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Abstract 

This study examines observed trends, variability, and future projections of rainfall, temperature, 

and associated extremes in Rwanda using outputs from the Coordinated Regional Climate 

Downscaling Experiment-Coordinated Output for Regional Evaluation (CORDEX-CORE) 

regional climate models (RCMs). Observational trends and variability were analyzed for 1983-

2021 using data from the Rwanda Meteorology Agency, while future projections were examined 

for 2026-2060 and 2066-2100 under two representative concentration pathways (RCP2.6 and 

RCP8.5). The performance of CORDEX-CORE RCMs in simulating observed rainfall was 

evaluated for 1983-2005. The study also assesses the influence of large-scale climate drivers, 

particularly the El Niño-Southern Oscillation (ENSO) and the Indian Ocean Dipole (IOD), on 

Rwanda’s rainfall patterns. For the observational period, trends and magnitudes were assessed 

using the Modified Mann-Kendall test and Theil-Sen estimator, while temporal variability was 

analyzed using standard deviation and coefficient of variation. Rainfall characteristics, namely 

onset day (OD) and cessation day (CD) of the rainy season, were determined using methods based 

on accumulation thresholds, rainy day counts, dry spell and potential evapotranspiration analysis. 

Climate extremes were evaluated following the methodology of the Expert Team on Climate 

Change Detection and Indices (ETCCDI). Results show that the multi-model ensemble 

(CORDEX-CORE-MME) outperforms individual models in simulating Rwanda’s present climate. 

During the observational period, maximum temperatures exhibited higher variability than 

minimum temperatures. However, minimum temperatures exhibited greater warming magnitudes 

than maximum temperatures. Rainfall showed high spatial and temporal variability, with mostly 

non-significant trends across regions. Rainfall onset and cessation dates revealed west-east and 

east-west progression patterns, respectively. Seasonal length (SL) and number of rainy days (RD) 

were generally longer and more frequent in the southern, western, and northern regions, while 

central and eastern areas had shorter seasons and fewer rainy days. Climate extreme indices for 

rainfall and temperature displayed spatially and seasonally heterogeneous trends, with significant 

increases or decreases depending on the index and emission scenario. Future projections suggest 

shifts in OD and CD, with earlier onsets and longer seasons more common under RCP2.6 than 

RCP8.5. Rainy days are projected to increase during the long rains, but exhibit more complex 

patterns in the short rains, including regional decreases under RCP8.5 by century’s end. Heavy 
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(R10mm) and very heavy (R20mm) precipitation days are projected to decline during long rains, 

while consecutive wet days (CWD) are expected to rise, particularly under RCP2.6 in 2026-2060. 

For temperature extremes, cold days (Tx10p) are projected to increase during long rains for 2026-

2060 but decline in 2066-2100, while warm days (Tx90p) show the opposite pattern. These 

findings provide crucial insights to inform climate-resilient planning and policy development 

across key socio-economic sectors, including agriculture, health, water resources, infrastructure, 

tourism, and disaster risk reduction, and support the formulation of effective adaptation strategies 

at local and national levels. 

Key word: CORDEX-CORE RCMs, Extreme Indices, Projection, Rainfall, Rainfall 

Characteristics, Rwanda, Temperatures, Trend and Variability.  
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Chapter 1 General introduction and thesis outline 

 Introduction 

Climate variability and change are among the most critical challenges today, deeply impacting 

natural ecosystems and human activities. Key meteorological variables such as rainfall and 

temperature are central to climate change impact studies as they influence agriculture, water 

availability, ecosystems, and human livelihoods (Mikova, 2015). Understanding the variability and 

trends of these variables under a changing climate is essential for forecasting future conditions and 

developing adaptation strategies. In many African countries, the seasonality of rainfall is especially 

important because communities depend heavily on seasonal rains for farming and domestic needs 

(Ramirez-villegas et al., 2017). However, rainfall patterns have become increasingly variable in 

both frequency and intensity, with Africa experiencing significant shifts over the past century 

century (Huq et al., 2004). In sub-Saharan Africa (SSA), where rain-fed agriculture is the main 

source of livelihood, climate change has already caused declines in crop production, severely 

affecting smallholder farmers (Ayanlade et al., 2022). 

In East Africa (EA), rainfall is marked by high spatial and temporal variability, often leading to 

extreme weather events such as droughts and floods. These events have had devastating effects on 

economies, infrastructure, and human and animal lives (Nicholson, 2017). Recent decades have 

shown declining rainfall and longer, more intense droughts, often stretching across rainy seasons 

in the region (Palmer et al., 2023). At the same time, extremely high rainfall events have caused 

flooding, destruction, and social and economic disruption (Chang’a et al., 2020).  For example, the 

October-December 2019 floods in EA, which caused landslides and displacement, were linked to 

unusually high rainfall (Chang’a et al., 2020). Meanwhile, rainy seasns in some areas have shown 

slight decreases, with no major changes in the annual rainfall average (Ogega et al., 2020). In EA 

region, significant rise in temperatures was observed across major cities, with warming levels 

nearly double the global average since pre-industrial times (Engelbrecht et al., 2015). This trend 

is evident in observed increases in maximum, minimum, and mean temperatures throughout the 

region (Gebrechorkos et al., 2019). In Rwanda, similar warming patterns have been observed, 

particularly in urban areas such as Kigali City, where the annual mean temperature has 

significantly increased (Safari, 2012; Kagabo et al., 2024). Across the country, studies indicate 
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that minimum temperatures have increased at a faster rate than maximum temperatures, which 

tend to show higher variability (Ngarukiyimana et al., 2021; Safari and Sebaziga, 2023).  

The rainfall in the EA and Rwanda, is primarily controlled by the seasonal north-south migration 

of the Inter-tropical Convergence Zone (ITCZ) (Nicholson, 2000). The main drivers of the rainfall 

inter-annual variability are the El Niño-Southern Oscillation (ENSO) and the Indian Ocean Dipole 

(IOD) climate modes associated with sea surface temperature (SST) anomalies across the tropical 

Pacific and Indian Oceans, respectively (Mutai and Neil., 2000; Goddard and Mason, 2002; Oettli 

& Camberlin, 2005; Lyon & Dewitt, 2012; Liebmann et al., 2014; Nicholson, 2017). Sea surface 

temperatures (SSTs) are commonly used to predict seasonal rainfall, with warmer or cooler waters 

in the Indian and Atlantic Oceans linked to enhanced or suppressed rainfall over EA (Owiti, 2008). 

Typically, El Niño and positive IOD events lead to increased rainfall, while La Niña and negative 

IOD events result in reduced rainfall (Indeje et al., 2000; Nicholson, 2017; Ingeri et al., 2024). 

Tropical cyclones in the Mozambique Channel also influence rainfall, especially during March to 

May by altering low-level winds while rainfall tends to increase during December and January, 

sometimes causing flooding (Nyakwada et al., 2009). In additional, topography also plays a critical 

role where highland areas generally receive more rainfall and experience cooler temperatures than 

lowland regions (Ogwang et al., 2014)(Ntwali et al., 2016).  

 Climate Modelling and Simulation 

Information derived from meteorological variables is important for policy and decision makers, 

who use it for development of smart decisions for long-term planning and managing risks (Giorgi 

et al., 2009; Akinsanola et al., 2015). To create this information, scientists mainly use climate 

models to predict how climate might change in the coming decades (Lee et al., 2014). The 

development of global climate models (GCMs) has evolved significantly over the past century, 

emerging as a key scientific tool for understanding and projecting changes in the Earth's climate 

system. The evaluation of GCMs helped scientists and researchers to recognize the limitations of 

coarse-resolution in capturing local and regional climate variations. This led to the development 

of Regional Climate Models (RCMs), which provide higher spatial resolution and are better suited 

for impact studies at the regional and national levels to provide detailed climate information on 

local climate change hot spots within regions that forms the basis of a community-led solution 
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(Lobell et al., 2008).To get more detailed climate information at the local level, scientists use a 

process called downscaling, which improves the resolution of the model. There are two main types 

of downscaling namely, dynamical downscaling and statistical downscaling (Trzaska and Schnarr, 

2014). 

Dynamical downscaling uses an RCM which operates on principles similar to those of GCMs but 

work at a much finer scale (Giorgi and Gutowski, 2015; Fotso-Nguemo et al., 2017). This approach 

involves nesting a finer-meshed RCM within the GCM, which provides the boundary and lateral 

conditions and incorporates more detailed topography, land-sea contrasts, surface heterogeneities, 

and physical processes, allowing it to produce realistic climate information at a spatial resolution 

of approximately 50 kilometers (Trzaska and Schnarr, 2014). However, dynamical downscaling is 

computationally intensive and sensitive to the biases inherited from the driving GCM. On the other 

hand, statistical downscaling is based on building mathematical relationships between large-scale 

climate patterns (called predictors) and local weather conditions (called predictands) developed 

using past climate data (Trzaska and Schnarr, 2014; Worku et al., 2018). A key idea in this method 

is that the relationship between large and local-scale variables remains valid in the future under 

different forcing conditions of possible future climates (Trzaska and Schnarr, 2014).This method 

is less demanding on computers but depends heavily on how well GCMs capture the large-scale 

patterns and how strong are the statistical links. 

To coordinate and advance regional downscaling efforts worldwide, the World Climate Research 

Programme (WCRP) established the Coordinated Regional Climate Downscaling Experiment 

(CORDEX). CORDEX provides a global framework for producing and evaluating RCMs to 

produce regional climate projections based on a consistent set of GCMs and RCMs that are 

consistent and comparable across different regions and institutions (Giorgi et al., 2009). CORDEX 

is organized around a set of regional domains, including CORDEX-Africa, and uses standardized 

protocols for driving data, simulation periods, spatial resolution, and output formats. This enables 

ensemble modelling, where multiple RCMs driven by multiple GCMs are used to quantify 

uncertainty and improve confidence in projections. The CORDEX-Africa initiative has been 

particularly valuable for the African continent, enabling high-resolution projections (0.44°) 

tailored to African needs, addressing the continent’s unique climate dynamics and vulnerabilities 

and demonstrated the utility of CORDEX RCMs in simulating key climate features, such as the 

seasonal and diurnal cycles of rainfall and temperature across Africa, while also highlighting 
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substantial inter-model biases (Nikulin et al., 2012; Endris et al., 2013) (Dosio et al., 2015; Giorgi 

& Gutowski, 2015).  

With the growing demand for high-resolution information about regional climate change and its 

impact all over the world and to streamline modelling efforts and improve interoperability, the 

WCRP CORDEX developed the CORDEX-Coordinated Output for Regional Evaluations 

(CORDEX-CORE) initiative to provide a more focused and resource-efficient set of high-priority 

RCM simulations across key global domains. CORDEX-CORE use RCMs at a higher horizontal 

resolution (0.22°) and over two key Representative Concentration Pathways (RCPs), typically 

RCP2.6 and RCP8.5 with an objective of balancing comprehensive coverage with computational 

feasibility and ensure consistent outputs across regions (Gutowski et al., 2016; Coppola et al., 

2021). For Africa, the CORDEX-CORE outputs are particularly valuable for countries and sub-

regions with limited national modelling capacity and importantly, CORDEX-CORE also promotes 

open data sharing, capacity building, and collaboration between regional institutions and the 

broader climate modelling community. CORDEX and CORDEX-CORE outputs form the 

backbone of many regional climate studies, including those assessing impacts on agriculture, water 

resources, and public health.  

 Intra-Seasonal Rainfall Characteristics 

It is essential to recognize that the performance of a rainy season is not solely dependent on the 

overall total rainfall amount, but also on the adequate distribution of rains throughout the season.  

Failures in rainfall can be manifested as late or early onset and cessation of the season, or short but 

intense rainfall events separated by prolonged dry spells (Camberlin and Okoola, 2003). The OD 

of rainfall marks the beginning of a season, though definitions vary among researchers. Several 

criteria for determining OD varies among regions. They include use of  accumulation rainfall, 

number of rainy days and dry spell periods (Adelekan and Adegebo, 2014; Mugo et al., 2016a). 

Other models use rainfall data alone (Odekunle et al., 2005) and daily soil water balance 

(Mugalavai et al., 2012). Models considering dry spells in determining the OD of the rainy season 

are significant as they reduce the chance of a false start, characterized by early rains followed by 

long dry spells, and are adaptable to different locations (Sultan and Janicot, 2003). In additional, 

modifying the length or intensity of the initial wet spell, or the following dry spell, alters the long-
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term mean OD date but has minimal impact on inter-annual variability or spatial coherence 

(Marteau et al., 2009). 

Similarly, CD are determined using different methods such as period of days with rainfall 

accumulation  less than a certain threshold for consecutive number of dry days (Adelekan and 

Adegebo, 2014). Other methods use soil moisture or water balance reaching zero after the OD of 

the season to determine the end of the season (Taye et al., 2013), and soil water availability dropped 

to a certain balance of total available water (Mugalavai et al., 2012). The seasonal length (SL) is 

determined by computing the difference between the cessation day (CD) and the onset day (OD) 

of the rainy season for each year (Gebremichael et al., 2014; Haleakala et al., 2018). 

 Climate Extreme indices 

In nature, weather and climate extremes are rare events which happen in the natural climate system 

(Easterling et al., 2016). For consistency and homogeneity in the determination of climate extreme 

indices, the joint World Meteorological Organization Commission on Climatology (CCl) and the 

Climate Variability and Prediction (CLIVAR) Expert Team on Climate Change Detection and 

Indices (ETCCDI) developed a core set of 27 indices (Zhang et al., 2005; Alexander et al., 2006; 

Tank et al., 2009; Donat et al., 2013; Easterling et al., 2016). In recent decades, the world has 

witnessed a significant rise in record-breaking weather and climate events (Lehmann et al., 2015).  

These extremes including heatwaves, heavy rainfall, droughts, and storms have had wide-ranging 

impacts on key socio-economic sectors and the environment, including human health and well-

being of the community (Tank et al., 2009). Climate extreme indices are used to measure how 

often and how severely such extreme events occur (Gachon et al., 2005; Sarr et al., 2015). These 

indices have helped reveal a global increase in both the frequency and intensity of natural disasters, 

a trend closely linked to climate change and environmental degradation (Adeyeri et al., 2019). 

Rainfall indices such as total precipitation due wet day (PRCPTOT) and simple daily rainfall 

intensity (SDII) help link daily precipitation changes with extreme weather events (Sillmann et al., 

2013). Similarly, changes in climate indicators based on daily minimum temperatures tend to be 

more noticeable than those based on maximum temperatures (New et al., 2000). Temperature 

extreme indices are essential for quantifying shifts in climate extremes, particularly the frequency 

of unusually hot or cold days and nights. Globally, there has been a marked decrease in cold nights 
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(Tn10p) and an increase in warm nights (Tn90p), with some regions experiencing more than a 

twofold rise, indicating a general upward shift in daily minimum temperatures (Alexander et al., 

2006). 

 Impacts of rainfall and temperature variability 

In Africa, seasonal rainfall changes have serious socio-economic consequences due to the high 

reliance on rain-fed agriculture (Dunning et al., 2018). Variability in rainfall also affects livestock 

and crop productivity (Chang’a et al., 2020). Agricultural systems, in particular, are highly 

sensitive to extremes. Heavy or very heavy rainfall can harm agriculture by causing inundation, 

delaying planting periods, and increasing the risk of root diseases or crop failure (Posthumus et 

al., 2009).  Changes in rainfall and temperature regimes are also linked to a growing frequency 

and intensity of drought events, contributing to environmental degradation, infrastructure stress, 

reduced agricultural productivity, and livestock losses (Li et al., 2021; Uwimbabazi et al., 2022). 

For agriculture, particularly in regions that rely heavily on rain-fed farming unpredictability of the 

onset of the rainy season influence agricultural decisions, such as when to prepare land, plant 

crops, crop choice, pest and disease management and anticipate harvests (Odenkunle, 2004) 

(Edoga, 2007). These factors help assess whether a particular crop is likely to succeed or fail in a 

given season (Ngetich et al., 2014). 

 

The changes in diurnal temperature range (DTR), shifts in the frequency of warm or cold tails of 

extreme temperatures impact crop performance through increased evapotranspiration levels and 

spread of crop diseases (Machina and Sharma, 2017; Jang and Chun, 2021). In regions highly 

dependent on farming, climate shocks may trigger population displacement due to water scarcity, 

crop failure, famine, and food insecurity (Ayugi et al., 2020; Mueller et al., 2020; Bannor et al., 

2022). The effects of climate variability are not limited to agriculture. For health sector, increase 

in DTR elevate the risk of heat-related illnesses, particularly among the elderly and lead to high 

hospital admission (Jang and Chun, 2021) and may trigger increased incidence of malaria out 

breaks (Henninger, 2013). The tourism sector is also affected by the changes in extreme 

temperatures through changes in tourist comfort  (Scott and Lemieux, 2010). These growing risks 

are influencing national planning and policy. By analysing changes in climate extreme indices, 
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decision-makers can better understand emerging trends and develop informed strategies to 

safeguard communities, ecosystems, and economies (Zhang et al., 2005; Tank et al., 2009). 

 Characteristics of climate in Rwanda 

Rwanda is situated in Eastern and Central Africa, positioned between 1°4′ and 2°51′ South latitude 

and 28°53′ and 30°53′ East longitude, covering a total area of 26,338 square kilometers. From west 

to east, Rwanda is characterized by diverse topography ranging from highlands in the west and 

north to the lowlands in the east. Its landscape includes hills valleys and highlands with elevation 

varying from in Bugarama valley siting at 900 meters to Volcanic region with Karisimbi being the 

highest peak at 4,507 meters. The central plateau ranges from 1,500 to 2,000 meters while the 

eastern lowland is dominated by hills with altitudes ranging from 1,000 to 1,500 meters above sea 

level (Mikova, 2015b). Rwanda's diverse topography influence the rainfall and temperature 

distribution across the country (Ntwali et al., 2016) (Ngarukiyimana et al., 2017). Low rainfall 

amounts and high temperatures are observed in low-elevation areas located in the eastern region, 

and high rainfall amounts and low temperatures are observed in high-elevated areas located 

northern, western and southwest  (Ilunga & Muhire, 2010) (Ogwang, Chen, Li, Gao, et al., 2014) 

(Ntwali et al., 2016) 

Rwanda's rainfall climatology follows the typical bimodal pattern observed in Eastern African 

region, with two rainy seasons of March-April-May (MAM) commonly known in Kinyarwanda 

as “Itumba”  and September to December (SOND), commonly known in Kinyarwanda as 

“Umuhindo”  and two dry seasons of which one is a short dry season extending from January to 

February (JF) commonly known in Kinyarwanda as “Urugaryi”  and a long dry season spanning 

the months of June to August (JJA) commonly known in Kinyarwanda as “Impeshyi”  (Ntwali et 

al., 2016) (Siebert, Dinku, Vuguziga, Twahirwa, Kagabo, et al., 2019) (Kazora et al., 2021) 

(Umutoni et al., 2021) (Sebaziga et al., 2022). The high annual rainfall totals (>1200 mm) are 

recorded in the areas surrounding the Congo-Nile Trial, Nyungwe National Park in the southwest 

and the Virunga volcanic mountains in the northern while the eastern lowland record low annual 

rainfall (<900 mm) (Siebert, Dinku, Vuguziga, Twahirwa, Kagabo, et al., 2019).  The peak months 

for rainfall are April during the MAM and November for the SOND in Rwanda  (Muhire et al., 

2015) (Ntwali et al., 2016). Similar to rainfall, temperatures across the country vary significantly 



8 

 

with topography. The south-eastern parts of the country in Rusizi valley observes a warmest 

average temperatures ranging between 23˚C and 24˚C, followed by the eastern lowlands varying 

between 20˚C to 21˚C. The highlands areas experience lowest temperatures which can drop to 

around 17˚C and ranges between 17.5˚C to 19˚C in the in the central plateau while the mean annual 

temperature fluctuates around 20˚C (B. Safari, 2012). Lowest monthly average temperatures are 

observed in May and November while highest monthly average temperatures are observed in 

February and August (Ngarukiyimana et al., 2021b).  

The climate of Rwanda is predominantly influenced by south-easterly winds, which weaken and 

shift direction during certain seasons (Siebert, Dinku, Vuguziga, Twahirwa, Kagabo, et al., 2019). 

During JJA, Rwanda is influenced by the dry Saint Helena and Azores anticyclones, which 

contribute to dry conditions across the country (Ilunga et al., 2008). In September, the ITCZ begins 

its passage from the Somalian coast, crossing Lake Victoria where it gains humidity and brings 

rainfall to Rwanda before moving southward by the end of November. From December to 

February, the winter monsoon pushes dry and cold air masses from the Arabian Sea over Lake 

Victoria, gathering humidity that results in light rainfall in Rwanda’s highland regions (Ilunga et 

al., 2004)(Ilunga et al., 2008). Furthermore, a relationship exists between ENSO and rainfall 

patterns, with El Niño events linked to positive rainfall anomalies (wet years) and La Niña events 

associated with negative anomalies (dry years) (Ilunga & Muhire, 2010) (Muhire et al., 2015). 

Normal years typically correspond with negative anomalies in MAM and positive anomalies in 

SOND (Muhire et al., 2015). Similarly, Indian ocean dipole (IOD) events increase rainfall over 

Rwanda especially during SOND season (Kazora et al., 2021)(Rusanganwa et al., 2024) (Ingeri et 

al., 2024).  

 Statement of the research problem  

Policymakers rely on accurate climate information for effective planning and decision-making 

(Giorgi et al., 2009; Akinsanola et al., 2015). To advise planning and decision-making, there is a 

need for a comprehensive assessment of climate variables such as rainfall and temperature 

(Mikova, 2015b). Rainfall, a critical factor for crop production, is more beneficial when it is evenly 

distributed rather than experiencing isolated heavy rainfall interrupted by prolonged dry periods 

(Gitau et al., 2013; Sifer et al., 2016). The performance of agricultural seasons is influenced by 
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changes in rainfall onset date (OD) and cessation date (CD), which in turn determine the seasonal 

length (SL) (Odenkunle, 2004). In Rwanda, studies  have used station data to study the 

characteristics and trends of rainfall at both seasonal and annual scales (Henninger, 2013a) and 

(Muhire et al., 2015). Gridded data, such as those from METEO-RWANDA  (Siebert, Dinku, 

Vuguziga, Twahirwa, & Kagabo, 2019) and the Climate Hazards Group InfraRed Precipitation 

with Stations (CHIRPS) (Kazora et al., 2021), have been used in previous studies to examine 

rainfall patterns in Rwanda. However, previous studies in Rwanda have not addressed intra-

seasonal rainfall characteristics and their future projections. Understanding the historical and 

projected changes in rainfall characteristics namely OD, CD, SL and rainy days (RD) is crucial for 

enhancing agricultural planning and adaptation strategies. Rwanda has recently experienced 

several weather-related disasters, leading to loss of lives, infrastructure damage, and crop 

destruction, with an increasing frequency of extreme events (Chang’a et al., 2020). Despite this, 

there has been limited focus on understanding historical and projected changes in extreme rainfall 

and temperature indices in Rwanda. To assess changes in climate variables, climate models are 

employed to simulate future climate conditions under various emission scenarios (Lee et al., 2014). 

RCMs generate high-resolution climate projections, offering valuable insights into climate change 

for different global regions. The effectiveness of RCMs  depends on their ability to replicate 

historical observations, as different models can produce varying regional projections even under 

identical emission scenarios (Giorgi & Francisco, 2000). With Rwanda's vision 2050 and the 

revised Green Growth and Climate Resilience Strategy, accurate climate projections are essential 

for implementation. However, there is limited information on the performance of CORDEX-

CORE RCMs in simulating Rwanda's climate, which is crucial for projecting future conditions 

and providing valuable information for strategic planning and decision-making for socio-economic 

sectors. 

 Motivation and Significance of the research 

Socio-economic activities heavily depend on rain-fed agriculture and livestock productivity that 

in turn depend on rainfall availability (Gitau et al., 2013; Dunning et al., 2018; Chang’a et al., 

2020). Given that Rwandan farmers practice  rain-fed agriculture, the variability in rainfall and 

temperature both in space and time  affects crop production significantly  (Kazora et al., 2021).  
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a. This study:  

o Demonstrates that the multi-model ensemble mean provides more reliable simulations of 

Rwanda’s climate than individual models, improving the accuracy of future climate 

projections for informed decision-making. 

o Identifies significant variations and trends in observed rainfall, air temperature, computed 

rainfall characteristics and extreme climate indices. 

o Provides information on future projected changes in rainfall and air temperature patterns, 

computed extreme climate indices and rainfall characteristics with a tendency toward 

earlier onset dates, longer rainy seasons, and an increasing number of rainy days. These 

changes underscore the importance of climate-informed planning in agriculture, water 

management, and disaster preparedness, offering policymakers critical insights for 

integrating climate resilience into national development strategies. 

b. The findings of this study: 

o Could support public and private sector decision-makers in formulating effective policies 

and funding strategies for climate change adaptation and mitigation. 

o May contribute to the implementation of Rwanda’s National Environment and Climate 

Change Policy, Vision 2050, and the Revised Green Growth and Climate Resilient Strategy 

by providing essential information on current and projected climate changes. 

o Could be used as valuable inputs for climate change impact assessments across various 

socio-economic sectors in Rwanda, including agriculture, health, water resources, energy, 

disaster management, tourism, economic development, and infrastructure. 

 Objectives of the research 

The primary objective of this study is to examine the intra-seasonal and seasonal characteristics of 

rainfall, air temperature and their related extreme indices in Rwanda under changing climate. 

To accomplish this, the study has focused on the following specific objectives: 

o To assess the performance of CORDEX-CORE RCMs to simulate the climate of Rwanda 

o To examine the seasonal characteristics of onset date (OD), cessation dates (CD), seasonal 

length (SL) and number of rainy days (RD) for both present and future time scales.   
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o Investigate the variability in rainfall and air temperature and their related extreme indices 

on both present and future time scale. 

o To investigate the synoptic features that drive rainfall over Rwanda 

 Outline of the thesis 

This thesis is organized into nine chapters. Chapter One provides a general introduction to the 

study, outlining the background, research objectives, and structure of the thesis. Chapter Two 

evaluates the performance of CORDEX-CORE regional climate models in simulating rainfall 

variability across Rwanda. Chapter Three investigates historical rainfall variability and trends 

throughout the country. Chapter Four analyses trends and variability in temperature and associated 

extreme indices in Rwanda over the past four decades. Chapter Five examines the spatial 

variability of seasonal rainfall onset, cessation, length, and the number of rainy days. Chapter Six 

explores observed trends and variability in seasonal extreme rainfall indices, as well as their 

projected changes under future climate scenarios. Chapter Seven focuses on trends and future 

projections of seasonal rainfall onset, cessation dates, seasonal length, and rainy days in Rwanda. 

