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correctly identifying flood occurrence. On the other hand, it generated 2 False Positives, 

incorrectly predicting flood occurrence when there was no flood occurrence. Furthermore, 2 

False Negatives were observed, indicating instances where the model failed to detect actual 

flood occurrence.  

 

Figure 5.10: Confusion Matrix for Random Forest 

Similarly, the confusion matrix in Figure 5.11 provides a detailed breakdown of the Support 

Vector Machine model's performance in classifying instances into no flood and flood 

occurrences. The model accurately predicted no flood occurrence with 38 True Negatives. It 

achieved many True Positives (18), correctly identifying flood occurrence. On the other hand, 

it generated 1 False Positive, incorrectly predicting flood occurrence when it was no flood 

occurrence. Furthermore, 3 False Negatives were observed, indicating instances where the 

model failed to detect actual flood occurrence.  

 



 49 

 

Figure 5.11:SVM Confusion Matrix 

The K-Nearest Neighbors (KNN) algorithm demonstrated impressive predictive 

performance in the flash flood prediction. It achieved an accuracy of 86.67% as shown in 

Figure 5.12, which indicates that the model correctly classified flood occurrences in most cases. 

Its recall score of 76.19% highlights its ability to correctly identify actual flood events, ensuring 

that a significant proportion of true positive cases were detected. Additionally, the F1 score of 

80%, a harmonic mean of precision and recall, further validates that the model maintains a 

solid balance between correctly predicting floods while minimizing false positives and false 

negatives. This performance suggests that KNN effectively captured underlying flood risk 

patterns based on climate and soil variables, making it a valuable model for early warning 

systems and disaster management planning. Alongside the metrics, the confusuion matrix 

shows how the model classified the flash floods instances.  
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Figure 5.12:KNN Prediction Metrics 

Logistic Regression also exhibited strong predictive capabilities achieving an accuracy 

of 90% as demonstrated in Figure 5.13, indicating that the model made correct classifications 

in most cases. Its recall score of 71.43% demonstrated its effectiveness in identifying actual 

flood occurrences, ensuring that a significant portion of true flood events were correctly 

detected. Additionally, the F1 score of 0.83, which balances precision and recall, confirmed the 

model's reliability in making accurate predictions while minimizing false positives and false 

negatives. This performance suggests that Logistic Regression is a robust and interpretable 

choice for flood prediction, making it suitable for applications where transparency in decision-

making is essential.  
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Figure 5.13: LR Prediction Metrics 

Additionally, the Artificial Neural Network (ANN) model initially showed modest 

performance, with accuracy fluctuating between 63.57% and 80%. However, as the model was 

trained over 100 epochs, it demonstrated significant improvement, achieving an accuracy of 

87% at epoch 45, with a validation accuracy of 95%. This improvement over time highlighted 

the ANN's capacity to learn effectively from the data and enhance its predictions. Therefore, 

Random Forest outperformed all other models, demonstrating the highest accuracy and recall. 

Logistic Regression, SVM, KNN, and the ANN models offered competitive results. However, 

given its high accuracy, recall, and overall balanced performance, Random Forest was 

identified as the most effective model for predicting flash floods in Nairobi County. 
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Chapter 6: Discussions 

6.1 Interpretation of the Findings Related to Research Questions 

The findings revealed that rainfall, soil moisture content, erosion degree, and river 

discharge were the most significant factors influencing flood occurrence, as indicated by their 

strong positive correlations with the target variable. Rainfall exhibited the highest correlation 

with flood occurrence, followed by soil moisture content, then river discharge, and finally by 

erosion degree which showed lower correlation. Regarding model performance, the Random 

Forest and Support Vector Machine models achieved the highest accuracy at 93%, 

demonstrating their effectiveness in predicting flood events. Logistic Regression also 

performed well with 90% accuracy, while K-Nearest Neighbors and Artificial Neural Networks 

achieved lower accuracies of 86%. These results highlighted the importance of selecting robust 

models and key predictors for accurate flood prediction. 

