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ABSTRACT 

Thunderstorms provide essential precipitation for agriculture and other economic activities in the 

tropics. Accurate forecasting of thunderstorm variability and precipitation forecasting over West 

Africa is vital for agricultural planning, water resource management, hydropower generation, and 

disaster risk reduction. This study aims to identify the trends and drivers of monthly thunderstorm 

frequency from 1990 to 2013 across 22 synoptic stations in Ghana using a machine learning 

approach. Additionally, for the first time, monthly thunderstorm frequencies over Ghana were 

forecast one year in advance using machine learning models to offer actionable insights for 

planning and disaster preparedness. Moreover, this study pioneers the application of machine 

learning to predict precipitation a year ahead over West Africa at a spatial resolution of 0.10° × 

0.10°, filling a significant gap in long-term seasonal forecasting systems. LightGBM, XGBoost, 

Random Forest (RF), and ensemble models were developed utilizing ERA5 reanalysis data, 

climate indices, and geographic coordinates as input features. LightGBM and XGBoost models 

were selected for precipitation prediction due to their ability to efficiently process large datasets 

on standard computing infrastructure. To better understand model behaviour and the influence of 

features on monthly precipitation over West Africa, SHapley Additive exPlanation (SHAP) plots 

were employed. Recursive feature elimination was used to select the most important features from 

over 60 candidates to model thunderstorm variability, which the models explained at a rate of 79%. 

SHAP analysis revealed that convective available potential energy (CAPE) was the primary driver 

of thunderstorm variability, followed by top-of-atmosphere incident solar radiation (TISR), 

convective inhibition (CIN), 10 m wind speed (SI10), and longitude. The frequency of 

thunderstorms in Ghana declined significantly, coinciding with a notable decrease in CAPE and 

an increase in CIN, providing strong evidence of a causal relationship. The resulting LightGBM, 

XGBoost, RF, and ensemble models achieved R2 values of 0.74, 0.75, 0.75, and 0.76, respectively. 
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This research introduces a forecasting scheme for thunderstorm frequencies in Ghana, offering a 

valuable tool for seasonal prediction. The precipitation models developed to forecast rainfall one 

year ahead across West Africa explained between 77% and 84% of the variance. Effectively 

capturing temporal and spatial rainfall patterns, including the ‘monsoon jump,’ ‘little dry season,’ 

and the Ghana-Benin dry zone, highlighting areas with high and low precipitation on a monthly 

basis. Analysis of model behaviour indicated that different features influence monthly precipitation 

across various zones of West Africa. These models can be adapted and integrated into the seasonal 

forecasts of national meteorological agencies to enhance accuracy. Better seasonal rainfall 

forecasts could assist West African farmers in anticipating rainfall variability, preparing for 

droughts and floods to safeguard crop yields. Countries within the study area that rely on 

hydroelectric power or surface water resources can also utilise these precipitation prediction 

models for planning and mitigating drought and flood risks. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

Thunderstorm frequency is the number of thunderstorms that occur over a given location during 

a day, month, or year. Thunderstorms are very intense over the tropics and provide much of the 

precipitation needed for agriculture and other economic activities (Niang et al., 2014; Mul et al., 

2015). Large-scale diagnostics applied to global climate models have suggested that the 

frequency of thunderstorms and their intensity is likely to increase in the future (Taszarek et al., 

2021). The Intergovernmental Panel on Climate Change (Solomon et al., 2007) predicts that in 

the short term, the number of extremely dry and wet years will increase during the present 

century due to climate variability and change. 

Cumulonimbus clouds are known to provide the majority of rainfall over West Africa (WA). 

Maranan et al. (2018) reported that organised thunderstorms contribute about 71% of Soudanian 

rainfall and 56% of coastal West African rainfall, with an increasing contribution northward. The 

prediction of these thunderstorms over WA is very difficult, as numerical weather prediction 

(NWP) models are not able to predict accurately thunderstorm precipitation intensity, frequency, 

and timing (Laing et al., 2011), and NWP models are particularly shown to be very poor over 

WA (Parker and Diop-Kane, 2017) because of limits of parameterisation of physical processes. 

The devastating effects of thunderstorms have been experienced in many cities and towns all 

over the world, particularly in West Africa (Balogun et al., 2022). Convective weather often has 

a high impact, such as strong winds, heavy precipitation, and flooding. These can lead to 

economic losses such as damage to electric power networks, agriculture, property, and 

sometimes loss of life (Tinmaker et al., 2017). 
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The agricultural and hydropower sectors in West Africa, among many others, benefit directly 

from convective activities that provide much-needed rainfall. On the other hand, convection 

could also negatively affect any of these sectors, as strong winds and heavy precipitation 

associated with intense convection can destroy farm produce and power infrastructure such as 

electric poles and cables. Thus, sound information about the timing and frequency of 

thunderstorms and precipitation is urgently needed for planning and water resource management. 

There have been attempts to do this by the Ghana Meteorological Agency (GMet). One such 

attempt is the sub-seasonal to seasonal (S2S) forecast. 

Although WA experiences many thunderstorms, its frequency, climatology, trend, and the climate 

drivers of thunderstorm frequencies are not well understood. There have been a number of 

studies that have related the occurrence of thunderstorms to global teleconnection patterns. For 

instance, Ghavidel et al. (2016) conducted a statistical analysis of the relationship between daily 

thunderstorm frequency and teleconnection patterns in Iran. They found that the total monthly 

frequencies of thunderstorms correlated well with teleconnections during some months (May, 

June, and October); however, the correlations were weaker and non-significant in other months 

(January, February, and July). 

Campozano et al. (2018) found that a significant positive correlation exists between the 

mesoscale convective systems (MCSs) occurrence in the Plaute basin (Ecuador) and the Trans-

Niño index. They also concluded that, at the eastern part of the Plaute basin, there is also a 

positive correlation between MCS variability and tropical Atlantic Sea surface temperature 

anomalies (SSTAs) south of the equator. Over Brazil, it has been reported that convective 

activities are enhanced during the occurrence of El Niño events compared to La Niña phases 

(Sátori et al., 2009; Pinto, 2015). Pinto (2015) also found that thunderstorm activities over Brazil 
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are influenced in some way by the Tropical North Atlantic (TNA) and Tropical South Atlantic 

(TSA). Pinto (2015) concluded that the influence of ENSO, TNA, and TSA on thunderstorm 

occurrences is different in different parts of Brazil. 

The influence of teleconnections on European thunderstorm activities has also been investigated. 

For example, Piper and Kunz (2017) investigated how the North Atlantic Oscillation (NAO) 

impacts convective activities over parts of Europe. They observed an increase in convective 

activities over most parts of their study area when the NAO is in a strongly negative phase. Thus, 

the negative phase of NAO generally enhances thunderstorm activities, while positive NAO 

suppresses convective activities. Piper et al. (2019), in assessing the large-scale drivers of 

thunderstorm activities over Central and Western Europe using lightning data, observed that 

convection-favoured environments occur ahead of upper-level troughs. Their work shows that 

convective environments are influenced and impacted by teleconnection patterns and sea surface 

temperatures (SSTs). For instance, a positive East Atlantic Pattern (EA) increases the frequency 

of troughs over Western Europe and leads to an increase in convective-favouring environments 

and, hence, a likely increase in convective activities over the region. West African climate is 

influenced by sea surface temperature (SST) and climate indices in the Atlantic (Lamb, 1978; 

Vizy and Cook, 2001; Rowell, 2013), Indian Ocean (Lu and Delworth, 2005), and Pacific Ocean 

(Janicot et al., 2001). Climate indices are included as features to test if they are among the 

primary drivers of monthly thunderstorm frequencies in Ghana. 

Variables other than climate indices, such as ERA5 reanalysis variables and geographic 

coordinates, were added as features to help improve the performance of the thunderstorm 

frequency prediction model. Stability indices such as convective available potential energy 

(CAPE), convective inhibition (CIN), and the K-index have previously been used to predict 
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thunderstorms (Ukkonen and Mäkelä, 2019). Forecasting convective weather often includes 

CAPE (Brooks et al., 2007). CAPE appears to be very sensitive to variations in the temperature 

profile (Ziv et al., 2009). Convective inhibition (CIN) is also used in analysing convection 

variability (Riemann-Campe et al., 2009). The K-Index is a combination of moisture availability 

and atmospheric instability (Harats et al., 2010). 

Also, this current work aims at developing an ML model that predicts monthly rainfall amounts 

in West Africa one year ahead for seasonal forecasting. Machine learning models that handle 

large datasets efficiently with minimal computing resources are ideal for West African national 

meteorological offices and individuals without high-performance infrastructure. Then SHapley 

Additive exPlanation (SHAP) plots were used to understand model behaviour for the purposes 

of understanding the major drivers of monthly rainfall over West Africa, knowing the interaction 

among features. The significance of such a model and approach includes: first, the developed 

model will help in planning for agricultural activities, surface water management, and many 

other socio-economic activities in West Africa. Second, the use of SHAP will help in 

understanding the most important features in the model; this will also help in building trust and 

accountability in the model. Third, the developed model can be used by national meteorological 

offices in West Africa as part of their sub-seasonal to seasonal (S2S) forecasts. 

Bochenek and Ustrnul (2022) provided an up-to-date perspective on the application of machine 

learning (ML) in weather and climate. They reported that the most frequent algorithms used are 

Deep Learning Networks, Random Forests (RF), Artificial Neural Networks (ANN), Support 

Vector Machines (SVM), and XGBoost. de Burge-Day and Leeuwenburg (2023), making a 

review of the use of ML in weather and climate modelling, concluded that they have been 

successfully applied in the field. Some of these applications include the replacement of sub-grid 
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scale parameterizations, the solving of resolved equations, and model replacement. Elsewhere, 

ML models have successfully been applied in thunderstorm predictions (Ahijevych et al., 2016; 

Ukkonen and Mäkelä, 2019), and the forecast of convection often includes CAPE (Brooks et al., 

2007). 

Features for the thunderstorm and precipitation models are climate indices and ERA5 data, and 

were lagged by a year. The ERA5 reanalysis atmospheric features were passed through a low-

pass filter. The models will serve the following purposes: First, the precipitation and 

thunderstorm models will help in planning for many sectors in Ghana, like agricultural and 

hydropower sectors and disaster preparedness. Second, since the GMet’s S2S forecasts mostly 

do not include forecasts of thunderstorms, this work will help by providing this important 

parameter in the S2S of Ghana’s forecasts. 

The drivers of thunderstorm variability over West Africa are not well understood, even though 

they give the majority of the rainfall over the area. The problem is further complicated by a lack 

of complete observations of thunderstorm frequencies. Therefore, an understanding of the 

variation of thunderstorms over vulnerable WA and how oceanic and atmospheric interactions, 

like large-scale flows and global teleconnection patterns, drive these variations is crucial, as this 

will help improve their forecasts and representation in NWP models. This will help in disaster 

risk management, for instance, in cases of flash floods, and will help most local farmers and 

domestic and industrial activities that rely on rainfall amounts and distributions. Lightning data 

is particularly appealing for flash flood forecasting because of the very short lag times between 

lightning observation and operational availability (Tapia et al., 1998). A better understanding of 

teleconnection drivers of thunderstorms can also help local forecasters make a more precise 



6 

 

prediction of the sub-seasonal to seasonal (S2S) forecast using the indices of the teleconnection 

patterns identified. 

 

1.2 Problem Statement and Justification 

Directly, precipitation and convection weather types are destructive and cost great economic 

losses and loss of life; they could also provide needed rainfall for many economic activities like 

rain-fed agriculture, hydropower generation, and surface water management. Indirectly, 

convective weather affects the earth’s climate by producing clouds that affect the energy budget 

and transport heat and moisture in the vertical. Although organised thunderstorms are known to 

contribute the majority of rainfall in West Africa, the prediction and drivers of variability in 

thunderstorm occurrence over West Africa are poorly understood. Furthermore, accurate models 

that forecast monthly precipitation over West Africa a year ahead of time are nonexistent. 

It is therefore important to predict and understand the drivers of thunderstorm and precipitation 

variability in West Africa, as this will help improve the forecast accuracy of these systems. The 

forecasts of these systems are further complicated by global and regional climate models’ (GCMs 

and RCMs) inability to represent convection realistically. These models have been shown to have 

systematic biases in convection intensity distribution (Kyselý et al., 2015) and diurnal cycle of 

precipitation (Dirmeyer et al., 2011). Such biases impact the overall skill of the models 

(Sherwood et al., 2014). To overcome such biases, as Laing et al. (2011) pointed out, NWP 

models should be able to reproduce convection precipitation intensity, frequency of occurrence, 

and duration of occurrence. Another way to overcome this issue is to run models like RCMs at 

high resolutions, such that deep convection is partially resolved and will lead to improvements 

in the representation and forecast of deep convection, like the convection-permitting model that 
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was run successfully by Knist et al. (2018). However, the computational cost of running such a 

model is very high. Another way is to have a good parameterisation scheme, which requires a 

better understanding of convection processes and their variability. A suggested approach used in 

this work is to model thunderstorms and precipitation using machine learning (ML) algorithms. 

Especially ML models that require fewer computational resources so that they can easily be used 

by individuals or national meteorological offices that may not have high-performance computers. 

The Intergovernmental Panel on Climate Change (Solomon et al., 2007) predicts that in the short 

term, the number of extremely dry and wet years will increase during the present century due to 

climate variability and change. The weather phenomena associated with thunderstorms are 

generally destructive and sometimes accompanied by extreme precipitation. A good 

understanding and prediction of this will help not only the local forecaster but also government 

policymaking and local farmers, as thunderstorm frequencies, precipitation amounts, and 

extreme weather-related hazards can be anticipated beforehand. Monthly thunderstorm 

frequencies over Ghana and precipitation over West Africa will be used as target variables, and 

the relationship between these and ERA5 reanalysis and teleconnection patterns will be 

investigated. Using flash count data from the TRMM satellite, Balogun et al. (2022) showed that 

morning and daytime hours are dominated by stratiform (non-convective type) precipitation and 

small system sizes, whereas evening and nighttime are dominated by convective and larger-size 

systems. Many economic activities, like hydropower generation and surface water resource 

management, depend very much on rainfall. It is therefore important to understand the drivers 

of thunderstorm activities over the sub-region. As stated earlier, Laing et al. (2011) pointed out, 

one of the most important steps in improving forecasts of convective systems is when NWP 

models can reproduce their precipitation intensity, their frequency of occurrence, and their 
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duration of occurrence, and a good parameterisation scheme, which requires a better 

understanding of convection processes and their variability. This proposed work then seeks to 

help broaden the knowledge of thunderstorm variability over WA and its relationship with global 

teleconnections. Studying thunderstorm variability and the drivers of this variability will help 

improve understanding and parameterisation schemes over West Africa. 

The first purpose of the present study is to study climatology and trends in thunderstorm 

frequency over Ghana using station monthly thunderstorm frequency data to investigate how 

thunderstorm frequencies are related to and impacted by climate variables. First, multivariate 

non-linear regression analysis was done using a machine learning approach to model 

thunderstorm frequencies and identify the main drivers of thunderstorms. Second, model 

behaviour was analysed to understand how the features impact thunderstorm frequencies in 

Ghana. Third, trend analysis was performed on the thunderstorm data and on the identified 

drivers. Since the regression model used in this study can handle non-linear relationships (Ke et 

al., 2017), the data was not detrended for the regression model. Identification of the drivers of 

thunderstorm variability aims at improving modelling and forecasting of thunderstorm 

frequencies. 

Also, this study seeks to develop a machine learning model that can predict monthly 

thunderstorm frequencies in Ghana one year in advance. This was done by applying three 

different ML models using the same dataset, comparing the results, and combining them to form 

an Ensemble model. The study also aims to develop an ML model that predicts monthly rainfall 

amounts in West Africa one year ahead for seasonal forecasting. Then SHapley Additive 

exPlanation (SHAP) plots were used to understand model behaviour for the purposes of 

understanding the major drivers of monthly rainfall over West Africa, knowing the interaction 
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among features, and for model trust, accountability, and model improvement (Lundberg and Lee, 

2017). The significance of such a model and approach includes: first, the developed model will 

help in planning for agricultural activities, surface water management, and many other socio-

economic activities in West Africa. Second, the use of SHAP will help in understanding the most 

important features in the model; this will also help in building trust and accountability in the 

model. Third, the developed model can be used by national meteorological offices in West Africa 

as part of their sub-seasonal to seasonal (S2S) forecasts. 

An alternative approach that could offer a breakthrough to the difficulty of forecasting 

thunderstorm occurrences is to learn the complex nonlinear relationships governing subgrid 

convection directly from observational and numerical modelling data. This can be done using 

machine learning (ML). The nonlinearity of deep convection initiation makes this problem a 

good candidate for machine-learnt classification models. This thesis falls in line with WASCAL’s 

priority research theme two (PRT 2), which deals with risks and vulnerability to climate 

extremes. This work also falls in line with the sustainable development goals (SDG): SDG 3 

(good health and wellbeing), SDG 6 (clean water and sanitation), and SDG 13 (climate action).  

The following are the research questions: 

(i)   what are the trends and drivers of thunderstorm variability over Ghana?  

(ii)   can predictive models be developed and evaluated for thunderstorm frequencies in 

Ghana for seasonal forecasting? 

(iii) can a predictive model be developed and evaluated to predict monthly precipitation 

over West Africa for seasonal forecasting? 