Chapter Eight analyses both observed and projected changes in seasonal extreme temperature 

indices across the country. Finally, Chapter Nine presents the main conclusions of the study and 

outlines potential directions for future research. 
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Chapter 2 Evaluation of CORDEX-CORE regional climate models in 

simulating rainfall variability in Rwanda 

This Chapter reproduces the content of our published paper (https://doi.org/10.1002/joc.7891). 

2.1 Introduction   

Studies at fine spatial scales are needed to resolve local climate change hot spots within regions 

(Lobell et al., 2008) and form the basis of a community-led solution that is ideal for smallholder 

farmers (Ngigi et al., 2005) where downscaling is used to derive finer-resolution information from 

coarser-scale global climate model (GCM) output (Trzaska and Schnarr, 2014). Other published 

literature suggests that climate change in Africa will have variable impacts on crops, with both 

production losses and gains possible (Jarvis et al., 2012). Projected warming and drying may result 

in a 20% loss in crop yields over Africa in 2050 (Jones and Thornton, 2003). The Fourth 

Assessment Report of the Intergovernmental Panel on Climate Change (IPCC AR4) predicts that 

climate change is likely to have a significant effect adverse on agricultural production in many 

African countries (Boko et al., 2007). The Fifth Assessment Report of the Intergovernmental Panel 

on Climate Change (IPCC AR5) highlights that there is significant uncertainty about the Sahel 

though most model projections for the Sahel are slightly towards wetting conditions, while a likely 

increase in rainfall was observed over parts of central and eastern Africa (Niang et al., 2014). Over 

East Africa, there is an apparent climate paradox between the recently observed drying trend and 

model projected increase in rainfall. There is considerable interannual variability in East Africa and 

uncertainty regarding future precipitation trends in the region (Lyon and Vigaud, 2017). Users of 

climate information including decision and policymakers rely on the projections of climate change 

impacts in their decision making (Kim et al., 2014). However, assessing the ability of the regional 

climate models (RCMs) to simulate the present climate is a key step before their outputs are used 

for generating the future downscaled projections of the climate of a given region (Endris et al., 

2013). The evaluations of the RCMs consist of comparing the generated model outputs with a 

reference observed data (Endris et al., 2013; Kim et al., 2014). RCMs provide the advantage of 

high spatial resolution and dynamical downscaling of GCM data (Guo et al., 2018). Given the high 

computational cost of dynamical downscaling, many collaborative projects are generat- ing 

dynamically downscaled climate simulations from model intercomparisons and for impact 

https://doi.org/10.1002/joc.7891
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assessment appli- cations. These projects include the Coordinated Regional Climate Downscaling 

Experiment (CORDEX) which produces dynamical downscaled climate simulations and archives 

outputs from a set of RCMs over different regions in the world (Giorgi et al., 2009; Glotter et al., 

2014; Mariotti et al., 2014; Giorgi and Gutowski, 2015). 

During the last decade, a number of studies have been developed over the African region using the 

CORDEX RCMs with a spatial resolution of 50 × 50 km (0.44◦). The first study was developed 

by Nikulin et al. (2012). An ensemble of 10 different RCMs forced by lateral and surface boundary 

conditions from the European Centre for Medium-Range Weather Forecasts (ECMWF) Interim 

Re-Analysis (ERA-Interim) was utilized to simulate rainfall over Africa. Model performance was 

analysed by comparing RCM outputs at different timescales with combinations of observational 

precipitation data-sets: satellite-based datasets from the Tropical Rainfall Measuring Mission 

(TRMM-3B42) and the Climate Prediction Center Morphing Technique (CMORPH); satellite-

gauge combination datasets from Global Precipitation Climatology Project (GPCP), three gauge-

based datasets from the University of Delaware (UDEL), the Climatic Research Unit (CRU) and 

the Global Precipitation Climatology Centre (GPCC). It was demonstrated that all RCMs simulate 

the seasonal mean and annual cycle quite accurately, although individual models could exhibit 

significant biases in some subregions and seasons. A common problem found in the majority of 

the RCMs was that precipitation starts too early during the diurnal cycle. Generally, the multimodel 

average was found to outperform any individual RCM simulation, showing biases of similar 

magnitude to differences across a number of observational datasets. 

Other studies focusing on eastern and southern Africa regions have followed. Endris et al. (2013) 

analysed the performance of the 10 CORDEX RCMs driven by ERA- Interim in simulating 

eastern African rainfall. Model outputs were compared with gauge-based gridded observational 

datasets obtained from the GPCC, CRU and GPCP. It was found that most RCMs reasonably 

simulate the main features of the rainfall climatology over East Africa and also reproduce the 

majority of regional responses to El Niño-Southern Oscillation (ENSO) and Indian Ocean 

Dipole (IOD) climate modes. However, significant biases in individual models were observed 

depending on the sub-region and season. The multimodel ensemble was found to adequately 

well simulate eastern African rainfall and could therefore be used for the assessment of future 

climate projections for the region. It is worth noting that rainfall in the eastern African climate is 

primarily controlled by the seasonal migration of the Inter-tropical Convergence Zone (ITCZ) 
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of trade winds (Nicholson, 2000). The main drivers of the rainfall interannual variability in East 

Africa are ENSO and IOD climate modes associated with sea surface temperature (SST) 

anomalies across the tropical Pacific and Indian Oceans, respectively (Ogallo, 1988; Ogallo et 

al., 1988; Nicholson and Etekhabi, 1986; Nicholson and Nyenzi, 1990; Simon and Lisa, 2001; 

Goddard and Mason, 2002; Lyon and DeWitt, 2012), with a significant impact on agriculture 

and severe consequences on food and social security. Canonically, during the warm phase of 

ENSO, much of the East Africa region tends to experience wetter than normal conditions 

because there is typically a teleconnection pattern in the Indian Ocean that enhances convection 

in the Western Indian Ocean basin (Goddard and Graham, 1999; Black, 2005; Ummenhofer et 

al., 2009). While this teleconnection pattern is often associated with El Niño events in the Pacific 

basin, the pattern of sea surface temperature and convection in the Indian Ocean can also act 

semi-independently, and it is possible to have a warm or positive phase of the IOD (with a similar 

effect), independent of the ENSO state (Saji et al., 1999). In their study on rainfall over 

predefined regions in southern Africa, Shongwe et al. (2014) assessed the ability of the 10 

CORDEX RCMs driven by the ERA- Interim in capturing monthly rainfall evolution, selected 

rainfall characteristics and the observed rainfall probability density functions. The ERA-Interim 

was used as the reference dataset and was completed by GPCP to reduce uncertainties. It was 

indicated that a majority of the RCMs adequately capture the reference rainfall characteristics 

and rainfall probability density functions, with a few showing a bias towards excessive light 

rainfall events. Endris et al. (2016) assessed the ability of two CORDEX RCMs with lateral and 

surface boundary conditions derived from coupled global climate models (CGCMs), to simulate 

the teleconnections between tropical sea surface temperatures and rainfall over eastern Africa, 

and the associated changes in atmospheric circulation patterns over the region. CGCM-driven 

RCM outputs were compared with ERA-Interim driven RCM outputs. Results from the driving 

CGCMs were also analysed. The study indicated that the RCMs driven by ERA-Interim (quasi-

perfect boundary conditions) successfully capture rainfall teleconnections in most examined 

regions and seasons. Further, it was shown that most of the errors in simulating the teleconnection 

patterns come from the driving CGCMs. Luhunga et al. (2016) evaluated the performance of 

four CORDEX RCMs driven by boundary conditions from three GCMs and ERA-Interim in 

simulating rainfall and temperature over Tanzania. Model outputs were compared to actual 

measurements from 22 weather stations. Results indicated that during March-April-May 
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(MAM) season most of RCMs underestimate the amount of rainfall while during October-

November-December (OND) they overestimate. They were found to adequately reproduce the 

annual cycle of rainfall, the mean climate, the interannual variability and temperature trends. It 

was recommended the potential use of CORDEX RCMs in simulating rainfall, maxi- mum air 

temperature and minimum air temperature over Tanzania. Further studies analysing the source 

of uncertainties were suggested when the same RCM is driven by different GCMs and/or when 

different RCMs are driven by a same GCM in simulating rainfall and temperature. Kisembe et 

al. (2018) evaluated the ability of 10 CORDEX RCMs driven by the ERA-Interim to simulate 

rainfall characteristics over Uganda. Model outputs were compared to two gauge-based gridded 

datasets (GPCC and CRU) and a satellite-gauge combined dataset from the Climate Hazards 

Group InfraRed Rainfall and stations (CHIRPS). They found that most models underestimate 

the annual rainfall over the country. However, the models correctly reproduced the seasonality 

of precipitation with some differences. The interannual variability of the dry season was well 

reproduced by the models but not that of the long or the short rainy season, although the ENSO 

and IOD signals were correctly simulated by most of the models. 

In 2016, Gutowski et al. (2016) initiated a new framework, CORDEX-CORE (Coordinated 

Output for Regional Evaluation). This resulted in a number of studies producing high-resolution 

climate projections in almost all CORDEX domains (Remedio et al., 2019; Ashfaq et al., 2021; 

Coppola et al., 2021; Dosio et al., 2021; Giorgi et al., 2021; Gnitou et al., 2021; Sawadogo et al., 

2021; Teichmann et al., 2021). Since 2019, CORDEX-CORE (AFR-22) operates for the African 

domain over an equa- torial domain with a quasi-uniform resolution of approximately 25 × 25 

km. The advantage of using increased spatial resolution in RCMs and their potential to repro- 

duce the local climate in small areas with complex topography have been largely discussed in 

the literature (Giorgi et al., 2009; Endris et al., 2013; Colmet-Daage et al., 2018). 

In a number of CORDEX studies, ECMWF-ERAINT is often used as boundary conditions for 

assessing the performance of RCMs to simulate observed climate data in a region. Differences 

observed in RCMs' outputs are due to their formulations (Giorgi et al., 2009; Giorgi and Gutowski, 

2015; Sørland et al., 2021). However, for areas with limited station network and varying 

topography, or areas with small size where the scale of resolution is coarse enough, ECMWF-

ERAINT re-analysis may have biases which in return may propagate and amplify into models. In 

addition, RCMs driven by GCMs to simulate climate observations in a region may be subject to 
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uncertainties caused by differences in configurations (physics, parameterizations, boundary 

conditions, numerical schemes) of either RCMs or GCMs or both (Endris et al., 2016; Wu et al., 

2020). Studies comparing CORDEX-CORE RCMs driven by GCMs and ECMWF-ERAINT are 

important in this regard. 

This study aims to assess three RCMs, namely CCLM5-0-15, RegCM4-7 and REMO2015, 

from CORDEX-CORE (AFR-22), in their ability to reproduce rainfall variability in Rwanda for 

the period 1981–2005. They are forced by boundary conditions from three different global 

climate models (GCMs), namely MPI-M-MPI- ESM-LR, NCC-NorESM1-M and MOHC-

HadGEM2-ES, and the European Centre for Medium-Range Weather Forecasts Reanalysis 

(ECMWF-ERAINT). Model simulations of daily rainfall displayed on a grid of spatial 

resolution of 0.22◦ (~25 km) are compared with gridded observational datasets at 0.0375◦ by 

0.0375◦ (~4 km) spatial resolution over Rwanda obtained from Rwanda Meteorology Agency 

for the period 1981–2005. A set of metrics are employed to quantify simulated rainfall pattern 

discrepancies and deviations from observations. 

The study is organized as follows: a brief description of the study area is presented in section 2 

followed by section 3 where an explanation of data used from observational and modelled datasets 

is given (section 3.1) and details on the method employed are given (section 3.2). In section 4, 

results are presented and  discussed. They  include  spatial  distribution of mean climatological 

seasonal rainfall and bias (section 4.1), spatial correlations (section 4.2), annual cycle (section 4.3), 

normalized root-mean-square error (section 4.4), trends (section 4.5), Taylor diagrams (section 

4.6),  inter-annual variability (section 4.7), relation with ENSO and IOD (section 4.8). A conclusion 

highlighting the results of the study is presented at the end of section 5. 

2.2 Study Area 

Rwanda is a landlocked country located in central and eastern Africa, bordered by the Democratic 

Republic of Congo (DRC) to the west, Uganda to the north, Tanzania to the east, and Burundi to 

the South. Rwanda covers an area of 26,338 km2 and lies between 1◦40 and 2◦510 south, and 

28◦530 and 30◦530 east (Figure 2.1). Because of its high altitude, the country has a pleasing 

moderate and tropical climate. Air temperature in Rwanda varies throughout the year with two 

maxima and two minima. The two maxima of air temperature occur, respectively, in February and 

August, while the two minima occur, respectively, in June and in November. The average 
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temperature for Rwanda is around 20◦C and varies with the topography. The warmest annual 

average temperatures are found in the eastern plateau (20–21◦C) and the Rusizi valley located in 

the south-west near the borders with Burundi and Democratic Republic of Congo (23–24◦C), and 

cooler temperatures are found in higher elevations of the central plateau (17.5–19◦C) and western 

highlands (<17◦C) (Safari, 2012). Annual rainfall varies across the country due to the complex 

topography (Ntwali et al., 2016). The highest annual rainfall totals are observed in the belt laying 

along the Congo-Nile divide from the southwestern high elevations of the Nyungwe National Park 

to the northwestern volcanic mountainous chain of Virunga (>1,200 mm) and then diminishes 

towards the eastern plateau (<900 mm). The rainfall climatology of Rwanda exhibits a seasonal 

bimodality in a year associated with the north–south oscillating migration of the Inter-Tropical 

Convergence Zone (ITCZ)  of  trade  winds  (Siebert et al., 2019). The period of March, April and 

May corresponds to the long rainy season when the ITCZ moves to the north and the period of 

October, November and December to the short rainy season when the ITCZ returns to the south. 

A short dry season occurs from January to February and a long dry season from June to September. 

 

Figure 2. 1: Elevation map of Rwanda showing the locations of districts 

During the last years, Rwanda has experienced frequent heavy rainfall causing devastating floods 

and landslides in the west and north, and episodic droughts in the east. Major floods occurred in 

1997, 2001, 2006, 2007, 2008, 2009, 2011, 2012, 2013, 2016 and 2019 and these had major 

impacts on agriculture, livelihood and especially the economy of the country (David et al., 2011; 

Muhire et al., 2014; Uwihirwe et al., 2020). As mentioned above, the key factors that influence the 
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rainfall variability in east African region, where Rwanda is located, include ENSO and IOD. Their 

influence is modulated by regional circulation systems, topography and large inland water bodies 

(Thiery et al., 2015). At present, there is no documented study done on the nature of rainfall 

variability in Rwanda and the underlying causes. A thoroughly analysis of the impact of ENSO 

and IOD events as well as other climatic factors (variability of global, regional and local 

atmospheric circulation, ITCZ variability, subtropical cyclones, African Jet Stream, etc.) which 

may have an impact on rainfall variability in Rwanda is indeed needed. High-resolution 

simulations are advantageous in studying the climate of Rwanda because of its size and topo- 

graphic complexity. CORDEX-CORE (AFR-22) RCMs are so far promising tools for researching 

climate in Rwanda. 

2.3 Data and Method 

2.3.1 Data 

     2.3.1.1 Observed data  

Historical data from station observations are inadequate on many parts of the world due to sparse 

or nonexistent observation networks, or limited reporting of recorded observations (Dinku et al., 

2018). Rwanda had a large number of active meteorological stations prior to the mid-1990s. 

However, the number of active stations greatly reduced from around the time of the Genocide 

Against Tutsi in Rwanda in 1994 and remained very low until about 2010 (Siebert et al., 2019). 

The Rwanda Mete- orology Agency through the Enhancing National Climate Services (ENACTS) 

initiative (Dinku et al., 2014; 2017) reconstructed rainfall data by combining station data with bias-

adjusted satellite rainfall estimates, and with reanalysis products for the temperature to address 

temporal and spatial gaps in rainfall and temperature observations in Rwanda (Siebert et al., 2019). 

Currently, rainfall and temperature data from Rwanda Meteorology Agency are displayed on a 

grid of spatial resolution of 0.375◦ (~4 km) for the period from 1981 to present for rainfall and 1983 

to present for temperature. The datasets collected from Rwanda Meteorology Agency in this study 

are daily rainfall for the period of 1981 to 2005. 

     2.3.1.2 CORDEX-CORE (AFR-22) RCMs data 

 In this study, datasets are obtained from the three regional climate models (RCMs), CCLM5-0-15 

(Sørland et al., 2021), RegCM4-7 (Giorgi et al., 2012; 2021; Coppola et al., 2021) and REMO 
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(Jacob et al., 2012; Remedio et al., 2019) from CORDEX-CORE (AFR-22) forced each by three 

different global climate models (GCMs), namely MPI-M-MPI-ESM-LR (Giorgetta et al., 2013; 

Stevens et al., 2013), NCC-NorESM1-M (Bentsen et al., 2013; Iversen et al., 2013), MOHC-

HadGEM2-ES and ERA- Interim (Dee et al., 2011), and the European Centre for Medium-Range 

Weather Forecasts Reanalysis (ECMWF- ERAINT) (Dee et al., 2011). Available CORDEX-

CORE (AFR 22) RCM historical dynamically downscaled simu- lations data are for the period 

1950–2005, 1970-2005 and 1970–2005 for, respectively, CCLM5-0-15, RegCM4-7 and 

REMO2015 (https://cordex.org/experiment-guidelines/cordex-core/). Simulations of daily rainfall 

over Rwanda used in this study are for the same common period from 1981 to 2005 as the 

observations, are displayed on a grid of spatial resolution of 0.22◦ (~25 km) for evaluation of 

models' performance. Table 2.1 presents the list of RCMs and driving GCMs/ECMWF-ERAINT 

used and information on the institutions they belong to as well their descriptions (dynamics, 

numerical discretization schemes and physical parameterization) and references. The ensemble 

mean of an RCM driven by different GCMs and the multimodel ensemble mean of different RCM 

driven by same GCM used in this study are named as follows: CCLM5-0-15_ensemble, RegCM4-

7_ensemble and REMO2015_ensemble are, respectively, the ensemble means of CCLM5-0-15, 

RegCM4-7 and REMO2015 driven by the three GCMs; Mul- timodel ensemble_MPI-M-MPI-

ESM-LR, Multimodel ensemble_NCC-NorESM1-M, Multimodel ensemble_NCC-NorESM1-

M, Multimodel ensemble_MOHC-HadGEM2.ES and Multimodel ensemble_ECMWF-

ERAINT are the multimodel ensemble means of the three RCMs driven, respectively, by MPI-M-

MPI-ESM-LR, NCC-NorESM1-M, MOHC-HadGEM2.ES and ECMWF-ERAINT. 

Table 2. 1 Information on CORDEX-CORE (AFR-22) RCMs and the driving GCMs/ECMWF-

ERAINT used in the study 

Information AFR-22 CCLM5-0-

15 

RegCM4-7 REMO2015 

Institution Karlsruhe Institute of 

Technology (KIT), 

Karlsruhe, Germany 

in collaboration with 

the CLM-

Abdus Salam 

International Centre for 

Theoretical Physics, 

Trieste, Italy (ICTP). 

Climate Service Center 

Germany (GERICS), 

Helmholtz-Zentrum 

Hereon, Hamburg, 

Germany 

https://cordex.org/experiment-guidelines/cordex-core/
https://cordex.org/experiment-guidelines/cordex-core/
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Community 

(CLMcom-KIT). 

Horizontal resolution  Horizontal grid 

spacing of 0.22°x 

0.22° (approximately 

25x25 km2) (AFR-

22). 

Horizontal grid spacing 

of 0.22°x 0.22° 

(approximately 25x25 

km2) (AFR-22) 

Horizontal grid 

spacing of 0.22°x 

0.22° (approximately 

25x25 km2) (AFR-22) 

Projection resolution Rotated pole 0.220. Rotated Mercator 0.220 Rotated pole 0.220 

Vertical 

coordinate/levels 

Terrain-following 

height coordinate 

with 51 levels. 

Hybrid sigma-pressure 

coordinate system with 

23 levels. 

Hybrid sigma-pressure 

coordinate system with 

27 levels.  

Numerical temporal 

and horizontal 

discretization 

Runge-Kutta time 

stepping 

scheme (Wicker and 

Skamarock, 2002) on 

a three dimensional 

Arakawa-C grid 

(Arakawa and Lamb, 

1977). 

Numerical 

discretization described 

by Grell et al. (1994). 

Second order finite 

differences on 

staggered C-grid 

Leap-frog with semi-

implicit correction and 

Asselin filter, semi-

Lagrangian advection 

(Robert, 1966; Asselin, 

1972). 

Time step (s) 120s  120 s 

Dynamic framework Non-hydrostatic for 

applications from the 

meso-β to meso-γ 

scales (Steppeler et 

al., 2003; Doms and 

Baldauf, 2013; Doms 

et al.,2013). 

Hydrostatic dynamical 

core based on multiple 

choices of different 

physics 

parameterizations 

(Grell et al., 1994; 

Giorgi et al., 2012). 

Hydrostatic (Roeckner 

et. al., 1996; Jacob et 

al., 2012) based on the 

dynamics of the 

German Weather 

Service weather 

prediction model 
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(Europa Model) and 

the physics of the 

ECHAM 4.5 GCM. 

Convective scheme Tiedtke 

parameterization 

for 

convection 

(Tiedtke, 

1989). 

 

 

Modified-Kuo scheme 

(Anthes, 1977) 

Grell scheme (Grell, 

1993) with two closure 

assumptions: Arakawa 

and Schubert closure 

(Grell et al. (1994), 

Fritsch and Chappell 

closure (Fritsch and 

Chappell, 1980)  

MIT-Emanuel scheme 

(Emanuel, 1991; 

Emanuel and Zivkovic-

Rothman, 1999) 

Tiedtke 

parameterization for 

convection (Tiedtke, 

1989) with 

modifications after 

Nordeng (1994) 

and Pfeifer (2006). 

 

 

Radiation scheme Ritter and Geleyn 

(1992). 

CCM radiation scheme, 

NCAR CCM3 (Kiehl et 

al.,1998)  

Radiation scheme after 

Morcrette et al. (1986) 

and Giorgetta and 

Wild (1995) 

Cloud microphysics 

scheme 

Parameterization of 

precipitation based 

on four-category 

scheme that includes 

cloud water, rain 

water, snow, and ice 

From the European 

Centre for Medium 

Weather Forecast’s 

Integrated Forecast 

System (IFS) (Tiedtke, 

1993; Tompkins et al., 

Cloud microphysics 

scheme by Lohmann 

and Roeckner (1996) 
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microphysics Doms 

et al. (2013). 

2007; Nogherotto et al., 

2016) 

Description CCLM5-0-15 RegCM4-7 REMO2015 

Planetary Boundary 

Layer (PBL) Scheme 

Turbulent kinetic 

energy-based surface 

transfer and and PBL 

parameterization 

(Raschendorfer, 

2001). 

Holtslag planetary 

boundary layer scheme 

(Holtslag et al., 1990; 

Holtslag and Boville, 

1993) 

Coupled by the 

University of 

Washington turbulence 

closure model (Grenier 

and Bretherton, 2001; 

Bretherton et al., 

2004). 

Turbulent kinetic 

energy-based surface 

transfer and PBL 

parameterization 

(Louis, 1979). 

Aerosols Aerosol climatology 

from Tegen et al. 

1997). 

Chemistry Model. Dust 

emission 

parameterizations by 

Laurent et al. (2008) 

and Alfaro and Gomes 

(2001). 

Aerosols climatology 

from Pietikäinen et al. 

(2012) based on Tanre 

et al.( (1984). 
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Land surface scheme TERRA model 

(Schrodin and Heise, 

2001; Schulz et al., 

2016) 

Parameterization of 

Convection 

(Bechtold et al., 

2008) 

-  Land-surface 

models (VEG3D 

or the 

Community Land 

Model (Will et 

al., 2017). 

Biosphere- Atmosphere 

Transfer Scheme-

BATS (Dickinson et 

al., 1993; Giorgi et al., 

2003) 

The Community Land 

Model version CLM of 

NCAR (Oleson et al., 

2004; Oleson et al., 

2008, Collins et al., 

2006).  

 

Based on the surface 

runoff scheme by 

Hagemann (2002) and 

vegetation phenology 

by (Rechid et al., 

2009). 

Recent reference (s) Sørland et al. (2021) Giorgi et al. (2012)  

Coppola et al. (2021) 

Giorgi et al. (2021)   

Jacob et al. (2012) 

Remedio et al. (2019) 

Giorgi et al. (2021) 

Driving GCM/ 

Reanalysis/Reference 

Name of RCM driven by GCM/Reanalysis output 

MPI-M-MPI-ESM-LR 

Stevens et al. (2013) 

Giorgetta et al. (2013) 

CCLM5-0-15_MPI-

M-MPI-ESM-LR 

RegCM4-7_MPI-M-

MPI-ESM-LR 

REMO2015_MPI-M-

MPI-ESM-LR 

NCC-NorESM1-M 

Iversen et al.  (2013) 

Bentsen et al. (2013) 

CCLM5-0-15_NCC-

NorESM1-M 

RegCM4-7_NCC-

NorESM1-M 

REMO2015_NCC-

NorESM1-M 

MOHC-HadGEM2-

ES 

Jones et al. (2011) 

CCLM5-0-

15_MOHC-

HadGEM2-ES 

RegCM4-7_MOHC-

HadGEM2-ES 

REMO2015_MOHC-

HadGEM2-ES 

ECMWF-ERAINT 

Dee et. al (2011) 

Hersbach et. al (2020) 

CCLM5-0-

15_ECMWF-

ERAINT 

RegCM4-7_ECMWF-

ERAINT 

REMO2015_ECMWF-

ERAINT 
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Simulation period 1981-2005 1981-2005 1981-2005 

 

 

2.3.2 Method 

2.3.2.1 Interpolation of observed datasets to CORDEX-CORE (AFR-22)  

Before using RCMs for climate change studies, it is essential to evaluate their ability of reproducing 

the observed present climate (Giorgi et al., 2009). Evaluations of RCMs' ability to reproduce 

climate change projections is gener- ally done, on one side, by interpolating simulated gridded 

climate variables to the location of weather stations and compare the results with observed station 

data (Ly et al., 2013; Luhunga et al., 2016). The technique often used is the Inverse Distance 

Weighted Average interpola- tion method (Hartkamp et al., 1999; Jones, 1999; Ly et al., 2013; 

Luhunga et al., 2016). RCMs can also be evalu- ated by comparing gridded simulated fields, 

against gridded datasets of observations. The latest method requires remapping the fields on a 

common grid (Diaconescu et al., 2015). For remapping on grids with a similar spatial resolution, 

the bilinear interpolation method (Nikulin et al., 2012; Endris et al., 2013; Kalogno- mou et al., 

2013; Gbobaniyi et al., 2014) and the distance- weighted-average interpolation method are 

commonly used in literature (Eum et al., 2011). The observed datasets from Rwanda Meteorology 

Agency are displayed on a spa- tial grid of high resolution of 0.0375◦ (~4 km) much finer than the 

0.224◦ (25 km) CORDEX-CORE (AFR-22) grid. For comparison, they are remapped on the same 

CORDEX-CORE (AFR-22) grid by a bilinear interpolation with the first-order conservative 

remapping method, using Climate Data Operators (https://code.zmaw.de/projects/ cdo/wiki/Cdo). 