6.1.1 Real World Use Case and Testing 

 The models’ real world use cases were tested in accordance with the system designed 

where the findings in terms of factors that affects flash flood occurrence were used to make 

prediction in situations where such data was available. For the soil moisture content, the 

percentages of soil moisture were set to range from 21.9% to 55.4% since these are the lowest 

and the highest values of soil moisture which have ever been recorded in Nairobi (Ngugi et al., 

2019).  Rainfall amount used for testing the model was between 0.5 millimetres and 750 

millimetres since the least rainfall ever recorded in the world was 0.5 millimetres and the 

highest for Nairobi is 750 millimetres (Kilavi et al. 2018; University of Cape Town, 2017). 

River discharge volumes used were between 0.20 and 2.03 cubic meters per second. This was 

because these are the values ever recorded for Nairobi River according to Masibo (1990).  

Erosion degree which quantifies how much soil has been lost due to erosion (Kong et al., 2022) 

was the last feature used. The variation of erosion degree used were slight of above 75%, 

moderate of between 25% to 75% and severe of less than 25% soil retention on the surface. 

The erosion degree classifications were figures suggested by the Indiana Soils; Evaluation and 

Conservation Online Manual n.d and Zenebe et al. (2022).  In the real-world application, the 

models were found to be able to make accurate predictions and therefore suitable for 

application for Nairobi County. 
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6.2 Discussion of the Findings in Comparison with Literature 

The current study's findings on flash flood prediction in Nairobi County revealed that 

rainfall, soil moisture content, erosion degree, and river discharge were key predictors, with 

Random Forest and Support Vector Machine models achieving the highest accuracy (93%). 

When compared to Wu et al. (2023) study, which used a probabilistic approach integrating 

Flash Flood Guidance and Kernel Density Estimation for flood risk classification, this study 

focused on binary classification through machine learning models trained on historical data. 

Similarly, Lin et al. (2022) employed traditional hydrological modeling (HEC-HMS) for 

continuous forecasting metrics, while the current study adopted a data-driven approach 

emphasizing classification accuracy. 

The study closely aligns with Al-Rawas et al. (2024) study, which highlighted the 

effectiveness of machine learning models like Random Forest and SVM in flood prediction 

and emphasized the integration of AI with IoT and cloud technologies for real-time warning 

systems. Comparatively, Wang et al. (2024) demonstrated the potential of deep learning, with 

Temporal Convolutional Networks outperforming CNNs in capturing spatiotemporal flood 

dynamics. Incorporating such models could enhance the current study's predictive capabilities. 

Kilavi et al. (2018) emphasized the importance of sub-seasonal forecasts and climatic drivers 

of floods in Kenya, suggesting that integrating meteorological and socio-economic data could 

further improve model performance and urban flood risk management. 

6.2.1 Key Factors Influencing Flood Occurrence in Nairobi County 

The study found that rainfall, soil moisture content, river discharge, and erosion degree 

were the most significant factors influencing flood occurrence in Nairobi County. Among these, 

rainfall showed the highest positive correlation with flood events, affirming its central role in 

triggering flash floods. This aligns with expectations in hydrological modeling, as intense or 

prolonged rainfall overwhelms drainage systems, especially in urban areas. Soil moisture 

content, which followed rainfall in significance, indicates that saturated soils have a reduced 

capacity to absorb additional precipitation, thereby increasing surface runoff. This result 

emphasizes the compound effect of pre-existing soil conditions on flood risk, a factor 

sometimes underrepresented in conventional flood models. 

River discharge was also positively correlated, reinforcing the contribution of 

catchment-level hydrological behaviour to localized flooding. Erosion degree, while positively 

correlated, showed a weaker relationship. This suggests that although erosion may exacerbate 

sedimentation and reduce channel capacity, its direct impact on immediate flood occurrence is 
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less significant compared to dynamic hydrometeorological variables. In contrast to some 

previous studies, such as Kilavi et al. (2018), which emphasized sub-seasonal rainfall 

variability and topography, this study provides a more data-driven hierarchy of flood 

determinants, with a clear dominance of rainfall and soil moisture content. These findings 

suggest that real-time monitoring of these two variables could significantly improve flood 

forecasting systems in urban Kenyan settings. 