(iv)   can machine learning models be used to study oceanic and atmospheric drivers of 

precipitation over West Africa? 
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1.3 Aim and Objectives 

This study aims to analyse the drivers and develop predictive models for thunderstorms and 

precipitation over West Africa for sub-seasonal to seasonal (S2S) forecasting. 

  The specific objectives of the research are to: 

(i) analyse trends and drivers of thunderstorm variability over Ghana; 

(ii)   develop and evaluate predictive models for thunderstorm frequencies in Ghana for 

seasonal forecasting; 

(iii) develop and evaluate a predictive model that predicts monthly precipitation over 

West Africa for seasonal forecasting; and 

(iv)   analyse oceanic and atmospheric drivers of precipitation over West Africa.  

 

1.4 Innovation 

This study develops, for the first time, predictive models for thunderstorm frequencies over 

Ghana and precipitation over West Africa for seasonal forecasting using machine learning. The 

application of machine learning allows for the use of partial dependence plots (PDPs) and 

Shapley additive explanation plots (SHAP) in the study of the nonlinear drivers of precipitation 

and thunderstorms. 

 

1.5 Structure of the thesis 

This thesis is organised into five chapters. Chapter one gives the background of the study, a 

statement of the problem, and the aim and objectives of the research. The second chapter reviews 

the relevant literature. Discussed in this chapter are the known drivers of the West African 

climate, how global teleconnections relate to the West African climate, and how machine 
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learning algorithms have been used in climate studies. Chapter three discussed the data and 

methods used to achieve the results of this thesis. Chapter four contains the results and the 

discussion of these results. Chapter five concludes the research with recommendations. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 WACS and their drivers / Large scale flow over West Africa 

The West African Climate Systems (WACS) is dominated by the West African monsoon (WAM). 

Therefore, a good understanding of the WAM will greatly improve the forecast of weather 

phenomena over the region. The WAM occurs when the boreal wintertime dry north-easterly 

surface winds are replaced by south-westerly surface winds during the boreal summertime over 

the region. The south-westerly winds emanate from the tropical Atlantic and are therefore 

moisture-leading winds and greatly influence the annual rainfall over the West African region 

(Fink et al., 2017). Thus, the annual rainfall variability of West Africa depends on the variation 

of the WAM. With much of the region’s agriculture being rain-fed agriculture, the rainfall 

variability could greatly influence agricultural productivity and other economic activities. 

Hamilton et al. (1945) were part of the pioneers of the four weather zones concept over West 

Africa. As Fink et al. (2017) pointed out, there have been some advances in our understanding 

of the West African monsoon, but the ‘concept of the four weather zones’ is still a basic approach 

to the West African monsoon. Figure 2.1 shows the traditional four zones over West Africa during 

the boreal summer month of July, adopted from chapter one of the forecasters’ handbook. 

The northernmost zone is zone A. This zone is north of the intertropical convergence zone (ITCZ) 

and is therefore mostly dry. The ITCZ is a zone that separates, to the north, the dry north-

easterlies, and to the south, the moist south-westerlies. Zone A is mostly dry with rare 

precipitation, and the temperature is mostly high in this zone and could exceed 40 °C. The West 

African surface heat low (area of low pressure) is found in this zone. 
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To the immediate south of zone A is zone B. The latitudinal coverage of zone B is very narrow. 

Although there is monsoon flow within this zone, the monsoon layer is very shallow. 

Precipitation could occur here, but the amounts are very low. 

Zone C is the most weather-active zone, with a high frequency of weather activities like 

thunderstorms and precipitation. Present in this zone are the mid-level African easterly jet (AEJ) 

and upper-level tropical easterly jet (TEJ). 

Zone D mostly has shallow and mid-level clouds with fewer convective clouds and convective 

activities, except in some parts of the Guinea Coast that have rainfall. In this zone, the ‘little dry 

season’ occurs during July or August. Of course, the four zones are not stationary. They migrate 

southward into the Atlantic, leaving only zones A and B on the continent around January (Fink 

et al., 2017). The thermodynamic differences between the hot and dry Sahara to the north and 

the cool and moist Atlantic to the south determine the seasonal variation of the WAM. The 

climate of West Africa is influenced by many synoptic features. Some of which are described 

below. 
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Figure 2.1: An illustration of the cross-section of the atmosphere between 100W and 100E. 

Showing the latitudinal positions of the four zones over West Africa. Adopted from chapter one 

of Meteorology of Tropical West Africa: The Forecasters’ Handbook. 
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2.1.1 Saharan Heat Low 

An area is said to have a heat low or thermal low when there is a low surface atmospheric pressure 

at the area, which is a result of the heating of the area; this results in aloft air divergence. The 

flow pattern around heat lows is generally weak cyclonic flow. During the summertime, the West 

African heat low is located over the Sahara, hence the name Saharan heat low (SHL). The SHL, 

which is a low mean sea level pressure, is centred around 22°N, 3°W. The SHL in West Africa is 

a major component of the West African monsoon system and is known to influence the West 

African monsoon (Parker et al., 2005; Peyrillé and Lafore, 2007; Lavaysse et al., 2009, 2016). 

Being a major component of the WAM system, the SHL has been found to influence rainfall over 

the Sahel region of West Africa (Lavaysse et al., 2010a; Evan et al., 2015). Like most climate 

systems, the SHL interacts with other components of the WAM system. For instance, when the 

SHL is intensified, it enhances low-level south-westerly monsoon flow and north-easterly flow 

from the desert (Lavaysse et al., 2016). This kind of flow could enhance convection and cloud 

cover (Parker et al., 2005). An intensified African easterly jet (AEJ) is seen during the 

intensification of the SHL (Lavaysse et al., 2010b). Evan et al. (2015) examined the role of SHL 

in Sahel drought recovery in the 1980s. In their work, a positive correlation was found between 

Sahel rainfall and the surface temperatures over the Sahara. Their work showed that the Sahel 

rainfall recovery is consistent with an intensified SHL. Lavaysse et al. (2016) made a study of 

the SHL trends and their impact on the West African climate, and they observed that the increase 

in temperature over the SHL area is higher than in the surrounding areas. They suggest that the 

influence of the SHL on the WAM system might have increased due to the high temperature 

gradient between the Gulf of Guinea and the Sahara. 
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2.1.2 Intertropical Discontinuity or Intertropical Boundary  

The intertropical discontinuity (ITD) or intertropical boundary (ITB) is a zone of confluence of 

the dry and warm north-easterly winds from the desert and the moist and cool south-westerly 

winds from the Atlantic Ocean during the spring and summer months. The physical processes 

that control the SHL are the same that control the ITD on a day-by-day basis (Fink et al., 2017). 

It is known that during nighttime, the monsoonal flow is strengthened and flows into the SHL, 

thereby shifting the ITD poleward, making the ITD move several kilometres poleward during 

the night (Fink et al., 2017). Seasonally, the ITD migrates northward and southward, mimicking 

the apparent ‘movement’ of the sun, somewhat lagging the zenith angle of the sun (Lélé and 

Lamb, 2010). The position of the ITD and its accompanying features play very important roles 

in the seasonal to inter-annual climate variability over West Africa. 

Some studies have tried to establish ITD latitude and rainfall relationship over West Africa. For 

instance, Ilesanmi (1971) observed a statistically significant positive relationship between the 

ITD latitudinal location and rainfall on monthly and annual time scales. Lélé and Lamb (2010), 

making a study of the meridional movement of the ITD and the role it plays in Sudan–Sahel 

rainfall, made the following observations: The northward movement of the ITD in the Sudan–

Sahel from April to early August averages about 8.8 km per day. However, its southward retreat 

from mid-August to mid-November is faster, at 15.5 km per day. They observed that as ITD 

advances northward, the monsoon rainbelt also advances northward. The northern boundary of 

the rain belt, however, lags 100–250 km south of the ITD. They also noticed that during both the 

ITD northward advancement and retreat, the Sudan–Sahel rainfall is positively related to the ITD 

latitude. 
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The ITD is therefore an important component and driver of the climate system of West Africa. 

This has been shown to drive the rainfall of the region and influence convection as its position 

determines the type of wind flow. 

 

2.1.3 African Easterly Jet 

The WAM has been linked to the mid-tropospheric (600–700 hPa level) easterly flow that could 

reach a speed of 20 ms⁻¹ around 150N (Parker et al., 2005; Balogun, 2024a; Balogun, 2024b). 

This mid-tropospheric easterly flow is termed the African easterly jet (AEJ). The flow of the AEJ 

is such that the zonal flow is essentially geostrophic while the meridional flow is mostly 

ageostrophic (Cook, 1999). West African wave development and propagation has a link with the 

AEJ (Burpee, 1972) and plays a role in the interannual variability of rainfall over West Africa 

(Newell and Kidson, 1984; Fontaine and Janicot, 1992). The AEJ has a jet core, and south of that 

core is where the African easterly waves (AEWs) form; here squall lines and maximum 

precipitation occur (Wu et al., 2009). 

Cook's (1999) study of the AEJ using the global climate model (GCM) and reanalysis data 

showed that the two conditions that are necessary for the formation of AEJ over WA are 

insolation during summer and soil moisture gradients. Cook (1999) also observed that the AEJ’s 

height is determined by the level at which the positive temperature gradient (induced by the 

surface) is replaced by the negative temperature gradient (as a result of the free atmosphere). In 

their study, they eliminated insolation, cloud, and SST distribution as possible sources of AEJ; 

they, however, observed that variations in SST and surface roughness influence the jet’s position 

and intensity. 



18 

 

Wu et al. (2009) made a continuation of Cook (1999), using a model with higher resolution. In 

their work, Wu et al. (2009) acknowledge the contribution of soil moisture gradient in producing 

the AEJ, as earlier reported by Cook (1999). However, other factors that contribute to producing 

the AEJ other than soil moisture gradient are vegetation distribution, moisture gradients, and 

orography (Wu et al., 2009). 

 

2.2 Global thunderstorm variability/ convective rainfall variability  

The latter part of the 19th century saw an increase in the research on lightning when photography 

became popular (Uman, 2001). Lightning strikes can occur in thunderstorms, convective clouds, 

or stratiform clouds, and sometimes too from clear skies. Lightning in clear skies is possible 

because lightning strikes do not always take a vertical path to the ground. So, a lightning strike 

can occur some kilometres from the cloud of origin. However, the majority of lightning occurs 

in thunderstorms. Lightning can generally be divided into two types: cloud discharge (CD) and 

cloud-to-ground (CG). CG lightning causes much of the damage as it can destroy power plants 

and cause injuries and deaths. 

Globally, lightning frequencies as estimated by satellites are 45 flashes/sec (Christian et al., 

2003). The global lightning hot spots over the tropical landmasses, from the most active to the 

least active regions, are Africa, South America, and South Asia (Price, 2008). In trying to 

examine the differences in lightning activity between the two most active lightning regions of 

the world (Africa and South America), Williams and Satori (2004) found that Africa had higher 

lightning because it is hotter and drier than South America. 

Figure 2.2 shows the global annual distribution of lightning flashes from the Global Hydrology 

Resource Centre. Generally, lightning flashes are more over the continents than over the ocean. 
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Most of the intense lightning occurs over continental tropics compared to other regions, as global 

lightning observations indicate that 90% of global lightning occurs over the continental tropics 

and the summer hemisphere (Price, 2009). Over continental tropics, the diurnal cycle of lightning 

is such that there are low lightning flashes during the local morning, but it reaches a peak during 

the local late afternoon (Price, 2009). This diurnal cycle of thunderstorms is consistent with the 

diurnal cycle of surface temperature over the tropics, however, with a time lag. Over the ocean, 

the diurnal cycle of lightning activity is less pronounced (Price, 2009). 

Convective clouds from the oceans have moderate updraft velocities of less than 10 ms⁻¹; 

however, those that emanate from land may have updraft velocities of up to or more than 15 ms⁻¹ 

(Stith et al., 2004). The strong updraft over land is enough to produce more lightning (Zipser and 

Lutz 1994). These differences in updraft velocities between the land and ocean are one of the 

reasons responsible for the high lightning flashes over land as compared to the ocean; this is 

because updraft intensity has been found to play a role in the electrification of thunderstorms and 

lightning frequencies (Baker et al., 1995; 1999). Land and ocean have different thermal 

capacities; this makes the land heat faster than the ocean, resulting in longitudinal differences in 

the orientation of the intertropical convergence zone (ITCZ) over the land and ocean in the 

tropics. This difference is also a reason for the differences in convective activities observed 

between continents and oceans over the tropics (Lemone and Zipser, 1980; Lucas et al., 1994). 

Much of tropical rainfall is associated with deep convection (Houze, 1993, chapter 7). Newly 

formed convective clouds contain air that has been lifted to its “level of free convection” and 

therefore begin to ascend freely. As it ascends, it draws on the convective available potential 

energy (CAPE) that is available in the conditionally unstable midtroposphere (Houze, 1993). 

Over the tropics, about half of rainfall is heavy and short-lived from the updrafts from convective 
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clouds. The other half of rainfall in the tropics is from spreading anvil clouds that fall gently in 

mesoscale rain areas (Schumacher and Houze, 2003). The frequency of the occurrence of 

lightning can be a proxy for the occurrence of strong updrafts over land and ocean (Virts et al., 

2013) and associated phenomena, like flash floods (Tapia et al., 1998). Lightning is modulated 

by the diurnal cycle because daytime heating of the boundary layer air over land can increase the 

CAPE, and if there is sufficient lifting to trigger convection (Virts et al., 2013). 
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Figure 2.2: Annual number of lightning flashes by pixel over the 1995–2003 period. Source: 

Global Hydrology Resources Centre. 
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To overcome the lack of historical data on lightning and thunderstorms over Africa, Harel and 

Price (2020) constructed an empirical model of thunderstorm clusters over the region using lifted 

index and specific humidity from 1948-2016. Their results show spikes of thunderstorm clusters 

from 1948 to the 1990s over Africa. However, from the mid-1990s to the mid-2000s, there has 

been a general increase in thunderstorm clusters; this rise continued and reached a peak level in 

2010. 

Over West Africa, convective clouds give the majority of rainfall. These convective clouds over 

West Africa are part of a global tropical circulation and are also driven locally by the surface and 

atmospheric conditions (Parker and Diop-Kane, 2017). Unstable conditions are almost easily 

generated over the tropics, including West Africa. This is because of the availability of moist 

energy that is gained from heated surfaces and the free atmosphere losing energy through 

radiative processes. 

Roehrig et al. (2013), in examining the autocorrelation of Global Prediction Climatology Project 

(GPCP) precipitation anomalies that lagged at one (1) day, observed that Africa has a unique 

precipitation probability. Some places in Africa had negative lag correlation values. This 

indicates that if there is rainfall today, it is less likely that it will rain again tomorrow. There is 

no rainfall persistence over the region (Parker and Diop-Kane, 2017), unlike many other regions 

of the world (Roehrig et al., 2013). Sahel rainfall probability density functions show a non-

Gaussian distribution with strong variability (Parker and Diop-Kane, 2017). 

 

2.3 Machine learning algorithms in climate studies 

Machine learning (ML) can be thought of as both an art and a science, where computers are 

programmed to learn from a set of data (Geron, 2017). The “programmed computer” can then 
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describe the relationship that exists in the data (between the predictor and response) and make 

future predictions. Based on the amount of supervision the machine receives, ML can be 

classified into supervised learning, semi-supervised learning, unsupervised learning, and 

reinforcement learning. 

In supervised machine learning, the data used in the training processes include a label (a desired 

outcome). Thus, for every observation made, there is an associated response. For example, 

predicting whether a particular day will have thunderstorms or not using past thunderstorm data 

(response) and surface or reanalysis data (predictors) to train the model. Examples of these types 

are logistic regression, linear regression, neural networks, k-nearest neighbours, decision trees, 

etc. However, unsupervised learning has no labels. Thus, the algorithms learn with no 

supervision, making this more challenging than supervised learning. An example of 

unsupervised learning is principal component analysis (PCA), k-means, kernel PCA, Apriori, 

etc. Semi-supervised learning is when the data used in training the computer has much of it being 

unlabelled and the other being labelled; an example is the deep belief networks (DBNs). In 

reinforcement learning, “the learning system, called an agent in this context, can observe the 

environment, select and perform actions, and get rewards in return” (Geron, 2017, pp. 13). 

Generally, in ML data, labels (responses) that are quantitative are often referred to as regression 

problems, and those with qualitative responses are classification problems. Thus, when we are 

more interested in the amount of rainfall on a particular day, that will be a regression problem. 

But if we want to know whether it will rain on a particular day, that will be a classification 

problem. 

Most atmospheric phenomena are chaotic and non-linear; this makes their prediction very 

difficult. For instance, deterministic methods and models are unable to capture well the non-
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linearity of air pollutant concentration and their dispersion (Rybarczyk and Zalakeviciute, 2018). 

Machine learning approaches are increasingly becoming good tools for forecasting weather 

phenomena (Sønderby et al., 2020). Therefore, machine learning (ML) algorithms are now 

increasingly being used to study atmospheric or climate processes (Shabib Aftab et al., 2018, 

and the references therein). 