This interpolation method has been used in other previous CORDEX studies (Nikulin et al., 2012; 

Kalognomou et al., 2013; Diaconescu et al., 2015). 

2.3.2.2 Comparison of observed data to CORDEX-CORE (AFR-22) data 

Several techniques have been used in literature for the evaluation of RCMs simulations (Flato et 

al., 2013; Kim et al., 2014; Dosio et al., 2015). In this study, spatial plots of CORDEX-CORE 

(AFR-22) RCMs simulated MSR climatology, observed fields and their biases over Rwanda are 

analysed to assess the overall similarity of the pat- terns and the spatial distribution of the biases. 

Bias is given by the difference between the CORDEX-CORE (AFR-22) RCM simulated and 

https://code.zmaw.de/projects/cdo/wiki/Cdo
https://code.zmaw.de/projects/cdo/wiki/Cdo


36 

 

observed climatological MSR fields. This bias assessment indicates where the model 

overestimates (positive/wet bias) or underestimates (negative/dry bias) the observations. Time 

series of spatially averaged observed and simulated MSR are computed for comparison. After 

being insured that the series are homogeneous and normal distributed, a Student's t test is carried 

out at the 5% significance level between series obtained from observations and that obtained from 

each RCM. The null hypothesis (Ho) is that there is a no significant difference (p > .05) between 

the means of simulated and observed datasets, whereas the alternative hypothesis (Ha) is that there 

is a significant difference between the two means (p < .05). Rainfall annual cycle, interannual 

variability and trend of MSR rainfall are computed for both observed and simulated data to deter- 

mine how well the RCMs capture rainfall seasonality in Rwanda. Different metrics are used to test 

the performance of each CORDEX-CORE (AFR-22) RCM's simulation. They include the mean, 

variance, standard deviation, standard error, bias, t test, normalized root mean-square error 

(NRMSE), the Pearson correlation coefficient (r), the Mann–Kendall test for trend analysis 

(Sneyers, 1990), Theil–Sen's slope estimator (Sen, 1968) and Taylor diagram (Taylor, 2001). They 

are explained in Data S1, Supporting Information. To assess the performance of the CORDEX-

CORE (AFR-22) RCMs in simulating the interannual variability of the mean seasonal rainfall 

spatial pattern, the spatial variability of Pearson's correlations between observed and simulated 

MSR anomaly time series are analysed. Time series of standardized anomalies (indices) of 

spatially averaged observed and simulated MSR over Rwanda are as well analysed for MAM and 

OND. 

2.3.2.3 Relations with ENSO and IOD 

In this study, the relations between observed and simulated rainfall and ENSO and IOD are 

investigated using SST anomalies (indices) over the Pacific Ocean (Trenberth, 1997; Trenberth 

and Stepaniak, 2001) and over the Indian Ocean (Saji et al., 1999). Averages of SST over eastern 

tropical Pacific (0–10◦S, 90◦–80◦W) and over equatorial Pacific (5◦N–5◦S, 170◦–120◦W) 

corresponding, respectively, to Niño1+2 and Niño3.4 regions are obtained from the Earth System 

Research Laboratory of the National Atmospheric and Oceanic Administration (Huang et al., 

2017). El Niño and La Niña phases (warm and cold episodes, respectively) are quantified using 

Oceanic Niño Indices (ONI) published online by the Climate Prediction Centre (CPC) of the 

National Oceanic and Atmospheric Administration (NOAA). A 3-month rolling correlation 

between ENSO and IOD sea surface temperature indices and rainfall indices from observations 
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and models is applied to the corresponding time series to assess the performance of individual 

models in reproducing the seasonal relationship between observed rainfall and ENSO and IOD. 

2.4 Results and discussion  

2.4.1 Spatial distribution of climatological mean seasonal rainfall and bias 

Patterns of observed and simulated climatological mean seasonal rainfall (MSR) are presented in 

Data S2 and S3 for, respectively, MAM and OND. In general, all RCMs repro- duce reasonably 

well the spatial distribution of observed MSR where higher rainfall is found in the mountainous 

area of the Congo-Nile divide in the country's western region with decreasing rainfall in the eastern 

region. Patterns of biases between simulated MSR field and observed MSR field are presented in 

Data S4 and S5 for, respectively, MAM and OND. Overall, each RCM driven by either GCM or 

ECMWF-ERAINT indicate similar spatial bias patterns, but with individual model-specific 

features. However, the heterogeneity of spatial bias patterns creates challenges for interpretation. 

Therefore, time series of spatially averaged observed and simulated MSR are computed for 

comparison. Results from the homogeneity test and Jarque-Bera goodness-of-fit test of normality 

presented in Data S4a and S4b indicate that the obtained series are homogeneous and normally 

distributed. Figure 2. 2 presents the Box plots of observed and simulated MSR averaged over 

Rwanda for MAM and OND during the studied period. Table 2. 2 shows the results obtained from 

a paired Student's t test per- formed at the 5% significance level between the computed time series 

of spatially averaged observed and simulated MSR for the studied period. During MAM, all 

models indicate, in general, a dry bias in all parts of the country. All RCMs driven by MPI-M-

MPI-ESM-LR indicate a low dry bias [0, −2 mm·day−1] countrywide compared to other RCMs. 

All RCMs driven by both GCMs and ECMWF- ERAINT present statistically significant (p < .05) 

spatially averaged dry bias except only RegCM4-7_MPI-M-MPI-ESM-LR (0.361 ± 0.289 mm) 

which shows not significant (p > 0.05) wet bias (the first value in the bracket is the spatially average 

bias and the second value is the standard error for the period of study). RegCM4-7_NCC-

NorESM1-M (−1.454 ± 0.194 mm·day−1) presents a more pronounced wet bias in the central 

region extending from north to the south and relatively low wet and dry bias in the remaining part 

of the country; RegCM4-7_MOHC-HadGEM2-ES (−2.155± 0.298 mm·day−1) and RegCM4-

7_ECMWF-ERAINT (−1.636 ± 0.230 mm·day−1) show a more pronounced dry bias in the central 
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region extending from north to the south. CCLM5-0-15_NCC- NorESM1-M (−2.437 ± 0.261 

mm·day−1), CCLM5-0-15_MOHC-HadGEM2-ES (−2.508 ± 0.222 mm· day−1), CCLM5-0-

15_ECMWF-ERAINT (−1.760 ± 0.211 mm·day−1) and CCLM5-0-15_ensemble (−1.975 ± 0.196 

mm·day−1) indicate a more pronounced dry bias in the Congo-Nile divide region extending from 

the southwestern part to the northwestern part of the country. REMO2015_NCC-NorESM1-M 

(−3.009±0.173 mm·day−1), REMO2015_MOHC-HadGEM2-ES (−2.643±0.181 mm·day−1), 

REMO2015_ECMWF-ERAINT (−3.112±0.164 mm·day−1) and REMO2015_ensemble (−2.553 

± 0.172 mm·day−1) present a more pronounced dry bias in the Congo-Nile divide region extending 

to the central plateau and reduced along the coastal part of Lake Kivu. The multimodel ensemble 

means MME_NCC-NorESM1-M (−2.300±0.194 mm·day−1) and MME_ECMWF-ERAINT 

(−2.170 ± 0.175 mm·day−1) present a low-to-moderate dry bias with the larger bias values in the 

central plateau and the north western regions. MME_MOHC-HadGEM2-ES (−2.435 ± 0.222 

mm·day−1) presents high dry bias over the whole country. It should be noted that REMO2015 

exhibits highest dry biases com- pared to other RCMs when all are driven by same GCM or 

ECMWF-ERAINT while MME_MPI-M-MPI-ESM-LR (−0.875 ± 0.191 mm·day−1) show 

lowest dry bias country-wide. During OND, either RegCM4-7 or CCLM5-0-15 driven by any of 

the three GCMs and their ensemble means indicate a similar wet bias pattern countrywide with 

reinforced wet conditions in the highest altitude areas of the Congo-Nile divide region extending 

from the south- western part to the northwestern part of the country and very little wet to dry 

conditions in the remaining parts. REMO2015 driven by any of the three GCMs and its ensemble 

indicates, on the contrary, a dry bias pattern countrywide. RegCM4-7 and CCLM5-0-15 driven by 

ECMWF-ERAINT show a bias pattern with low wet and dry bias here. REMO2015 driven by 

ECMWF-ERAINT presents a dry bias pattern countrywide. The multimodel ensemble means 

seem to have a relatively homogeneous spatial distribution of bias (wet or dry) than individual 

models and their ensembles. RegCM4-7_MPI-M-MPI-ESM-LR (2.676±0.332 mm·day−1), 

RegCM4-7_NCC-NorESM1-M (2.552±0.381 mm·day−1), RegCM4-7_MOHC-HadGEM2-ES 

(1.024±0.215 mm·day−1), RegCM4-7_ensemble (2.084±0.195 mm·day−1), CCLM5-0-15_MPI-

M-MPI-ESM-LR (2.401±0.403 mm·day−1), CCLM5-0-15_NCC-NorESM1-M (2.133±0.321 

mm·day−1), CCLM5-0-15_MOHC-HadGEM2-ES (1.150±0.178 mm·day−1), CCLM5-0-

15_ensemble (1.810 ±0.173 mm·day−1) present a statistically significant spatially averaged wet 

bias; CCLM5-0-15_ECMWF-ERAINT (0.172±0.224 mm·day−1) and RegCM4-7_ECMWF-
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ERAINT (−0.318±0.248 mm·day−1) have a spatially averaged low dry bias not statistically 

significant; REMO2015_MPI-M-MPI-ESM-LR (−1.477±0.177 mm·day−1), REMO2015_NCC-

NorESM1-M (−1.524±0.157 mm·day−1), REMO2015_MOHC-HadGEM2-ES (−1.150±0.179 

mm·day−1), REMO2015_ensemble (−1.383±0.140 mm·day−1) and REMO2015_ECMWF-

ERAINT (−2.256±0.155 mm·day−1) present a statistically significant spatially averaged dry bias. 

MME_MPI-M-MPI- ESM-LR (1.200±0.199 mm·day−1) and MME_NCC-NorESM1-M 

(1.054±0.242 mm·day−1) and MME_MOHC-HadGEM2.ES (0.256±0.175 mm·day−1) present 

statistically significant spatially averaged low wet bias, while MME_ECMWF-ERAINT (−0.801± 

0.176 mm·day−1) present statistically significant spatially averaged low dry bias. It is worth noting 

that CCLM5-0-15_MPI-M-MPI-ESM-LR, CCLM5-0-15_MOHC-HadGEM2-ES. RegCM4-

7_MPI- M-MPI-ESM-LR, RegCM4-7_NCC-NorESM1-M, RegCM4-7_RECMWF-ERAINT 

indicate high values of the variance (>2 mm2·day−1) (Alfaro and Gomes, 2001) of the spatially 

averaged MSR, while REMO2015_MPI-M-MPI-ESM-LR, REMO2015_NCC-NorESM1-M, 

REMO2015_MOHC-HadGEM2-ES, REMO2015_ECMWF-ERAINT, and 

REMO2015_ensemble indicate low values of the variance (<0.5 mm2·day−1) (Alfaro and Gomes, 

2001) of the spatially averaged MSR. 

The homogeneity observed of the spatial distribution of low bias for the multimodel ensemble 

means during OND is likely due to the cancellation of opposite signed biases across the models. 

Similar results were reported by Nikulin et al. (2012) and Endris et al. (2013). This makes the 

multimodel ensemble means outperform the individual models in reproducing the spatial pattern 

of rainfall during OND. The poor performance of models in representing the rainfall patterns over 

Rwanda may be due, on one side, to the complex topography which does not make easy the 

reproduction of related effects by models constrained by their resolution which is still too coerce 

for a country of small size like Rwanda; on the other side, and importantly, to physical 

parameterization, timescale and numerical schemes used in the models. The western part of the 

country, where most of CORDEX-CORE (AFR-22) RCMs have a large magnitude of bias, is 

dominated by the Congo-Nile divide laying from the south to the north where land surface 

processes are important because of the presence of large primary forests. In addition, due to the 

proximity of this area to Lake Kivu, moisture influx and convective phenomena combined with 

uplifting motion of air due to lake-land breeze, play important role in the production of rainfall in 

that area during the two rainfall seasons. Studies on East Africa rainfall have linked spatial 
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distribution of bias in simulated rainfall to the combined effect of physical parameterization and 

resolution making difficult to suit- ably reproduce all the effects related to complex topography 

and the African Great Lakes. In their study on simulating climate variability over Lake Victoria 

Basin in East Africa. Anyah et al. (2006) showed that the up- slope/down-slope flow generated by 

the mountains east of the Lake Victoria in East Africa and the land-lake breeze circulations play 

important roles in influencing the intensity of Victoria basin precipitation. Ogwang et al. (2014), 

studying the influence of topography on East African climate using RegCM4 RCM, has shown 

that the mean rainfall significantly reduces over the region when topography elevation is reduced. 

The model showed that when topography over selected high mountains of Kenya, Tanzania and 

Uganda is reduced to 25%, the mean rainfall is reduced by about 19%. Analysing rainfall with 10 

CORDEX RCMs in South Africa, Favre et al. (2016) found that in most models the spatial 

distribution of biases in annual mean rainfall appears to be linked to orography, where wet biases 

are quasi-systematic in regions with higher elevation with inversely neutral to dry biases 

particularly in the coastal fringes. In their study on rainfall over Uganda using the 10 CORDEX 

RCMs, Kisembe et al. (2018) indicated that most models show wet bias over the highest areas of 

the region such as the Rwenzori Mountains and the Lendu Plateau located along the Albertine Rift 

in the west and over the Elgon Mountain in the east. Ntwali et al. (2016) analysing the impact of 

topography on rainfall over Rwanda using Weather Research and Forecasting (WRF) model 

identified factors that influence rainfall in the northwestern Congo Nile divide and Virunga 

mountains region of Rwanda. There are some studies in literature that have shown that increased 

resolution compared to 25 km (Giorgi et al., 2016; Ban et al., 2021) combined with improved 

convection parameterization schemes (Prein et al., 2015; Coppola et al., 2020) may provide 

significant added value especially in high elevated areas. Further studies are therefore needed to 

better understand the mechanisms governing precipitation in Rwanda in order to reduce the 

observed gap in the reproduction of the effects relating to its complex topography. 
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Figure 2. 2 Box plots representing the observed mean daily seasonal rainfall and simulated by 

different CORDEX CORE (AFR- 22) RCMs driven by different GCMs and ECMWF-ERANT, 

their ensembles and multi-ensembles for MAM (top) and OND (bottom) averaged over Rwanda 

for the period 1981–2005 

Table 2. 2 Comparison between time series of observed and simulated MSR averaged over Rwanda 

for the period 1981–2005, during MAM and OND  

MAM X σ2 p-value B SDE 

Observation 5.080 0.536  

CCLM5-0-15_MPI-M-MPI-ESM-LR 4.100 1.085 0.000492 −0.980 0.261 

CCLM5-0-15_NCC-NorESM1-M 2.643 1.179 9.06E-10 −2.437 0.261 

CCLM5-0-15_MOHC-HadGEM2-ES 2.572 0.430 2.16E-11 −2.508 0.222 

CCLM5-0-15_ECMWF-ERAINT 3.320 1.293 7.57E-09 −1.760 0.211 

CCLM5-0-15_ensemble 3.105 0.291 2.21E-10 −1.975 0.196 

RegCM4-7_MPI-M-MPI-ESM-LR 5.441 0.023 0.111732 0.361 0.289 

RegCM4-7_NCC-NorESM1-M 3.626 0.961 5.08E-08 −1.454 0.194 



42 

 

RegCM4-7_MOHC-HadGEM2-ES 2.925 0.090 9.15E-08 −2.155 0.298 

RegCM4-7_ECMWF-ERAINT 3.444 0.999 1.20E-07 −1.636 0.23 

RegCM4-7_ensemble 3.997 0.127 1.65E-06 −1.083 0.18 

REMO2015_MPI-M-MPI-ESM-LR 3.073 0.114 1.54E-09 −2.007 0.221 

REMO2015_NCC-NorESM1-M 2.071 0.009 2.17E-15 −3.009 0.173 

REMO2015-_MOHC-HadGEM2-ES 2.437 0.086 1.03E-13 −2.643 0.181 

REMO2015_ECMWF-ERAINT 1.968 0.210 2.86E-16 −3.112 0.164 

REMO2015_ensemble 2.527 0.053 1.31E-23 −2.553 0.172 

Multiensemble_MPI-M-MPI-ESM-LR 4.205 0.136 6.10E-12 −0.875 0.191 

Multiensemble_NCC-NorESM1-M 2.780 0.387 1.84E-16 −2.300 0.194 

Multiensemble_MOHC-

HadGEM2.ES 

2.645 0.074 3.12E-17 −2.435 0.222 

Multiensemble_ECMWF-ERAINT 2.910 0.566 5.34E-15 −2.170 0.175 

OND X σ2 p-value B SDE 

Observation 4.248 0.523  

CCLM5-0-15_MPI-M-MPI-ESM-LR 6.649 4.966 1.91E-06 6.649 4.966 

CCLM5-0-15_NCC-NorESM1-M 6.381 0.885 3.62E-07 6.381 0.885 

CCLM5-0-15_MOHC-HadGEM2-ES 3.098 2.232 5.85E-07 3.098 2.232 

CCLM5-0-15_ECMWF-ERAINT 4.420 1.757 0.22446

72 

4.420 1.757 

CCLM5-0-15_ensemble 5.376 1.164 4.68E-07 5.376 1.164 

RegCM4-7_MPI-M-MPI-ESM-LR 6.924 3.178 1.41E-08 6.924 3.178 

RegCM4-7_NCC-NorESM1-M 6.800 3.572 3.18E-07 6.800 3.572 

RegCM4-7_MOHC-HadGEM2-ES 5.272 0.899 3.91E-05 5.272 0.899 

RegCM4-7_ECMWF-ERAINT 3.930 2.094 0.10582

97 

3.930 2.094 

RegCM4-7_ensemble 6.332 1.087 6.39E-11 6.332 1.087 

REMO2015_MPI-M-MPI-ESM-LR 2.771 0.415 7.37E-09 2.771 0.415 
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REMO2015_NCC-NorESM1-M 2.724 0.220 4.54E-10 2.724 0.220 

REMO2015-_MOHC-HadGEM2-ES 3.098 0.321 5.85E-07 3.098 0.321 

REMO2015_ECMWF-ERAINT 1.992 0.320 1.07E-13 1.992 0.320 

REMO2015_ensemble 2.865 0.132 8.31E-10 2.865 0.132 

Multiensemble_MPI-M-MPI-ESM-LR 5.448 1.444 3.99E-05 5.448 1.444 

Multiensemble_NCC-NorESM1-M 5.302 0.505 2.59E-05 5.302 0.505 

Multiensemble_MOHC-

HadGEM2.ES 

3.823 0.768 0.209365 3.823 0.768 

Multiensemble_ECMWF-ERAINT 3.447 1.033 0.003769 3.447 1.033 

Note: Bold values are statistically significant at the 0.05 significance level. X is the mean rainfall 

(mm·day−1), σ2 is the variance (mm2·day−1) (Alfaro and Gomes, 2001), B is the mean bias 

(mm·day−1) and SDE is the standard error of the mean bias (mm·day−1). 

2.4.2 Spatial correlation of MSR 

Spatial correlation between CORDEX-CORE (AFR-22) RCM's simulations and observed 

datasets are computed to assess the performance of the models in representing the spatial 

distribution of MSR. Figure 2. 3 represents the magnitude and variability over time of spatial 

correlations between observed and simulated MSR over Rwanda during MAM and OND. During 

MAM, almost all RCMs and their ensembles have relatively poor spatial correlations with 

observations in terms of magnitude, ranging on average between 0.10 and 0.45, and poor 

consistency. During OND, all RCMs have a level of consistency in reproducing spatial patterns of 

rainfall which is much better than during MAM. On the average, spatial correlations are between 

0.30 and 0.65 with a certain variability. The multimodel ensemble means have better 

representations than individual models and their ensembles. It is worth noting that in their study on 

rainfall in East Africa using the 10 CORDEX RCMS with 50 × 50 km (0.44◦) resolution driven 

by ERA-Interim and observed Global Precipitation Climatology Centre (GPCC) rainfall data as 

reference, Endris et al. (2013) found that over the southern East Africa (in which Rwanda belongs 

to), all RCMs and ERA- Interim had nearly same level of consistency in reproducing spatial 

patterns of rainfall during OND with spatial correlations of closely same range as those found in 

this study. RegCM4-7 MPI-M MPI-ESM-LR, RegCM4-7 NCC NorESM1-M, RegCM4-7 MOHC 
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HadGEM2-ES, RegCM4-7 ensemble, RegCM4-7 ECMWF ERAINT, REMO2015 MPI-M MPI-

ESM-LR, REMO2015 MOHC HadGEM2-ES, REMO2015 ensemble, and REMO2015 ECMWF 

ERAINT present low spatial correlations values (r < 0.40) during the 1982–1983 and 1997 co-

occurrence of the strong El Niño and positive IOD indicating a poor representation of these 

phenomena. Similarly, CCLM5-0-15 MPI-M MPI-ESM-LR, CCLM5-0-15 MOHC HadGEM2-

ES, CCLM5-0-15 ensemble, CCLM5-0-15 ECMWRF ERAINT, REMO2015 MPI-M MPI-ESM-

LR, REMO2015 MOHC HadGEMe-ES, REMO2015 ensemble, and REMO2015 ECMWF 

ERAINT present low spatial correlations values (r < 0.40) during the 1988–1989 La Niña. The 

other models present relatively good spatial correlations values (r > 0.50) during that period 

indicating a good representation of that phenomena. Relatively good spatial correlations values (r 

> 0.50) are shown by all RCMs during the 1994 IOD phase. The multimodel ensemble means 

have better representations than individual models and their ensembles. 

 

Figure 2. 3 Spatial correlations between mean daily seasonal rainfall simulated by different 

CORDEX-CORE (AFR-22) RCMs driven by different GCMs and ECMWF-ERANT, their 

ensembles and multi-ensembles, and observations over Rwanda during MAM (top) and OND 

(bottom)  for the period 1981–2005. 
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Figure 2. 4 shows the Pearson's correlations between spatially averaged observed and simulated 

climatological MSR over Rwanda. During MAM, correlations are between 0.10 and 0.70, the 

multimodel ensemble means have the highest values and REMO015 exhibits the lowest 

correlation values regardless of the driving GCM or reanalysis compared to other RCMs. In 

particular, REMO015 driven by NCC-NorESM1-M and MOHC-HadGEM2-ES presents the 

lowest spatial correlation values. During OND, all RCMs have close spatial correlations that are 

higher than during MAM, ranging between 0.50 and 0.75. High correlation values (>0.50) indicate 

a better representation by models of spatially averaged MSR over Rwanda while low correlation 

values (<0.50) indicate a poor representation. The differences observed between RCMs in 

reproducing spatial and temporal rainfall pat- tern is likely to be due to model formulation and 

show how difficult is the representation of large scale phenomena combined with regional and 

local processes such as the ITCZ, orographic forcing and land-lake breezes influencing 

precipitation in Rwanda. 

 

Figure 2. 4 Correlations between spatially averaged over Rwanda of climatological mean daily 

seasonal rainfall simulated by different CORDEX CORE (AFR-22) RCMs driven by different 

GCMs and ECMWF-ERANT, their ensembles and multi-ensembles, and observations over 

Rwanda for MAM (left) and OND (right).  

2.4.3 Annual cycle 
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The annual cycles of observed and simulated rainfall averaged over Rwanda are presented in Data 

S6. All RCMs, their ensemble and multimodel ensemble means reproduce adequately well the 

bimodal distributions of the annual cycle. Most models underestimate rainfall during the long rain 

(March–May), corresponding to the rainfall season of intensive agricultural activities in Rwanda. 

In contrary, during the short rain (October–November), almost all models exhibit a more 

pronounced wet bias with the exception of REMO2015 driven by any of the GCMs and their 

ensemble mean, the multimodel mean of MOHC-HadGEM2-ES and all RCMs driven by 

ECMWF-ERAINT. Also, it is observed that, in addition to the general wet bias, all RCMs driven 

by GCMs tends to simulate relatively more rainfall during the short rain season than during the 

long rain season and this is in opposition with observation. These findings have been indicated 

previously by Kalognomou et al. (2013) and Kisembe et al. (2018) in their studies on simulating 

rain- fall over southern Africa and Uganda, respectively, using CORDEX RCMs. An early shift to 

February–March of the observed April peak of the long rain season is observed for almost all 

RCMs except only for CCLM5-0-15_MPI- M-MPI-ESM-LR, CCLM5-0-15_ECMWF-

ERAINT, RegCM4-7_MPI-M-MPI-ESM-LR and the multimodel ensemble mean of MPI-M-

MPI-ESM-LR. It should be noted that CCLM5-0-15, RegCM4-7 and their ensemble models 

present a large variation during the two rainy sea- sons. The multimodel ensemble mean of MPI-

M-MPI- ESM-LR outperforms all individual models. 

2.4.4 Normalized root-mean-square error 

The spatial patterns of NRMSE between observed and simulate MSR are shown in Data S7 and 

S8, respectively, for MAM and OND over Rwanda during the studied period. In general, the order 

of magnitude of the NRMSE for all models is not high, ranging between 0% (0%) and 43% (55%) 

with a spatial average of 10% (7%) for MAM (OND). However, for MAM, it is spread here and 

there on the map and it is therefore difficult to interpret its spatial distribution. During OND, the 

NRMSE is much lower than during MAM and its spatial pattern for each RCM driven by different 

GCMs and ECMWF-ERAINT seems to be uniformly distributed over the whole country. 

RegCM4-7 exhibits higher values of NRMSE and this is especially pronounced when driven by 

MPI-M-MPI-ESM- LR, in the western region near Lake Kivu. CCLM5-0-15 presents a slightly 

higher error in the eastern region than in the western region except when driven by MPI-M-MPI- 

ESM-LR where it presents a slightly higher error in the region covering the northwest and the 
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central plateau. REMO2015_MPI-M-MPI-ESM-LR indicates a high error pattern in the central 

and western parts of the country but much more pronounced in the southwestern part. 