6.2.2 Machine Learning Models in Predicting Floods 

Among the five machine learning models tested, Random Forest (RF) and Support 

Vector Machine (SVM) achieved the highest accuracy, both at 93%, followed by Logistic 

Regression (90%), while K-Nearest Neighbors (KNN) and Artificial Neural Networks (ANN) 

performed less effectively with accuracies of 86%. These results highlight the importance of 

model selection in flood prediction tasks, particularly in data-limited or highly variable 

environments like Nairobi County. The strong performance of RF and SVM can be attributed 

to their ability to handle complex, non-linear relationships and interactions between 

variables—a common feature in hydrological data. RF also provides feature importance 

rankings, helping identify the most influential flood predictors, which aligns well with the 

study’s first objective. 

In contrast, the relatively lower performance of ANN and KNN may be due to the small 

or medium-sized dataset, where neural networks are prone to overfitting or require more 

training data to reach optimal generalization. These results differ from studies like Wang et al. 

(2024), where ANN models outperformed others, likely due to larger datasets or temporal 

modeling capacity. In this study, simpler and more interpretable models like RF and SVM were 

more suited to the dataset and objectives. These findings underscore that accuracy alone should 

not guide model selection—interpretability, scalability, and data availability are also critical 

considerations in practical flood forecasting systems. 

6.3 Implications Related to the Research Questions 

The findings of this study provide critical insights for improving flood prediction and 

risk management strategies in Nairobi County. By identifying rainfall, soil moisture content, 

erosion degree, and river discharge as the most influential variables in flash flood occurrence—

with rainfall showing the strongest correlation—the study offers actionable guidance for 

prioritizing monitoring and early warning efforts. These findings directly respond to the study’s 

core question on which environmental factors are most predictive of flash flood events. The 
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superior performance of machine learning models, particularly Random Forest and Support 

Vector Machine (both achieving 93% accuracy), confirms their suitability for real-time flood 

detection and alerts, thus enabling more effective early warning systems. This can support 

emergency response teams in issuing timely alerts, reducing disaster response time, and 

mitigating the loss of life and property. 

In terms of policy and planning, the results underscore the need for an integrated flood 

management approach that combines predictive modeling with urban planning, infrastructure 

development, and public awareness. Decision-makers can leverage these findings to formulate 

zoning regulations that restrict construction in flood-prone areas, develop urban infrastructure 

such as retention basins and permeable pavements to manage runoff, and reinforce river 

embankments to contain overflow. Resource allocation can also be optimized by focusing 

investments on monitoring systems for rainfall, river discharge, and soil moisture in vulnerable 

zones. Furthermore, community-level education and outreach programs can be tailored around 

these key risk factors, empowering residents with knowledge on how to respond to flood 

warnings and implement localized mitigation strategies. Overall, the study not only provides a 

technical foundation for enhancing flood prediction but also offers a roadmap for coordinated, 

data-driven flood risk reduction in Nairobi County. 

6.4 Contribution of the Study 

6.4.1 Contribution to Academic Literature 

This study makes a significant contribution to academic literature by advancing the 

application of machine learning techniques in flash flood prediction. By integrating climate 

variables such as temperature, rainfall, and wind speed with soil and terrain characteristics, this 

research highlights the effectiveness of data-driven models in identifying flood-prone areas. 

The study compares multiple classification algorithms, including Logistic Regression, Random 

Forest, K-Nearest Neighbors (KNN), Artificial Neural Networks (ANN), and Support Vector 

Machines (SVM), providing valuable insights into their predictive capabilities and limitations. 

Additionally, the research enhances the existing body of knowledge on feature selection 

techniques, demonstrating the impact of various environmental factors on flood risk. By 

utilizing Python 3.9 and its data analysis and machine learning libraries for model development, 

this study contributes methodological insights into implementing machine learning models in 

geospatial and environmental sciences, bridging the gap between computational intelligence 

and disaster risk management. Future researchers can build on these findings to improve 
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predictive accuracy, refine feature selection techniques, and explore hybrid modeling 

approaches for more robust flood forecasting. 

6.4.2 Contribution to Risk Management 

From a flood risk management perspective, this study provides a data-driven 

framework that enhances early warning systems and disaster preparedness. By accurately 

predicting flood occurrences, local authorities, policymakers, and disaster response teams can 

make informed decisions regarding evacuation plans, infrastructure development, and resource 

allocation in flood-prone areas. The insights from this model can help in prioritizing regions 

that require urgent interventions, such as improved drainage systems or reforestation efforts to 

mitigate flood risks. Furthermore, integrating the model into real-time monitoring systems can 

allow for proactive disaster response, minimizing economic losses and safeguarding lives. By 

demonstrating how machine learning can be leveraged for risk assessment, this study promotes 

the adoption of advanced predictive analytics in disaster management, offering a scalable and 

adaptable solution for urban planning and climate resilience strategies in Nairobi County and 

beyond. 