Rybarczyk and Zalakeviciute (2018), making a review of ML in outdoor air quality modelling, 

concluded that most articles that focused on pollutant concentration estimation used ensemble 

methods or regression algorithms. However, those articles that focus on forecasting air quality 

use neural networks (NN) and support vector machines (SVM). They found that the precision of 

estimation methods is better and less variable than the forecasting methods. Chen et al. (2020), 

making a review of ML forecasts of tropical cyclones, concluded that ML has made some 

advances in the prediction of tropical cyclones’ genesis, path, and intensity and in improving 

numerical forecast models. Foresti et al. (2019), using machine learning to nowcast the growth 

and decay of precipitation, found that artificial neural networks were able to learn and effectively 

reproduce long-term growth and decay of precipitation. 

Azad et al. (2021) proposed two new ensemble empirical mode decomposition (EEMD) models, 

namely EEMD-ANN and EEMD-SVM, for the prediction of thunderstorm frequency over 

Bangladesh. They compared these two new models with ANN, auto-regressive integrated 

moving average (ARIMA), and SVM. Their study found that the proposed EEMD-ANN and 

EEMD-SVM had better root mean square error (RMSE) compared to ANN, ARIMA, and SVM. 

They then concluded that hybridising EEMD with conventional ML models could increase 

monthly thunderstorm frequency prediction. Shi et al. (2022), using machine lightning data and 
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learning algorithms to simulate deep convection, concluded that lightning data, machine learning 

algorithms, and ERA5 reanalysis data could greatly enhance deep convection forecasting. 

Mostajabi et al. (2019) used readily available meteorological parameters (surface wind, air 

temperature, relative humidity, and station-level air pressure) to train machine-learning 

algorithms for the prediction of lightning activities in a time frame from the present to 30 minutes 

into the future. The machine learning algorithm was able to learn from the data and make a good 

prediction of the occurrence of lightning within the time frame. Their results show that the ML 

model had at least a probability of detection (POD) of 71% at the different stations and different 

lead times (0-10 min, 10-20 min, and 20-30 min) of the study. The ML model also outperformed 

the persistence forecasting method, the electrostatic field method, and a model developed based 

on the CAPE threshold. 

Different ML techniques have been shown to be good at different situations. For example, Zhang 

et al. (2016), comparing different ML models (Artificial Neural Networks (ANN), Adaptive 

Neuro Fuzzy Inference System (ANFIS), and SVM) in predicting rainfall, found that ANN 

performed better when trained with heavy rainfall data only, while ANFIS was better in typhoon 

events that are extreme. In another comparative study of rainfall prediction using Random Forest, 

Support Vector Machine, Naive Bayes, Neural Network, and Decision Trees over Malaysia, 

Random Forest has been shown to classify instances correctly with a small amount of training 

data (Zainudin et al., 2016). Therefore, there might not be one single ML model that is better 

than the others in all situations. 
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2.4 Empirical Orthogonal Functions 

Empirical orthogonal functions (EOF) or principal components analyses (PCA) are unsupervised 

machine learning techniques or methods and are great tools for dimension reduction. This 

technique can reduce the dimension of an n × k data matrix X to a smaller dimension and still 

maintain the variance of the matrix. Thus, EOF is able to find a relatively small number of 

independent variables from the original data (say, matrix X) that convey much of the original 

information as possible without redundancy. The direction of the first principal component shows 

the direction in which the data matrix X varies most. The second principal component has the 

second highest variability within the data matrix or observation. However, the first principal 

component and the second principal component are said to be orthogonal to each other and the 

other components. 

EOF can be used to produce variables that can now be used in supervised regression (an example 

is principal component regression), and it can also be used as a great tool for data visualisation 

(James et al., 2013). The principal component loading vector is unique, and so is the score vector, 

both “up to a sign flip” (James et al., 2013). Thus, two different programming packages should 

give the same loading vectors of the principal components, but the signs of the loading vectors 

might change. 

After a PCA or EOF, one will not be interested in keeping or retaining all the principal 

components. There must be a rule that can be used to decide which principal components to 

retain and which to reject, such that the small number of principal components retained should 

be able to explain much of the variability within the data set. Generally, this is done by observing 

the scree plot and cutting off from the elbow of the scree plot. The elbow of the scree plot is the 

point where the proportion of variance explained by the principal components drops off (James 

et al., 2013). Another criterion for deciding the number of principal components to retain is what 
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has been proposed by North et al. (1982): “If the sampling error of a particular eigenvalue is 

comparable to or larger than the spacing between the eigenvalue and the neighbouring 

eigenvalue, then the sample error, which is the EOF, will be comparable to the size of the 

neighbouring EOF.”. Another way of deciding the number of principal components to retain is 

by deciding the percentage variance (e.g., 90%) and accepting the first principal components that 

altogether explain that percentage variance. 

 

2.5 Large Scale Environments and Teleconnections relation with Thunderstorms  

Early studies have proposed strong wind shear between lower and upper levels, lower 

tropospheric moisture, dynamical lifting, and conditional instability as environmental conditions 

that are favourable for convection or thunderstorm formation (Fulks, 1951; Miller, 1972). 

Mesoscale and synoptic scale processes are known to help in thunderstorm initiation (Cotton et 

al., 1983; Doswell, 1984; Rockwood and Maddox, 1988). However, wind shear plays an 

important role in determining the severity and longevity of an initiated storm (Weisman and 

Klemp, 1982; Schoenberg Ferrier et al., 1996; Takemi, 2007). 

Liu et al. (2020), in examining the environments that are associated with the most intense 

thunderstorms over some thunderstorm hot spots (south-central United States, Sahel, Congo, 

Colombia, Himalayas, Argentina, and northwest Mexico) in the world, made the following 

findings: the low-mid troposphere wind shear is highest in the sub-tropics (south-central United 

States, Himalayas, and Argentina) and Sahel as compared to the other hot spots. They also found 

that of all the selected tropical hot spots, only the Sahel has a combined high CAPE and large 

wind shear; however, in relative terms, lower convective inhibition (CIN), higher CAPE, lower 

helicity, and weaker low-level wind shear are found in intense thunderstorms over the tropics 
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compared to the sub-tropics. In comparing the environments for weak and intense thunderstorms 

over Sahel hot spots, they observed that intense thunderstorms over these hot spots have higher 

CAPE and are stronger with shear as compared to the weak thunderstorms. In the other tropical 

regions, intense thunderstorms have higher CAPE values as compared to the weaker ones, but 

the value of the differences is smaller compared to the differences in the subtropical hot spots 

and Sahel. 

There have been a number of studies that have related the occurrence of thunderstorms and global 

teleconnection patterns. For instance, Ghavidel et al. (2016) made a statistical analysis on the 

relationship of daily thunderstorm frequency and teleconnection patterns over Iran. They found 

that the total monthly frequencies of thunderstorms correlated well with teleconnections during 

some months (May, June, and October); however, the correlations were weaker and non-

significant in some months (January, February, and July). Campozano et al. (2018) found that a 

significant positive correlation exists between the mesoscale convective systems (MCSs) 

occurrence in the Plaute basin (Ecuador) and the Trans-Niño index. They also concluded that, in 

the eastern part of the Plaute basin, there exists also a positive correlation of MCSs variability 

with tropical Atlantic Sea surface temperature anomalies (SSTAs) south of the equator. 

Over Brazil, it has been reported that convective activities are enhanced during the occurrence 

of El Niño than during La Niña events (Sátori et al., 2009; Pinto, 2015). Pinto (2015) also found 

that thunderstorm activities over Brazil are influenced in some way by the Tropical North 

Atlantic (TNA) and Tropical South Atlantic (TSA). Pinto (2015) then concluded that the 

influence of ENSO, TNA, and TSA is different on thunderstorm occurrence in different parts of 

Brazil. The influence of teleconnections on European thunderstorm activities has also been 

investigated. For example, Piper and Kunz (2017) looked at how the North Atlantic Oscillation 
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(NAO) impacts convective activities over parts of Europe. They observed an increase in 

convective activities over most parts of the study area when NAO is in a strongly negative phase. 

Thus, the negative phase of NAO generally enhances thunderstorm activities in the study area, 

while positive NAO suppresses convective activities. 

Piper et al. (2019), in assessing the large-scale drivers of thunderstorm activities over central and 

western Europe using lightning data, observed that over Europe, convection-favouring 

environments occur ahead of upper-level troughs. Their work shows that convective 

environments are influenced and impacted by teleconnection patterns and sea surface 

temperatures (SSTs). For instance, a positive East Atlantic Pattern (EA) increases the frequency 

of troughs over western Europe and leads to an increase in a convective-favouring environment 

and hence a likely increase in convective activities over the region. 

Sátori et al. (2009) used the multivariate ENSO index (MEI) and global lightning data to study 

how lightning activities vary during warm El Niño and cold La Niña phases. Although, on the 

diurnal time scale, dominant subsidence occurs over land (ocean) during the nighttime (daytime), 

on the ENSO time scale, the dominant subsidence occurs over land (ocean) during the El Niño 

(cold La Niña) phase (Sátori et al., 2009). Thus, on the ENSO time scale, lightning is enhanced 

over land during the El Niño phase of ENSO but rather enhanced over the ocean during the La 

Niña phase (Sátori et al., 2009). 

The influence of different teleconnections on convective activities is diverse. However, there has 

not been a comprehensive study of teleconnection patterns influence on the variability of 

thunderstorms over West Africa, even though convective rainfall gives much of the rainfall over 

the sub-region. 
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2.6 GPM-IMERG usage over West Africa 

Precipitation over West Africa is essential to many sectors of the West African economy, 

including but not limited to agriculture, hydropower generation, and water resources planning 

and management. Extreme and/or continuous precipitation could lead to flooding, loss of 

property, and sometimes even death. It is therefore necessary to predict the rainfall amount in 

the region in advance. 

One of the main challenges to forecasting and research in the region is the issue of insufficient 

data. West Africa has a sparse rain gauge network, and this greatly hampers rainfall prediction 

modelling. One way to overcome this challenge is to use satellite data to monitor rainfall in the 

region. The Integrated Multi-satellite Retrieval for Global Precipitation Measurement (GPM-

IMERG) (Skofronick-Jackson et al., 2017) is one of such useful satellite datasets over West 

Africa. Although GPM-IMERG has been reported to have some biases (Maranan et al., 2020), 

it has been extensively used over West Africa. It has been shown to perform well on monthly 

and seasonal scales (Boluwade, 2020; Nwachukwu et al., 2020) and has also been shown to give 

realistic estimations of extreme precipitation events over Burkina Faso (Sahel) (Sanogo et al., 

2022). Nwachukwu et al. (2020), in evaluating satellite-based precipitation products over 

Nigeria (West Africa), observed that on a monthly time scale, GPM-IMERG-F v.6 scored one 

of the best performances in Kling-Gupta efficiency (KGE), correlation, and bias in all the zones 

of Guinea, Savanah, and the Sahel. 
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CHAPTER THREE 

MATERIALS AND METHODS 

3.1 Study area and data 

3.1.1 Thunderstorm data 

To achieve the first two objectives, thunderstorm data from the 22 synoptic stations in Ghana 

(Figure 3.1) were used. The stations are divided into three zones in this study: coastal, middle, 

and northern. Monthly thunderstorm frequency data for all synoptic stations in Ghana were 

obtained from the Ghana Meteorological Agency (GMet) from 1990 to 2013. The total number 

of months with missing data over the 22 stations is 118 out of the 6336 total months. The Wa 

station had the highest number of missing data points in 13 months. 

 

3.1.2 GPM-IMERG Precipitation and ERA5 reanalysis data 

The GPM-IMERG final run version 7 monthly precipitation over West Africa (Figure 3.2a) from 

2000-2023 is used as the target variable in this study, with a spatial resolution of 0.10 by 0.10. 

The IMERG precipitation data are available at https://disc.gsfc.nasa.gov/. To help predict the 

monthly thunderstorm frequency over Ghana and monthly rainfall amount over West Africa, 

ECMWF Reanalysis version 5 (ERA5) reanalysis data with a spatial resolution of 0.250 by 0.250 

(Hersbach et al., 2020) was used. The ERA5 data are also available at 

https://cds.climate.copernicus.eu/. Climate indices were also used as part of the features in 

predicting the monthly rainfall amount over West Africa. The National Oceanic and Atmospheric 

Administration’s (NOAA) physical sciences laboratory website contains the climate indices used 

in this study: https://psl.noaa.gov/data/climateindices/list/. The features used are from 1999–

2022. All the features used are detailed in Table 3.1. 

https://disc.gsfc.nasa.gov/.%E2%80%9D
https://cds.climate.copernicus.eu/
https://psl.noaa.gov/data/climateindices/list/
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Table 3.1: List of all features used. 

 

Features 

 

Abbreviation 

Atlantic Meridional Mode AMM 

Atlantic Multi-decadal Oscillation AMO 

El Niño/Southern Oscillation (ENSO) region 3.4 Niño 3.4 

El Niño/Southern Oscillation (ENSO) region 1+2 Niño 1+2 

El Niño/Southern Oscillation (ENSO) region 3 Niño 3 

El Niño/Southern Oscillation (ENSO) region 4 Niño 4 

Multivariate ENSO index MEI 

Indian Ocean Dipole IOD 

North Atlantic Oscillation NAO 

Pacific North American Pattern PNA 

Tropical North Atlantic Index TNA 

Tropical South Atlantic Index TSA 

Southern Oscillation Index SOI 

Multivariate ENSO Index MEI 

Western Hemisphere Warm Pool WHWP 

Pacific Decadal Oscillation PDO 

Longitude Lon 

Latitude Lat 

Clear-sky direct solar radiation at the surface CDIR 

Convective precipitation CP 

10 m wind speed SI10 

Convective available potential energy CAPE 

Convective inhibition  CIN 

Top of atmosphere incident solar radiation TISR 

2 m dewpoint temperature D2M 
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Features 

 

Abbreviation 

2 m temperature T2M 

Cloud base height CBH 

Vertical integral of eastward cloud liquid water flux P88.162 

k-index KX 

10 m U wind component U10 

10 m V wind component V10 

Convective rain rate CRR 

High vegetation cover CVH 

Instantaneous 10 m wind gust I10FG 

Instantaneous eastward turbulent surface stress IEWS 

Instantaneous northward turbulent surface stress INSS 

Large-scale precipitation LSP 

Large-scale rain rate LSRR 

Leaf area index, high vegetation LAI_HV 

Leaf area index, low vegetation LAI_LV 

Low cloud cover LCC 

Low vegetation cover CVL 

Mean sea level pressure MSL 

Mean total precipitation rate MTPR 

Medium cloud cover MCC 

Total cloud cover TCC 

Total column cloud ice water TCIW 

Total column rain water TCRW 

Total column supercooled liquid water TCSLW 

Total column water TCW 

Total column vertically-integrated water vapour TCWV 
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Features 

 

Abbreviation 

Total precipitation TP 

Total totals index TOTALX 

Type of high vegetation TVH 

Vertical integral of divergence of cloud liquid water flux P79.162 

Vertical integral of eastward cloud liquid water flux P88.162 

Vertical integral of total energy P63.162 

Evaporation E 

Mean evaporation rate MER 

Potential evaporation PEV 

Skin temperature SKT 

Soil temperature level 1 STL1 

Soil temperature level 2 STL2 

Soil temperature level 3 STL3 

Soil temperature level 4 STL4 

Surface latent heat flux SLHF 

Surface pressure SP 

 



35 

 

 

Figure 3.1. Map showing the locations of the stations used in this study. Colours indicate different 

climate zones of Ghana. 
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Figure 3.2. Map of West Africa, showing the demarcated climatic zones of West Africa. 
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3.2 Methods 

3.2.1 Trend Analysis 

The Mann-Kendall test (Mann, 1945; Kendall, 1948), which is often used to test for trends in 

hydro-climatological time series (Oguntunde et al., 2012; Oguntunde et al., 2017), is used to test 

for the presence of trends in this analysis. Before applying the Mann-Kendall (M-K) test, the 

lag-one autoregressive AR(1) was removed from the data using a pre-whitening technique 

described by Yue et al. (2002) as follows: 

a. The data was detrended by first estimating the trend (Tt), which is assumed to be linear, 

and subtracting the estimated trend from the original data (Xt) using the equation: 

Xt
′ = Xt − Tt = Xt − bt                                                                                        (3.1) 

b is the slope of the trend. 

b. The lag-1 serial correlation coefficient (r1) of the detrended data (Xt
′) is computed. 

c. The AR(1) component is removed from the Xt
′ using the formula: 

Yt
′ = Xt

′ − r1Xt−1
′                                                                                                     (3.2) 

Trend analysis was performed on the same 1990–2013 annual data for all zones to allow 

comparison between zones. The M-K test is applicable in cases where the data values x of a time 

series can be assumed to obey the model. 

x = f(t) + ∑ t                                           (3.3) 

Where f(t) is a continuous monotonic increasing or decreasing function of time, and the Residual 

∑ t can be assumed to be from the same distribution with a zero mean. The Mann-Kendall test 

statistic S is given as: 
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S = ∑ ∑ sgn(xj − xk)
n
j=k+1

n−1
k=1                                                                                         (3.4) 

where n is the length of the time series xi…xn, and sgn(.) is a sign function, xj and xk are values 

in years j and k, respectively. The expected value of S equals zero (E[S] = 0) for series without 

trend and the variance is computed as: 

σ2(S) =
1

18
[n(n − 1)(2n + 5) − ∑ tp(tp − 1)(2tp + 5)

q
p=1 ]               (3.5) 

Here q is the number of tied groups, and tp is the number of data values in pth group. The test 

statistic Z is then given as: 

Z =

{
 

 
S−1

√σ2(S)

0
S+1

√σ2(S)

 
 if
 if 
if
 
S > 0
S = 0
S < 0

                                           (3.6) 

As a non-parametric test, no assumptions as to the underlying distribution of the data are 

necessary. The Z-statistic is then used to test the null hypothesis, Ho, which states that the data is 

randomly ordered in time, against the alternative hypothesis, H1, which states an increasing or 

decreasing monotonic trend. To estimate the slope of an existing trend, Theil-Sen's 

nonparametric method (Theil, 1950; Sen, 1968) is used. First, the f(t) is equal to: 

          f(t) = Qt + B                    (3.7)  

where Q is the slope and B is a constant. To get the slope estimate Q, first, slopes of all data 

value pairs were calculated as: 

Qi =
xj−xk

j - k
                                 (3.8) 
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where j > k. If there are n values xj in the time series, we get as many as N = n (n -1)/2 slope 

estimates Qi. Sen’s estimator of slope is the median of these N values of Qi. The estimated slope 

is multiplied by the number of years to indicate the magnitude of change over the period. 