2.4.5 Trends 

CORDEX-CORE (AFR-22) RCMs and their ensemble and multimodel ensemble means are 

analysed with regard to simulating trends of the MSR. Mann-Kendall test for trend analysis and 

Theil-Sen's slope estimator has been applied to simulated and observed spatial averaged MSR 

time series over the period 1981-2018. The test has been performed at the significance level α 

(=0.001, 0.05. 0.01, 0.1). Where the p-value is less than the significance level, the null hypothesis 

such that no trend exists is rejected and the alternative hypothesis that trend is statistically 

significant is considered. In the opposite case where the p-value is greater than the significance 

level, the null hypothesis is accepted, meaning that there is no statistically significant trend. Results 

are presented in Table 2. 3. During MAM, the observed MSR shows a statistically significant 

positive trend of 0.045 mm·day−1·year1 at 0.05 significance level, while all RCMs do not show 

any significant trend except for REMO2015_MPI-M-MPI-ESM-LR and REMO2015_ensemble 

which indicate negative trends of, respectively, -0.050 and -0.017 mm·day−1·year1 at 0.05 

significance level and at 0.1 significance level. For OND, the observed MSR shows a positive 

trend of 0.058 mm·day−1·year1 at 0.05 significance level, but all RCMs do not show any 

significant trend. The discrepancy in trends between observed and simulated rainfall has been 

revealed by several authors and was associated to the difference between RCMs/GCMs 

formulations specifically to different parameterization of, among others, the hydrological cycle, 

and the different response to the soil moisture-precipitation feedbacks (Dosio et al., 2015; Dosio 

and Panitz, 2016; Endris et al., 2016; Wu et al., 2020). Table 2. 1 shows the differences in terms 

of physical parameterization of each model. More work is needed to deeply understand the 

mechanisms governing rainfall over east Africa (particularly in Rwanda), and how their physical 

formulations in models can be improved. 

Table 2. 3 Mann-Kendall trend and Theil–Sen's slope estimates in simulated and observed mean 

seasonal rainfall 

Rainfall trend (mm·day−1·year1) MAM OND 

Time series Trend p-value Trend p-value 

Observed 0.045 (*) 0.0265 0.058 (*) 0.0183 
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RegCM4-7_MPI-M-MPI-ESM-LR −0.019 (.) 0.761 0.016 (.) 0.797 

RegCM4-7_NCC-NorESM1-M 0.016 (.) 0.528 0.016 (.) 0.691 

RegCM4-7_MOHC-HadGEM2-ES −0.044 (.) 0.216 −0.041 (.) 0.216 

RegCM4-7_ECMWF-ERAINT −0.009 (.) 0.624 0.001 (.) 0.981 

RegCM4-7_ensemble −0.018 (.) 0.315 0.037 (.) 0.726 

CCLM5-0-15_MPI-M-MPI-ESM-LR −0.012 (.) 0.469 0.045 (.) 0.591 

CCLM5-0-15_NCC-NorESM1-M 0.029 (.) 0.216 0.017 (.) 0.691 

CCLM5-0-15_MOHC-HadGEM2-ES −0.008 (.) 0.726 −0.067 (.) 0.154 

CCLM5-0-15_ECMWF-ERAINT −0.004 (.) 0.981 −0.007 (.) 0.726 

CCLM5-0-15_ensemble 0.005 (.) 0.761 0.004 (.) 0.362 

REMO2015_MPI-M-MPI-ESM-LR −0.050 (*) 0.023 0.010 (.) 0.183 

REMO2015_NCC-NorESM1-M −0.019 (.) 0.252 −0.014 (.) 0.338 

REMO2015-_MOHC-HadGEM2-ES −0.004 (.) 0.761 −0.023 (.) 0.154 

REMO2015_ECMWF-ERAINT −0.020 (.) 0.234 −0.021 (.) 0.154 

REMO2015_ensemble −0.017 (+) 0.053 −0.008 (.) 0.657 

Multiensemble_MPI.M.MPI.ESM.LR −0.173 (.) 0.234 0.127 (.) 0.387 

Multiensemble_NCC.NorESM1.M 0.007 (.) 0.981 0.020 (.) 0.907 

Multiensemble_MOHC.HadGEM2.ES −0.140 (.) 0.338 −0.260 (.) 0.123 

Multiensemble_ECMWF.ERAINT −0.093 (.) 0.528 −0.067 (.) 0.657 

Note: (***) Trend at α = 0.001 significant level; (**) trend at α = 0.01 significant level; (*) trend at 

α = 0.05 significant level; (+) trend significant at α = 0.1 significant level; (.) no significant trend. 

 

2.4.6 Taylor diagrams 

Model simulations of MSR are displayed on Taylor diagrams in order to assess their performance 

in reproducing both the pattern and the amplitude of the inter-annual deviation from the 

observation. Figures 2. 5 and 2. 6 present, respectively, for the MSR, the Pearson's spatial  

correlation,  the  standard  deviation  and  the amplitude of the centred RMS difference between 

reference point and simulated fields for each CORDEX-CORE (AFR-22) RCM driven by 

different GCMs and ECMWF- ERAINT and the corresponding ensemble, and for different 
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CORDEX-CORE (AFR-22) RCMs driven by same GCM or ECMWF-ERAINT and the 

corresponding multi- model ensemble mean for MAM and OND. During MAM, CCLM5-0-15 

MPI-M MPI-ESM-LR, CCLM5-0-15 NCC NorESM1-M, CCLM5-0-15 ensemble, CCLM5-0-15 

ECMWF ERAINT, RegCM4-7 MPI-M MPI-ESM-LR, RegCM4-7 NCC NorESM1-M, 

RegCM4-7 MOHC HadGEM2-ES, RegCM4-7 ensemble, and RegCM4-7 ECMWF ERAINT 

have Pearson's spatial correlations with observations ranging between 0.5 and 0.6. However, 

RegCM4-7_MPI-M-MPI-ESM-LR, RegCM4-7_NCC-NorESM1-M, RegCM4-7_MOHC-

HadGEM2-ES, RegCM4-7_ensemble and RegCM4-7_ECMWF-ERAINT show high standard 

deviations between 1 and 2 mm·day−1, and high amplitude of the centred RMS difference between 

reference point and simulated fields ranging between almost 1 and 2 mm·day−1. CCLM5-0-15 

MPI-M MPI-ESM-LR, CCLM5-0-15 NCC NorESM1-M, CCLM5-0-15 MOHC HadGEM2-

ES, and CCLM5-0-15 ECMWF ERAINT have low standard deviation between 0 and 1 

mm·day−1 and low amplitude of the centred RMS difference between reference point and 

simulated fields. CCLM5-0-15 MOHC HadGEM2-ES, REMO2015 MPI-M MPI-ESM-LR, 

REMO2015 NCC NorESM1-M, REMO2015 MOHC HadGEM2-ES, REMO2015 ensemble, 

and REMO2015 ECMWF ERAINT have Pearson's spatial correlations with observations less 

than 0.45.  The multimodel ensemble means of MPI-M-MPI- ESM-LR and ECMWF-ERAINT 

have highest Pearson's spatial correlations with observations ranging between 0.60 and 0.65 with 

standard deviation ranging between 0.5 and 1 mm·day−1 and lowest amplitude of the centred RMS 

difference between reference point and simulated fields, while the multimodel ensemble means 

of NCC-NorESM1-M and MOHC-HadGEM2-ES have Pearson's spatial correlations with 

observations ranging between 0.45 and 0.55. with, respectively, standard deviation close to 2 

mm·day−1 and between 0.5 and 1 mm·day−1. 
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Figure 2. 5 Taylor diagram displaying normalized statistical comparison of mean daily seasonal 

rainfall simulated by each CORDEX CORE (AFR-22) RCM driven by different GCMs and 

ECMWF-ERANT, and the corresponding ensemble, with observations over Rwanda during MAM 

(top) and OND (bottom) for the period 1981-2005. 
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Figure 2. 6 Taylor diagram displaying normalized statistical comparison of mean daily seasonal 

rainfall simulated by different CORDEX CORE (AFR-22) RCMs driven by same GCM or 

ECMWF-ERANT, and the corresponding multi-ensemble mean, with observations over Rwanda 

during MAM (top) and OND (bottom) for the period 1981-2005 

The multimodel ensemble means of MPI-M-MPI-ESM-LR and ECMWF-ERAINT have highest 

Pearson's spatial correlation, lowest standard deviation and lowest amplitude of the centred RMS 

difference between reference point and simulated field. They per- form better than individual 

models in reproducing both the pattern and the amplitude of the interannual deviation from the 

observation. During OND, all models show good Pearson's spatial correlations between 0.50 and 

0.75. Similar to what is observed in MAM, RegCM4-7_MPI-M-MPI-ESM-LR, RegCM4-

7_NCC-Nor- ESM1-M, RegCM4-7_MOHC-HadGEM2-ES, RegCM4-7_ensemble and 

RegCM4-7_ECMWF-ERAINT indicate higher standard deviations ranging between 2 and 3 

mm·day−1 and higher amplitudes of the centred RMS difference between reference point and 

simulated fields. CCLM5-0-15_MPI-M-MPI-ESM-LR, CCLM5-0-15_NCC- NorESM1-M, 

CCLM5-0-15_MOHC-HadGEM2-ES and CCLM5-0-15_ECMWF-ERAINT, the multimodel 

ensemble means of MPI-M-MPI-ESM-LR, NCC- NorESM1-M, MOHC-HadGEM2-ES and 

ECMWF-ERAINT have Pearson's spatial correlations ranging between 0.60 and 0.75 with low 

standard deviation between 1 and 2 mm·day−1 and lowest amplitude of the centred RMS 
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difference between reference point and simulated fields. All these models perform with a few 

differences better compared to other models in reproducing both the pattern and the amplitude of 

the interannual deviation from the observation. 

A comparison of RCMs driven by each GCM shows that during MAM, when all RCMs are 

driven by MPI-M- MPI-ESM-LR, the corresponding multimodel ensemble mean presents a 

relatively higher pattern of Pearson's spatial correlations and lower standard deviation than 

individual models. It is followed in order by CCLM5-0-15, REMO2015 and RegCM4-7. The 

same situation prevails when all RCMs are driven by either MOHC-HadGEM2-ES or ECMWF-

ERAINT. This is not the case with NCC-NorESM1-M where a model may have higher pattern 

of correlation than another and the reverse for standard deviation. During OND, when all RCMs 

are driven by either MPI-M-MPI-ESM-LR or MOHC-HadGEM2-ES or ECMWF-ERAINT, the 

corresponding multimodel ensemble mean presents higher pattern of Pearson's spatial correlations 

and lower standard deviation than individual models. It is followed in order by CCLM5-0-15, 

REMO2015 and RegCM4-7. When all RCMs are driven by NCC-NorESM1-M, CCLM5-0-15 

passes in first position and the multimodel ensemble mean of NCC-NorESM1-M in second 

position. 
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Figure 2. 7 Time series of CORDEX CORE (AFR-22) RCMs driven by different GCMs and 

ECMWF-ERANT, their ensembles and multi-ensembles, and observed standardized rainfall 

anomalies over Rwanda for MAM (top) and OND (bottom) during the period 1981–2005. 

When comparing the driving GCMs and ECMWF- ERAINT for each RCM, it is found that during 

MAM, CCLM5-0-15 driven by MPI-M-MPI-ESM-LR presents a relatively higher pattern of 

Pearson's spatial correlations and lower standard deviation than the when driven by the rest of 

GCMs or ECMWF-ERAINT. CCLM5-0-15 driven by ECMWF-ERAINT comes in the second 

position. The same situation prevails for REMO2015. As for RegCM4-7, when driven by MPI-

M-MPI-ESM-LR, it has a relatively higher pattern of Pearson's spatial correlations with however 

higher standard deviation than when driven by other GCMs or ECMWF-ERAINT. When driven 

by MOHC-HadGEM2-ES, it comes in the second position in terms of Pearson's spatial 

correlations with lowest standard deviation. During OND, CCLM5-0-15 driven by NCC-

NorESM1-M has a relatively higher pat- tern of Pearson's spatial correlations with however high 

standard deviation. CCLM5-0-15 driven by ECMWF- ERAINT follows in terms of Pearson's 

spatial correlations with lowest standard deviation. Regarding RegCM4-7, it has highest pattern of 

Pearson's spatial correlations when driven by MOHC-HadGEM2-ES. RegCM4-7 driven by 

ECMWF-ERAINT follows in terms of Pearson's spatial correlations with lowest standard 

deviation. REMO2015 driven by MPI-M-MPI-ESM-LR has a relatively higher pattern of 
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Pearson's spatial correlations and lower standard deviation than the rest of the driving GCMs or 

ECMWF-ERAINT. 

2.4.7 Interannual variability of the MSR 

The spatial variability of Pearson's correlations between observed and simulated seasonal rainfall 

anomaly time series over Rwanda during the period 1981–2005 are presented in Data S9 and S10 

for MAM and OND, respectively. During MAM, all models show low or even negative values of 

correlations with a heterogeneous spatial distribution. This indicates a poor representation of the 

spatial distribution of the interannual variability of the MSR by the CORDEX-CORE (AFR-22) 

RCMs during that season. During OND, all RCMs show an improved pattern of positive 

correlations but still heterogeneous. CCLM5-0-15_MPI-M-MPI-ESM-LR, RegCM4-

7_ECMWF-ERAINT and Multiensemble_ECMWF-ERAINT exhibit spatial distribution of 

correlations ranging in the intervals [0.30, 0.75]. They indicate a better representation of the spatial 

distribution of the interannual variability of the MSR during the short rain compared to other 

models. Time series of CORDEX- CORE (AFR-22) RCMs, their ensembles and multimodel 

ensemble means and observed standardized anomalies of the spatially averaged MSR over 

Rwanda is presented in Figure 2. 8 and Table 2. 4 present the correlation coefficients between 

standardized seasonal rainfall anomalies derived from observational datasets and models. Almost 

all models are consistent in representing the temporal pat- tern of observed standardized seasonal 

rainfall anomalies from observations for MAM and OND seasons with slight differences in 

magnitude. Significant week correlations are observed for CCLM5-0-15_NCC-NorESM1-M 

(0.39 for MAM, 0.16 for OND), RegCM4-7_MPI-M-MPI-ESM- LR (0.17 for MAM, 0.20 for 

OND) and REMO2015_NCC-NorESM1-M (0.35 for MAM) indicating poor representation of 

the MSR interannual variability by those models for the respective seasons. The high rainfall event 

observed in 1997 is well represented by all models. A similar result was obtained by Endris et al. 

(2013) and Kisembe et al. (2018) who associated that event to the strong El Niño in phase with 

positive IOD. 

Table 2. 4 Pearson correlation coefficients between standardized rainfall anomalies derived from 

observations and CORDEX CORE (AFR-22) RCMS, ensembles and multi-ensembles over 

Rwanda for MAM and OND during the period 1981–2005 

Model MAM OND 
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CCLM5-0-15_MPI-M-MPI-ESM-LR 0.51 0.52 

CCLM5-0-15_NCC-NorESM1-M 0.39 0.16 

CCLM5-0-15_MOHC-HadGEM2-ES 0.73 0.39 

CCLM5-0-15_ECMWF-ERAINT 0.67 0.49 

CCLM5-0-15_ensemble 0.49 0.70 

RegCM4-7_MPI-M-MPI-ESM-LR 0.17 0.20 

RegCM4-7_NCC-NorESM1-M 0.64 0.52 

RegCM4-7_MOHC-HadGEM2-ES 0.51 0.41 

RegCM4-7_ECMWF-ERAINT 0.57 0.42 

RegCM4-7_ensemble 0.73 0.65 

REMO2015_MPI-M-MPI-ESM-LR 0.89 0.57 

REMO2015_NCC-NorESM1-M 0.35 0.57 

REMO2015-_MOHC-HadGEM2-ES 0.66 0.81 

REMO2015_ECMWF-ERAINT 0.72 0.76 

REMO2015_ensemble 0.59 0.38 

Multiensemble_MPI-M-MPI-ESM-LR 0.50 0.49 

Multiensemble_NCC-NorESM1-M 0.52 0.46 

Multiensemble_MOHC-HadGEM2.ES 0.68 0.58 

Multiensemble_ECMWF-ERAINT 0.64 0.70 

Note: Values in bold are significant at 0.05 significance level. 

2.4.8 Relation with ENSO and IOD 

Several studies have shown that year to year variations in East African short rain coincide with 

significant SST anomalies across the tropical Pacific and Indian Oceans associated, respectively, 

with the ENSO in the eastern Pacific (Ogallo, 1988; Ogallo et al., 1988; Nicholson and Etekhabi, 

1986; Mason and Goddard, 2001; Lyon and DeWitt, 2012) and the Indian Ocean Zonal 

Mode/Dipole (IOZM/IOD)  (Goddard  and  Graham,  1999;  Saji et al., 1999; Black, 2005; 

Ummenhofer et al., 2009). Those anomalies are linked to changes in the Walker circula- tion, 

regional winds and vertical velocities over East Africa (Hastenrath, 2007; Hastenrath et al., 2010; 

Mutai et al., 2012; Williams et al., 2012; Nicholson, 2015; Yang et al., 2015). Most of those studies 
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indicate that in equato- rial East Africa, the warm phase of ENSO (El Niño) is often associated 

with extreme rainfall causing flooding while on the opposite the cold phase (La Niña) often 

coincides with extreme drought conditions during the short rain. The predictability of long rain 

variability in East Africa has been complex and controversial, and attempted explanations have 

been discussed by several authors (Ogallo et al., 1988; Indeje et al., 2000; Mutai and Ward, 2000; 

Camberlin and Philippon, 2002; Yang et al., 2014;  Nicholson, 2017; MacLeod, 2019). In their 

study on assessing the 50 km resolution CORDEX RCMs in simulating East African rainfall, 

Endris et al. (2013) found that most RCMs reproduce the majority of the documented regional 

responses to large-scale global climate forcing namely ENSO and IOD. Similar conclusions were 

drawn by Kisembe et al. (2018) in their study on assessing CORDEX RCMs with the same 

resolution over Uganda.  

Due to its geographic location in East Africa, its small size with complex physical features, the 

rainfall variability of Rwanda is controlled by different factors of different scales. In this study, an 

investigation is made with the observed rainfall dataset and simulated rainfall dataset from 

CORDEX-CORE (AFR-22) RCMs to detect a possible association of ENSO and IOD to seasonal 

rainfall over Rwanda. 

 Figure 8 presents the seasonal correlations between ENSO and IOD sea surface temperature 

indices and rainfall indices from observations and CORDEX-CORE (AFR-22) RCMs with their 

ensemble means and multimodel ensemble means in Rwanda for the period 1981–2005. Two 

peaks of positive correlations from observations are observed during May–June–July (MJJ) 

(corresponding to the end of the long rain and the beginning of the long dry seasons) and OND 

(short rain season), explaining that during El Niño (La Niña) and during positive IOD (negative 

IOD) phases, prolonged increased (decreased) rainfall is observed during those two periods. This 

relationship is more pronounced with IOD than the respective ENSO indices. Non-significant low 

correlation coefficients are observed during MAM (long rain season) and during July–August–

September (JAS) (corresponding to the dry season). These results are in conformity with those 

obtained by Kisembe et al. (2018). It is observed that only the three RCMs driven by ECMWF-

ERAINT, the multimodel ensemble means of ECMWF-ERAINT and MPI-M-MPI-ESM-LR 

follow the pace of the seasonal correlations between observed rainfall indices over Rwanda and 

ENSO and IOD indices, and therefore reproduce the seasonal relationship of the observed rainfall 

averaged over Rwanda with both ENSO and IOD. In addition, RegCM4-7_NCC- NorESM1-M 
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and RegCM4-7_ensemble show a similar shape of correlation for Niño1+2, as well as RegCM4-

7_MOHC-HadGEM2-ES and RegCM4-7_ensemble for IOD. High correlation coefficients are 

observed during OND for all those models which explains the good reproduction of the effect of 

ENSO and IOD phenomena during this period of the year. The other CORDEX-CORE (AFR-22) 

RCMs show negative or low positive correlations ranging between −0.3 and 0.3 and erratic shape 

not following the pace of the seasonal correlations between observed rainfall indices over Rwanda 

and ENSO and IOD indices and therefore do not reproduce the seasonal relationship of the 

observed rainfall with both ENSO and IOD. 

 

Figure 2. 8 Temporal correlations between Niño1+2 (top), Niño3.4 (middle) and IOD (bottom) 

indices and rainfall indices from observations and CORDEX CORE (AFR-22) RCMs with their 

ensemble and multi-ensemble in Rwanda for the period 1981–2005. 

2.5 Conclusion  

During the last decade, Rwanda has committed to moving towards a green economy and climate 

resilience pol- icy. A number of policies and strategies related to climate change adaptation and 

mitigation have been adopted and strategies and plans for their implementation have been put in 

place (Rwanda, 2006; 2011; 2018; 2019; 2020). This has led the country to a strong economic 
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growth across various strategic sectors (World Bank, 2019; Africa Development Bank, 2022). 

However, the current and projected effects of climate change due to human activity amplify the 

threats caused by rapid population growth, land and water scarcity, food insecurity and limitation 

of energy resources. These threats constitute the most important factors that can affect the 

stability of an economy of any developing country (FAO, 2021). In recent years, Rwanda has 

experienced impacts of climate change manifested by frequent extreme rainfall leading to 

extensive flooding and landslides in some districts located in high elevated areas of the north and 

western provinces, a strong variability in duration and frequency of droughts in the low-lying 

eastern province, and an increased mean temperature. This has caused enormous damage to the 

natural environment and infrastructure and has resulted in the loss of life and livelihoods 

(Rwanda Environment Management Authority, 2018). 

Understand the mechanisms governing precipitation over Rwanda and predicting future climate 

to provide information to policy and decision makers, for the formulation of adaptation policies 

in response to the impacts of climate change, is fundamental for a country whose economy is 

partly based on rain-fed agriculture. 

In this study, the CORDEX-CORE (AFR-22) RCMs have been evaluated in their ability to 

reproduce rainfall variability in Rwanda for the period 1981–2005. Results from three different 

RCMs with spatial resolution of 0.22◦ (~25 km), driven by three different GCMs and ERA-

Interim for the period 1981–2005, were compared against observational datasets from Rwanda 

Meteorology Agency. Seasonal climatology pattern and bias, annual cycle, interannual 

variability and trend of simulated rainfall were analysed. Performances of individual models, 

their ensemble means and multimodel ensemble means were analysed for the long rain (March-

April-May) and the short (October-November-December), by using different metrics. An 

investigation was made with the observed and simulated rainfall to detect a possible association 

of ENSO and IOD to seasonal rainfall over Rwanda. 

It was found that in general, all RCMS present a spatial distribution of seasonal rainfall biases 

presenting dry bias during the long rain and, on the contrary, tends to present to some extend wet 

bias during the short rain. The spatial distribution of seasonal rainfall biases tends to follow the 

terrain elevation with reinforced dry (wet) bias in high-altitude areas during the long rain (during 

the short rain). Spatial correlations between observed and simulated mean seasonal rainfall 

indicate a better consistency in reproducing spatial patterns of rainfall during the short rain than 
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during the long rain. All RCMs reproduce adequately well the bimodal distributions of the 

annual cycle, though the GCMs-driven RCMs tend to simulate relatively more rainfall during 

the short rain season than during the long rain season and this is in opposition with observation. 

In general, the normalized root-mean-square error between observed and simulated mean 

seasonal rainfall time series is not as much high during the two seasons. However, it is much 

lower with spatial pattern tending to be uniformly distributed over the whole country during the 

short rain while it is heterogeneously distributed during the long rain. A difference is observed 

in trends where the observed mean seasonal rainfall indicates a positive trend during the two 

seasons while all RCMs do not show any significant trend. Analysis of Taylor diagrams indicates 

that the multimodel ensemble means of MPI-M-MPI-ESM-LR and ECMWF-ERAINT 

perform better than individual RCMs in reproducing both the pattern and the amplitude of the 

interannual deviation from the observation in both sea- sons. Analysis of the spatial variability 

of Pearson's correlations between observed and simulated mean seasonal rainfall anomaly time 

series indicates a poor representation of the spatial distribution of the interannual variability of 

the mean seasonal rainfall by all CORDEX-CORE (AFR-22) RCMs during the long rain over 

Rwanda during the period of study. During the short rain, a more improved representation of the 

spatial distribution of the interannual variability of the mean seasonal rainfall is observed but still 

heterogeneous. CCLM5-0-15_MPI-M- MPI-ESM-LR, RegCM4-7_ECMWF-ERAINT and 

Multi-ensemble_ECMWF-ERAINT show a better performance compared to other RCMs. 

However, it is worth to note that all models are consistent in representing the temporal pattern of 

observed standardized anomalies of the spatially averaged mean seasonal rainfall during both 

seasons. The seasonal correlations between observed rainfall anomalies over Rwanda and SST 

anomalies indi- ces across the tropical Pacific (Niño1+2 and Niño3.4) and Indian Oceans 

associated, respectively, with the ENSO and the IOD although relatively weak, are reproduced 

by the three CORDEX-CORE (AFR-22) driven by ECMWF- ERAINT and the multimodel 

ensemble means of MPI-M- MPI-ESM-LR and ECMWF-ERAINT. 

Overall, it has been found that the multimodel ensemble means of MPI-M-MPI-ESM-LR and 

ECMWF-ERAINT are almost similarly outperforming all individual models over Rwanda for the 

period of study. Uncertainties affecting the performance of the models in representing the rainfall 

patterns over Rwanda are likely due, on one side, to the complex topography which does not make 

easy the reproduction of related effects by models constrained by their resolution which is still too 
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coerce for a country of small size like Rwanda; on the other side, and importantly, to physical 

parameterization, timescale and numerical schemes used in the models. It is hoped that with 

ongoing developments, further work by climate modelers will bring add value when all of those 

factors are taken into consideration. The analysis of the projections of future climate change in 

Rwanda using representative concentration pathways (RCP) forcing scenarios will be presented in 

a forthcoming work. These scenarios provide different pathways of the future climate forcing as a 

result of human activities (van Vuuren et al., 2011). Boundary conditions will be provided by 

GCMs used in this study. 
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Chapter 3 Trends and Variability in Temperature and Related Extreme Indices 

in Rwanda during the Past Four Decades 

This Chapter reproduces the content of our published paper 

(https://doi.org/10.3390/atmos14091449). 