6.5 Limitations of the Study 

Reflecting on the research process reveals both challenges and successes. Data 

limitations, especially for environmental and infrastructural variables, posed a constraint. Data 

on river management, urbanization, deforestation, encroachment, and drainage systems was 

not readily available. However, the study achieved key successes, such as effectively evaluating 

machine learning models and identifying Random Forest as the most reliable for flood 

prediction. Comprehensive insights from the correlation analysis enhanced understanding of 

variable importance, and the findings have immediate practical applications in disaster 

management and urban planning. Addressing these challenges in future research could involve 

collecting more granular, real-time data, fostering interdisciplinary collaboration with urban 

planners, hydrologists, and policymakers, and developing user-friendly models.  
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Chapter 7:  Conclusions and Recommendations 

7.1 Conclusions  

The study concluded that rainfall, soil moisture, river discharge, and erosion degree are 

the most significant factors influencing flash flood occurrences in Nairobi County, while land 

use type, humidity, and temperature had a moderate impact, and variables such as elevation, 

surface stoniness, and slope position showed minimal influence. Using these identified factors, 

several predictive models were developed and evaluated to determine their effectiveness in 

forecasting flash flood events. Among the tested models, Random Forest emerged as the most 

accurate and reliable, achieving a high accuracy of 93.33%, recall of 90.47%, ROC score of 

91.58%, and an F1 score of 0.90. Although Logistic Regression and Support Vector Machine 

(SVM) also performed well, with accuracies of 90% and 93.67% respectively, Random Forest 

offered the most balanced performance across all evaluation metrics. K-Nearest Neighbors 

(KNN) provided a dependable yet less optimal outcome, while the Artificial Neural Network 

(ANN) model showed promising improvements after additional training, reaching 86.43% 

accuracy after 100 epochs. These findings are important because they demonstrate the 

feasibility of using machine learning models particularly Random Forest to accurately predict 

flash floods, which can play a crucial role in early warning systems, disaster preparedness, and 

flood risk mitigation. By understanding the key contributing factors and employing the most 

effective predictive tools, stakeholders can take informed, proactive measures to minimize the 

impact of flash floods, ultimately protecting lives, infrastructure, and resources in flood-prone 

regions like Nairobi County. 

7.2 Recommendations 

Based on the study’s findings, it was recommended that local authorities and disaster 

management agencies integrate the Random Forest predictive model into their early warning 

systems for flash floods in Nairobi County. This model’s high accuracy and balanced 

performance make it a reliable tool for forecasting flood risks, enabling timely alerts and 

effective emergency response planning to safeguard lives and property. 

Secondly, continuous monitoring and real-time data collection of key variables—

particularly rainfall, soil moisture, river discharge, and erosion degree should be prioritized. 

Establishing a robust network of weather stations, soil sensors, and river gauging tools will 

ensure that the predictive model receives up-to-date information, enhancing its accuracy and 

responsiveness in real-world scenarios. 
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Lastly, community awareness and preparedness programs should be strengthened to 

complement technological interventions. Educating residents in flood-prone areas about the 

signs of flash floods, evacuation procedures, and the availability of early warnings will 

empower them to take swift action during emergencies, thereby reducing the human and 

economic toll of flood events. 

7.3 Future Research Work 

Future research could build on the findings of this study by addressing several areas. 

Additional variables, such as urban planning metrics, vegetation cover, and climate change 

projections, could provide a more comprehensive understanding of flash flood drivers. 

Longitudinal analyses examining flood occurrence trends, particularly concerning urbanization 

and climate variability, would enhance our knowledge of temporal patterns. Expanding the 

study to include regional comparisons across multiple counties or regions could reveal spatial 

variability in flash flood predictors and improve the generalizability of the models. 

Additionally, future researchers can explore hybrid modelling approaches for more robust flood 

forecasting.
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