3.2.2 Establishing Oceanic Relations with Ghana Thunderstorm Frequency 

The GMet station data were aggregated into three zones based on Figure 3.1, and anomalies were 

computed using the annual thunderstorm frequency data. The anomalies were computed using 

Equation 3.9. The computed anomalies for the annual thunderstorm frequency data for each zone 

were first detrended and correlated with detrended annual global SST anomalies (SSTAs), and 

correlation maps were created. Both datasets were detrended by fitting a linear regression to each 

time series, and the fitted values from linear regression models were subtracted from the datasets 

to obtain the detrended time series. 

 A correlation map for each zone is made to show the portions of the global SSTs that are 

correlated with the thunderstorm frequencies in the study area. The thunderstorm and SST data 

were from 1990–2013. 

                      Anomaly = Xi − X̅                                                                                    (3.9) 

Where Xi is the annual thunderstorm frequency for the ith year and X̅ is the zone-specific 1990-

2013 mean. 

 

3.2.3 Machine Learning Models 

Tree-Based Models  

Three ML algorithms that are based on decision trees are used in this work. These include 

Random Forest (RF), LightGBM, and XGBoost. For the training of RF, a random subsection of 
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the data is used to train each decision tree. Because RFs fit each tree to a different subset of the 

data, in the next step, the variance is reduced by averaging the prediction of the model. The 

randomness and ensemble nature of RF help to increase the model's robustness and 

generalisation. 

Gradient-boosted decision trees like LightGBM and XGBoost are built sequentially, and each 

tree models the errors in the trees built thus far (de Burgh-Day & Leeuwenburg, 2023). In 

boosting, each new tree is grown using information from the previously grown trees. Boosting 

algorithms are slow learners. LightGBM is a type of gradient-boosting decision tree that is 

efficient, is designed to be fast, requires lower memory usage, and still achieves high accuracy 

(Ke et al., 2017). XGBoost has been used extensively in weather and climate modelling with 

good results (de Burgh-Day & Leeuwenburg, 2023). The difference between the tree growth of 

the LightGBM and XGBoost models is that LightGBM grows trees leaf-wise, while XGBoost 

grows trees level-wise. Although both are similar, they could give different results. This work 

uses both since the purpose is to get the best model for thunderstorm prediction. 

 

3.2.4 Machine Learning Workflow for thunderstorm models 

For developing a model that predicts the monthly thunderstorm frequencies over Ghana, the 

features were lagged by a year, and the ERA5 reanalysis data passed through a low-pass filter, 

and the ML models were trained and developed. All models were run using Python. The ML 

workflow is outlined below: 

1. The thunderstorm (feature) data were processed and divided such that January 1990 

(1989)–December 2007 (2006) was used for model training, January 2008 (2007)–
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December 2010 (2009) to validate, and January 2011 (2010)–December 2013 (2012) to 

test the model. 

2. For each of the ML models (LightGBM, XGBoost, and RF), Recursive Feature 

Elimination (RFE) with cross-validation was used to find the most relevant features from 

a list of over 60 features. The RFE was performed from 'sklearn.feature_selection’ 

(Pedregosa, 2011). 5-fold cross-validation was applied: during the 5-fold split, the data 

was not shuffled. 

3. To reduce the risk of collinearity, features that were well correlated were not used in the 

model. No two features with a Pearson correlation coefficient greater than 0.5 or less than 

-0.5 were used. Figure 3.3 is the correlation matrix of all the features used in training the 

final models. 

4. The ‘BayesianOptimization’ module from the ‘bayes_opt’ library was used to fine-tune 

the hyperparameters by defining a function for each model and evaluating their 

performance using the negative mean squared error (MSE) on the validation set. The 

hyperparameters that were fine-tuned for LightGBM, XGBoost, and RF and the selected 

values are presented in Table 3.2. To reduce the risk of model overfitting in the boosted 

models (Hastie et al., 2001), regularization methods was applied to the boosted models. 

These are also added to Table 3.2. 

5. Each model was then evaluated using the independent data set aside for testing the 

models. 

6. SHapley Additive exPlanations (SHAP) was applied to visualise model behaviour.  
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Figure 3.3: Correlation matrix of the selected features used in developing the ML models. 
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3.2.5 Machine Learning Workflow for precipitation models 

The ML workflow for the precipitation models is as follows: 

1. The precipitation data and features were preprocessed and manually divided into three 

subsets: the training set, the validation set, and the test set, as detailed in Table 3.4. The 

model was trained using the training set. Time series cross-validation was conducted with 

‘TimeSeriesSplit’ from ‘sklearn’ on the training set to fine-tune the hyperparameters and 

ensure a reliable evaluation of the model. The validation set was also used to monitor the 

model's performance during training and to implement early stopping to prevent 

overfitting. Finally, the model's performance was evaluated using the independent test 

set. 

2. The first three PC time series were used; these accounted for approximately 86% of the 

variance in the ERA5 reanalysis features. The following climate indices were added: 

Western Hemisphere warm pool (WHWP), Atlantic Meridional Mode (AMM), and El 

Niño/Southern Oscillation Regions 1+2 (Niño 1+2). The longitude and latitude were also 

used as features. 

3. Bayesian optimisation was used to fine-tune the hyperparameters. The selected 

hyperparameter values are shown in supplementary Table 3.3. LightGBM and XGBoost 

are prone to overfitting if no regularisation method is applied (Hastie et al., 2009); 

therefore, the following hyperparameters are added to the model: L1 and L2 

regularisations on weight and the minimum sum of instance weights, or the Hessian 

(min_child_weight). 

4. Bayesian optimisation was conducted via the ‘BayesianOptimization’ module from the 

‘bayes_opt’ library. A function was defined that trains each model with the 
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hyperparameters listed in supplementary Table 3.3 and evaluates their performance via 

the negative mean squared error (MSE) on the validation set. 100 iterations were 

performed during the optimisation. 

5. Different LightGBM and XGBoost models were developed using the following objective 

functions: Tweedie and regression (mean squared error or L2 loss). 

a. Tweedie Objective: Suitable for continuous data with a mix of zero and positive values, 

such as precipitation data, bridging Gaussian and Poisson distributions. 

b. Mean Squared Error (regression) Objective: A standard regression objective that 

minimises the squared differences between observed and predicted values, aiming to 

predict the mean of the target variable. 

6. An early stopping round of 10 was used during the model optimisation process. 

7. Each model was then evaluated using the unseen data, and an ensemble model was 

developed and evaluated. 

8. Monthly mean bias correction was applied using the training dataset's climatology to 

adjust the ensemble model outputs. 
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Table 3.2. The list of hyperparameters fine-tuned using Bayesian optimization for the thunderstorm models, showing the range the 

hyperparameters and the selected values for each model. Hyperparameters that were not used in a particular model are left empty in 

the column of that model. 

Hyperparameter Range Selected value for LightGBM Selected value for 

XGBoost 

Selected value for RF 

Number of Leaves 2 to 400 189   

Maximum depth 2 to 400 323 27 79 

Learning Rate 0.001 to 0.6 0.30 0.02  

Number of Estimators 2 to 400 381 194 118 

L1 Regularization Term (Alpha) 0 to 10 9.41 4.86  

L2 Regularization Term (Lambda) 0 to 10 3.15 0.23  

Minimum Sum of Instance Weight 

(Hessian) Needed in a Child 

0.01 to 10 5.51 6.96  

Minimum Loss Reduction (gamma) 0 to 0.5  0.97  

Subsample Ratio of Training Instances  0.2 to 1  0.38  

Column Subsampling (colsample bytree) 0.2 to 1  0.66  

Minimum Number of Samples required to 

Split a Node (min_samples_split) 

2 to 20   11 

Minimum Number of Samples required to 

be a Leaf Node (min_samples_leaf) 

2 to 10   8 

Maximum Number of Features Considered 

for Splitting a Node (max_features) 

0.1 to 1   0.39 
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Table 3.3. The list of hyperparameters fine-tuned using Bayesian optimization for the precipitation models, showing the range the 

hyperparameters and the selected values for each model for precipitation prediction. Hyperparameters that were not used in a 

particular model are left empty in the column of that model. 

Hyperparameter Range LightGBM Regression LightGBM 

Tweedie 

XGBoost Regression XGBoost 

Tweedie 

Number of Leaves 2 to 1000 985 885   

Maximum depth 2 to 1000 591 752 12 16 

Learning Rate 0.0001 to 0.5 0.11 0.27 0.37 0.10 

Number of Estimators 2 to 2000 563 1166 316 314 

L1 Regularization Term 

(Alpha) 

0 to 20 0.94 0.00   

L2 Regularization Term 

(Lambda) 

0 to 20 19.43 9.57   

Minimum Sum of 

Instance Weight (Hessian) 

Needed in a Child 

0.001 to 20 5.43 0.001 3.12 11.49 

Tweedie variance power 1.10 to 1.99  1.10  1.56 

Subsample 0.5 to 1   0.53 0.99 

Gamma 0 to 10   9.51  

Colsample bytree 0.5 to 1   0.69 0.96 
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Table 3.4: Division of features and target data into training, validation and test sizes. 

Data Split Features Data Periods Target Data Periods 

Training 6/1999 - 8/2016 6/2000 - 8/2017 

Validation 9/2016 - 8/2019 9/2017 - 8/2020 

Test 9/2019 - 8/2022 9/2020 - 8/2023 

 

 

 

 

 

 



48 

 

3.2.6 Model Evaluation 

To evaluate the performance of the models, the following metrics were used: coefficient of 

determination (R2), mean absolute error (MAE), mean squared error (MSE), root mean squared 

error (RMSE), model bias, index of agreement (d), and and Kling-Gupta efficiency (KGE). 

Below are the equations for computing these metrics. In all equations, Pi is the predicted ith value, 

Oi is the observed ith value. r is the Pearson correlation coefficient, α is the variability ratio, and 

β is the bias ratio. 

 

R2 = 1 −
∑ (Oi−Pi)

2m
i=1

∑ (Oi−P̅)
2m

i=1

                                                                                                             (3.10) 

MAE =  
1

m
∑ |Oi − Pi|
m
i=1                                                                                                         (3.11) 

 MSE =  
1

m
∑ (Oi−Pi)

2m
i=1                                                                                                        (3.12) 

RMSE = √
1

m
∑ (Oi−Pi)2
m
i=1                                                                                                     (3.13) 

Bias =  
1

n
∑ (Oi − Pi)
n
i=1                                                                                                          (3.14) 

d = 1 −
∑ (O−Pi)

2m
i=1

∑ (|Pi−O̅|+|Oi−O̅|)
2m

i=1

                                                                                                   (3.15) 

KGE = 1 − √r2 + α2 + β2                                                                                                   (3.16) 
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3.2.7  SHapley Additive exPlanation (SHAP)  

SHapley Additive exPlanation (SHAP) is one of the approaches used to interpret ML models; it 

is particularly useful for complex models. SHAP was initially proposed by Shapley based on 

game theory (Shapley, 1953). SHAP helps in understanding the importance and contribution of 

a given feature to the model output. A Python package has been developed that computes the 

SHAP values of the features used in ML models like LightGBM, XGBoost, etc. (Lundberg and 

Lee, 2017). SHAP values and plots have practical advantages, especially for meteorology, in 

understanding how features drive and impact a desired target like rainfall or temperature. 

Given S ⊆ F, where F is the set of all the features, to compute the effect of a feature (i) on the 

model prediction, a model fS ∪ {i} is trained with i present, and a second model fS is trained 

while withholding the i feature. The prediction from the second model is subtracted from the first 

model: fS ∪ {i}(xS ∪ {i}) − fS(xS). Where xS are the input feature values in the subset S.  

Shapley values are determined from:  

 

∅i = ∑
|S|!(|F|−|S|−1)!

|F|!
[fS ∪ {i}(xS ∪ {i}) − fS(xS)]S⊆F{i}                                 (3.17) 

|S|!(|F|−|S|−1)!

|F|!
 is the normalization term based on the number of choices of the subset.  

    

3.2.8 Partial Dependence Plot (PDP) 

Complex nonparametric models like LightGBM can be difficult to interpret. However, partial 

dependence plots (PDPs) can help show the relationship between features of interest and the 

target variable, independent of other features. PDP is used to study the relationship and 
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interaction between the features used in this work and the target variables (monthly precipitation 

amount and thunderstorm frequencies). 

For a set of predictors (features) x = {x1, x2, … , xp} in a model with a prediction function of f̂(x), 

partitioned into predictors of interest, zs, and its complement, zc = x\zs, the partial dependence 

of the target response to zs is given as: 

fs = Ezc[f̂(zs, zc)] = ∫ f̂(zs, zc) pc(zc)dzc                                        (3.18) 

Where pc(zc)is the marginal probability density of the compliment features (zc).  

pc(zc) = ∫p(x)dzs. Equation (2) was estimated by calculating equation (3), the Monte Carlo 

method: 

fs̅(zs) =
1

n
∑ f̂(zs, zi,c)
n
1                                                                        (3.19) 

Where zi,c(i = 1,2, … , n) are the values of the complimentary features (zc) that are present in the 

training dataset.  

 

3.2.9 Low Pass Filtering 

Before using the one-year lagged ERA5 reanalysis data as features for the thunderstorm 

frequency models, they were passed through a low-pass filter with varying period lengths (pl) 

using a Fast Fourier Transform (FFT). Thus, the high-frequency part of the signal was subtracted, 

and only the low-frequency part of the signals was retained to predict the thunderstorms one year 

ahead. The different period lengths used include 2, 3, 4, 5, 6, and 12 months. A period length of 

3 months gave the best results in all the models, as shown in Table 4.5. The results presented in 

the rest of this work are the results of a period length of 3 months. 
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Similarly, for the precipitation model, the ERA5 reanalysis was passed through a low-pass filter 

with a period length of 3 months, and then the filtered data underwent principal component 

analysis to reduce the dimensionality. 

 

3.2.10 Empirical Orthogonal Function (EOF) 

To reduce the dimensionality of the ERA features, Empirical Orthogonal Function (EOF) was 

performed on the low-pass filtered features. EOF analysis is widely used in climatology to extract 

dominant spatial and temporal patterns (Hannachi et al., 2007). The following features were used 

in the EOF analysis: 10 m u wind component (U10), 10 m v wind component (V10), surface 

pressure (SP), evaporation (E), clear-sky direct solar radiation at surface (CDIR), vertical integral 

of eastward cloud liquid water flux (P88.162), total totals index (TOTALX), mean sea-level 

pressure (MSL), k-index (KX), convective available potential energy (CAPE), and instantaneous 

northward turbulent surface stress (INSS). Convective inhibition (CIN) was excluded from this 

list because it had many missing values. The retained time series were used along with the 

climate indices as features to predict monthly precipitation over West Africa. The percentage 

variances of the first 5 principal components (PCs) were 57.8%, 21.0%, 7.2%, 3%, and 2% for 

PC1, PC2, PC3, PC4, and PC5, respectively. The data was then divided into training, evaluation, 

and test data. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Trends and Drivers of Thunderstorms 

4.1.1 Thunderstorm Climatology  

4.1.1.1 Annual Cycle of Thunderstorm Frequencies over Ghana 

Monthly thunderstorm frequency data exhibit clear seasonal patterns. From the three main zones 

(Figure 3.1), the northern zone shows a close-to-monomodal distribution, whereas the coastal 

and middle zones experience a clearly bimodal rainfall pattern (Figure 4.1), peaking in May and 

November, except for the Tema synoptic station, which peaks in October. The ‘little dry season’ 

is seen in August (Figure 4.1a). During this period, morning drizzles result from cold winds that 

reduce the temperature (Cornforth et al., 2017). As a result of these cooler conditions, the 

atmospheric energy required for thunderstorm development is insufficient, leading to a reduced 

likelihood of thunderstorms during this period. 

The middle zone has similar patterns compared to the coast. However, the influence of the ‘little 

dry season’ is reduced towards the north, as shown in Figure 4.1b. Furthermore, the middle zone 

has the second peak of thunderstorm frequencies in October. This second peak is higher than the 

first peak in May, unlike in the coastal zone. In the middle zone, what is mostly referred to as the 

second rainy season or “minor rainfall season” has more thunderstorms than the first rainy 

season. The northern zone stations have thunderstorm frequencies peaking in May and then 

experiencing only a small reduction in June, July, and August before peaking again in September, 

except for the Navrongo station, where there is a single peak in August. Thus, the ‘little dry 

season’ is weak or non-existent in this zone. 