3.1 Introduction 

 

During the last decades, we have observed an increase in the intensity, frequency, and extent of 

natural disasters and environmental degradation in various places on the Earth. Those effects have 

been associated with climate change and variability (Brohan et al., 2006; IPCC, 2007; Bouwer, 

2011; Comiso et al., 2015; Thomas and López, 2015; IPCC, 2021). According to the recent Sixth 

Assessment Report (AR6) of the Intergovernmental Panel on Climate Change (IPCC) (IPCC, 

2021), a global warming of 1.09 °C has been observed between the Industrial Revolution period 

up to the present, resulting in climate change and variability. This warming is largely attributed to 

anthropogenic activities. It is projected that this warming will continue to increase until it reaches 

an average of 1.5 °C in the 2030s, regardless of how much greenhouse gas emissions rise or fall 

in the coming decade. Specifically, in East Africa, major cities have witnessed an increase in 

temperatures that almost double the global warming experienced since pre-industrial times 

(Engelbrecht et al., 2015; WMO, 2020; East Africa Hazards Watch, 2023). Observations in this 

region indicate a rapid warming of about 1.9 °C as the maximum temperature and 1.2 °C as the 

minimum temperature during the period 1979 to 2010 (Gebrechorkos et al., 2019) and a mean 

temperature increase of 2 °C from 1963 to 2012 (Daron, 2014). During the last years, East Africa 

has been subject to more recurrent, intense, and prolonged droughts (Russo et al., 2016; Herold et 

al., 2017; Nashwan and Shahid, 2019; Gebrechorkos et al., 2019;  Ayugi et al., 2020; Choi et al., 

2023), causing frequent migrations of populations triggered by water scarcity, the drying of crops, 

famine, and food insecurity (Abebe, 2014; Ayugi et al., 2020; Mueller et al., 2020; Doherty et al., 

2022; Bannor et al., 2023). Climate change is likely to affect health in East Africa, resulting in a 

number of direct and indirect impacts, Malaria being among the greatest threats to human health 

(Zhou et al., 2004). Particularly in Rwanda, a study by Safari, (2012) indicated that during the 

period of 1958 to 2010, the annual mean temperature in Kigali City increased by 0.0455 °C/year. 

This was suggested to be associated with a possible urbanization and growing population. Another 

https://doi.org/10.3390/atmos14091449
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study by Safari (2010) showed that in 2004, water levels decreased considerably, resulting in a 

reduction in power generation. Rwanda’s low-lying eastern region has recently seen a rise in mean 

temperature, statistically significant unpredictability in the duration and frequency of droughts 

causing environmental and infrastructure damage, and a loss of crop output and livestock (Li et 

al., 2021; Uwimbabazi et al., 2022). The northwestern high-elevated area has experienced an 

increased potential for Malaria disease (Loevinsohn, 1994; Henninger, 2013; Maniragaba et al., 

2018). The strong variability in temperature has affected crop production, impacting the economy 

of the country (Lydie, 2016; Hunter et al., 2020). 

Most studies using observational temperature have focused on changes in mean values. Recent 

studies have shown that extreme temperatures have major impacts on important socio-economic 

sectors such as agriculture, power generation and consumption, and human health (Easterling et 

al., 2000; Meehl et al., 2000; Walther et al., 2002). In accordance with the definition of climate 

extreme by the authors of (Lal et al., 2012), air temperature is “extreme” when it reaches or is 

higher (lower) than an assumed threshold value corresponding to a tolerance limit (Revadekar et 

al., 2012). Assessing changes in extremes requires objectively defining and quantifying the various 

types of extremes in weather parameters. The World Meteorological Organization (WMO) 

Commission for Climatology Expert Team on Climate Change Detection, Monitoring and Indices 

(ETCCDMI) has played an important role in developing a number of relevant indices and enabling 

their global analyses via regional participation (Caesar et al., 2006; Diaz and Murnane, 2008; 

Rettie et al., 2023). Statistical studies of extreme temperature indices are important for the analysis 

of their frequency of occurrence, spatial distribution, and duration (Diaz and Murnane, 2008). 

Studies in regions other than Africa based on observational data have analyzed the frequencies of 

warm and cold events and have indicated that warm extremes are increasing and cold extremes are 

decreasing (Caesar et al., 2006; Rettie et al., 2023). Analyzing station data over East Africa during 

the period of 1967-2009, Ngaina and Mutai, (2013) found that the maximum temperature extremes 

increased while minimum temperature extremes decreased with a statistically significant rise in 

the number of warm days and warm nights and a decrease in the number of cold days and cold 

nights. The space-time pattern of the observed changes was found to be not well organized. Similar 

results were obtained by Omondi et al., (2014) studying the changes in temperature extremes over 

the Greater Horn of Africa region during the period of 1961-2010. A study by Ngarukiyimana et 

al., (2021) on Rwanda during the period of 1961-2014 has indicated that the minimum temperature 
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increased at a faster rate than the maximum temperature, resulting in the decrease in the diurnal 

temperature range in the northern region of the country. In their study, Cheng et al., (2014) and 

Lei et al., (2020) have shown that the decrease in the diurnal temperature range has caused impacts 

on the health of the population. 

Understanding climate change impacts is needed to inform policy and decision makers for the 

formulation of policies on mitigation and adaptation. The integration of these policies into 

strategies and implementation plans of key economic sectors of the country is important to ensure 

stability and sustainable development (Bastin et al., 2019). So far, Rwanda has implemented a 

multitude of policy initiatives. Nevertheless, several challenges and needs still remain in regard to 

comprehending the underlying mechanism of climate change and variability, as well as their 

repercussions on crucial sectors of the economy, including agriculture, health, water resources, 

infrastructure, and energy (Rwanda, 2006; Rwanda, 2011; Rwanda, 2018; Rwanda, 2019; (Clay 

and King, 2019; Rwanda, 2020; Trevor, 2021; Kim et al., 2022; Rwanda, 2022). Further needs 

include minimizing uncertainties in seasonal forecasting, improving methodologies and tools for 

climate change monitoring and detection (WMO, 2004; White et al., 2013; STAP, 2017), and 

vulnerability and adaptation assessment (FAO, 2018). To this end, objective information derived 

from meteorological data is required. 

Therefore, this present study intends to analyze trends and variabilities of minimum, maximum, 

and mean temperatures as well as extreme temperature indices using high-resolution daily gridded 

data (5 km) over Rwanda for the period of 1983 to 2022. This work is organized into the following 

sections. Section one outlines the characteristics of the study area, data, and methodology; section 

two presents the results and discussion, while the conclusion and recommendations are indicated 

in the third section. 

3.2 Materials and Methods 

3.2.1 Study Area 

Rwanda is part of the East Africa region with total area of 26,338 km2, where land area is about 

24,950 km2 (94.7%), and inland lakes cover about 1390 km2 (5.3%) (Figure 3.1). Agricultural land 

covers 14,020 km2 (59%) of total country land. The hydrological network comprises numerous 

lakes, rivers, and associated wetlands. The topography of Rwanda is complex, ranging from high 

to lowland areas, with a mixture of mountains, hills, and valleys. Rwanda has five climate types 
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(Henninger, 2013): The first is the savanna type located in the East-Rwandan dry and hot lowland 

zone lying from the border with neighboring Tanzania in the east and stretching gradually from 

east to west and spreading beyond the surrounding area of the capital, Kigali City. The second is 

the temperate type located in the central highlands zone with elevation that increases from east to 

west. In that area, rainfall also increases markedly following the elevation. The third is the humid 

mountain climate type covering southern Rwanda area, especially around the Nyungwe National 

Park located on the Congo-Nile Divide. The fourth is the dry mountain climate type found in the 

Virunga National Park, located in the volcanic mountains of northern region. The fifth is Kivu-sea 

climate type along the coastal ridge of Lake Kivu, where land-lake wind circulation interacts with 

high evaporation rates prevailing on Lake Kivu to create amounts of rainfall on the western bridge 

of the Congo-Nile watershed, thus making it a distinct regional climate system. 

 

Figure 3. 1 The elevation map of Rwanda (a) and the grid covering the study area (b).  

The country experiences four seasons: the short dry season (January–February, JF), the long rain 

season (March-April–May, MAM), the long dry season (June-July-August, JJA), and the short 

rain season (September-October-November-December, SOND). In general, maximum and 

minimum temperatures decrease gradually with topography from the eastern to the western parts 

of the country in all seasons. The average temperature for Rwanda is around 20°C and varies with 
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the topography. The warmest annual average temperatures are found in the eastern plateau (20-

21°C) and south-eastern valley of Rusizi (23-24°C) in the south-west, and cooler temperatures are 

found in higher elevations of the central plateau (17.5-19 °C) and high-lands (<17 °C) in the north 

and north-west. 

According to Fifth National Population and Housing Census held in 2022 (National Institute of 

Statistics of Rwanda, 2023), the country’s population is 13,246,394, which corresponds to an 

annual growth rate of 2.3% between 2012 and 2022. Men represent 48.5% of the population, while 

women represent 51.5%. The population accessing improved drinking water is 79%, while 12% 

have access to safely managed water drinking services. In total, 72.1% of Rwandans live in rural 

areas, while 27.9% live in urban areas. In 2022, GDP at current market prices was estimated at 

RWF 13,716 billion. Services sector contributed 47% of GDP, agriculture sector contributed 25% 

of the GDP, and industry sector contributed 21% of GDP, while 7% was attributed to adjustment 

for taxes and fewer subsidies on products. 

Despite the recent experience that the East African region has known and knows today, the impacts 

of climate change have not spared Rwanda (Herold et al., 2017) (Nashwan & Shahid, 2019)(Choi 

et al., 2023). The country has committed to undertake adaptation and mitigation measures to the 

greatest extent possible for vulnerable communities. However, to achieve this, it is necessary to 

have objective information from scientifically analyzed meteorological observations. With the 

development that Rwanda has experienced during last decades after 1994 Genocide Against the 

Tutsi, meteorological services have significantly increased their capacity and the number of active 

meteorological stations covering the whole country. This enabled us to undertake an initiative, via 

collaboration with experts, of displaying observed meteorological data on a grid of 5 km resolution 

(Dinku et al., 2014; Siebert et al., 2019). The resulting gridded data set consisted of a combination 

of quality controlled station data with satellite data for rainfall and reanalysis data for temperature 

to fill the gaps. Such development has motivated researchers to undertake some studies on climate 

change in Rwanda. 

3.2.2 Data and Methods 

3.2.2.1 Data 

Gridded data sets of the maximum and minimum temperatures covering the period from 1983 to 

2022 at a spatial resolution of 0.05 degrees (~5 km) were provided by the Rwanda Meteorology 
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Agency (METEO-RWANDA). They can be accessed online at https://www.meteorwanda.gov.rw. 

They were reconstructed in Meteo Rwanda following the methodology described by  Dinku et al., 

(2014) and  Siebert et al., (2019). A quality control (homogeneity test, missing data, and outliers) 

was first carried out on temperature data from 66 Rwandan weather stations. To address temporal 

and spatial gaps in the data time series, a combination with bias-adjusted Japanese 55-year 

reanalysis project (JRA55) was then performed. 

3.2.2.2 Methods 

Extreme Temperature Indices 

Five extreme temperature indices (Table 3. 1) were computed based on the methodology provided 

by Expert Team on Climate Change Detection and Indices (ETCCDI) (Karl et al., 1999; Tank et 

al., 2009; Zhang et al., 2011). Percentile-based threshold indices were computed for each calendar 

day using data for consecutive 5-day moving windows centered on that calendar day (Zhang and 

Yang, 2004) from the 1991-2020 base period. The computation of extreme temperature indices 

and their corresponding thresholds was carried out using RClimDex v1.0 base package (Zhang 

and Yang, 2004). 

Table 3. 1 List of extreme temperature indices used in this study. 

Index Description Definition Unit Reference 

 DTR 
Diurnal 

temperature range 

 Annual mean difference between daily   

 maximum and minimum temperature 
°C 

(Folland et al., 

2001) 

 Tn10p  Cold nights 

 Number of days in a year with 

minimum   

 temperature below a threshold 

corresponding  

 to 10th percentile of daily minimum  

 temperature distribution in the 1991–

2020  

 baseline period. 

 

 days/year 

(Karl et al., 1999;  

Tank et al., 2009; 

 Zhang et al., 2011) 

  

https://www.meteorwanda.gov.rw/
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 Tx10p  Cold days 

 Number of days in a year with 

maximum   

 temperature below a threshold 

corresponding   

 to 10th percentile of daily maximum  

 temperature distribution in the 1991–

2020  

 baseline period. 

days/year 

(Karl et al., 1999;  

Tank et al., 2009; 

 Zhang et al., 2011) 

 

 Tn90p  Warm nights 

 Number of days in a year with 

minimum   

 temperature above a threshold 

corresponding  

 to 90th percentile of daily minimum  

 temperature distribution in the 1991-

2020  

 baseline period. 

days/year 

(Karl et al., 1999;  

Tank et al., 2009; 

 Zhang et al., 2011) 

 

 Tx90p  Warm days 

 Number of days in a year with 

maximum    

 temperature above a threshold  

 corresponding to 90th percentile of 

daily  

 maximum temperature distribution in 

the 1991-2020 baseline period. 

days/year 

(Karl et al., 1999;  

Tank et al., 2009; 

 Zhang et al., 2011) 

 

 The Mann–Kendall (MK) Trend Test and Theil–Sen’s Slope Estimator (TSS) 

The non-parametric Mann-Kendall test and the Theil-Sen’s slope estimator approach is widely 

used as trend tests as well as for estimation of magnitudes of trends in hydrology and climate time 

series (Sneyers, 1990; Safari, 2012; Tan et al., 2015). They have been recommended by the World 

Meteorological Organization (WMO) owing to their compatibility with non-normalized data as 

well as missing values (Sneyers, 1990). 

 The Mann–Kendall test 
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Let (𝑥1, 𝑦1), (𝑥2, 𝑦2),… , (𝑥𝑛, 𝑦𝑛) be a set of joint observations from two random variables 𝑋 and 

𝑌 respectively, such that all the values of the couple (𝑥𝑖, 𝑦𝑖) are unique. Kendall’s rank correlation 

measures the strength of monotonic association between the vectors 𝑋 and 𝑌. 

The Mann-Kendall test statistic is calculated from the sum of the signs (+ or −) of the slopes. The 

statistic S called Kendall score is expressed as 

𝑆 = ∑ ∑ 𝑠𝑖𝑔𝑛(𝑥𝑗

𝑛

𝑗=𝑘+1

− 𝑥𝑘

𝑛−1

𝑘=1

) (1) 

where 𝑛 is the length of the sample, 𝑥𝑘 and 𝑥𝑗 are from 𝑘 = 1, 2, … , 𝑛 − 1 and 𝑗 = 𝑘 +

1, 2, … , 𝑛, and the 𝑠𝑖𝑔𝑛(𝑥𝑗 − 𝑥𝑘) is an indicator function that takes on the values 1, 0, or −1, as 

indicated below: 

𝑠𝑖𝑔𝑛(𝑥𝑗 − 𝑥𝑘) = {

+1 𝑖𝑓 (𝑥𝑗 − 𝑥𝑘) > 0

0 𝑖𝑓 (𝑥𝑗 − 𝑥𝑘) = 0

−1 𝑖𝑓 (𝑥𝑗 − 𝑥𝑘) < 0

 (2) 

If  𝑛 ≥ 10, the statistic 𝑆 is approximately normally distributed with the mean (𝑆) = 0, and the 

variance of 𝑆 can be obtained as follows: 

𝑣𝑎𝑟(𝑆) =
𝑛(𝑛 − 1)(2𝑛 + 5) − ∑ 𝑡𝑗(𝑡𝑗

𝑝
𝑗=1 − 1)(2𝑡𝑗 + 5)

18
 (3) 

where 𝑝 is the number of ties in the series, and 𝑡𝑗 is the number of data points in the jth tied group. 

For trend test, the variable 𝑌 can be time. The presence of statistically significant trend is evaluated 

using the 𝑍 value. This statistic is used to test the null hypothesis such that no trend exists. The 

standardized test statistic Z is given via 

𝑍 =

{
 
 

 
 

𝑆 − 1

√𝑣𝑎𝑟(𝑆)
, 𝑖𝑓 𝑆 > 0

0,               𝑖𝑓 𝑆 = 0
𝑆 + 1

√𝑣𝑎𝑟(𝑆)
, 𝑖𝑓 𝑆 < 0

 (4) 

The trend is said to be increasing (decreasing) if 𝑍 is positive (negative). To test for either 

increasing or decreasing monotonic trends with confidence level α, the null hypothesis 𝐻0 is 

rejected if |𝑍| > 𝑍(1−𝛼 2⁄ ), where 𝑍(1−𝛼 2⁄ ) is the corresponding value of 𝑝 = 𝛼 2⁄ , following the 



87 

 

standard normal cumulative distribution tables, and represents the standard normal deviates, and 

𝑝 is the significant level for the test. 

 Autocorrelation 

The presence of positive or negative autocorrelation in the time series may increase the possibility 

of detecting trends while there is no trend and vice versa (Hamed and Rao, 1998; Serrano et al., 

1999; Yue et al., 2003k; Novotny and Stefan, 2007). The existence of positive autocorrelation in 

the series can lead the Mann-Kendall test to a conclusion of the presence of trend in the series, 

while it may not be always true. On the other hand, the existence of negative autocorrelation in the 

series can lead to the opposite. 

The coefficient of autocorrelation 𝜌𝑘 of a discrete time series for lag-k is obtained following the 

formula adopted by Datta and Das, (2019) as follows: 

𝜌𝑘 =
∑ (𝑥𝑖 − 𝑥̅)(𝑥𝑖+𝑘 − 𝑥̅𝑖+𝑘)
𝑛−𝑘
𝑖=1

⌊∑ (𝑥𝑖 − 𝑥̅)2x∑ (𝑥𝑖+𝑘 − 𝑥̅𝑖+𝑘)2
𝑛−𝑘
𝑖=1

𝑛−𝑘
𝑖=1 ⌋

1
2

 (5) 

 The Modified Mann–Kendall (MMK) test 

A modified Mann-Kendall test was proposed by Ahmed et al., (2017) to take into consideration 

the influence of autocorrelation in data, which is often ignored. A correction is brought to the 

variance of 𝑆 (Yue et al., 2003; Taxak et al., 2014; Mahrt, 2014; Das et al., 2022), which is replaced 

by 

𝑣𝑎𝑟∗(𝑆) = 𝑣𝑎𝑟(𝑆)
𝑛

𝑛𝑘
∗  (6) 

where 
𝑛

𝑛𝑘
∗  represents a correction due to the autocorrelation in the data and is given via 

𝑛

𝑛𝑘
∗ = 1 +

2

𝑛(𝑛 − 1)(𝑛 − 2)
∑(𝑛 − 𝑖)(𝑛 − 𝑖 − 1)(𝑛 − 𝑖 − 2)𝜌𝑘

𝑛−1

𝑖=1

 (7) 

where 𝑛 is the actual number of observations, 𝑛𝑘
∗  represents the effective number of observations 

to account for the autocorrelation in the data, and 𝜌𝑘 is the autocorrelation function of the ranks of 

the observations. As the non-significant values of 𝜌𝑘 can badly affect the precision of the variance 

of 𝑆, and thus, only significant 𝜌𝑘 values are opted to estimate 
𝑛

𝑛𝑘
 (Mondal et al., 2012). In this 

method, the autocorrelation𝑠 𝜌𝑘 between ranks of the observations have been calculated from the 

respective time series after subtracting from the time series an estimate of Sen’s slope (described 
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below) from the data. The Mann-Kendall test was then applied with the corrected 

variance 𝑣𝑎𝑟∗(𝑆). 

 Theil–Sen slope estimator 

In a case where a linear trend exists in a time series, the slope or magnitude of that trend can be 

detected using a simple non-parametric procedure first developed by Theil (Sen, 1968)  and later 

modified by Sen (Theil, 1992). Sen’s slope has the advantage over the slope of regression, in the 

sense that gross data series errors and outliers do not affect it much. The slope is determined to be 

the mean of all pair-wise slopes for any pair of points in the dataset. The following equation is 

used to estimate each individual slope: 

𝑄𝑖𝑗 =
xj−xi

j−i
, j > i , for 𝑖 = 1,2, … , 𝑁 (8) 

If in the time series, there are 𝑛 values of 𝑄𝑖𝑗, estimates of the slope will be 𝑁 = 𝑛(𝑛 − 2)/2. The 

slope of the Sen Estimator is the mean slope of such 𝑁 values of pair-wise slopes. The Sen’s slope 

is obtained using 

Q = Median (
xj−xi

j−i
) , j > i, for 𝑖 = 1,2, … ,𝑁 (9) 

𝑄 = {

𝑄
⌈
𝑁+1
2
⌉
                      𝑖𝑓 𝑛 𝑖𝑠 𝑜𝑑𝑑

1

2
(𝑄𝑁

2
+ 𝑄

⌊
𝑁+2
2
⌋
)   𝑖𝑓 𝑛 𝑖𝑠 𝑒𝑣𝑒𝑛

 (10) 

Positive value of 𝑄 indicates an upward or increasing trend and a negative value of 𝑄 gives a 

downward or decreasing trend in the time series. 

In this present study, trends were computed at each grid point for time series of maximum 

temperature, minimum temperature, and extreme temperature indices using the Modified Mann-

Kendall non-parametric rank statistic test (Chechin et al., 2019) and the Theil-Sen (TS) estimator 

approach (Allabakash and Lim, 2022) for, respectively, trend analysis and slope estimation. Trends 

were computed at the scale of a year and then converted at a scale of decade for analysis. 

Significant trends were considered at confidence level α = 0.05. The standard deviation was 

computed at each grid for time series of respective indexes to represent their variabilities. They 

were computed and then analyzed at annual scale for the period of study. In climate studies, spatial 

interpolation is important for local analysis by Geographic Information Systems (GIS). Two 

different methods are commonly used: the Kriging method and Inverse Distance Weighted (IDW) 
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method (Weber and Englund, 1992,  Weber and Englund, 1994). Kriging method is a geostatistical 

interpolation method that takes into consideration the distance and the degree of variation between 

known data points when estimating values at neighboring unknown locations. IDW uses a linear 

weighted combination of known data points, taking into account the distance, i.e., giving more 

weight to a closer data point and less weight to distant one. The advantage of Kriging interpolation 

method to IWD is that it is statistically optimal interpolator for dense and well spatially distributed 

data (Setianto and Triandini, 2015). However, IWD interpolation method may be preferred over 

Kriging for sparse data. In this present study, maps were generated using Kriging interpolation 

method for spatial interpolation with the ArcGIS10 software. Spatially aggregated mean maximum 

temperature, minimum temperature, and extreme temperature indices were computed by taking 

simple arithmetic averages of respective indexes for all grids, and their trends were further 

analyzed. 

3.3 Results 

3.3.1 Spatial Distributions of Long-Term Mean of Tx, Tn, and T 

Figure 3. 2 presents the spatial distribution of the long-term mean of Tx, Tn, and T over Rwanda 

during the period of 1983-2022. In general, Tx, Tn, and T decrease gradually with topography 

from the eastern to the western parts of the country in all seasons. Tx and T have maximum values 

during the JJA and JF seasons and minimum values during MAM and SOND. Tn has the lowest 

value during JJA and the highest value during MAM. 



90 

 

 

 

Figure 3. 2 Spatial distribution of long-term mean of Tx, Tn, and T over Rwanda during the period 

of 1983–2022 expressed in °C. Tx for JF (a1), Tx for MAM (a2), Tx for JJA (a3), Tx for SOND 

(a4), Tx for mean annual (a5),Tn for JF (b1), Tn for MAM (b2), Tn for JJA (b3), Tn for SOND 

(b4), Tn for mean annual (b5), T for JF (c1), T for MAM (c2), T for JJA (c3), T for SOND (c4), 

T for mean annual (c5), (Computed from the data used in this study, obtained from Rwanda 

Meteorology Agency). 

3.3.2 Trends of Temperatures 

Figure 3. 3 presents the spatial distribution of trends Tx, Tn, and T over Rwanda during the period 

of 1983–2022 expressed in °C/decade for seasons and the annual average. In general, temperatures 
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decrease gradually with topography from the eastern to the western parts of the country in all 

seasons. The analysis of the spatial distribution of the trends of temperatures indicates that for Tx, 

the southeastern (Kirehe District) and the southwestern (Nyamasheke and Rusizi Districts) present 

the highest but moderate statistically significant positive trend (0.24–0.40 °C/decade) during JJA 

and SOND. During MAM, the southeastern part of the country (Kirehe District) indicates 

statistically significant high positive trends (0.40–0.56 °C/decade). For Tn, statistically high 

significant positive trends (0.48–0.64 °C/decade) are observed during SOND across the country. 

No statistically significant trend is observed for the annual mean of Tn. As for T, statistically 

significant high positive trends (0.24–0.40 °C/decade) are observed over the southeastern part of 

the country (Kirehe District) during MAM and over the southwestern (Nyamasheke and Rusizi 

Districts) and southern of the eastern region (Bugesera and Ngoma Districts) during SOND. 

Statistically significant increasing trends are observed for spatially averaged Tn during JJA (0.17 

°C/decade) and SOND (0.20 °C/decade) as well for T during SOND (0.16 °C/decade). 
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Figure 3. 3 Spatial distribution of trends for Tx, Tn, and T over Rwanda during the period of 1983–

2022 expressed in °C/decade. Tx for JF (a1), Tn for JF (a2), T for JF (a3), Tx for MAM (b1), Tn 

for MAM (b2), T for MAM (b3), Tx for JJA (c1), Tn for JJA (c2), T for JJA (c3), Tx for SOND 

(d1), Tn for SOND (d2), T for SOND (d3), mean annual Tx (e1), mean annual Tn (e2), and mean 

annual T (e3). Trend slope in °C/decade (obtained by multiplying by 10 the computed trend slope 

in °C/year using the MMK method). Areas with statistically significant positive trends are 
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indicated with + sign, and areas with statistically significant negative trends are indicated with − 

sign. 

Table 3. 2 presents the trends of spatially averaged Tx, Tn, and T for JF, MAM, JJA, SOND, and 

mean annual during the period of 1983–2022. Statistically significant increasing trends are 

observed for spatially averaged Tn during JJA (0.17 °C/decade) and SOND (0.20 °C/decade) as 

well for T during SOND (0.16 °C/decade). 

Table 3. 2  Trends of spatially averaged Tx, Tn, and T during JF, MAM, JJA, SOND, and mean 

annual over Rwanda during the period of 1983–2022 expressed in °C/decade. 

Tn 

Season Z Tau Sen’s Slope p-Value Significance 

JF 0.456 0.051 0.000 0.648 No 

MAM 0.949 0.105 0.007 0.342 No 

JJA 2.444 0.269 0.017 0.015 Yes 

SOND 2.538 0.279 0.020 0.011 Yes 

ANNUAL 2.063 0.227 0.013 0.039 Yes 

Tx 

Season Z tau Sen’s Slope p-value Significance 

JF −1.133 −0.126 −0.010 0.257 No 

MAM 1.358 0.150 0.013 0.174 No 

JJA −1.535 −0.169 −0.010 0.125 No 

SOND 1.367 1.367 0.010 0.172 No 

ANNUAL 0.188 0.022 0.000 0.851 No 

T 

Season Z tau Sen’s Slope p−value Significance 

JF −0.281 −0.032 0.000 0.779 No 

MAM 1.217 0.135 0.008 0.224 No 

JJA 1.280 0.141 0.005 0.201 No 

SOND 2.839 0.312 0.016 0.005 Yes 

ANNUAL 1.708 0.187 0.007 0.088 No 



94 

 

Figure 3. 4 indicates the decadal differences in Tx for JF, MAM, JJA, SOND, and annual mean 

with reference to the period of 1983–1992. 