The coastal and middle zones have less than five thunderstorms in August, except for the Abetifi, 

Wenchi, and Kete Krachi stations (Figure 4.1b). In contrast, all the stations in the northern zone 
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had more than five thunderstorms in August during the study period. In fact, the northernmost 

station in Ghana (Navrongo) has its thunderstorm peak in August (Figure 4.1c). 

The intra-annual cycle of thunderstorms is explained by the movement of the intertropical 

convergence zone (ITCZ) in response to the apparent movement of the sun. The two main wind 

regimes that affect Ghana are the moist southwesterlies and dry northeasterlies. When a cold 

tongue (low sea surface temperature; SST) develops over the Gulf of Guinea by boreal mid-

spring in response to the amplification of the St Helena anticyclone (Thiaw et al., 2017), moist 

southwesterlies prevail over Ghana. During the dry season, Ghana is predominantly affected by 

dry northeasterly winds (Fink et al., 2017). 

As the ITCZ moves northward in May, much of Ghana is under moist air conditions and an active 

zone of thunderstorms. As the ITCZ moves further north, the active zone of thunderstorms also 

moves northward. When the ITCZ reaches its northernmost position around August, the 

northernmost station in Ghana, Navrongo, experiences its peak number of thunderstorms. As the 

ITCZ retreats south, the other northern stations have peak thunderstorms in September. However, 

over the middle zone, the second peak in response to the ITCZ retreat is in October. While the 

southernmost coastal zone experiences its second peak in November. 
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Figure 4.1. Mean annual cycle of monthly thunderstorm frequencies over Ghana from 1990-

2013, depicting the various zones: (a) coast, (b) middle, and (c) north. Vertical bars show the 95th 

confidence interval. 

 



55 

 

4.1.1.2 Interannual Variability of Thunderstorm Frequencies over Ghana 

In this section, annual mean thunderstorm data per zone are investigated. The interannual 

variability of thunderstorms in the coastal zone is the greatest among all zones (Table 4.1). In 

this zone, the Accra and Ada stations (Table 4.1) had the highest coefficient of variation (CV) of 

25.3% and 23.3%, respectively. Akatsi and Ho recorded the highest variability in the middle 

zone, with CVs of 20.9% and 14.3%, respectively. 

The Tema station (Figure 4.2c) recorded the lowest number of annual thunderstorms in the 

coastal zone and throughout the country. Generally, the eastern coastal stations had a lower 

number of annual thunderstorms compared to the western coastal stations (Figure 4.2). These 

eastern coastal stations are found to be in the Ghana-Benin dry zone (Vollmert et al., 2003), the 

so-called Dahomey gap. In the middle zone (Figure 4.3), all the stations recorded at least 100 

thunderstorms per year during the study period, except the Akatsi and Sefwi Bekwai stations. 

The Kete Krachi station in the middle zone recorded the highest number of mean annual 

thunderstorms. In the northern zone (Figure 4.4), the Bole station recorded both the least and 

highest number of annual thunderstorms (Figure 4.4a). 

 

 

 

 

 

 

 



56 

 

 

 

 

 

 

 

 

Table 4.1: Interannual coefficient of variation of thunderstorms in the 22 synoptic stations in 

Ghana 

Zone Station Coefficient of 

variation 

Coast Accra 23.3 

Ada 25.3 

Tema 20.8 

Saltpond 14.4 

Takoradi 10.2 

Axim 10.9 

Middle Abetifi 10.8 

Akuse 9.5 

Akatsi 20.9 

Akim Oda 10.4 

Ho 14.3 

Koforidua 8.4 

Sunyani 9.9 

Sefwi Bekwai 10 

Kumasi 10.3 

Wenchi 9.9 

Kete Krachi 12.7 

North Bole 15.1 

Navrongo 11.1 

Yendi 12.7 

Wa 14.4 

 Tamale 10.2 
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Figure 4.2. Interannual thunderstorm frequency variability over the coastal zone of Ghana. 
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Figure 4.3. Interannual thunderstorm frequency variability over the middle zone of Ghana.  
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Figure 4.4. Interannual thunderstorm frequency variability over the northern zone of Ghana. 
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4.1.2 Thunderstorms Relation with Global SST 

To investigate the relationship of the thunderstorm frequencies with global SST, the anomalies 

of the thunderstorm frequencies were correlated with the corresponding period of the SSTAs 

from 1990–2013, and the results are presented in Figure 4.5. 

In parts of West Africa, rainfall variability and global SST have been shown to relate in the 

following ways: dry periods are associated with warmer SSTs in the south and equatorial Atlantic 

(Lamb, 1978; Vizy and Cook, 2001; Rowell, 2013), cooler Mediterranean (Jung et al., 2006), 

warmer SSTs in the Indian Ocean (Lu and Delworth, 2005), and ENSO in the Pacific Ocean 

(Janicot et al., 2001). However, it is important to note that these relationships may not necessarily 

apply to thunderstorm frequencies in all the zones under study. Firstly, the thunderstorm 

frequencies also include “dry thunder” events where the sound of thunder is heard or lightning 

is seen in the station but no rainfall is recorded. Secondly, although the majority of rainfall in 

West Africa is from convective rainfall, there is a good percentage of rainfall in the region that 

is not accompanied by thunderstorms. 

According to Figure 4.5a, the correlation of the coastal zone’s interannual thunderstorm 

frequency variation with interannual SSTAs indicates that the coastal zone’s thunderstorms are 

negatively correlated with a small region of the Pacific around latitude 150S and longitude 

1200W. Over the Atlantic, the thunderstorm frequencies are positively correlated with Gulf of 

Guinea SST and equatorial and south Atlantic SST. Earlier research concluded that the SST 

influence on Guinea coast rainfall is less complex and that dry conditions are only driven by 
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cooling in the equatorial and near-equatorial south Atlantic Ocean (Rowell, 2013). Similar 

observations are made for the thunderstorm frequencies on the coast of Ghana in this study. 

Figure 4.5b shows that interannual thunderstorm frequencies in the middle zone correlated 

positively with the near-equatorial Atlantic and Gulf of Guinea. The middle zone negatively 

correlated with a region in the Indian Ocean around latitudes 00 to 300S and longitude 1200E. 

Warming in the equatorial Atlantic and near-equatorial South Atlantic could increase the 

frequency of thunderstorms over the coastal and middle zones of Ghana. 

Figure 4.5c illustrates that thunderstorm frequencies in the northern zone correlated negatively 

with parts of the Indian Ocean. A prominent feature of this correlation result is in the Pacific 

Ocean, in the region of latitudes 00 to 300 north, where the thunderstorm frequencies correlate 

positively with the SST. The signatures of these results are those of WHWP and ENSO. The zone 

also correlated positively with the Mediterranean. The negative correlation with the Indian Ocean 

is ascribed to the warming of the Indian Ocean enhancing subsidence and stability over West 

Africa (Martin et al., 2014). 

 

 

 

 

 

 

 

 

 

 

 

 



62 

 

 

 

 

 

 

 

 

Figure 4.5. Significant (95%) correlation between coastal zone (a), middle zone (b), and northern 

zone (c) thunderstorm frequencies in Ghana and global SST anomalies. The black box over 

Africa is the approximate location of Ghana. 
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4.1.3 Impact of Teleconnections on Thunderstorm Variability 

To elucidate further the relationship between thunderstorm frequency variation and climate 

indices, a machine learning regression analysis was done using the LightGBM regressor, with 

thunderstorm frequencies as the target and climate indices as the features. In this section, the 

analysis is done on station level. 

To evaluate the overall performance of the regression models, the coefficient of determination 

(R2) and index of agreement (d) for each station were computed (Table 4.2).  

Stations in the northern zone had R2 values ranging from 0.51 to 0.60, except for Tamale station, 

which had a value of 0.36. Thus, for most of the stations in this zone, five (5) climate indices 

explained at least 51% of the thunderstorm variability, and over the Tamale station, they 

explained 36%. The index of agreement (d) values also ranges from 0.71 to 0.87. The proportion 

of variance explained by these indices, however, has decreased in the other zones. The transition 

zone had an R2 (d) of 0.20 (0.56) for Wenchi and 0.42 (0.77) for Kete Krachi. The two 

southernmost zones (coast and middle) had the lowest values of both R2 and index of agreement. 

The middle zone had R2 values ranging from 0.13 to 0.27, and the coastal zone values ranged 

from 0.17 to 0.32.    

The middle zone recorded the lowest R2 values in the LightGBM model. The lower values of R2 

and d over most stations in the middle and coastal zones suggest that other indices not used in 

this work, or other factors like vegetation, soil moisture, atmospheric circulation, etc. (Pielke, 

2001; Taylor et al., 2010; Piper et al., 2019) other than the selected climate indices are the major 

drivers of thunderstorm variability over these areas.   

To further investigate the contribution of individual indices to the model, the feature importance 

of the LightGBM model is analysed to quantify the impact of the climate indices in driving the 
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variation of thunderstorm frequencies. Figure 4.6 is an example of the feature importance of the 

Navrongo station, indicating the contribution of each feature used in the LightGBM model over 

the station. This example shows that the AMO feature had the highest contribution to the 

thunderstorm frequency model over the Navrongo station, followed by the PDO, Niño 1+2, 

WHWP and AMM. These features, therefore, have the strongest impact on the thunderstorm 

frequency variability over the station of Navrongo during the study period.  

Further information on all the features used in the final model for each station is detailed in Table 

4.3. The feature importance does not show the direction of the influence of the feature on the 

thunderstorm variability. The most important feature for each station is highlighted in bold in 

Table 4.3. For easy comparison, the feature importance is scaled by dividing the individual 

feature importance by the sum of all the feature importance values for that station. 

Figure 4.7 depicts the features that have been selected in at least three different zones, and their 

frequency of usage per zone. It shows that WHWP and Niño 1+2 have been identified as the 

most relevant features in all zones. In general, feature importance tends to decrease from north 

to south, reflecting decreasing persistence of the thunderstorm dynamics towards the coast. Two 

major exceptions are AMM in the northern zone, and PDO in the coastal zone. 

The fact that the middle and the coastal zones exhibit a less consistent pattern in terms of TSA, 

PNA, NAO, and SOI (each of them being selected for less than 50% of the stations), and that in 

general more features have been selected here seems to be more related to lower model 

performance in general rather than to clear causal relationships: the model tries to “squeeze out” 

even random “information” from the data, a typical phenomenon of overtraining. Thus, these 

patterns are not interpreted. 
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Three of the northern stations (Figure 4.7) had their most important features from the Atlantic, 

these being AMO and AMM. The AMO and AMM have been found to be the most important 

features for many other stations in the other zones (Figure 4.7). The AMM is associated with the 

latitudinal movement of the ITCZ in Ghana; therefore, it is a strong driver of monthly 

thunderstorm variability in Ghana. The warm phase of AMO has been observed to strengthen the 

Sahara heat low (Martin and Thorncroft, 2014). When the heat low is strengthened, it will 

strengthen the inflow of moist south westerlies over Ghana, which in turn will lead to an increase 

in thunderstorm frequency over Ghana, especially over the northern zone. An intense AMO could 

lead to fewer thunderstorms over the coastal zone stations, as these stations will be outside the 

active zone of the ITCZ. 

The ENSO indices have been found to influence thunderstorm variability in all zones of Ghana. 

West Africa is affected by El Niño, such that during El Niño events, there is enhanced northeast 

wind flow over the region (Camberlin et al., 2001). The northeasterlies are dry, which leads to 

dry conditions and hence lower thunderstorm frequencies. Other indices in the Pacific Ocean 

that have been found to drive the variability of monthly thunderstorms in Ghana are the PDO 

and WHWP.  

PDO has been previously shown to negatively correlate with Sahel rainfall (Diatta and Fink, 

2014). The frequency of the WHWP in the final models for all the zones is particularly 

outstanding. Variations in the WHWP have been found to affect the Walker circulation and 

tropical convection, where the eastward extension into the tropical Atlantic relates to convection 

in northwest Africa (Wang and Enfield, 2001). Indeed, it has been shown that this eastward 

extension of the WHWP into the tropical Atlantic allows the WHWP to supply moisture to the 

Atlantic ITCZ (Drumond et al., 2011) and hence could enhance thunderstorm activity. The 
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WHWP has also been shown to induce cooling in the Pacific that moves equatorward to form La 

Niña (Park et al., 2018). The proposed reason for the great influence of the WHWP on Ghana 

thunderstorm frequencies is that the WHWP relates to Ghana convection activities through both 

the tropical Atlantic and Pacific. 

Figure 4.8 is a plot of the LightGBM model using only climate indices to predict the 

thunderstorm frequency over Navrongo. The climate indices were able to moderately predict the 

variability of the thunderstorms over the Navrongo station. The influence of the Atlantic Ocean 

and Pacific Ocean on the thunderstorm variability over Ghana is not only shown in the 

correlation maps but also in the LightGBM regression model. 
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Figure 4.6. LightGBM feature importance plot for the Navrongo synoptic station in the northern 

zone. 
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Figure 4.7. Climate indices that have been used at least in three zones and their frequency of 

having been selected by the regression models for the various zones in Ghana. 
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Figure 4.8. Time series of LightGBM model prediction of thunderstorm frequency and the 

observed thunderstorms over Navrongo synoptic station.  
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Table 4.2. LightGBM model evaluation parameters for all the stations used in the study. The 

highest metrics for each zone are given in bolden. 

Zone Station R2 d 

Northern Yendi 0.60 0.85 

Wa 0.51 0.83 

Tamale 0.36 0.71 

Navrongo 0.59 0.87 

Bole 0.58 0.86 

Transition Kete Krachi 0.42 0.77 

Wenchi 0.20 0.56 

Middle Sunyani 0.25 0.62 

Sefwi Bekwai 0.17 0.56 

Ho 0.22 0.63 

Kumasi 0.13 0.51 

Akuse 0.18 0.61 

Koforidua 0.24 0.63 

Akim Oda 0.23 0.67 

Akatsi 0.20 0.65 

Abetifi 0.27 0.60 

Coastal Accra 0.18 0.63 

Ada 0.19 0.51 

Takoradi 0.32 0.65 

Tema 0.27 0.62 

Axim 0.22 0.67 

Saltpond 0.17 0.59 
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Figure 4.9. Partial dependence plot of Navrongo station in the northern zone (a), Wenchi in the 

transition zone (b), Akim Oda in the middle zone (c), and Axim in the coastal zone (d). 
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The partial dependence plot of the LightGBM regression model of the selected features on 

selected stations in each zone is presented in Figure 4.9. These plots help further explain the 

effect of the indices on thunderstorms in Ghana. For instance, as the WHWP becomes warmer, 

the number of thunderstorms over the northern zone increases (Figure 4.9a). However, the 

transition zone (Figure 4.9b) experiences increasing thunderstorms as the WHWP is above 00C 

but flattens when the WHWP gets to about 20C. Further south, WHWP about 20C and above, 

shows the middle and coastal zones experiencing decreases in thunderstorms (Figure 4.9c,d). 

These observed patterns support our argument that the WHWP supplies moisture to the Atlantic 

ITCZ (Drumond et al., 2011) and thus influences Ghana’s thunderstorms. When the WHWP 

region begins to warm, it supplies just enough moisture, making the ITCZ to be just above the 

coast and middle zones, causing increases in thunderstorms. However, as it intensifies, the ITCZ 

is moved further north, favouring the transition and northern zones and leaving the middle and 

coastal zones out of the active zone of the ITCZ. Similar observations are made for the AMO, 

where very high values of AMO appear to favour the northern zone only.  

Another interesting result from the partial dependence plot is the Niño1+2 effect on the 

thunderstorms. Increasing values of Niño1+2 relate to lower thunderstorms in the north and 

transition zones, but oppositely in the middle and coastal zones. It must be pointed out that 

increasing MEI coincided with decreasing thunderstorms in all the zones. The partial dependence 

plots of the features have shown that high MEI leads to low thunderstorm frequencies in Ghana, 

clearly showing the influence of ENSO on thunderstorms in Ghana. However, warmer WHWP 

seems to favour only thunderstorm occurrence in the northern stations and to inhibit the 

occurrence of thunderstorms in the middle and coastal zones. 
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Figure 4.10. Two-way partial dependence plot of the two most important features, showing the 

interaction between the features at a northern station (a) and a southern station (b).  
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Figure 4.11. Two-way partial dependence plot of the most frequent features that reside in the 

Atlantic Ocean, showing the interaction between the features at a northern station (a) and a 

southern station (b).  
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The two-way partial dependence plot shows how the predicted thunderstorms change as the two 

features change while keeping other features constant. To show the interaction between the two 

most frequent features (WHWP and Niño1+2), two-way partial dependence plots are shown for 

a station in the north of Ghana and another for the south. The predicted number of thunderstorms 

is higher over the northern station (Figure 4.10a) when the WHWP is warmer and the Niño 1+2 

cool, with the lowest thunderstorms predicted when the WHWP is cooler and the Niño 1+2 

warmer. The plot also shows the interaction between the two features (WHWP and Niño1+2). 

When WHWP is low, variations in Niño1+2 have little influence on the thunderstorm variation 

compared to when WHWP is higher. Similarly, when the Niño1+2 values are extremely high, 

variations in WHWP have little to no influence on thunderstorm variation. However, over the 

southern station (Figure 4.10b), the highest number of thunderstorms occur when the Niño 1+2 

is warmer and the WHWP has mean values. This appeared to be the trend for most of the stations 

in southern Ghana that had both WHWP and Niño1+2 features in their final model. 

The interaction between the two most frequent features that reside in the Atlantic Ocean (AMM 

and AMO) shows that over the northern station (Figure 4.11a) higher thunderstorms occur when 

the AMO is in a positive phase and the AMM is in a negative phase. However, over the southern 

stations (Figure 4.11b), the relationship is more complex. The influence of AMO variation on 

the predicted thunderstorms is lower when AMM is high than when AMM is low (Figure 4.11b). 

Thus, when AMM is high, the influence of AMO on thunderstorms in southern Ghana is less. 

This implies that the interaction between the AMO and thunderstorms in the southern stations is 

modulated by the AMM.
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Table 4.3. Selected climate indices and their relative LightGBM regression features importance (normalized by the sum of all feature 

importance values per station) of the various synoptic stations in Ghana. The most important feature for each station is boldened on 

the table.  

Zone 

Station AMM AMO 

Niño 

1+2 

Niño 

4 

Niño 

3 IOD NAO PNA TSA SOI MEI AO WHWP PDO 

Northern Yendi 0.23 0.19 0.24          0.23 0.11 

Wa 0.24 0.24 0.16          0.24 0.14 

Tamale   0.30  0.28      0.16 0.15 0.12  

Navrongo 0.16 0.26 0.17          0.17 0.24 

Bole   0.23  0.21      0.19  0.20 0.17 

Transition Kete 

Krachi 

 0.25 0.21 0.17         0.18 0.19 

Wenchi  0.06 0.29  0.20      0.27  0.18  

Middle Sunyani 0.17  0.21    0.16    0.15  0.31  

Sefwi 

Bekwai 

  0.26  0.20      0.18 0.17 0.20  

Ho 0.16  0.22 0.19   0.19      0.24  

Kumasi   0.26  0.22     0.13 0.18  0.21  

Akuse 0.19  0.19    0.15     0.18 0.29  

Koforidua 0.11   0.16     0.22   0.24 0.27  

Akim Oda  0.20 0.21 0.20         0.20 0.19 

 



77 

 

Zone Station AMM AMO Niño 

1+2 

Niño 

4 

Niño 

3 

IOD NAO PNA TSA SOI MEI AO WHWP PDO 

Middle Akatsi 0.20       0.23 0.19 0.15    0.23 

Abetifi 0.20  0.21 0.19   0.18      0.21  

Coast Accra   0.20  0.21    0.13  0.20  0.27  

Ada   0.07    0.20  0.23    0.33 0.17 

Takoradi  0.17   0.21 0.18  0.21 0.23      

Tema 0.22 0.20        0.13   0.23 0.21 

Axim 0.21 0.17 0.21          0.18 0.23 

Saltpond 0.21 0.17 0.20          0.24 0.18 
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4.1.4 Drivers of Thunderstorm Variability 

Model Evaluation 

Using recursive feature elimination (RFE), the following features are found to be the most 

impactful drivers of thunderstorms: convective available potential energy (CAPE), convective 

inhibition (CIN), top-of-atmosphere incident solar radiation (TISR), 10 m wind speed (SI10), and 

longitude (Lon). Although climate indices have been used to predict thunderstorms in previous 

studies (Sátori et al., 2009; Pinto, 2015), they have not been found to be the most impactful features 

in this study. 

All data on the overall performance of the regression model refer to the test data set. The model 

had R², MAE, and model bias values of 0.79, 2.26, and 0.24, respectively. Thus, the features used 

in the model explained 79% of the monthly thunderstorm variability. The results of the Q-Q plot 

(Figure 4.12) show that the model captured the observed quantiles well. 
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Figure 4.12. Q-Q plot showing the distribution of the predicted and observed monthly frequency 

data of the various stations. 

 

 

 

4.1.5 Partial dependence plots (PDP) and SHapley Additive exPlanations (SHAP) plots   

The selected features from the recursive feature elimination (RFE) were further investigated to 

understand the contribution of individual features to the model. The partial dependence and 

SHapley Additive exPlanations (SHAP) plots of the LightGBM regression model are presented in 
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Figures 4.13 and 4.14. These plots help further explain the effect of the selected features on 

thunderstorms in Ghana. 

 

4.1.5.1 SHAP plots 

To understand how the selected features impact the model output and to compare the behaviour of 

the features, SHAP plots are presented in Figure 4.13. The features are sorted according to 

relevance, starting from the top. CAPE contributes the most to the output of the model, in particular 

such that lower values of CAPE impact the model output negatively (Figure 4.13). TISR is the 

second most important feature, being positively correlated with thunderstorm variability. The third 

most important driver of thunderstorms among the selected features is CIN. Higher CIN values 

lead to a lower number of thunderstorms, while lower CIN values lead to a higher number of 

thunderstorms. Similarly, the next important feature, SI10, is negatively related to predicted 

thunderstorm frequencies. Longitude is the fifth driver of thunderstorms. Generally, a lower 

number of thunderstorms are predicted over the west compared to the east. On average, the 

importance of the selected features on the model output is in this order: CAPE > TISR > CIN > 

SI10 > lon. 
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Figure 4.13. SHAP plots showing how the features impact the model output. At the y-axis features 

are sorted by relative importance. 
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4.1.5.2 Partial dependence plots 

Increasing the value of the convective available potential energy (CAPE) generally increases the 

number of thunderstorms (Figure 4.14). Initially increasing the values of CAPE leads to a sharp 

increase in the number of thunderstorms, and the effect levels off at CAPE values greater than 500 

J/kg. Top-of-atmosphere incident solar radiation (TISR) is positively and nearly linearly related to 

thunderstorm frequencies in Ghana, and convective inhibition (CIN) and 10 m wind speed (SI10) 

are negatively related to thunderstorm frequencies. For the longitude feature, the highest number 

of thunderstorms is predicted between 1 degree west and longitude 0. 

The behaviour of the ERA5 atmospheric features in driving thunderstorms in Ghana meets the 

current understanding of how these features affect convection. For instance, CAPE represents 

atmospheric instability, while CIN represents the ability of the lower troposphere to prevent 

convection and hence thunderstorms from occurring if the CIN values are high (Chen et al., 2020). 

High values of TISR increase the energy available for convection. The behaviour of SI10 is 

attributed to the wind patterns in Ghana. During the dry harmattan season, high wind speed prevails 

over parts of Ghana, especially over the northern stations. These strong and dry winds will suppress 

the occurrence of thunderstorms compared to the weak south-westerly winds during the rainy 

season (Parker and Diop-Kane, 2017). 
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Figure 4.14. Partial dependence plot of LightGBM model, with 95th confidence interval. Showing 

the monthly thunderstorm dependence on the features. 

 

 

 



84 

 

4.1.6 Trend Analysis 

In this section, the results of the trend analysis are presented. Identifying the trends of 

thunderstorms and the identified climate drivers of thunderstorms will provide useful information 

into whether the trend of thunderstorms can be attributed to shifts in these key climate variables. 

Both monthly thunderstorm data and features were converted to annual values. The yearly data 

were aggregated across all stations to create a single dataset for each variable. Each aggregated 

dataset was then used to perform the trend analysis. 

The trend values and confidence intervals are presented in Table 4.4. The trend analysis of 

thunderstorm frequency over Ghana has revealed a statistically significant downward trend. The 

thunderstorm trend value is -0.73 thunderstorms per year. The downward trend of thunderstorm 

frequencies over Ghana is consistent with earlier studies that have reported a downward trend of 

rainfall in Ghana (Owusu et al., 2008; Nkrumah et al., 2014). Both downward trends in 

thunderstorms and rainfall have many implications for Ghana’s agriculture, which is mainly rain-

fed (Abbam et al., 2018). This will also affect hydropower generation due to reduced water levels 

(Kabo-Bah, 2016). 

The trend results of the identified drivers of thunderstorms are as follows: CAPE recorded a 

significant trend of -3.92 J/kg per year. CIN also recorded a significant trend value of 1.44 J/kg 

per year. SI10 and TISR recorded no statistically significant trend. 

The downward trend of CAPE has earlier been reported to occur in the tropics (Taszarek et al., 

2021). This downward trend of CAPE, the primary driver of thunderstorm frequency in Ghana, 

agrees with the observed downward trend of thunderstorms. The LightGBM model revealed a 

positive effect of CAPE on thunderstorms (Figure 4.13, Figure 4.14). This is consistent with 

synchronous trends of CAPE and thunderstorm frequencies. CIN, the third most important driver 
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of thunderstorms, recorded a significant upward trend. Since CIN is negatively related to 

thunderstorm frequencies (Figure 4.13, Figure 4.14), the increasing trend of CIN could reduce the 

number of thunderstorms, and hence the downward trend of thunderstorms over Ghana. The 

second and fourth most important drivers did not have a significant trend. This indicates that the 

trend of CAPE and CIN are the most important drivers in contributing to the reduction in 

thunderstorms interannually. 
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Table 4.4. Trend analysis results of Ghana annual thunderstorm frequencies from 1990-2013. 

Included in the table are the lower and upper confidence intervals (CI). 

Variable Trend per year Lower CI Upper CI 

Thunderstorm 

frequency 

-0.73* -1.23 -0.12 

CAPE -3.92* J/kg -7.46 -0.36 

TISR 99 J/m2 -533 613 

CIN 1.44* J/kg 0.92 1.97 

SI10 0.00 m/s 0.00 0.00 

* Trend is significant at α = 0.05. 
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4.2 Thunderstorm Prediction Model 

4.2.1 Model Performance and Evaluation 

The best features selected from the RFE approach for the models to predict thunderstorms one year 

ahead are Convective Available Potential Energy (CAPE), clear-sky direct solar radiation at the 

surface (CDIR), 10 m wind speed (SI10), latitude (lat), El Niño/Southern Oscillation (ENSO) 

region 1+2 (Niño 1+2), Pacific Decadal Oscillation (PDO), North Atlantic Oscillation (NAO), and 

Western Hemisphere Warm Pool (WHWP). 

Although atmospheric stability indices are well known to be associated with thunderstorms and 

some have been used in developing models to predict diurnal thunderstorm occurrence (e.g., 

Ukkonen & Mäkelä, 2019), only CAPE was found to be among the eight most relevant features in 

this study. 

Table 4.6 represents the performance metrics of the Climatology, LightGBM, XGBoost, RF, and 

Ensemble models. It shows the Ensemble model to be the best performing model in predicting 

monthly thunderstorm frequencies over Ghana, capturing 76% of the variance of monthly 

thunderstorms in Ghana. The Climatology model captured the least variance of 70%; it also 

recorded the least performances in all the other metrics as well. LightGBM, XGBoost, and RF 

captured 74%, 75%, and 75% of the variance, respectively. All the other models show an 

improvement over the Climatology model. 

Figure 4.15 shows a quantile-quantile (Q-Q) plot comparing the performance of the three ML 

models and the Ensemble model, i.e., the quantiles of the predicted values plotted against those of 

the observations. The multiple values per quantile in the Q-Q plot are due to repeated values in 

both the observed and predicted thunderstorm counts per month, as these data are discrete and 

from 22 different stations over three years, causing clustering at specific quantiles. The LightGBM 
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model predicts better across all quantiles compared to the other models. The other models predict 

better in the lower and middle quantile ranges than in the upper quantile. The XGBoost particularly 

underpredicts in the upper quantile more than the other models. 

To further examine the performance of the models across all the stations, line plots of the observed 

and predicted thunderstorm frequencies are made and presented in Figures 4.16-4.18. 

The model performance over the coastal zone is presented in Figure 4.16. The results show that all 

the models captured the number of thunderstorms over this zone well. However, the models 

underestimated the number of thunderstorms in some months (Figure 4.16a,b,c,e,f). All models 

captured well the thunderstorms in the middle and northern zones (Figures 4.17, 4.18). However, 

in these zones as well, some of the extremely low and high thunderstorm frequencies are not well 

captured by the models. 
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Table 4.5: Metric table showing the performance of the models for the different period lengths used in developing the thunderstorm 

prediction model. 

 

Period length 

(months) 

LightGBM 

(R2) 

XGBoost 

(R2) 

Random Forest 

(R2) 

LightGBM 

(MAE) 

XGBoost 

(MAE) 

Random Forest 

(MAE) 

2 0.68 0.73 0.73 2.93 2.63 2.63 

3 0.74 0.75 0.75 2.63 2.55 2.59 

4 0.72 0.68 0.73 2.71 2.85 2.65 

5 0.71 0.73 0.74 2.74 2.71 2.64 

6 0.70 0.71 0.71 2.75 2.66 2.75 

12 0.68 0.70 0.71 2.86 2.75 2.82 
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Table 4.6: Evaluation table for the regression models. The predicted values were evaluated 

against the test set (thunderstorm frequency per month). Bold numbers highlight the best 

performance each.  

Metrics Climatology  LightGBM XGBoost RF Ensemble 

MAE 2.65 2.62 2.55 2.59 2.49 

RMSE 3.49 3.42 3.37 3.36 3.27 

MSE 12.16 11.72 11.35 11.27 10.70 

R2 0.70 0.74 0.75 0.75 0.76 

Bias 1.65 0.12 -0.33 0.06 -0.05 
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Figure 4.15: Q-Q plot of the observed and predicted thunderstorms for (a) LightGBM, (b) 

Random Forest, (c) XGBoost, and (d) Ensemble models. 
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Figure 4.16. Model evaluation plots, showing the performance of the various models over the 

Coast stations. 
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Figure 4.17. Model evaluation plots, showing the performance of the various models over the 

Middle stations. 

 

 



94 

 

 

 

 

 

 

 

 

 

Figure 4.18. Model evaluation plots, showing the performance of the various models over the 

Northern stations. 

 

 

 

 

 

 

 

 



95 

 

4.2.2 Model Behaviour Analysis 

 

The Shapley additive explanations (SHAP) plot presented in Figure 4.19 shows the contribution 

of the selected eight features to the prediction of the RF model. The most important features are 

in the upper part of the plot. The order of feature importance in the model is CAPE > CDIR > 

SI10 > WHWP > lat > Niño 1+2 > NAO > PDO. 

The SHAP values show that high amounts of CAPE and clear-sky direct solar radiation at the 

surface positively impact the model, and lower values (blue dots) of both CAPE and CDIR 

impact the model negatively. The impact of CAPE and CDIR on the model output meets common 

expectations. High CAPE values lead to instability and convection. When the solar radiation at 

the surface (CDIR) is high, it provides enough energy for convection, and a high occurrence of 

thunderstorms is expected. The 10 m wind speed impact on the model output is also very 

plausible. Strong winds mostly occur over Ghana during the harmattan (dry) season, especially 

over the northern stations. Therefore, the strong and dry harmattan winds will suppress 

thunderstorm formation in Ghana as shown in the SHAP plot. Although the mean south-westerly 

winds during the rainy season are very weak, very strong gales can occur from thunderstorms 

(Parker & Diop-Kane, 2017). 

WHWP is the climate index that contributes the most to the model output. Generally, lower 

WHWP and NAO values negatively impact the model output, and higher values impact the 

model output positively. The inverse is true for Niño 1+2. PDO had the least impact on the model 

of all the selected eight features. The high concentration of both high and low values of PDO 

around the centre of the SHAP plot indicates this feature has a weak influence on the model 

output. 
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All the developed ML and the Ensemble models outperformed the Climatology model. The 

Climatology model has a very high model bias and captures the least thunderstorm variability. 

The year-ahead forecasts of monthly thunderstorm frequency with good evaluation metrics of 

the ML and Ensemble models will help hydropower managers optimise water storage and release 

strategies based on anticipated thunderstorm-induced rainfall, leading to more efficient power 

generation and resource management. It can also help farmers plan and mitigate the risks of 

floods caused by thunderstorms. This is crucial given the uncertainty of convection in a changing 

climate (Taszarek et al., 2021). The Ghana Meteorological Agency could play a central role by 

providing seasonal forecasts of thunderstorm frequencies based on the developed models in this 

work. 

From the SHAP results, the behaviour of the ERA5 reanalysis features is less complex compared 

to the climate indices. The complex relationship of the climate indices and thunderstorms in 

Ghana is discussed. When WHWP is strengthened and extends eastward into the tropical 

Atlantic, it supplies moisture to the Atlantic intertropical convergence zone (ITCZ) (Drumond et 

al., 2011). Therefore, in this phase, the WHWP helps to push the ITCZ northward, favouring 

moisture supply to Ghana and an increase in convection. Therefore, the SHAP plot has captured 

well the behaviour of WHWP on Ghana thunderstorms. Indirectly, the WHWP has been reported 

to induce cooling in the Pacific Ocean, and this cooling can move equatorward to form La Niña 

conditions (Park et al., 2018). La Niña conditions enhance rainfall over West Africa. 

The SHAP plot values of Niño 1+2 are also consistent with current knowledge. Generally, ENSO 

events lead to enhanced northeasterlies over West Africa and thus low moisture influx and 

weaker monsoons (Janicot et al., 2001). Therefore, high values of Niño 1+2 will lead to a lower 

number of thunderstorms, as shown by the SHAP plot. In contrast, the effects of NAO and PDO 
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in the SHAP plot are surprising. Positive NAO generally is accompanied by the intensification 

of the Azores high-pressure system, which in turn leads to the intensification of the dry harmattan 

winds (Fiedler et al., 2015). Therefore, high values of NAO are expected to suppress 

thunderstorm occurrences over Ghana, contrary to what the SHAP plot depicts. PDO has also 

been shown to negatively correlate with West Africa Sahel rainfall (Diatta & Fink, 2014), 

contrary to the SHAP plot in this work. 