 

Figure 3. 4 Decadal differences of Tx for JF, MAM, JJA, SOND, and the annual mean with 

reference to the period of 1983-1992. Tx for JF (1993–2002) (a1), Tx for JF (2003–2012) (a2), Tx 
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for JF (2013-2022) (a3), Tx for MAM (1993-2002) (b1), Tx for MAM (2003-2012) (b2), Tx for 

MAM (2013-2022) (b3), Tx for JJA (1993-2002) (c1), Tx for JJA (2003-2012) (c2), Tx for JJA 

(2013-2022) (c3), Tx for SOND (1993-2002) (d1), Tx for SOND (2003-2012) (d2), Tx for SOND 

(2013-2022) (d3), annual Tx (1993-2002) (e1), annual Tx (2003-2012) (e2), and for annual Tx 

(2013-2022) (e3). 

Figure 3. 5 indicates the decadal differences of Tn for JF, MAM, JJA, SOND, and annual mean 

with reference to the period of 1983–1992. During the second decade (1993–2002), the JF season 

shows a general reduction in Tn countrywide. The northeastern part shows a lower decrease (−0.5–

0.0 °C) compared to the remaining parts of the country (−1.0–−0.5 °C). Increases in Tn (0.0–1.0 

°C) are seen in many areas during MAM, JJA, and the year. During SOND, increases in Tn (1.0–

1.5 °C) are observed in most parts of the country. The same range of increase is observed over the 

eastern part during the JJA season. During the third decade (2003–2012), relatively low increases 

in Tn (0.0–0.5 °C) are observed countrywide during JF season. During MAM, increases in Tn 

(0.5–1.0 °C) are observed in many parts of the country, while low increases ([0.0, 0.5] °C) are 

observed in the southeastern part. During JJA, increases in Tn (0.5–1.0 °C) are observed in many 

parts of the country, while low increases (0.0–0.5 °C) are observed in the western areas. During 

the SOND season, most parts of the country experienced increases in Tn (1.0–1.5 °C), while an 

increase of 0.5–1.0 °C was observed over the southwestern region. Annually, increases in Tn (0.5–

1.0 °C) are found in all parts of the country. During the fourth decade (2013–2022), increases in 

Tn (0.5–1.0 °C) were observed over the central eastern and central western parts, while increases 

in Tn ([0.1, 1.5] °C) were observed over the remaining parts of the country. During MAM, 

increases in Tn (0.5–1.0 °C) are observed over the central eastern part, while there were increases 

in Tn (1.5–2.0 °C) in the remaining parts of the country. During JJA, it is observed that increases 

in Tn (2.5–3.0 °C) in the central plateau extend to the western highland, while increases in Tn 

(2.0–2.5 °C) are observed in the remaining parts of the country. During SOND, increases in Tn 

(3.0–3.5 °C) are observed countrywide. On an annual basis, increases in Tn (0.5–1.0 °C) are 

observed over the central eastern and central western parts, while increases in Tn (1.0–1.5 °C) are 

observed in the remaining parts of the country. 
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Figure 3. 5 Decadal differences of Tn for JF, MAM, JJA, SOND, and the annual mean with 

reference to the period of 1983-1992. Tn for JF (1993-2002) (a1), Tn for JF (2003-2012) (a2), Tn 

for JF (2013-2022) (a3), Tn for MAM (1993-2002) (b1), Tn for MAM (2003-2012) (b2), Tn for 

MAM (2013-2022) (b3), Tn for JJA (1993-2002) (c1), Tn for JJA (2003-2012) (c2), Tn for JJA 

(2013-2022) (c3), Tn for SOND (1993-2002) (d1), Tn for SOND (2003-2012) (d2), Tn for SOND 

(2013-2022) (d3), annual Tn (1993-2002) (e1), annual Tn (2003-2012) (e2), and annual Tn (2013-

2022) (e3). 
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Figure 3. 6 indicates the decadal differences in T for JF, MAM, JJA, SOND, and annual mean with 

reference to the period of 1983-1992. 

 

Figure 3. 6 Decadal differences of T for JF, MAM, JJA, SOND, and the annual mean with 

reference to the period of 1983-1992. T for JF (1993-2002) (a1), T for JF (2003-2012) (a2), T for 

JF (2013–2022) (a3), T for MAM (1993-2002) (b1), T for MAM (2003-2012) (b2), T for MAM 

(2013–2022) (b3), T for JJA (1993-2002) (c1), T for JJA (2003-2012) (c2), T for JJA (2013-2022) 

(c3), T for SOND (1993-2002) (d1), T for SOND (2003-2012) (d2), T for SOND (2013-2022) 

(d3), annual T (1993-2002) (e1), annual T (2003-2012) (e2), and annual T (2013-2022) (e3). 



98 

 

3.3.3 Spatial Distributions of Long-Term Mean of DTR, Tn10p, Tx10p, and Tn90p 

Figure 3. 7 indicates the spatial distribution of the long-term mean of DTR, Tn10p, Tx10p, Tn90p, 

and Tx90p over Rwanda for the period of 1983-2022. For DTR (Figure 7a), four distinguished 

parts are observed: the northwestern region (10.5-11 °C), the part extending from the south to the 

southeastern region (11.5-12.0 °C), the south-central parts of the country (12.0-12.5 °C), and the 

remaining parts of the country (11.0-11.5 °C). For Tn10p (Figure 7b), three distinguished parts are 

observed: the extreme western region ([7, 8] days/year), the part extending from the south to 

central parts (9-10 days/year), and the remaining parts of the country (8–9 days/year). For Tx10p 

(Figure 7c), two distinguished parts are observed: the south, central, and extreme eastern parts 

(10–11 days/year) and the remaining parts of the country (9–10 days/year). For Tn90p (Figure 7d), 

two distinguished parts are observed: the central eastern and southeastern (9–10 days/year) and the 

remaining parts of the country (7–8 days/year). For Tx90p (Figure 7e), two distinguished parts are 

observed: the southern and northeastern (10–11 days/year) and the remaining parts of the country 

(9–10 days/year). 

 

Figure 3. 7 Spatial distribution of long-term mean of DTR (a) expressed in °C, Tn10p (b); Tx10p 

(c); Tn90p (d); and Tx90p (e) expressed in days over Rwanda for the period 1983–2022. Legend 

is common for Tn10p, Tn90p, Tx10p, and Tx90p 

3.3.4 Trends of Extreme Indices 

Figure 3. 8 indicates the spatial distribution of trends of DTR, Tn10p, Tx10p, Tn90p, and Tx90p. 

Overall, a statistically significant decrease in DTR is observed in most parts of the country except 
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the eastern region and small parts of the western region. The central part (Kigali City and Gicumbi 

Districts) extended to the northeastern part of the country (Nyagatare District) and exhibits the 

highest decrease (−0.2–0.0 °C/decade) of DTR. Tn10p presents statistically significant negative 

trends over the whole country except in a narrow band along the Congo-Nile Divide. The central 

part of the country (Kigali City, Rulindo, and Gicumbi Districts) has the highest decrease (−2–0 

days/decade) of Tn10p. Tn90p presents statistically significant positive trends in most parts of the 

country. The central part (Kigali City, Kamonyi, Ruhango, Bugesera, and Gicumbi District) 

extended to the northeastern part (Nyagatare and Gatsibo District), the southern part (Huye, 

Nyaruguru and Nyamagabe Districts), and the northwestern part of the country (Rubavu, Nyabihu, 

Musanze and Burera Districts), which presented a high increase (2–3 days/decade) in Tn90p. 

Tx10p exhibits positive trends over the whole country. Statistically significant high positive trends 

(1–3 days/decade) are observed on one side in the south-central eastern (Gisagara, Nyanza, and 

Bugesera Districts) and central eastern parts (Rwamagana District) and on the other side in some 

portions of the southeastern parts of the country (Kirehe, Kayonza, and Ngoma Districts). Tx90p 

exhibits over the whole country positive trends. Statistically significant high positive trends (2–3 

days/decade) are observed in the western highland (Muhanga, Ngororero, Rutsiro, Rubavu, 

Nyabihu Musanze, and Gakenke Districts) and central parts of the eastern region (Rwamagana, 

Ngoma, Kayonza and Kirehe Districts). 

 

Figure 3. 8 Spatial distribution of trends of DTR (a) expressed in °C/decade, Tn10p (b); Tx10p 

(c); Tn90p (d); and Tx90p (e) expressed in days/decade over Rwanda during the period of 1983-

2022. “Trend slope in °C/decade (obtained by multiplying by 10 the computed trend slope in 
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°C/year by the MMK method) for DRT” and “Trend slope in Days/decade (obtained by 

multiplying by 10 the computed trend slope in Days/year by the MMK method) for Tn10p, Tn90p, 

Tx10p, and Tx90p”. Areas with statistically significant positive trends are indicated with + sign, 

and areas with statistically significant negative trends are indicated with − sign. Legend is common 

for Tn10p, Tn90p, Tx10p, and Tx90p. 

Table 3. 3 presents the spatially averaged trends of DTR, Tn10p, Tx10p, Tn90p, and Tx90p. 

Spatially averaged DTR shows a statistically significant decreasing trend (−0.14 °C/decade), while 

spatially averaged Tn90p, Tx10p and Tx9p show statistically significant increase trends (0.62, 

0.84, and 1.28 days/decade). 

Table 3. 3 Trends of spatially averaged DTR(a) (°C/year) and Tn10p(b); Tx10p(c); Tn90p(d); and 

Tx90p(e) (days/year) over Rwanda during the period of 1983–2022. 

Season Z Tau Sen’s Slope p-Value Significance 

DTR −2.307 0.255 −0.014 0.021 Yes 

Tn10p −0.851 0.095 −0.049 0.395 No 

Tn90p 1.317 0.146 0.062 0.029 Yes 

Tx10p 2.342 0.259 0.084 0.019 Yes 

Tx90p 2.552 0.282 0.128 0.011 Yes 

Figure 3. 9 indicates the DTR for various decades of this present study. Overall, the first three 

decades (Figure 9a–c) show high values compared to the fourth decade (Figure 9d). The western 

region, the southeastern region, and small parts of the northern region show low values of DTR 

(8–10 °C) for all decades. The south-central eastern and northeastern parts indicate high values of 

DTR (13–16 °C). The remaining parts of the country present moderate values of DTR (10–13 °C). 
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Figure 3. 9 Decadal spatial distribution of DTR expressed in °C over Rwanda for the period of 

1983–2022. The first decade (1983–1992) (a), the second decade (1993–2002) (b), the third decade 

(2003–2012) (c), and the fourth decade (2013–2022) (d). 

Figure 3. 10 presents Tn10p for various decades of this present study. During the first decade 

(Figure 10a), high values (12–14 days/year) are observed in the central region. The southwestern, 

northwestern highlands, central plateau, and eastern region indicate relatively high values (10–12 

days/year). Moderate values (8–10 days/year) are observed over the central and western highlands, 

while the remaining parts of the country experienced low values (4–6 days/year). During the 

second and third decades (Figure 10b, c), respectively, the central, southern, and northwestern 

parts experienced relatively low values (6–8 days/year), while the remaining parts of the country 

observed low values (4–6 days/year). During the fourth decade (Figure 10d), central parts and a 

few areas of the southwestern region exhibited low values (4–6 days/year). The southwestern, 

northwestern, and central parts experienced relatively low values (6–8 days/year), while the 

remaining parts of the country observed relatively high values (10–12 days/year). 
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Figure 3. 10 Decadal spatial distribution of Tn10p expressed in day/year over Rwanda for the 

period of 1983–2022. The first decade (1983–1992) (a), the second decade (1993–2002) (b), the 

third decade (2003–2012) (c), and the fourth decade (2013–2022) (d). 

Figure 3. 11 presents Tx10p for various decades of this present study. During the first decade 

(Figure 11a), low values (6–8 days/year) are observed in the southeastern and few parts of the 

northern highland. The remaining parts of the country experience relatively low values (8–10 

days/year). During the second and third decades (Figure 11b,c), respectively, the central eastern 

and northern regions experienced moderate values (10–12 days/year). The remaining parts of the 

country observed relatively moderate values (12–14 days/year). During the fourth decade (Figure 

11d), high values (14–16 days/year) are observed over the southeastern and southwestern parts. 

The remaining parts of the country experienced moderate values (10–12 days/year). 
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Figure 3. 11 Decadal spatial distribution of Tx10p expressed in day/year over Rwanda for the 

period of 1983–2022. The first decade (1983–1992) (a), the second decade (1993–2002) (b), the 

third decade (2003–2012) (c), and the fourth decade (2013–2022)) (d). 

Figure 3. 12 indicates Tn90p for various decades of this present study. During the first decade 

(Figure 12a), low values (2–4 days/year) are observed over southwestern and northeastern parts. 

Relatively low values (4–6 days/year) are observed over the central plateau and northern western 

highland. The remaining parts of the country experience relatively moderate values (6–8 

days/year). During the second decade (Figure 12b), relatively high values (10–12 days/year) are 

observed over the central eastern and central western parts. Many parts of the country experienced 

moderate values (8–10 days/year), while low values (2–4 days/year) are observed over the 

southwestern parts of the country. During the third decade (Figure 12c), moderate values (8–10 

days/year) are shown over the central eastern and central western parts. Many parts of the country 

experienced relatively moderate values (6–8 days/year), while low values (2–4 days/year) are 

observed over the southwestern part of the country. During the fourth decade (Figure 12d), high 

values (12–14 days/year) are observed over the northern, central, and northeastern regions. The 

remaining parts of the country observed relatively high values (10–12 days/year). 
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Figure 3. 12 Decadal spatial distribution of Tn90p expressed in day/year over Rwanda for the 

period of 1983–2022. The first decade (1983–1992) (a), the second decade (1993–2002) (b), the 

third decade (2003–2012) (c), and the fourth decade (2013–2022) (d). 

Figure 3. 13 indicates Tx90p for various decades of this present study. The first decade (Figure 

13a) exhibited homogeneous spatial distributions (8–10 days/year) countrywide. During the 

second decade (Figure 13b), the southwestern region indicates relatively low values (8–10 

days/year), while the remaining parts of the country show low values (6–8 days/year). For the third 

decade (Figure 13c), relatively low values (8–10 days/year) are observed over the southeastern 

and extreme southwestern. The remaining parts of the country exhibit moderate values (10–12 

days/year). During the fourth decade (Figure 13d), high values (14–18 days/year) are observed 

over the central eastern, southeastern, and highly elevated areas of the western and northern region, 

while the remaining parts of the country experienced moderate values (10–12 days/year). 
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Figure 3. 13 Decadal spatial distribution of Tx90p expressed in day/year over Rwanda for the 

period of 1983–2022. The first decade (1983–1992) (a), the second decade (1993–2002) (b), the 

third decade (2003–2012) (c), and the fourth decade (2013–2022) (d). 

Figure 3. 14 indicates the decadal differences of DTR, Tn10p, Tx10p, Tn90p, and Tx90p. The 

decadal difference in DTR and Tn10p indicate decreasing patterns for all decades, while Tn90p 

and Tx10p show increasing patterns for all decades. During the second decade (1993–2002), it 

was found that for DTR (Figure 14a1), the extreme eastern parts of the country showed the highest 

decrease (−1.0–−0.8 °C/decade). The eastern region extending to the central part of the country 

presents a moderate decrease of −0.6–−0.4 °C/decade. The areas surrounding the Congo-Nile 

Divide indicate a very low decrease (−0.2–0 °C/decade), while the remaining parts of the country 

low decrease (−0.4–−0.2 °C/decade). For Tn10p (Figure 14b1), the eastern part of the country has 

the highest decrease (−4–−3 days/decade). The western, southern, and northern parts of the country 

show a low decrease (−2–0 days/decade), while the remaining parts of the country present a 

moderate decrease (−3–−2 days/decade). For Tn90p (Figure 14c1), the eastern parts of the country 

have the highest increase (4–5 days/decade). The central plateau shows a moderate increase (2–4 

days/decade), while the remaining parts of the country present a low increase (0–2 days/decade). 

For Tx10p (Figure 14d1), the southwestern and extreme northwestern present very low increases 

(0–2 days/decade). The central part extending to the western of the eastern region indicates a 

moderate increase (3–4 days/decade), while in the remaining parts of the country, low increases 
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(2–3 days/decade) are observed. As for Tx90p (Figure 14e1), a relatively low decrease (−2–0 

days/decade) is observed in the northern, central plateau, and the eastern parts of the country, while 

a relatively low increase (0–2 days/decade) is observed in the remaining parts of the country. 

During the third decade (2003–2012), it is found for DTR (Figure 14a2) that a low decrease (−0.4–

0.2 °C/decade) is observed over the eastern parts of the country, while the remaining parts of the 

country have very low decrease (−0.2–0 °C/decade). For Tn10p (Figure 14b2), the western, 

southern, and northern parts of the country have a low decrease (−2–0 days/decade). A high 

decrease (−4–−3 days/decade) is observed over northwestern and extreme eastern, while the 

remaining parts of the country indicate a moderate decrease (−3–−2 days/decade). For Tn90p 

(Figure 14c2), the southwestern, northwestern northeastern, and south-central parts of the country 

present low increases (0–2 days/decade), while the remaining parts of the country show a moderate 

increase (2–3 days/decade). For Tx10p (Figure 14d2), a few areas of the eastern region present a 

low increase (2–3 days/decade), while the remaining parts of the country show a very low increase 

(0–2 days/decade). As for Tx90p (Figure 14e2), the southwestern, south-central, and eastern parts 

of the country present low increases (0–2 days/decade), while the remaining parts of the country 

experienced moderate values (2–4 days/decade). During the fourth (2013–2022) decade, (Figure 

14a3), a high decrease (−1.0–−0.8 °C/decade) is observed over the southeastern, south-central 

extending to small areas of central and northern parts of the country, while the remaining parts of 

the country exhibit moderate decrease (−0.6–−0.4 °C/decade). For Tn10p (Figure 14b3), the whole 

country shows a low decrease (−2–0 days/decade). For Tn90p (Figure 14c3), the central plateau 

has a moderate value increase (3–4 days/decade), while the remaining parts of the country 

experienced a moderate increase (2–3 days/decade). For Tx10p (Figure 14d3), high increases (4–

5 days/decade) are observed over the extreme southeastern parts of the country. The central parts 

of the southern and western regions, the northern highland, and the western parts of the eastern 

region indicate low increases (2–3 days/decade), while the remaining parts of the country observed 

moderate values (3–4 days/decade). As for Tx90p (Figure 14e3), the southeastern region extending 

to the central part and the northern highland present a high increase (4–6 days/decade), while the 

remaining parts of the country indicated a moderate increase (2–4 days/decade). 
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Figure 3. 14 Spatial distribution of decadal differences of DTR, Tn10p, Tx10p, Tn90p and Tx90p. 

DTR for the second decade (1993-2002) (a1), DTR for the third decade (2003-2012) (a2), DTR 

for the fourth decade (2013-2022) (a3). Tn10p for the second decade (1993-2002) (b1), Tn10p for 

the third decade (2003-2012) (b2), Tn10p for the fourth decade (2013-2022) (b3). Tn90p for the 

second decade (1993-2002) (c1), Tn90p for the third decade (2003-2012) (c2), and Tn90p for the 

fourth decade (2013-2022) (c3). Tx10p for the second decade (1993-2002) (d1), Tx10p for the 
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third decade (2003-2012) (d2), and Tx10p for the fourth decade (2013-2022) (d3). Tx90p for the 

second decade (1993-2002) (e1), Tx90p for the third decade (2003-2012) (e2), and Tx90p for the 

fourth decade (2013-2022) (e3). Legend is common for each extreme temperature index for all 

decades. 

3.3.4 Variability in Temperatures and Extreme Indices 

Figure 3. 15 presents the spatial distributions of temporal variability of Tx, Tn, and T for JF, MAM, 

JJA, and SOND and the annual mean over Rwanda. In general, Tx represents the highest variability 

compared to Tn. Tx shows statistically significant high variability (1.4–1.6 °C) over the eastern 

and northwestern highlands in all seasons, except JJA. The two regions are important for the 

economy of the country as they constitute areas of intense agricultural activity. Tn country presents 

statistically significant high variability (1.2–1.4 °C) in the southwestern part of the country during 

all seasons, while it presents statistically significant high variability (1.0–1.2 °C) in the 

northeastern part of the country during JF and JJA seasons. The annual means of Tx and Tn 

indicate no statistically significant high value of variability is observed over the whole country. T 

shows that no statistically significant variability is observed for all seasons and the annual mean. 
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Figure 3. 15 Spatial variability of Tx, Tn, and T over Rwanda during the period of 1983–2022 

expressed in terms of standard deviation in °C. Tx for JF (a1), Tn for JF (a2), T for JF (a3), Tx for 

MAM (b1), Tn for MAM (b2), T for MAM (b3), Tx for JJA (c1), Tn for JJA (c2), T for JJA (c3), 

Tx for SOND (d1), Tn for SOND (d2), T for SOND (d3), mean annual Tx (e1), mean annual Tn 

(e2), and mean annual T (e3). 



110 

 

Figure 3. 16 presents the spatial variability of DTR, Tn10p, Tx10p, Tn90p, and Tx90p. DTR shows 

statistically significant high variability (1.25–1.75 °C) in the southwestern parts compared to the 

south-central eastern part and a few areas of the northern highland (0.75–1.25 °C), while the 

remaining parts of the country indicate the lowest variability (0.25–0.75 °C). Tn10p shows higher 

variability ([5–7] days) than Tx10p (2–3 days), Tn90p (4–5 days), and Tx90p (3–4 days), 

especially in the area covering the central, south-western, south-central, and northwestern parts of 

Rwanda. 

 

Figure 3. 16 Spatial variability expressed in terms of standard deviation for DTR (a) in °C/year, 

Tn10p (b); Tx10p (c); Tn90p (d); and Tx90p (e) in days/year over Rwanda during the period of 

1983–2022. Legend is common for Tn10p, Tn90p, Tx10p, and Tx90p. 

3.4 Projected changes in seasonal temperatures 

Figure 3 17 presents the spatial distribution of projected changes in seasonal mean maximum 

temperature for 2026-2060 and 2066-2100 period. For all seasons, maximum temperature is 

projected to increase throughout the century with more magnitude under RCP8.5 than RCP2.6 

emission scenarios. During JF, for the 2026-2060 period, under RCP2.6, a greater increase in Tx 

of ([2, 3] °C) is projected in the eastern and south-western areas of the country, while the remaining 

areas are expected to increase by ([1, 2] °C). Under RCP8.5, Tx is projected to increase by ([1, 2] 

°C) in the southern, south-eastern, and north-western areas, and by ([2, 3] °C) in other regions. For 

the 2066-2100 period, under RCP2.6, the north-eastern and south-western regions are projected to 
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increase by ([1, 2] °C), the south-central and northern highlands are projected to decrease ([-1, 0] 

°C), while the remaining areas are expected to increase by ([0, 1] °C). Under RCP8.5, Tx in the 

south-western and north-eastern areas is projected to increase by ([2, 3] °C), while the remaining 

areas are expected to increase by ([1, 2] °C). 

During MAM, for the 2026-2060 period, under RCP2.6, Tx is projected to increase by ([0, 1] °C) 

in the northern and south-western regions and decrease by ([-2, -1] °C) in the remaining areas. 

Under RCP8.5, it is projected to decrease by ([-1, 0] °C) in the south-central region and increase 

by ([0, 1] °C) in other areas. For the 2066-2100 period, under RCP2.6, Tx is projected to increase 

by ([0, 1] °C) in the northern and south-western regions and decrease by ([-1, 0] °C) in the 

remaining areas. Under RCP8.5, a projected increase of ([2, 3] °C) is expected in the northern and 

south-western regions, and an increase of ([1, 2] °C) in the remaining areas. 

For JJA, during the 2026-2060 period, under RCP2.6, Tx is projected to increase by ([2, 3] °C) in 

the north-western highlands and in the eastern parts of the country, while the remaining areas are 

expected to increase by ([1, 2] °C). Under RCP8.5, Tx is projected to increase by ([3, 4] °C) in 

some areas of the eastern and north-western regions, and by ([1, 2] °C) in other areas. For the 

2066-2100 period, under RCP2.6, Tx is projected to increase by ([2, 3] °C) in the north-western 

highlands and by ([1, 2] °C) in the remaining areas of the country, while under RCP8.5, it is 

expected to increase by ([3, 4] °C) across the entire country. 

During SOND, for the 2026-2060 period, under RCP2.6, Tx is projected to increase by ([0, 1] °C) 

across the entire country. Under RCP8.5, it is projected to increase by ([1, 2] °C) in the southern 

and northern highlands, and by ([0, 1] °C) in the remaining areas. For the 2066-2100 period, under 

RCP2.6, Tx is projected to decrease by ([-1, 0] °C) in the central and north-eastern regions, and 

increase by ([1, 2] °C) in the remaining areas. Under RCP8.5, Tx in the central and north-eastern 

regions is projected to increase by ([1, 2] °C), while in the remaining areas it is projected to increase 

by ([2, 3] °C). 
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Figure 3. 17:  Spatial distribution of projected changes seasonal mean maximum temperature (Tx) 

for January-February (JF, a1-a4), March-April-May (MAM, b1-b4), June-July-August (JJA, c1-c4) 

and September-October-November-December (SOND, d1-d4) for 2026-2060 and 2066-2100 

period.  

Figure 3 18 presents the spatial distribution of projected changes in seasonal mean minimum 

temperature for 2026-2060 and 2066-2100 period. For all seasons, minimum temperature is 
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projected to increase throughout the century, with larger increases expected under RCP8.5 

compared to RCP2.6. During JF, for the 2026-2060 period, under RCP2.6, a greater increase in Tn 

of ([3, 4] °C) is projected in the south-western, ([2, 3] °C) in the south-central, extreme northern 

highland and in few areas of the central while an increase of ([0, 1] °C) is projected in north-eastern 

and ([1, 2] °C) in remaining areas.  Under RCP8.5, Tn is projected to increase by ([1, 2] °C) in the 

north-eastern and by ([2, 3] °C) in other regions. For the 2066-2100 period, under RCP2.6, Tn in 

the north-eastern is projected to increase by ([0, 1] °C), in the south-central and western highlands 

by ([1, 2] °C), while the remaining areas are expected to increase by ([2, 3] °C). Under RCP8.5, 

Tn in the south-western and south-central areas is projected to increase by ([3, 4] °C), while the 

remaining areas are expected to increase by ([2, 3] °C). 

During MAM, for the 2026-2060 period, under RCP2.6, Tn is projected to increase by ([3, 4] °C) 

in the south-western, ([2, 3] °C) in the north-eastern and by ([1, 2] °C) in the remaining areas. 

Under RCP8.5, it is projected to increase ([3, 4] °C) in the south-western ([0, 1] °C) in the south-

eastern and by ([2, 3] °C) in other areas. For the 2066-2100 period, under RCP2.6, Tn is projected 

to increase by ([3, 4] °C) in the south-western, ([2, 3] °C) in the north-eastern and by ([1, 2] °C) 

in the remaining areas. Under RCP8.5, a projected increase of ([3, 4] °C) is expected in the north-

eastern and south-western and ([2, 3] °C) in the remaining areas. 

For JJA, during the 2026-2060 period, under RCP2.6, Tn is projected to increase by ([2, 3] °C) in 

the north-western highlands, south-western and north-eastern, by ([0, 1] °C) in south-eastern, while 

the remaining areas are expected to increase by ([1, 2] °C). Under RCP8.5, Tn is projected to 

increase by ([3, 4] °C) in some areas of the north-eastern, south-western and north-western regions, 

by ([1, 2] °C) in other south-eastern and by ([2, 3] °C) in other areas. For the 2066-2100 period, 

under RCP2.6, Tn is projected to increase by ([2, 3] °C) in the north-western highlands, north-

eastern and south-western, by ([0, 1] °C) in the south-eastern and by ([1, 2] °C) in the remaining 

areas of the country, while under RCP8.5, it is expected to increase by ([2, 3] °C) in the south-

eastern few areas of the northern and southern region and by ([3, 4] °C) in the remaining areas of 

the country. 

During SOND, for the 2026-2060 period, under RCP2.6, Tn is projected to increase by ([3, 4] °C) 

in south-western and by ([2, 3] °C) in remaining areas. Under RCP8.5, it is projected to increase 

by ([2, 3] °C) in the central and eastern regions and by ([3, 4] °C) in the remaining areas. For the 

2066-2100 period, Tn is projected to increase by ([3, 4] °C) in south-western and by ([2, 3] °C) in 
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remaining areas under RCP2.6. Under RCP8.5, it is projected to increase by ([2, 3] °C) in the 

central parts of the country and by ([3, 4] °C) in the remaining areas of the country.

 

Figure 3. 18:  Spatial distribution of projected changes seasonal mean minimum temperature (Tn) 

for January-February (JF, a1-a4), March-April-May (MAM, b1-b4), June-July-August (JJA, c1-c4) 

and September-October-November-December (SOND, d1-d4) for 2026-2060 and 2066-2100 

period.  
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Figure 3 19 presents the spatial distribution of projected changes in seasonal mean temperature for 

2026-2060 and 2066-2100 period. Mean temperatures are projected to rise in all seasons 

throughout the century, with greater increases anticipated under RCP8.5 than under RCP2.6. 

During JF, for the 2026-2060 period, under both RCP2.6 and RCP8.5, a greater increase in T of 

([2, 3] °C) is projected in the south-western, ([1, 2] °C) in remaining areas.  For the 2066-2100 

period, under RCP2.6, T in the south-eastern and few areas of the eastern is projected to increase 

by ([0, 1] °C), while the remaining areas are expected to increase by ([2, 3] °C). Under RCP8.5, T 

is projected to increase by ([3, 4] °C) country wide. During MAM, for the 2026-2060 period, T in 

the northern and south-western is projected to increase by ([1, 2] °C) under RCP2.6 and by ([2, 3] 

°C) under RCP8.5, while remaining areas are projected to experience an increase of ([0, 1] °C) 

under both RCP2.6 and RCP8.5.  For the 2066-2100 period, under RCP2.6, T is projected to 

increase by ([0, 1] °C) country wide while under RCP8.5, it is projected to increase by ([1, 2] °C) 

in south-eastern and by ([2, 3] °C) in the remaining areas. 

For JJA, during the 2026-2060 period, under RCP2.6, T is projected to increase by ([1, 2] °C) in 

the south-eastern and southern and by ([2, 2] °C) in the remaining areas of the country. Under 

RCP8.5, T is projected to increase by ([2, 3] °C) in some areas of the north-eastern, and north-

western and by ([1, 2] °C) in other areas. For the 2066-2100 period, under RCP2.6, T is projected 

to increase by ([1, 2] °C) in the north-western highlands and in north-eastern while in the remaining 

areas of the country, T is projected to increase by ([0, 1] °C), Under RCP8.5, it is expected to 

increase by ([3, 4] °C) in the south-western and northern regions and by ([1, 2] °C) in the remaining 

areas of the country. During SOND, for the 2026-2060 period, under both RCP2.6 and RCP8.5, T 

is projected to increase by ([2, 3] °C) in south-western and north-western and by ([1, 2] °C) in 

remaining areas. For the 2066-2100 period, T is projected to increase by ([2, 3] °C) in south-

western and by ([1, 2] °C) in remaining areas under RCP2.6. Under RCP8.5, it is projected to 

increase by ([3, 4] °C) in the south-western parts of the country and by ([2, 3] °C) in the remaining 

areas of the country. 
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Figure 3. 19:  Spatial distribution of projected changes seasonal mean temperature (T) for January-

February (JF, a1-a4), March-April-May (MAM, b1-b4), June-July-August (JJA, c1-c4) and 

September-October-November-December (SOND, d1-d4) for 2026-2060 and 2066-2100 period.  
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Figure 3 20 presents the country averaged observed and projected seasonal maximum temperature 

changes for over Rwanda. For JF season, maximum temperature increase is expected under 

RCP8.5 than under RCP2.6. Under RCP2.6, an increase of 0.5 to 1.5 °C is expected for 2026-2066 

period while a slight increase by 0.5 to 1°C is expected during 2066-2100 period. Under RCP8.5, 

temperature is expected to increase by about 0.5 to 2°C for the 2026-2060 period and about 2.5 to 

4.5 °C during the period 2066-2100. For MAM season, an increase of 1 to 1.5°C is expected under 

RCP2.6 and 1.5 to 2.5 °C under RCP8.5 during the period 2026-2060. Moving towards the end of 

the century (2066-2100), temperature is expected to reduce by 0.5 to 1°C under RCP2.6 while 

under RCP8.5, it is expected to rise by 3.5-4°C. For JJA season, temperature is expected to increase 

by 1 to 3°C under RCP2.6 and 2 to 3.5°C under RCP8.5 during 2026-2060 period. During 2066-

2100 period, an increase of 1.5 to 2.5 is projected under RCP2.6 and 3-5°C under RCP8.5. For 

SOND season, an increase of 0.5 to 1.5°C is expected under RCP2.6 and 1-2°C under RCP8.5 

during 2026-2060 period. Towards the end of the century (2066-2100), a projected increase by 1 

to 2.5°C is expected under RCP2.6 and 2.5 to 4°C under RCP8.5.   

 

Figure 3. 20:  The country averaged observed and projected maximum temperature changes for 

January-February (JF), March-April-May (MAM), June-July-August (JJA) and September-

October-November-December (SOND) over Rwanda for 1983-2100 period.  

Figure 3 21 presents the country averaged observed and projected seasonal maximum temperature 

changes for over Rwanda. For JF season, minimum temperature is expected to increase under 
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RCP8.5 than under RCP2.6. During 2026-2060 period, increase of 1.5 to 2.5 °C is expected under 

RCP2.6 and 2.5 to 4°C under RCP8.5. During 2066-2100 period, a projected increase of 1.5 to 

2.5°C is expected under RCP2.6 and 3 to 4°C under RCP8.5. For MAM season, an increase of 1.5 

to 2.5°C is expected under RCP2.6 and 2 to 3.5 °C under RCP8.5 during the period 2026-2060. 

During 2066-2100 period, a projected increase by 1.5-2.5°C is expected under RCP2.6 while under 

RCP8.5, it is expected to rise by 3 to 4°C. For JJA season, temperature is expected to increase by 

1.5 to 2.5°C under RCP2.6 and 2 to 3.5°C under RCP8.5 during 2026-2060 period. During 2066-

2100 period, an increase of 1.5 to 2.5 is projected under RCP2.6 and 3 to 4°C under RCP8.5. For 

SOND season, an increase of 2.5 to 3°C is expected under RCP2.6 and 3 to 4°C under RCP8.5 

during 2026-2060 period. During 2066-2100 period, a projected increase by 2 to 3°C is expected 

under RCP2.6 and 3 to 4°C under RCP8.5.   

 

Figure 3. 21:  The country averaged observed and projected minimum temperature changes for 

January-February (JF), March-April-May (MAM), June-July-August (JJA) and September-

October-November-December (SOND) over Rwanda for 1983-2100 period.  

Figure 3 22 presents the country averaged observed and projected seasonal mean temperature 

changes for over Rwanda.  For JF season, minimum temperature is expected to increase under 

RCP8.5 than under RCP2.6. During 2026-2060 period, increase of 1 to 2 °C is expected under 

RCP2.6 1.5 to 2.5°C under RCP8.5. During 2066-2100 period, a projected increase of 1 to 1.5°C 

is expected under RCP2.6 and 3 to 4°C under RCP8.5. For MAM season, an increase of 0.5 to 

1.5°C is expected under RCP2.6 and 1.5 to 2.5 °C under RCP8.5 during the period 2026-2060. 

During 2066-2100 period, a projected increase by 1 to 1.5°C is expected under RCP2.6 while 
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under RCP8.5, it is expected to rise by 3 to 5°C. For JJA season, temperature is expected to increase 

by 1.5 to 2°C under RCP2.6 and 2 to 3.5°C under RCP8.5 during 2026-2060 period. During 2066-

2100 period, an increase of 1.5 to 2.5 is projected under RCP2.6 and 3 to 4°C under RCP8.5. For 

SOND season, an increase of 1 to 2°C is expected under RCP2.6 and 1.5 to 2.5°C under RCP8.5 

during 2026-2060 period. During 2066-2100 period, a projected increase by 1 to 2°C is expected 

under RCP2.6 and 3 to 4°C under RCP8.5.   

 

Figure 3. 22:  The country averaged observed and projected mean temperature changes for 

January-February (JF), March-April-May (MAM), June-July-August (JJA) and September-

October-November-December (SOND) over Rwanda for 1983-2100 period.  

3.5 Discussion  

Overall, temperatures decrease gradually with topography from the eastern to the western parts of 

the country in all seasons. Variations in temperature are primarily due to changes in cloud cover, 

rainfall, humidity, and winds. Temperatures follow the annual seasonal cycle. The difference in 

temperature between day and night is the maximum during JF and JJA and the minimum during 

MAM and SOND. The seasons of MAM and SOND correspond to the periods of crop growth. 

During those periods, statistically significant high positive trends of T were observed over some 

areas of great agricultural activity. Such an increase in T can affect crop production in the affected 

area by altering plant respiration rates and responses to biotic stressors (Das et al., 2022). 

Some studies have associated the higher rate of Tn compared to that of Tx with soil conditions, 

radiative cooling, and surface layer stability during the night (Ahmed et al., 2017; Chechin et al., 
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2019). The warming of surface temperature was linked to human-induced Greenhouse Gases 

(Weber and Englund, 1992; Weber and Englund, 1994; Allabakash and Lim, 2022; Setianto and 

Triandini, 2015; Lu et al., 2022). In East Africa, the variability of temperature is in general 

associated with natural internal variability such as the El Nino Southern Oscillation as well as the 

Inter-decadal Pacific Oscillation (Gu and Adler, 2013; Lyon, 2014; Dai, 2016). In particular, the 

increased surface air temperature has led to the recently observed extreme dry events in the years 

of 2016 and 2017 over Rwanda. Rising temperatures may lead to increased evapotranspiration 

levels (Bunyasi, 2012; Machina and Sharma, 2017), impacting the water resources by decreasing 

water discharge, resulting in reduced hydropower generation (Kachaje et al., 2016). In addition, it 

may intensify the drought conditions, leading to severe impacts on agricultural activities 

(Uwimbabazi et al., 2022). The observed strong variability of temperature over the eastern and 

northwestern highlands of Rwanda has negatively impacted the economy of the country as they 

constitute areas of intense agricultural activity (Hunter et al., 2020). 

Extreme temperature indices were found to be not coherent. The results obtained from country 

averages are in line with previous studies conducted over the East Africa region with the exception 

of Tx10p, which increases in Rwanda instead of decreasing (Ngaina and Mutai, 2013; Omondi et 

al., 2014; Mekasha et al., 2014; Kachaje et al., 2016; Owoyesigire et al., 2016; Chang’a et al., 

2017; Gebrechorkos, 2018; East Africa Hazards Watch, 2023). The decrease in DTR has been 

observed in many parts of the world and was shown to be mainly related to the increase in Tn 

(Easterling et al., 1997; Vose et al., 2005). The changes in extreme temperature indices have been 

associated with the variation in convective rainfall events, cloud cover, increase in minimum 

temperature, or decrease in maximum temperature (Camberlin, 2017; DIKE et al., 2019; (Zhou et 

al., 2009). Several studies have revealed that the increase in DTR may affect human health by 

causing cardiovascular diseases and chronicle respiratory, resulting in low and high respiratory 

infections (King’uyu et al., 2000; Lim et al., 2012; Wang et al., 2013; Cheng et al., 2014; Carreras 

et al., 2015; Zheng et al., 2016; Wang et al., 2020; Jang and Chun, 2021).  Zhou et al, (2004)  and 

Meinshausen et al., (2009)  have related changes in cold nights, cold days, warm nights, and warm 

days to climate change brought by human activities, including urbanization and industrialization, 

producing greenhouse gases (Hu et al., 2015; Marigi et al., 2016; Chen and Dirmeyer, 2020; Lu et 

al., 2021). The increase in warm nights, cold days, and warm days affects crop growth (Mekasha 

et al., 2014; Leng et al., 2015; Sheffield et al., 2012) and can influence the development and 
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outbreak of new crop diseases (Jang and Chun, 2021). Jang and Chun  Jang and Chun (2020) have 

indicated that the rise in warm nights and warm days could induce significant impacts on sectors 

such as the energy necessitating high water for cooling, water supply by increasing freshwater 

need, and transportation by distortion of roads. The increase in temperature and drying conditions 

have resulted in increased drought in many places of the Earth (Khodzhimetov, 1997; Agutu et al., 

2017; Mutsotso et al., 2018; REMA, 2019; Polong et al., 2019; Kew et al., 2021; IPCC, 2021; 

Yannick and Randriamarolaza, 2023). During the last years, East Africa has experienced more 

recurrent, intense, and longer-lasting drought events  (Russo et al., 2016; Agutu et al., 2017; Herold 

et al., 2017; Nashwan and Shahid, 2019; Gebrechorkos et al., 2019; Ayugi et al., 2020; Choi et al., 

2023), causing damage to infrastructure, water scarcity, drying of crops, famine, and food 

insecurity, leading to the frequent migrations of populations (Abebe, 2014; Ayugi et al., 2020; 

Mueller et al., 2020; Doherty et al., 2022; Bannor et al., 2023). Recent observations have indicated 

that the eastern and southeastern parts of Rwanda have been experiencing rainfall deficits, 

resulting in severe droughts alternated by prolonged moderated drought. This made those areas 

vulnerable to water inaccessibility and food insecurity (Lydie, 2016; Ayugi et al., 2020; 

Uwimbabazi et al., 2022). 

This study analyzed the trends and variability in the maximum, minimum, and mean temperatures 

and their associated extreme indices, as they have an impact on important key sectors of the 

economy such as agriculture, health, water resources, infrastructure, and energy. Another method 

of investigation recently developed can be used for comparison, such as the Innovative Trend 

Analysis methodology (Alashan, 2020; Birpınar et al., 2023). The results obtained will be useful 

in future studies to make a quantitative analysis of the effects of these trends and variables on these 

sectors. The obtained information will be useful in helping policy makers and decision makers 

integrate appropriate factors, taking into account mitigation and adaptation to climate change in 

planning for all sectorial levels. 

3.6  Conclusion 

In this present study, an analysis of the trends and variabilities of the maximum, minimum, and 

mean temperatures and their associated extreme indices was performed using the Modified Mann–

Kendall test and the Theil-Sen estimator and the standard deviation, respectively. Statistically 

significant (α = 0.05) positive trends were observed for spatially averaged minimum temperature 
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in JJA and SOND and for spatially averaged mean temperature in SOND. The maximum 

temperature presented higher variability than the minimum temperature and mean temperature 

countrywide. Diurnal temperature range and cold nights indicated a statistically significant (α = 

0.05) decrease over the country, while warm days, cold days, and warm nights showed a 

statistically significant (α = 0.05). The diurnal temperature range showed a statistically significant 

(α = 0.05) high variability in the southwestern parts compared to the remaining parts of the country. 

Cold nights show higher variability than cold days, warm nights, and warm days, especially in the 

area covering the central, south-western, south-central parts, and the northwestern part of Rwanda. 

These obtained results will be useful in future studies to make a quantitative analysis of the effects 

of these trends and variabilities on those sectors. They will serve to inform the community and 

policy decision making to take objective measures to prevent the impact of temperature increase 

and its variability on important economic sectors. 

Some future directions of research can be mentioned: (i) investigate changes using other methods, 

i.e., Innovative Trend Analysis methodology recently developed (Alashan, 2020; Birpınar et al., 

2023) for comparison and (ii) recognize that drought is another effect of climate change in Rwanda. 

Some studies have recently been conducted on the East African region to determine the variability 

and trends in factors related to drought (Lobell and Field, 2007; Christiansen et al., 2011; Pita-

Díaz and Ortega-Gaucin, 2020). Further studies are still needed to investigate those factors to 

understand the effect of climate warming. 
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Chapter 4 Rainfall variability and trends over Rwanda 

This Chapter reproduces the content of our published paper 

(https://doi.org/10.20987/jccs.04.06.2022). 

4.1 Introduction 

Bimodal rainfall patterns occur across the majority of East Africa, including Rwanda. (Mutai and 

Neil, 2000; Schreck and Semazzi, 2004; Ilunga; Muhire, 2010). Many countries in African rely on 

seasonal rainfall for domestic and agricultural purposes (Challinor et al., 2007). Variability in 

rainfall has an impact on agricultural productivity, which changes crop productivity (Mahmudul 

et al, 2011; Ochieng et al., 2016). Since the economy of Sub-Saharan African (SSA) countries is 

hinged on the agricultural sector, rainfall variability will have various effects on farming activities 

and other socio-economic that contribute to the development of the country. Precipitation patterns 

over East Africa region are largely controlled by the movement of the Inter-Tropical Convergence 

Zone (ITCZ) (Okoola, 1999), Sea Surface Temperature (SST), the convergence of Saint Helena 

Anticyclones from the South Atlantic Ocean and Mascarene Anticyclones from the Indian Ocean 

(Indeje et al., 2000; Ilunga et al., 2004; Kizza et al., 2009; Gitau et al., 2013).  

Over East Africa EL-Niño enhances the probability of being unusually wet during the short rains 

while the long rains remain largely unaffected (Indeje et al., 2000; Nicholson et al., 2001; Schreck 

and Semazzi, 2004; Hastenrath and Polzin, 2004; Ilunga and Muhire, 2010; Muhire et al., 2015). 

The positive (negative) phases of the Indian Ocean dipole (IOD) results in an increased (decreased) 

rainfall over the EA with a strong connection during El Niño/La Niña years (Owiti, 2008). The EA 

rainfall variability is also linked with the Madden-Julian Oscillation (MJO) with a higher 

association to the west of the region (Peter. et al., 2008). Research findings have indicated that 

rainfall in the EA is characterized by immense rainfall variation over short distances. Annual mean 

rainfall over most parts of the EA ranges between 800 and 1200mm in wet seasons (Nicholson, 

2017) even though some areas can receive much more rainfall due to highlands particularly in the 

western and northern parts of the region. In sub-Saharan Africa during the past few decades, smart 

agriculture has become more prevalent, especially in regions where literature suggests that climatic 

variability and change will have an impact on agricultural productivity and food security in the 

absence of adequate interventions. (Zougmoré et al., 2018).  

https://doi.org/10.20987/jccs.04.06.2022
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Several researches have been made with aim of understanding the behaviour and trend of rainfall 

in Rwanda.  The use of limited data was demonstrated by many researchers (Henninger, 2013; 

Muhire and Ahmed, 2014; Muhire et al., 2015a; Muhire et al., 2015b; Mohammed et al., 2016; 

Ntirenganya 2018). In the recent past, the study to understand the climatology of Rwanda has been 

made using gridded data (Asher et al., 2019); however, rainfall variability and its associated trend 

was not a subject of this study. Recent research by Kazora et al., (2021) attempted to understand 

the behavior of rainfall and associated circulation anomalies using Climate Hazards Category 

Infrared Precipitation with Stations (CHIRPS) rainfall data. It is important to understand the 

rainfall variability and associated trends in Rwanda using a high quality and complete dataset. This 

study aims at identifying the nature of rainfall variability over Rwanda on seasonal and annual 

timescale by assessing the spatial and temporal characteristics in the historical rainfall to depict its 

current variability and trends in the country. The findings from the study will inform decision-

makers and policy-makers of the necessity to integrate climate variability and climate change 

information into developing policies and to formulate strategies that support different economic 

sectors such as industries, services and agriculture among others. 

4.2  Materials and Methods 

4.2.1 Study Area 

Rwanda, is known as land of thousand hills, landlocked country located in East Africa, between 

1°4′ and 2°51′ South; 28°53′ and 30°53′ east and covers an area of 26,338 km2. Rwanda is bordered 

by Tanzania to the East, Uganda to the North, Democratic Republic of Congo to the West, and 

Burundi to the South (Figure 4. 1). Diverse climate patterns characterizing the country into 

complex topographical features. These include the highland areas located in the northwest and 

successive hills and valleys over the central plateau while the low land areas are the dominant 

features over the eastern parts of the country. The Crest Congo Nile delineates the western 

highlands and the central plateau while several mountains predominately occupy the northern 

region of the country. Due to the complex topography, mean annual rainfall varies geographically 

across the country (Ntwali et al., 2016) with the south-western and north-western highland areas 

of the country receiving high amount of rainfall while the eastern region receives a low amount of 

rainfall (Ilunga and Muhire, 2010; Ntwali et al., 2016). Rwanda experiences two major rainy 
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seasons in a year, March to May (MAM) rainy season (locally referred to as ‘Itumba’) and 

September to December (SOND) rainy season (‘Umuhindo’ in local term). A short dry season 

(commonly known as ‘Urugaryi’) occurs from January to February (JF) while and a long dry 

season (kwown as ‘Impeshyi’ in local language) extends from June to August (JJA) (Muhire et al., 

2015a; Siebert et al., 2019) with the two monthly rainfall peaks being April and November for 

MAM and SOND rainy seasons respectively (Ntwali et al., 2016; Muhire et al., 2015b). 

Rwanda exhibits six climatic zones from eastern to western parts of the country based on annual 

rainfall and temperature distribution. The dry and hot lowland climate zone extending from the 

east of the Southern Province to the Eastern Province of the country. The temperate climate zone 

of the central highlands with an elevation increasing from east to west, and a less temperature 

fluctuation separating the southern Rwanda humid mountain climate zone situated south of the 

Congo-Nile watershed extending to the Volcano National Park in the northern region of the 

country with the northern mountain ranges exhibiting mountainous climatic zone. The fifth 

climatic zone is the Lake Kivu sea climate zone extending from Rubavu to Bugarama in the 

southern parts of Lake Kivu and the last is the Kigali urban climate (Henninger, 2013). Large scale 

systems that influence the climate of Rwanda, include dry Saint Helena and Azores anticyclones. 

These systems influence drie conditions over the country during June to August (Ilunga et al., 

2004; Ilunga et al., 2008; Kizza et al., 2009). The ITCZ movement southwards, passing over the 

trough of Lake Victoria and Congo Air mass enhances the rain over Rwanda, before reaching its 

southernmost location by the end of November. During the short dry season (December to 

February), northern winter monsoon pushes dry and cold air masses from the Arabian Sea over 

Lake Victoria and induces little rainfall in the highland regions of the country (Ilunga et al., 2004; 

Kizza et al., 2009). The mean rainfall significantly reduces when topography reduces (Ntwali et 

al., 2016). 
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Figure 4. 1 Geographical location of Rwanda, topographic features and the meteorological station 

location 

1.1.2 Data 

The daily gridded rainfall dataset which was accumulated to monthly, seasonal and annual total 

were obtained from Rwanda Meteorology Agency (Meteo Rwanda) with a spatial resolution 

0.0375 degrees (~ 4km) for the period of 1981 and 2017. Twelve synoptic stations were chosen 

for the graphical analysis and seventy-two climatological stations were added to the synoptic 

stations for spatial analysis. The generation of the gridded dataset improves the accessibility of 

meteorological data in areas with no or sparse observation resulting from silent weather stations 

especially during periods of political instability and recovery.  This dataset was generated by 

merging quality-controlled observed data with satellite rainfall estimates data from Tropical 

Applications of Meteorology using SATellite (TAMSAT). More information on the generation of 

the dataset is found in (Siebert et al., 2019). 

4.2.3 Methods 

Methods of spatial and temporal analysis were employed to evaluate the degree of rainfall 

variability and its related trend over Rwanda. A graphical method was used to analyse the temporal 

variability of rainfall. This method's benefit is that it enables immediate visual examination of 

whether a trend is present in each time series. Mann–Kendall (MK), a nonparametric rank-based 
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test was employed under this study to test the statistical significance of the observed trends where 

positive values show an upward slope while a downward slope is indicated by a negative value 

(Safari, 2012; Nsubuga et al., 2014; Ongoma et al., 2017).  

𝑆 = ∑ ∑ 𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖)
𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1           (1) 

In equation (1) 𝑠𝑔𝑛 is the sign function and 𝑥𝑖 and  𝑥𝑗 are the sequential data values 𝑛 is the number 

of data points. 𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖) = {

1       if 𝑥𝑖 − 𝑥𝑗 > 0,

0       if 𝑥𝑖 − 𝑥𝑗 = 0,

−1    if 𝑥𝑖 − 𝑥𝑗 < 0.

                  (2) 

Under the null hypothesis if no trend, the statistic in (2) follows an approximately normal 

distribution with mean zero and variance. 

𝜎𝑆
2 =

𝑛(𝑛−1)(2𝑛+5)−∑ 𝑡𝑘(𝑡𝑘−1)(2𝑡𝑘+5)
𝑚
𝑘=1

18
       (3) 

In equation (3) 𝑚 𝑖𝑠 the number of is tied groups and 𝑡𝑘is the number of data points in the group 𝑘. 

When the sample size 𝑛 ≥ 10, the statistical test 𝑍 is computed using equation (4) 

𝑍 =

{
 

 
𝑆−1

σS
       if 𝑆 > 0,

0               if  𝑆 = 0,
𝑆+1

σS
      if 𝑆 < 0.

                           (4)      

To compute the change magnitude in rainfall, the Theil–Sen’s slope estimator (Theil, 1950 and 

Sen, 1968) was employed at 95% significance level.  

𝑇𝑖 =
(𝑥𝑘−𝑥𝑗)

𝑗−𝑘
 ,   𝑗 ≠ 𝑘,                                (5)      

From equation (5), 𝑥𝑗 and 𝑥𝑘 are the data values for 𝑗 and 𝑘 times of a period(𝑗 > 𝑘). For a time 

series 𝑥 having observations, there is a possible 𝑁 = 𝑛 (𝑛 − 1) 2⁄  values of 𝑇𝑖 that can be 

computed.  According to Sen’s method, slope estimator 𝑄𝑖 is thus the median of these 𝑁 values of 

𝑇𝑖.  