For the latitude feature, generally, higher latitudes impact the model output negatively, and lower 

values impact the model positively. Thus, areas within low-latitude areas generally have higher 

thunderstorms predicted than areas within higher latitudes in Ghana. 
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 Figure 4.19: Shapely additive explanations (SHAP) plot of the final features used in training the 

Random Forest model over Ghana. 
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4.3 Precipitation model for seasonal forecasting 

4.3.1 Model performance and evaluation 

The performance of the various models in predicting precipitation over West Africa is presented 

in Table 4.7. The models captured the variability of precipitation ranging from 77% to 84%. 

To show the spatial distribution of biases and errors in the model, the model bias and MAE values 

were computed for each grid cell using the test and predicted data and displayed in Figure 4.20. 

The model underpredicts over the Guinea Coasts of Ivory Coast and Ghana and over the Gulf of 

Guinea region just below Nigeria (Figure 4.20a). The model overpredicts in most parts of eastern 

and northern Nigeria and the Guinean Dome. Generally, over most parts of West Africa, the bias 

values are not high. The model error values are highest over the Gulf of Guinea (Figure 4.20b). 

This could be partly because the rainfall values over those areas are high. 

Figure 4.21 shows how the bias-corrected ensemble model simulated the mean monthly 

precipitation over West Africa one year ahead, capturing areas with high precipitation and other 

important features of West African precipitation, like the Ghana-Benin dry zone (Vollmert et al., 

2003). 

Figure 4.22 shows the model’s performance at nine randomly selected sites, three sites each in 

the Guinea Coast, Savanah, and Sahel. The model is able to capture the variability of the monthly 

rainfall amount in all nine randomly selected points. The model appears to perform better in the 

selected Savanah and Sahel points than on the Guinea Coast. 
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Table 4.7: Evaluation table for the LightGBM and XGBoost regression models of different 

objective functions. The predicted values were evaluated against the test set (precipitation per 

month). Bold numbers highlight the best performance each.  

Metric XGBoost-

Regression 

XGBoost-

Tweedie 

LightGBM-

Tweedie 

LightGBM-

Regression 

Ensemble Bias 

corrected 

Ensemble 

MAE 36.50 28.87 32.24 31.10 29.04 26.44 

RMSE 58.74 53.92 57.48 53.87 52.40 49.38 

KGE 0.83 0.88 0.87 0.86 0.87 0.89 

R2 0.77 0.80 0.78 0.80 0.82 0.84 

Model 

bias 

9.33 -1.03 3.81 2.11 0.54 0.91 
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Figure 4.20: The spatial evaluation of the bias-corrected ensemble model bias (a) and mean 

absolute error (b). These were computed using the test and predicted data. 
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Figure 4.21: Mean test (observed) (a) and mean predicted (b) monthly precipitation over West 

Africa using the bias-corrected ensemble model for the test period of 9/2020–8/2023. The red 

dots indicate the selected sites for the timeseries plot of the observation and prediction in Figure 

4.22. The black solid line shows the division of the various zones from south to north: Guinea 

Coast (GC), Savanah (SV), and Sahel (SH). 
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Figure 4.23 is the latitude-time plot to help understand the model’s ability to capture the monthly 

precipitation amount change in time and latitude. The model captures the “monsoon jump” from 

June on the Guinea Coast to August further north; the “monsoon jump” in the predicted plot 

(Figure 4.23b) is almost as distinct as what is seen in the observation (Figure 4.23a). The model 

also captures the little dry season in July and August on the Guinea Coast, but less distinct in July 

(Figure 4.23b). However, there are some differences between the observation and the predicted 

precipitation amount. For instance, the model slightly underpredicts the amount of precipitation 

over the Guinea Coast in June and slightly overpredicts the amount in July over the Guinea Coast. 

Therefore, the little dry season is not as distinct in the prediction (Figure 4.23b) as it is in the 

observation (Figure 4.23a). 

LightGBM and XGBoost regression models were developed in this work to predict monthly 

precipitation over West Africa one year ahead. The models were developed with IMERG 

precipitation as the target and ERA5 reanalysis data, climate indices, latitude, and longitude as 

features. 

The ML models performed considerably well in space and time over West Africa for the study 

period, capturing key spatial and temporal features such as the 'monsoon jump’, ‘little dry season’, 

and Ghana–Benin dry zone. The models captured 77% to 84% of the monthly precipitation 

variance, indicating strong predictive ability. Olaniyan et al. (2018) evaluated the European Center 

for Medium-range Weather Forecast’s Sub-seasonal to Seasonal (ECMWF-S2S), with a 46-day 

lead time. They observed that ECMWF-S2S performed best in Savannah, with a synchronisation 

of 75%; the lowest performance occurred in the Gulf of Guinea, with a synchronisation slightly 

above 50%. Although the ECMWF-S2S and current ML models operate at different lead times, 

both exhibit lower performance along the Guinea Coast. The ML has shown improved accuracy in 
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the Savannah and Sahel regions. These patterns suggest that precipitation predictability varies 

spatially across West Africa, with models generally performing better in drier northern zones than 

in humid coastal areas. 

The performance of S2S models over West Africa has been observed to decrease significantly with 

increasing lead time. The C3S seasonal forecast models, evaluated by Gebrechorkos et al. (2022), 

demonstrate good skill at a lead time of one month, with ECMWF emerging as the most skilful 

model. However, the skill declines rapidly beyond a two-month lead time. Similarly, Siegmund et 

al. (2015) concluded that CFSv2 precipitation forecasts in West Africa for up to six months exhibit 

low to moderate skill. In contrast, the strong predictive performance of the current ML models at 

a one-year lead time suggests their potential as valuable forecasting tools for the region. 
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Figure 4.22: Plots of timeseries of observed and predicted precipitation at three points at the Guinea 

Coast (a-c), three points in the Savanah (d-f), and three points in Sahel (g-i). 
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Figure 4.23: Latitude-time plot of the test (observed) (a) and predicted (b) monthly precipitation 

over West Africa. 
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Table 4.8: The selected latitudes and longitudes used for SHAP and PDP analyses. The longitude 

ranges were kept the same in all zones, for the precipitation models. 

Zone Latitude range Longitude range 

Guinea Coast 4 – 6 degrees north 2 degrees west – 2 degrees 

east 

Savanah 8 – 10 degrees north 2 degrees west – 2 degrees 

east 

Sahel 12 – 14 degrees north 2 degrees west – 2 degrees 

east 
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4.3.2 Model Behaviour Analysis 

To analyse the model behaviour and how various features drive the monthly precipitation 

variability, SHAP and PDP plots were employed. To help understand how the features behave in 

the various zones (Guinea Coast, Savanah, and Sahel), these zones were analysed separately; 

however, using the same model. Thus, by varying the latitudes, how the features behave differently 

in the various zones in predicting monthly precipitation is shown. The selected subregions are 

shown in Table 4.8. To understand and compare the behaviour of the models in predicting the mean 

precipitation, extreme low and high precipitation, SHAPs and PDPs are made using LightGBM 

with the following objective functions: regression (for the precipitation amount) and quantile with 

alpha of 0.95 (for extreme high precipitation) and alpha of 0.05 (for extreme low precipitation). 

All these were done over the selected areas as shown in Table 4.8. 

To help in the comparison, all the longitudes, model hyperparameters, and the number and type of 

features were all kept the same. The only changes are the latitude and the values of the features 

and target depending on the location. 

 

4.3.2.1 Features behaviour during precipitation amount prediction   

The SHAP plots of the LightGBM with regression as the objective function are presented in Figure 

4.24, showing the feature values and the direction of the impact. 
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Figure 4.24: SHAP plots showing how the features impact the LightGBM (with regression as the 

objective function) model output in the Guinea Coast (a), Savanah (b), and Sahel (c). At the y-axis, 

features are sorted by relative importance, differing between the three zones. 
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Figure 4.25: Partial dependence plots showing how the features impact the LightGBM (with 

regression as the objective function) model output in the Guinea Coast. 
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Figure 4.26: Partial dependence plots showing how the features impact the LightGBM (with 

regression as the objective function) model output in the Savanah. 
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Figure 4.27: Partial dependence plots showing how the features impact the LightGBM (with 

regression as the objective function) model output in the Sahel. 
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For each zone, the order of feature importance in driving the monthly precipitation is: Guinea 

Coast: PC2 > PC1 > longitude > latitude > Niño 1+2 > AMM > WHWP > PC3 (Figure 4.24a). 

Savanah: PC1 > PC2 > Niño 1+2 > PC3 > AMM > latitude > WHWP > longitude (Figure 4.24b). 

Sahel: PC1 > PC3 > longitude > PC2 > latitude > WHWP > Niño 1+2 > AMM (Figure 4.24c). 

PC1 is the most important driver of precipitation over Savanah and Sahel (Figure 4.24b, c) and the 

second most important driver over the Guinea Coast (Figure 4.24a). In all the zones, high values 

of PC1 impact the model outputs negatively. Thus, high values of PC1 lead to a lower amount of 

precipitation predicted over West Africa. The impact of PC2 on the model output over the Guinea 

Coast (GC) is such that high values of PC2 impact model output positively. However, the impact 

of high values of PC2 on model output over the Savanah is negative; its impact over the Sahel is 

not very clear. The behaviour of PC3 over GC is such that low and medium values of PC3 impact 

the model output positively, and high values impact the model output negatively. High values of 

PC3 impact the model outputs over Savanah positively, but negatively over the Sahel. 

For geographic coordinates, for the selected regions over West Africa, generally, a low amount of 

precipitation is predicted over the east compared to the west. A high amount of precipitation is 

predicted over higher latitudes than over lower latitudes in the GC and Savanah. Over the Sahel, 

higher precipitation is predicted over lower latitudes than higher latitudes. 

The impacts of the climate indices on the model output in the various zones are as follows: Guinea 

Coast (GC) (Figure 4.24): Low and medium values of Niño 1+2 impact the output positively. High 

values of AMM impact the model output negatively, and low and medium values impact the model 

output positively. High values of WHWP impact the model output negatively, and low values 

impact the model output both positively and negatively. Savanah (Figure 4.24): Generally, high 

values of both AMM and Niño 1+2 impact the model output negatively. The impact of WHWP on 
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model output over Savanah is such that very low and high values impact the model negatively. 

Sahel (Figure 4.24): Higher values of WHWP impact model output in Sahel positively. The impact 

of Niño 1+2 is not very clear, as low values impact the model both positively and negatively. High 

values of AMM appear to impact model output both positively and negatively. 

The LightGBM regression model was developed to predict monthly precipitation over West Africa 

one year ahead by lagging the features by a year. Efforts were put in place to enhance model 

interpretability. The model was developed using GPM-IMERG precipitation as the target and 

ERA5 reanalysis data, climate indices, latitude, and longitude as features. 

The model’s evaluation has shown it performed considerably well in space and time over West 

Africa during the study period, capturing spatial and temporal features of the study area like the 

'monsoon jump’, ‘little dry season’, and the Ghana-Benin dry zone. The good performance of the 

model has implications for national meteorological seasonal forecasts. Much of the study area’s 

agriculture is rainfed (Abbam et al., 2018); having a model that can help predict precipitation 

amounts with good performance one year ahead will help in agricultural planning and productivity 

in West Africa. Countries within the study area that generate electricity through hydroelectric 

power stations could also benefit from this model, as it could help in water management and 

planning. Indeed, other surface water resource managers could use the model in their planning. 

Partial dependence plots (PDPs) with 95th confidence intervals are also made and presented to 

help understand how variations in the features drive precipitation. Over the selected area in the GC 

(Figure 4.25), longitude shows a non-linear relationship with monthly precipitation. As shown in 

the SHAP plot in the GC (Figure 4.24), higher amounts of precipitation are predicted over higher 

latitudes (Figure 4.25). The climate indices all have a non-linear relationship with precipitation. 

Generally, high precipitation values are predicted when AMM, WHWP, and Niño 1+2 have lower 
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values than when they have higher values. High values of PC1 and PC3 contribute negatively to 

precipitation over the GC; however, the high values of PC2 contribute positively to precipitation. 

Over the Savanah (Figure 4.26), the lowest amount of precipitation is predicted at longitude zero, 

while the highest amount of precipitation is predicted just east of longitude zero. Similar to the 

GC, higher precipitation values are predicted over higher latitudes than over lower latitudes in the 

Savanah zone. All the climate indices have a non-linear relationship with precipitation in the 

Savanah zone. For instance, initially increasing the values of AMM leads to an increase in the 

precipitation amount predicted, reaching a maximum around an AMM value of -2. Further 

increasing the AMM values beyond -2 leads to a decrease in the precipitation values, reaching a 

minimum when the AMM value is around 1. Also, increasing the AMM value from 1 to about 2 

leads to an increase in precipitation; further increasing AMM values from 2 to 4 leads to a reduction 

in precipitation values. Both WHWP and Niño 1+2 also have a complex relationship with 

precipitation. Generally, initially increasing WHWP values lead to an increase in precipitation, 

peaking at a WHWP value of about 3.5, where further increases lead to reductions in precipitation 

values. Niño 1+2 values ranging from 21-24 lead to high precipitation prediction, and generally, 

values beyond 24 lead to a reduction in precipitation amount. High values of PC1 contribute 

negatively to precipitation in the Savanah zone, and low values of PC3 contribute negatively to 

precipitation amount. PC2 had a non-linear relationship with precipitation in the Savanah zone, 

where increasing PC2 values from -400 to about 200 leads to a decrease in precipitation, and 

further increasing PC2 values beyond 200 leads to an increase in precipitation over the Savanah. 

Since the longitude values are the same over all the zones, the behaviour of longitude in the Sahel 

is similar to the GC and Savanah. The partial dependence of precipitation on latitude is such that 

high precipitation is predicted in lower latitudes than in high latitudes in the Sahel (Figure 4.27). 
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The impact of the climate indices is also non-linear in this zone. Generally, increasing AMM values 

from -4 to about 3 leads to increasing values of precipitation. However, further increasing AMM 

values beyond 3 leads to a decrease in precipitation. Generally, increasing WHWP values lead to 

higher values of precipitation in the Sahel. Initially increasing Niño 1+2 values from 20 to about 

23 leads to an increase in precipitation; however, further increases beyond 23 lead to low 

precipitation. PC1 and PC2 have negative contributions to precipitation in the Sahel. PC3 has a 

non-linear relationship with precipitation in the Sahel (Figure 4.27). 
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Figure 4.28: SHAP plots showing how the features impact the quantile at an alpha of 0.95 model 

output in the Guinea Coast (a), Savanah (b), and Sahel (c). At the y-axis, features are sorted by 

relative importance, differing between the three zones. 
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Figure 4.29: Partial dependence plots showing how the features impact the quantile at an alpha of 

0.95 model output in the Guinea Coast. 
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Figure 4.30: Partial dependence plots showing how the features impact the quantile at an alpha of 

0.95 model output in the Savanah. 
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Figure 4.31: Partial dependence plots showing how the features impact the quantile at an alpha of 

0.95 model output in the Sahel. 
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4.3.2.2 Features behaviour during extremely high precipitation prediction 

To understand how the features impact and drive extreme precipitation prediction over the various 

zones, SHAP and PDPs are made using the LightGBM model with an objective of quantile and an 

alpha of 0.95. Therefore, the behaviour of the features in predicting the extremely high 

precipitation over the various zones is presented in this section. 

The SHAP results (Figure 4.28) show the order by which features drive the extreme high 

precipitation. In the GC (Figure 4.28a), the order is as follows: PC2, PC1, longitude, latitude, 

WHWP, PC3, AMM, and Niño 1+2. High values of PC2, latitude, PC3, and Niño 1+2 contribute 

positively to extreme precipitation. Thus, high values of these features lead to increases in extreme 

precipitation values. However, higher values of PC1 and longitude lead to a lower amount of 

extreme precipitation. The impacts of WHWP and AMM are more complex. Medium and high 

values of WHWP lead to low precipitation prediction, and low values lead to high precipitation. 

High values of AMM concentrate around the zero-output value; however, medium values impact 

the model output positively, and low values impact the output negatively.  

In the Savanah zone (Figure 4.28b), the order of features driving the extreme precipitation is as 

follows: PC1, Niño 1+2, PC2, AMM, PC3, latitude, WHWP, and longitude. The following have a 

negative impact on the precipitation: PC1, Niño 1+2, AMM, and longitude. Thus, high values of 

these features lead to a low amount of extreme precipitation prediction. PC2, PC3, and latitude 

had a positive impact on precipitation in the Savanah zone. The impact of WHWP in the Savanah 

zone is not very clear. However, it appears high values of WHWP lead to extreme precipitation 

occurrence. 

In the Sahel zone (Figure 4.28c), the order by which the selected features drive precipitation is 

PC1, longitude, PC3, PC2, WHWP, latitude, AMM, and Niño 1+2. Higher values of the following 



122 

 

features lead to a low amount of precipitation: PC1, longitude, PC3, WHWP, latitude, and AMM. 

How the rest of the features drive precipitation in this zone is not very clear. 

Generally, in the different zones, the order and direction of how the features drive extreme 

precipitation are different. 

To further understand how variations in one feature while keeping the rest constant affect the 

extreme precipitation values in the various zones, PDPs are made and analysed. In the GC (Figure 

4.29), the highest values of precipitation are predicted around 1.50 degrees west; however, the 

precipitation values reduce as one moves toward the east, getting to a low around longitude zero. 

Moving further east from latitude zero leads to a sharp increase in precipitation to around 0.50 

degrees east. However, from 0.50 east to around 1.50 east, there is a reduction in the amount of 

precipitation in the GC. The partial dependence of extreme precipitation on latitude is such that 

higher precipitations are predicted over higher latitudes than over lower latitudes (Figure 4.29). 

All the climate indices have a non-linear relationship with the extreme precipitation in the GC 

zone. However, generally, a high amount of precipitation is predicted when AMM has lower values 

than when AMM has higher values (Figure 4.29). Also, low values of WHWP lead to higher 

precipitation than medium and high values, except around a WHWP value of 1.7, where there is a 

spike in precipitation (Figure 4.29). The partial dependence of extreme precipitation on Niño 1+2 

is as follows: High values of precipitation are predicted when Niño 1+2 has low values; as the 

values of Niño 1+2 increase to about -0.5, the predicted precipitation reduces. Further increases in 

Niño 1+2 values from -0.5 to about 0.2 lead to an increase in predicted precipitation, peaking at a 

Niño 1+2 value of about 0.2. Further increasing Niño 1+2 values from 0.2 to 1.0 leads to a 

reduction in predicted precipitation. However, further increases in Niño 1+2 values generally lead 

to an increase in precipitation values in the GC. The partial dependence of extreme precipitation 
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on the principal components (PCs) is as follows: High values of PC1 generally lead to low 

precipitation being predicted compared to low values of PC1. However, high values of PC2 and 

PC3 generally lead to the prediction of high precipitation values (Figure 4.29). 

The partial dependence of extreme precipitation on the selected features in the Savanah zone is 

presented in Figure 4.30. Generally, moving from the west towards longitude zero leads to an 

increase in predicted precipitation, and moving from longitude zero towards the east leads to a 

reduction in predicted precipitation (Figure 4.30). In the selected area of the Savanah zone, a higher 

amount of precipitation is predicted in higher latitudes than in lower latitudes. The partial 

dependence of extreme precipitation on the climate indices is as follows: low values of AMM and 

Niño 1+2 lead to prediction of high precipitation, while high values of AMM and Niño 1+2 lead 

to prediction of low precipitation (Figure 4.30). Over the Savanah, increasing the values of WHWP 

leads to high values of precipitation. The partial dependence on the PCs is as follows: increasing 

PC1 values leads to a reduction in the precipitation values. However, both PC2 and PC3 have 

similar impacts on extreme precipitation in the Savanah zone. Increasing the values of PC2 and 

PC3 leads to high values of precipitation (Figure 4.30). 

Figure 4.31 shows the partial dependence of extreme precipitation on the features in the Sahel 

zone. Generally, the amount of precipitation decreases from west to about longitude 0. Further 

increasing from longitude 0 leads to a sharp increase in precipitation values, where further 

increasing the longitude values leads to a reduction in precipitation (Figure 4.31). The partial 

dependence of precipitation on latitude in the Sahel zone is such that higher precipitation values 

are predicted in lower latitudes than in higher latitudes. The partial dependence of extreme 

precipitation on AMM is such that increasing AMM values lead to a low amount of precipitation. 

Increasing the values of WHWP leads to an increase in precipitation in the Sahel zone. The partial 
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dependence of precipitation on Niño 1+2 in the Sahel zone is non-linear. Generally, increasing 

Niño 1+2 values lead to low precipitation values (Figure 4.31). Increasing the values of PC1 and 

PC3 leads to a decrease in the predicted precipitation in the Sahel zone. The partial dependence of 

extreme precipitation on PC2 is non-linear and complex. However, initially increasing values of 

PC2 lead to a reduction of precipitation. Further increasing PC2 values from -0.5 to 0 leads to an 

increase in predicted precipitation. Increasing the values of PC2 beyond 0 leads to a sharp decrease 

in predicted precipitation and flattens out around the PC2 value of 0.1. Extreme values of PC2 

around 1.8 lead to a sharp increase in the predicted precipitation (Figure 4.31).  
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Figure 4.32: SHAP plots showing how the features impact the quantile at an alpha of 0.05 model 

output in the Guinea Coast (a), Savanah (b), and Sahel (c). At the y-axis, features are sorted by 

relative importance, differing between the three zones. 
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Figure 4.33: Partial dependence plots showing how the features impact the quantile at an alpha of 

0.05 model output in the Guinea Coast. 
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Figure 4.34: Partial dependence plots showing how the features impact the quantile at an alpha of 

0.05 model output in the Savanah. 
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Figure 4.35: Partial dependence plots showing how the features impact the quantile at an alpha of 

0.05 model output in the Sahel. 
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4.3.2.3 Features behaviour during extremely low precipitation prediction 

To understand how the selected features behave and drive the extremely low precipitation in the 

various zones of West Africa, SHAPs and PDPs are made using the LightGBM quantile with an 

alpha of 0.05 over the selected areas of the various zones. 

Figure 4.32 presents the SHAP results of GC (Figure 4.32a), Savanah (Figure 4.32b), and Sahel 

(Figure 4.32c). The order of importance by which the selected features drive extremely low 

precipitation in the various zones is as follows: GC (Figure 4.32a): PC1, PC2, PC3, Niño 1+2, 

AMM, latitude, WHWP, and longitude. Savanah (Figure 4.32b): PC1, Niño 1+2, latitude, PC2, 

AMM, WHWP, PC3, and longitude. Sahel (Figure 4.32c): PC1, PC3, PC1, longitude, latitude, 

WHWP, AMM, and Niño 1+2. 

In the GC zone (Figure 4.32a), high values of PC1 contribute negatively to extremely low 

precipitation output prediction. However, the high values of the following features contribute 

positively to the precipitation output: PC2, PC3, and Niño 1+2. The impact of the other features is 

not clear in this zone. In the Savanah zone (Figure 4.32b), high values of PC1, Niño 1+2, PC2, and 

PC3 impact the precipitation output negatively. However, high values of latitude, WHWP, and 

longitude affect the model output positively. The remaining features have no clear pattern by which 

they impact the model output in the Savanah zone. In the Sahel zone (Figure 4.32c), high values 

of PC1, PC2, PC3, longitude, latitude, and AMM impact the extremely low precipitation output 

negatively. However, high values of WHWP and Niño 1+2 impact the output positively. 

The partial dependence of extremely low precipitation on the selected features in the GC (Figure 

4.33), Savanah (Figure 4.34), and Sahel (Figure 4.35) are presented. In the GC (Figure 4.33), 

initially increasing longitude values lead to a decrease in predicted precipitation; however, moving 

further from west to east leads to an increase in predicted precipitation in the GC. The partial 



130 

 

dependence of extremely low precipitation on latitude in the GC is such that increasing values of 

latitude lead to lower precipitation. Increasing the values of AMM generally leads to an initial 

increase in predicted precipitation, peaking at an AMM value of 0. Further increasing the AMM 

values leads to a decrease in precipitation. Changing the values of WHWP has little impact on the 

predicted precipitation output; however, increasing values leads to an increase in precipitation 

(Figure 4.33). Partial dependence of precipitation on PC3 is such that increasing the values of PC2 

generally leads to an increase in the predicted precipitation. The partial dependence of extremely 

low precipitation on the PC1 is such that increasing the values of PC1 leads to a reduction in 

precipitation. However, increasing the values of PC2 and PC3 leads to an increase in predicted 

precipitation (Figure 4.33). 

Over the Savanah (Figure 4.34), the partial dependence of the extremely low precipitation on 

longitude is such that lower latitudes generally lead to higher predicted precipitation than higher 

longitudes. Lower latitude values lead to lower precipitation, and higher latitude leads to higher 

predicted precipitation (Figure 4.34). Increasing the values of AMM leads to an increase in 

predicted precipitation; however, further increasing AMM values leads to a decrease in 

precipitation in the Savanah zone (Figure 4.34). Generally increasing values of WHWP lead to 

increases in predicted precipitation in the Savanah, while increasing Niño 1+2 values lead to 

decreases in precipitation values (Figure 4.34). The partial dependence of the precipitation on PC1, 

PC2, and PC3 is such that increasing the values of the PCs leads to a decrease in predicted 

precipitation in the Savanah zone (Figure 4.34). 

Over the Sahel zone (Figure 4.35), the partial dependence of extremely low precipitation on 

longitude is such that initially increasing longitude values lead to a decrease in the predicted 

precipitation until longitude 0. Where further increases in the longitude values lead to a sharp 
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increase in predicted precipitation, however, further increasing the longitude values leads to a 

decrease in predicted precipitation (Figure 4.35). Increasing the values of AMM leads to a decrease 

in the predicted precipitation in the Sahel zone. The values of the predicted precipitation in the 

Sahel zone increase when AMM and Niño 1+2 values are increased. The partial dependence of 

precipitation on PC1, PC2, and PC3 in the Sahel is such that increasing the values of these features 

leads to a reduction in the predicted precipitation. 

 

4.3.2.4 Discussion of climate drivers of precipitation over West Africa 

To understand how precipitation in the various zones over West Africa (Guinea Coast, Savanah, 

and Sahel) is driven differently by the features, the model was applied to selected areas in each of 

the zones. Understanding model behaviour fosters model trust and model improvement. Model 

behaviour understanding could help in understanding how various drivers interact in driving 

precipitation over West Africa. To also understand how the features drive extreme precipitation 

variability over West Africa, SHAPs and PDPs are developed using LightGBM with quantile as 

the objective function, with alpha values of 0.05 and 0.95 for extremely low and extremely high 

precipitation, respectively. 

The feature importance of the various zones is different. That is, although the number and list of 

features are the same, those that appear to be most important are different for different zones. This 

implies that each zone has different environmental dynamics. Even with these environmental 

dynamics, the model developed performed well in all the zones. Similarly, the environmental 

dynamics that drive extremely low and extremely high precipitation in the different zones of West 

Africa are different. 
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Low to medium values of Niño 1+2 lead to an increase in the values of monthly precipitation 

predicted over GC, Savanah, and Sahel. Generally, El Niño events have been reported to lead to 

dryness over West Africa because of enhanced northeast trade winds during El Niño events 

(Camberlin et al., 2001). Therefore, the behaviour of Niño 1+2 over GC, Savanah and Sahel from 

the SHAP and partial dependence results, where low Niño 1+2 values lead to high precipitation 

values and high Niño 1+2 values lead to low precipitation, is expected. 

A previous study has shown that the WHWP supplies moisture to the Atlantic intertropical 

convergence zone (ITCZ) when it extends eastward into the tropical Atlantic (Drumond et al., 

2011). This could explain the relationship of WHWP with monthly precipitation as observed in 

this work. The PDP and SHAP results have shown that higher values of WHWP generally lead to 

lower values of precipitation predicted in the GC (Figure 4.25). But in the Sahel zones, generally, 

higher values of WHWP lead to higher values of predicted precipitation (Figure 4.27). Since 

intensification of WHWP has been shown to supply moisture to the Atlantic ITCZ, when the 

WHWP is low, it might just be supplying enough moisture to move the ITCZ to dangle over the 

GC, thus leading to a higher amount of precipitation. However, as the WHWP intensifies, the 

moisture supply is high enough to move the ITCZ further north, favouring the Sahel zone to the 

disadvantage of the GC. This could explain why higher WHWP values appear to increase 

precipitation over the Sahel zone but reduce precipitation over the GC. The impact of WHWP over 

the Savanah is weak. 

A positive AMM phase is characterised by a warmer than usual SST in the tropical North Atlantic 

and a cooler than usual tropical South Atlantic, leading to a stronger equatorial wind flow from the 

Southern Hemisphere into the Northern Hemisphere (Diatta and Fink, 2014). This wind flow 

influences the latitudinal positioning of the ITCZ. AMM has a strong influence on Sahel rainfall 
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through the ITCZ (Lamb, 1978; Hastenrath and Greischar, 1993; Giannini et al., 2003; Foltz et al., 

2012). Diatta and Fink (2014) reported that AMM correlated positively with Sahel rainfall and 

negatively with GC; however, only the correlation value with Sahel was statistically significant. 

Their classification of GC included the Savanah region (of this work) as part of GC. The partial 

dependence and SHAP results of this work show that high values of AMM impact GC precipitation 

negatively. Also, in the Savanah and Sahel, the highest amount of precipitation occurs when AMM 

has medium values. 
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                                                                 CHAPTER FIVE 

CONCLUSIONS AND RECOMMENDATIONS 

5.1 Conclusions 

5.1.1 Trends and Drivers of Thunderstorm Variability 

Drivers and trends of thunderstorm dynamics in Ghana were studied using monthly thunderstorm 

frequency data from 22 synoptic stations operated by the Ghana Meteorological Agency (GMet). 

Drivers were identified using LightGBM and climate indices and ERA reanalysis data as features. 

Trend analysis was done on the thunderstorm data and the identified drivers. The LightGBM model 

explained 79% of the observed thunderstorm variance as a function of CAPE, TISR, CIN, SI10, 

and longitude. Among these, CAPE was identified as the primary driver. Whereas the model 

identified monotonic or even linear relationships between these drivers and thunderstorm 

frequency, longitude was exceptional insofar as it indicated a maximum between 1 degree west 

and longitude 0. 

The trend analysis indicated a significant decrease in thunderstorm frequency all over Ghana from 

1990-2013. That trend agrees with earlier studies that reported decreasing rainfall over Ghana. The 

negative trend of thunderstorms could greatly affect the agricultural sector in Ghana, which is 

mainly rain-fed. The trend analysis results of the driving climate variables, especially CAPE and 

CIN, indicate that changes in these climatic factors are driving the observed downward trend of 

thunderstorms over Ghana. 

The current thunderstorm model is limited by the short data period and limiting trends and climate 

interactions post-2013. Since the current work is limited to Ghana, future research can extend over 

West Africa for a broader understanding.  
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5.1.2 Predicting Thunderstorms One Year Ahead 

ML models have been developed and evaluated to predict thunderstorm frequencies over Ghana 

one year ahead, using mainly ERA5 and climate indices as features. The ERA5 atmospheric 

features were passed through a low-pass filter with a period length of three (3). The features were 

lagged by a year, so that thunderstorm frequencies were predicted one year in advance. The study 

also explored the model behaviour to understand how features drive thunderstorms. 

The following ML models were developed: LightGBM, XGBoost, RF, and Ensemble. They were 

then compared with a simple climatological model. All the machine learning models captured well 

the variance of thunderstorm frequencies in Ghana, with R² values ranging from 0.74 to 0.76. The 

two best models based on the evaluation metrics were the RF and Ensemble models, with 

coefficients of determination of 0.75 each. Therefore, thunderstorm frequencies over Ghana can 

be predicted one year in advance using the developed models. 

5.1.3 Drivers and Prediction of Precipitation One Year Ahead in West Africa 

Finally, monthly precipitation over West Africa is predicted one year ahead using LightGBM and 

XGBoost and evaluated. The GPM-IMERG final run version 7 precipitation is used as the target 

variable, spanning from June 2000 to August 2023. The features are ERA5 reanalysis data (June 

1999 to August 2022), climate indices (June 1999 to August 2022), and geographic coordinates 

(longitude and latitude). The ERA5 data were passed through a low-pass filter, and then principal 

component analysis was done on the low-pass filtered ERA5 data to reduce the dimensionality. To 

understand model behaviour for trust, accountability, model improvements, and understanding 

drivers of monthly precipitation over West Africa, PDP and SHAP plots were used. 

The LightGBM and XGBoost models captured 77%–84% of the variance in monthly precipitation 

with lower computational demands. This will allow for the use of the model by meteorological and 
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hydrological agencies or individuals in West Africa, even for those that do not have high-

performance computers. The models' predictions captured the “monsoon jump,” “little dry 

season,” and the dry Ghana-Benin zone over West Africa. 

This model provides West African meteorological agencies with a reliable tool for sub-seasonal 

to seasonal forecasts. This will support agricultural planning by predicting rainfall critical for 

rain-fed farming, enhance reservoir management and flood risk mitigation for hydropower-

dependent countries, and aids disaster risk preparedness by identifying high precipitation areas 

and months in advance. 

5.2 Recommendations 

Below are the recommendations derived from this work: 

1. Promote climate-resilient agricultural practices to adapt to declining thunderstorms. 

2. National meteorological agencies should adopt the developed ML models to improve long-

lead-time forecasting of thunderstorms and precipitation. 

3. Encourage interdisciplinary collaboration between data scientists, meteorologists, and 

policymakers to operationalise predictive models at local and regional levels. 

4. Since the feature analysis revealed that the different zones have different environmental 

dynamics, future works could also consider developing zone-specific models, which may 

likely improve the model performance. 

5. Ministries of Agriculture, Energy, and Environment should integrate the forecast outputs 

into early warning systems for drought and flood risk management. 
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5.3 Research Contributions 

The contributions of the research are: 

1. Developed ML-based forecasting models for thunderstorm frequencies over Ghana and 

precipitation over West Africa one year ahead. 

2. Enhanced model trust and interpretability in climate science using SHAP and PDP 

explainability tools. The results show that different environmental dynamics drive 

precipitation in the various zones in West Africa. 

3. Established a machine learning-based spatial forecasting framework for precipitation over 

West Africa, capable of simulating key meteorological features across diverse zones. 

4. The research offers a scalable, low-cost forecasting tool suitable for operational use in 

resource-limited meteorological services in West Africa. 
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