𝑄𝑖 = {

𝑇(𝑁+1)/2                    𝑓𝑜𝑟 𝑁 𝑜𝑑𝑑 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠

1

2
(𝑇𝑁/2 + 𝑇(𝑁+1)/2)  𝑓𝑜𝑟 𝑁 𝑒𝑣𝑒𝑛 𝑜𝑏𝑒𝑠𝑣𝑎𝑡𝑖𝑜𝑛𝑠.

 

The examination of spatial variability of rainfall at annual and seasonal timescale was done by 

using the coefficient of variation (CV) which measures the degree of variability in a dataset. The 

results from seasonal mean rainfall distribution, trend magnitude and coefficient of variation were 
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presented spatially using ArcGIS that provided spatial maps, thus these methods enabled us to 

understand how rainfall varies spatially across the country. 

4.3 Results 

4.3.1 Rainfall distribution 

The climatological distribution of monthly, seasonal and annual mean rainfall over Rwanda were 

analysed to understand the spatial distribution and their corresponding patterns over the country. 

The distribution in monthly mean rainfall shows that rainfall over Rwanda follows a bimodal 

pattern with MAM and SOND being the rainy seasons. It is also clear that JJA is the long dry 

season while from JF is a short dry season. On a monthly basis, rainfall is observed over Rwanda 

through the year which may be an indication of a potential for activities relying on rainfall for their 

performance (Figure 4. 2). 

 

Figure 4. 2 A box-and-whiskers plot showing the amount of rain each month over Rwanda (1981-

2010). Data from the second and third quartiles are shown as boxes. First and fourth quartiles are 

shown by whiskers. The median value for each month is shown by the red line. 

The mean rainfall distribution presented in Figure 4. 3 indicated a non-homogeneous pattern over 

different regions of the country. During MAM, analysis of rainfall distribution shows a low amount 

of rainfall over the eastern parts of the country (Kirehe, Ngoma and Kayonza, eastern part of 

Bugesera, southern of Rwamagana, southern parts of Gatsibo district extending to the central parts 

and southern parts of Kigali City) increasing towards the north-eastern parts of the country over 

the central and northern parts of Gatsibo and Nyagatare districts,  along the central parts of the 

country and the areas bordering Lake Kivu in the western parts of the country. The highland region 
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in the areas surrounding the Crest Congo Nile extending to the Nyungwe National Park and the 

surrounding areas (Nyamagabe and Nyaruguru Districts) of the southern province, Volcano 

National Park, , north-western region in the areas of Ngororero, Nyabihu and Rutsiro districts 

surrounding Gishwati National Park and over northern parts (Gicumbi, Burera, Gakenke and 

Musanze districts) revealed higher amount of rainfall which may be attributed mainly to the 

influence of the topography. 

 

Figure 4. 3 Rwanda's rainfall distribution in space from March to May (left), September to 

December (center) and mean yearly rainfall (right) from 1981-2017. 

The mean rainfall distribution during SOND rainy season showed higher amount of rainfall in the 

south-western parts (areas around Kamembe extending to Nyungwe National Park, Nyamagabe 

and Nyaruguru) areas bordering Lake Kivu except the areas over Gisenyi-Aero and north-western 

Rutsiro, the highland region along Crest Congo Nile, Volcano National Park and northern 

highlands of Burera, Musanze, Gakenke and Ngororero extending to the north-western highland 

of Muhanga district. A lower amount of rainfall was obtained over the eastern parts of the country 

(Kirehe, Ngoma and Kayonza, Eastern part of Bugesera, Akagera National Park and north-eastern 

parts of Gisagara district increasing towards western of Rwamagana, central and north-western 

Bugesera, Gatsibo and Nyagatare district extending to the Central plateau (Kigali City and central 

part of the southern region) (Figure 4. 3). The spatial distribution of annual mean rainfall shows a 

low rainfall in the eastern lowlands (Kirehe, Kayonza, areas around Akagera National Park and 

the south-eastern parts of Gatsibo District) increasing towards the central, north-eastern and central 

plateau. Higher rainfall was observed over the south-western parts of the southern region in the 
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areas surrounding Nyungwe National Park extending along the western, northern and north-

western highlands of the country. Highland region along Crest Congo Nile extending to the 

Nyungwe National Park, Volcano National Park, south-western parts (Rubona, Nyamagabe and 

Kamembe), areas over north-western parts (Gakenke, Gicumbi, Burera and Musanze districts) 

areas received a high amount of rainfall reducing towards the central parts of the country (Figure 

4. 3).  

4.3.2 Rainfall variability 

The coefficient of variation during the MAM showed that the areas to the extreme eastern region 

of the country (Kirehe district), the central region (northern Rwamagana extending to south-

western of Gatsibo bordering southern Gicumbi and the south-eastern parts of the southern region 

of the country (Huye and Gisagara) exhibited more pronounce rainfall variability indicating less 

reliability to rainfall over the area. The central and north-eastern parts of the eastern areas 

extending to the central region of the country (Kigali city, Kamonyi, Ruhango Nyanza, southern 

region of Muhanga) registered a less pronounced variability while the south-western and northern 

highland areas of the country showed less variability (high reliability) during MAM rainfall season 

(Figure 4. 4). During the SOND season, a more pronounced variability in rainfall was observed in 

the areas of south-eastern parts of the dry and hot lowland climate zone (Kirehe District). A 

considerable magnitude of rainfall variability was registered over Kigali City, the central-eastern 

parts towards the areas around Akagera National Park and the extreme South-eastern parts of the 

southern region reducing towards the north-eastern parts and the central areas of the southern 

region. The western region in the areas bordering Lake Kivu and Nyungwe National Park 

extending to the northern highland and the areas around the Volcano National Park revealed a 

lower variability in rainfall (Figure 4. 4). Spatial distribution of the annual coefficient of variation 

indicated a higher rainfall variation over Kigali City, the central-eastern part (Rwamagana, 

Gatsibo, northern Kayonza and southern part of Nyagatare) reducing towards the southern and 

extreme northern parts of the eastern region and the south-eastern extending to the central parts of 

the Southern province of the country. The lower annual rainfall variation over the western parts of 

the country in the areas bordering Lake Kivu extending to the highland areas of the country in the 

areas bordering Nyungwe National Park, Crest Congo Nile and the Volcano National Park areas 

over the northern and north-western highland of the country was observed (Figure 4. 4). The spatial 

distribution in seasonal and annual mean rainfall results indicated that the western and the northern 
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highlands receive higher amounts of rainfall reducing towards the central and low amount of 

rainfall over the low land thus confirming the results of (Ntwali et al., 2016). 

 

Figure 4. 4 Rwanda's rainfall variability distribution in space from March to May (left), 

September to December (center) and yearly rainfall variability (right) from 1981-2017. 

4.3.3 Trend analysis  

The temporal variability results obtained using graphical and statistical methods indicated non-

homogeneous characteristics during the annual and the seasonal time scale. The corresponding 

slope and significance test results are presented in the sub-section below. The graphical trend 

results indicated a decreasing trend during the MAM season for the twelve stations (Figure 4. 5). 

During the SOND season, five stations out of twelve registered a decreasing trend while seven 

stations out of twelve indicated an increasing trend (Figure 4. 6). On an annual timescale, only 

three out of twelve stations namely Kawangire, Nyagatare and Gisenyi-Aero revealed an 

increasing trend while the rest of the stations had decreasing trends (Figure 4. 7). The trend results 

obtained using the statistical method indicated a non-homogeneity during both the annual and 

seasonal time scales. The results from most stations revealed that the MAM season has decreasing 

rainfall trends except Nyagatare station which indicated a non-significant increase. The eleven 

stations with decreasing trends included Kigali-Aero located in Kigali City, Byimana, Rubona-

Colline and Gikongoro Met located in the southern parts. In the northern areas, the stations of 

Ruhengeri-Aero and Byumba registered decreasing trends. The stations located in the Eastern 

Province showed decreasing trends over Kawangire and Kibungo-Kazo respectively. The stations 

located in the Western region (Kamembe-Aero, Gisenyi-Aero and Rubengera) show a decrease of 
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3.3 mm year-1, 1.3 mm year-1 and 1.8 mm year-1 corresponding to 5.7%, 15.5% and 5.8% 

respectively. During the SOND rainy season, a significant increasing trend of 3.1 mm year-1 

corresponding to 4.3% was revealed over Gisenyi-Aero station located in the Western region. 

Other stations located in Western (Kamembe-Aero and Rubengera), Kigali City (Kanombe-Aero), 

northern areas (Ruhengeri-Aero) and North-eastern parts of the country (Nyagatare) had non-

significant decreasing trends. Non-significant increasing trends were observed over stations 

located in the southern parts of the country (Byimana, Rubona-Colline and Gikongoro Met). The 

same was observed for stations located over eastern parts (Kawangire and Kibungo-Kazo stations) 

and northern parts (Byumba station). 

On the annual timescale, three stations out of twelve stations namely Kawangire and Nyagatare 

located in the eastern region as well as Gisenyi-Aero located in north-western parts of the country 

revealed non-significant increasing trends.  A significant decreasing trend was observed over the 

south-western parts (Kamembe-Aero) of 9.1 mm year-1 corresponding to -6.7%. Out of twelve 

stations, eight stations registered a non-significant decreasing trend. The stations located in the 

Southern Province (Byimana, Rubona-Colline and Gikongoro-Met) registered decreasing trends. 

Over the northern parts (Byumba Met and Ruhengeri-Aero stations) also revealed decreasing 

trends. In the eastern parts, a decreasing trend of 1.6 mm year-1 corresponding to 4.2% was 

observed over Kibungo-Kazo station as well as Kigali-Aero station located in Kigali city which 

revealed a negative slope of 4 mm year-1 corresponding to 6.7% (Table 4. 1). 
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Figure 4. 5 Temporal variability and trends of March to May seasonal rainfall over selected 

stations in Rwanda (1981-2017).  
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Figure 4. 6 Temporal variability and trends of September to December seasonal rainfall over 

selected stations in Rwanda (1981-2017).  
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Figure 4. 7 Temporal variability and linear trends of annual rainfall over selected stations in 

Rwanda (1981-2017) 

Table 4. 1 Statistical characteristics of rainfall for the 12 stations for March-April- May (MAM) 

and September-October-November- December (SOND) where, CV (coefficient of variation),  Z ( 

Mann Kendal trend, (-) decreasing and (+) increasing), S (significance of trend at 90% (+) and at 

95% (*)), Q (Sen’s slope, mm year-1), and T ( trend, %/year) in the period 1981 to 2017 over 

Byimana (BMN), Byumba Met (BYM), Kamembe-Aero (KMB), Kigali-Aero (KGL), Kawangire 

(KGR), Ruhengeri-Aero (RHR), Kibungo-Kazo (KNK), Nyagatare(NGT), Gikongoro-

Met(GRM), Gisenyi-Aero (GSN), Rubengera(RGR) and Rubona-Colline (RNC) respectively. 

Time Station BYN BYM KMB KGL KGR RHR KNK NGT GRM GSN RGR RNC 

Annual 

Mean 1222 1082 1336 1115 878 1332 1063 1014 1395 1168 1319 1132 

CV 24 24 20 27 28 20 25 26 20 21 20 25 

Tre

nd 

Z - -  - + - - + - + - - 

S     *                  

Q -3.7 -0.8 -9.1 -4 2.4 -1.9 -1.6 1.3 -1.2 3.2 -1.9 -2.1 
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T -3.1 -8.5 -6.7 -6.7 8.5 -10.1 -4.2 6.5 -3.7 3.6 -1.8 -1.3 

MAM 

Mean 472 441 408 327 335 478 363 382 515 386 453 497 

CV 31 28 23 32 29 23 27 30 26 28 27 33 

Tre

nd 

Z - - - - - - - - - - - - 

S             *     +    

Q -3.4 -0.3 -3.3 -1.9 -1 -0.9 -3.5 0.5 -0.7 -1.3 -1.8 -2.6 

T -9.7 -19.8 -5.7 

-

13.4 -31.1 -17.7 -9.8 3.2 0.3 

-

15.5 -5.8 
0.7 

SOND 

Mean 466 426 617 499 373 558 350 432 545 480 561 445 

CV 31 25 20 32 32 18 32 30 25 20 24    29 

Tre

nd 

Z + + - - + - + - + + - + 

S                   *     

Q 1.22 0.17 -2.41 

-

1.97 1.51 -0.21 1.48 -0.2 0.61 3.1 -0.5 0.48 

T 9.9 1.5 -17.4 

-

23.9 16 -8.8 12 -12 2.2 4.3 -8.2 1.4 

 

The spatial rainfall trend during the MAM showed a decline in the South-eastern region extending 

to the central parts and Kigali City. The areas of the south-western bordering Lake Kivu and 

Nyungwe National Park revealed an increasing trend reducing towards the southern region in the 

areas along Crest Congo Nile extending to the northern highlands and north-western region of the 

country (Figure 4. 6).  A decreasing rainfall trend during the SOND season was revealed over 

Kigali City and the north-eastern region in the areas of the Nyagatare district extending to the 

northern parts of the country surrounding the Volcano National Park increasing in the Western and 

Southern areas with a peak increasing in the areas around Lake Kivu extending to the lowland of 

Bugarama (Figure 4. 6). On the annual time scale, a decreasing trend over the southern side of the 

Eastern province, the central plateau extending to the northern highlands towards the areas of the 

Volcano National Park increasing to the central and south-western parts of the western region 

bordering the Lake Kivu areas and the south-eastern areas of the Southern region of the country 

was indicated on an annual basis. The areas around Nyungwe National Park, the central and north-

eastern parts of eastern region extending to the Akagera National Park registered an increase in 

trend (Figure 4. 6). The spatial trend analysis indicated a decreasing trend over Kigali City and the 

central parts during both annual and seasonal timescales extending to the eastern, southern and 

North-western parts with an increasing trend over the south-western parts during the long rain and 

through the year. The results obtained for the long rain season confirmed the results obtained by 
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(Nahayo et al., 2018; Sebaziga et al., 2020) while the results obtained during the short rain season 

and through the year contradicted the results of (Ntirenganya, 2018) which indicated that there is 

no visible trend. The difference in results may be due to the temporal resolution type of data used 

in the previous study. 

The rainfall trend results obtained in this study during MAM season confirm the results of other 

researchers within the region (Funk et al., 2008; Williams and Funk, 2011; Lyon and Dewitt, 2012; 

Yang et al., 2014) who have indicated that on longer timescales, total precipitation received during 

the MAM season has declined in recent decades. The results however contradicted the results 

obtained by Mohammed et al., (2016) which indicated a non-significant trend in rainfall records 

ranging from 1964 to 2010. The disparities in the results may be attributed to extended periods of 

meteorological data gaps. Only Kigali Airport meteorological station provided almost complete 

dataset of continuous records from 1964 to 2010 and it was selected to be the reference rain gauge 

in filling missing data at other rainfall gauges which were not located in the same climatic zone. 

Rainfall decline over the regions has been attributed to the changes in the sea surface temperatures 

(SSTs) in the south-central Indian Ocean (Funk et al., 2008) and western Pacific Ocean (Lyon and 

Dewitt, 2012; Yang et al., 2014) which favour a local increase in precipitation, with the ensuing 

latent heating changing regional wind and moisture flow patterns and lowering precipitation during 

East Africa's lengthy rainy season (Williams and Funk, 2011).  

During the short rains, a decreasing trend over Kigali City and the central plateau was noticed 

while the rest of the country registered an increasing trend with a higher increase in the areas 

surrounding NNP and the north-western parts of the country. The results obtained during the 

SOND season confirms the results of (Mutai and Neil., 2000; Schreck and Semazzi, 2004; 

Ummenhofer et al., 2009). It was further indicated that over East Africa, the warming of sea 

surface temperature anomalies in the western equatorial Indian Ocean dominates the enhanced 

short rainy season, with the eastern cold pole of the tropical IOD playing a less significant role. 

(Ummenhofer et al., 2009). Seasonally, the ENSO teleconnection influence is most evident during 

short rainy season. (Mutai and Neil., 2000; Schreck and Semazzi, 2004). 
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Figure 4. 8 Rwanda's spatial distribution of rainfall trend from March to May (left), September to 

December (center) and annual rainfall trend (right) from 1981-2017. 

4.4 Projected changes in seasonal rainfall 

Figure 4.9 presents the spatial distribution of projected changes in seasonal mean rainfall for 2026-

2060 and 2066-2100 period.  During MAM, for the 2026-2060 period, rainfall is projected to 

decrease across the entire country, with the south-western, north-western, and south-eastern 

regions experiencing the largest reductions of ([-300, -200] mm). The remaining regions are 

expected to see reductions of ([-100, 0] mm) under both RCP2.6 and RCP8.5, with greater 

magnitudes projected under RCP8.5 than under RCP2.6. For 2066-2100 period, under RCP2.6, 

the south-central is projected to experience an increase in rainfall ([0, 100] mm) while the 

remaining areas are projected to experience and reduce rainfall of ([-200, -100]) in north-western 

highland and south-western and by ([-100, 0]) in other areas. Under RCP8.5, rainfall is projected 

to reduce ([-100, 0] mm) in the south-western, northern-western and south-eastern and increase in 

remaining areas ([0, 100] mm) with the extreme south-central projected to reduce by (-200, -100] 

mm). 

During SOND, for the 2026-2060 period, under RCP2.6, rainfall is projected to decrease by ([-

100, 0] mm) in some areas of the south-eastern and north-eastern regions, increase by ([0, 100] 

mm) in the eastern region, and by ([100, 200] mm) in the south-western and northern highlands, 

while the remaining areas are projected to increase by ([200, 300] mm). Under RCP8.5, rainfall is 

expected to increase by ([0, 100] mm) in eastern areas, while other areas are projected to 

experience increases of ([200, 300] mm). For the 2066-2100 period, under RCP2.6, rainfall is 



152 

 

projected to decrease by ([-100, 0] mm) in some areas of the south-eastern and north-eastern 

regions, increase by ([0, 100] mm) in the eastern region, south-western and few areas of the 

northern highland and by ([100, 200] mm) in the southern and northern areas, while in the central 

plateau is expected to receive more increase rainfall ([200, 300] mm). Under RCP8.5, rainfall is 

expected to increase by ([0, 100] mm) in south-western, ([100, 200] mm) in extreme south-eastern, 

north-eastern and the western, while other areas are projected to experience increases of ([200, 

300] mm). 

 

Figure 4. 9 Spatial distribution of projected changes in seasonal mean rainfall March-April-May 

(MAM, a1-a4) and September-October-November-December (SOND, b1-b4) for 2026-2060 and 

2066-2100 period.  

Figure 4.10 presents the country averaged observed and projected seasonal rainfall changes over 

Rwanda. The projected mean rainfall during JF season, indicates more variability and shows more 

reduction under RCP8.5 than RCP2.6. For MAM, a general reduction in rainfall is evident. The 

period of 2026-2066 shows more reduction with high magnitude under RCP2.6 than RCP8.5. 

Moving to the end of the century, RCP8.5 shows more rainfall reduction compared to RCP2.6. 

During the JJA season, a reduction in rainfall is seen throughout the entire period with comparable 
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reduction magnitude under both RCP2.6 and RCP8.5 emission scenarios. For SOND season, a 

general increase in rainfall is projected under both RCP2.6 and RCP8.5 emission scenarios. 

However, high rainfall increase is expected under RCP8.5 than RCP8.5.  

 

Figure 4. 10 The country averaged observed and projected rainfall changes for March-April-May 

(MAM) and September-October-November-December (SOND) over Rwanda for 1983-2100 

period. 

4.5 Conclusion 

In this study, we investigated the temporal variability and trend in rainfall from the year 1981 to 2017 

over Rwanda for twelve synoptic rainfall stations using graphical and statistical methods. To carry 

out spatial analysis, seventy-two rainfall stations were considered in addition to the twelve synoptic 

stations. Sen's slope estimator and the Mann-Kendall techniques were employed to identify trends 

and gauge the size of changes, while the variability analysis involved calculating the coefficient of 

variation. The results indicated a higher variability in annual rainfall over Kigali City, central and 
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eastern Rwanda whereas lower variation in the western parts of Rwanda. A significant decrease in 

rainfall of 9.1 mm year-1 was observed over the southern parts corresponding to -6.7%. During the 

long rain season, a high variability over the extreme eastern parts, central and the southern region of 

the country was revealed whereas a low variability was registered over northern highland with a 

significant decreasing slope of 3.5 mm year-1 corresponding to -9.8%. During the short dry season, 

lower variability was registered over the north-western high land and the western region while 

pronounced variability was observed over the south-eastern parts of the dry and hot lowland climatic 

zone. A significantly increasing rainfall of 3.1 mm year-1 corresponding to 4.3% was revealed over 

the western part while the remaining stations revealed a non-uniform trend. The results obtained 

under this study will improve policy-making and suggest policy implications. Because the country 

relies mainly on rain fed agriculture, the resulting variability and trend results may serve as the basis 

for proper planning, increasing areas under small scale irrigation with best water harvesting 

techniques, encouraging agronomic practices that improve the soil water holding capacity such as 

mulching, agroforestry, use of organic manure, crop rotation, minimum tillage, cover crops/plants 

and zero grazing, introduction of drought resistant crops and varieties should be envisaged as 

adaptation measures and climate smart agriculture practices as a strategy for mitigation measures. It 

is also important to note a non-homogeneity in the obtained results which may indicate a need for 

further refinement of climate zoning over the country. 
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Chapter 5 Spatial Variability of Seasonal Rainfall Onset, Cessation, 

Length and Rainy Days in Rwanda 

This Chapter reproduces the content of our published paper (https://doi.org/10.1007/s00704-024-

05086-3). 

 

5.1 Introduction  

The effects of climate change on agriculture  are unevenly distributed across the world and are 

caused by changes in temperature, precipitation and atmospheric carbon dioxide levels due to 

global climate change (Sovacool et al. 2021, Pope et al. 2022). For countries that practice rain fed 

agriculture, changes in seasonal precipitation regimes greatly impact crop productivity (Tubiello 

et al. 2007, Liu and Allan 2013, Lipiec et al. 2013). This affects farmer’s ability to rely on their 

knowledge of the seasonality such as timing and ending of the rainy season which reduces the time 

that crops have to complete their growth cycle (Linderholm 2006). Extremely wet conditions can 

delay planting or harvesting, leading to complete crop failure and yield losses rendering workers 

jobless (Kristjanson et al., 2012, Warren et al. 2015) and exacerbating the pre-existing poverty 

conditions  leading to famine and malnutrition (Adejuwon 2006). Even though irrigation of crops 

is able to reduce the impacts of lower rainfall and higher temperatures on yields, using water 

resources for irrigation has downsides and is expensive (Connor et al. 2012). The agriculture 

sector, which is the backbone of the Rwandan economy and the means of subsistence for 

communities, is impacted by the irregularities in the country's rainfall (Mupenzi et al. 2011). The 

study of drought characteristics in Rwanda revealed that there are non-significant trends in annual 

and seasonal rainfall (Uwimbabazi et al. 2022). The study on climate change effects on food 

security in Rwanda indicated that irregularity in the rainfall affects crop cultivation and the onsets 

and offsets of the rainfall patterns are no longer reliable (Rwanyiziri and Rugema 2013). Irregular 

rainfalls and a shift in the rainy seasons that occurred in 2002 were to be blamed for the poor 

performance of crop output in that year (Mikova, 2015). Rwanda is a country with a high 

agricultural potential for both subsistence and profitable farming. Onset and cessation days and 

seasonal length  of rainy season are critical factors in farming practices in relation to the harvest 

anticipated and preparation of agricultural activities (Odenkunle 2004, Dunning et al. 2017). The 

difficulties in the choice of the crop type, diversity and planning for sowing period result from 

yearly variation of onset day (OD), cessation day (CD) and the seasonal length (SL) as well as 

https://doi.org/10.1007/s00704-024-05086-3
https://doi.org/10.1007/s00704-024-05086-3
https://en.wikipedia.org/wiki/Precipitation
https://en.wikipedia.org/wiki/Carbon_dioxide_in_Earth%27s_atmosphere
https://en.wikipedia.org/wiki/Climate_change
https://en.wikipedia.org/wiki/Poverty
https://en.wikipedia.org/wiki/Famine
https://en.wikipedia.org/wiki/Malnutrition
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existence of dry spells within the rainy season (Mugalavai et al., 2008). The amount of rainfall, 

the start and duration of the rainy season and the rate of evapotranspiration are all important 

elements that affect how much water plants need. These variables function as predictors of a crop's 

climatic adaptability and likelihood of success or failure in a particular growing season (Ngetich 

et al. 2014). The seasonal OD and CD depends on the rainfall with OD being more variable than 

the CD of the season (Camberlin et al., 2009). The need to understand the characteristics of the 

rain has become subject of discussion since the community livelihoods depend on climate-

sensitive activities (Adelekan and Adegebo, 2014) where knowledge of changes in rainfall at the 

local level is imperative for agricultural planning and sustainable food production (Laux et al. 

2008). The OD and CD of rainfall season are significantly vital to countries depending largely on 

rain-fed agriculture (Adelekan and Adegebo, 2014)  and are central characteristics of rainfall 

distribution since these are more closely linked with precipitation effectiveness which is more 

important to the growing season than annual rainfall totals (Ati et al., 2002) Odekunle et al. 2005). 

Besides that OD, SL and CD of seasonal rainfall vary in space and time (Odenkunle, 2004) and 

their understanding is paramount due to the risk related to early/late onset or cessation days to 

facilitate effective agricultural practice and management to reduce the risk of crops fail to mature 

leading to little or no harvest at the end of the season (Dodd and Jolliffe, 2001) Sultan and Janicot 

2003). The variability in the SL demands the application of agricultural management practices to 

improve production (Jena et al., 2019). Studies conducted over Ruteete Subcounty in Uganda 

indicated that farmers rely on their past experiences and traditional approaches to determine the 

OD and CD of the rainy season (Nyakaisiki et al., 2019), although there is need to determine OD 

and CD empirically (Adelekan, 2019). Determination of the starting and ending of the rainy season 

can be challenging (Omotosho et al., 2000). The inconsistency in OD determination method was 

indicated where local patterns are not in cycle with variation of global factors that influence rainfall 

in the area(Marteau et al., 2009). Over the Indonesian Maritime Continent, a flexible driest period 

has been used to determine the onset day of the rainy season (Ferijal et al. 2022). Different methods 

have been used in West Africa to determine OD. They include: i) cumulative rainfall (Dodd and 

Jolliffe 2001, Marteau et al. 2009 Amekudzi et al. 2015), ii) rainfall model (Wati et al., 2019), iii) 

rainfall-evapotranspiration relation model (Edoga, 2007) Sobowale et al. 2016, Gebremedhin et 

al. 2023), iv) percentage cumulative mean rainfall model (Guenang and Mkankam Kamga, 2012) 

Amekudzi et al. 2015), v) wind shear model (Edoga, 2007) and vi) five consecutive days 
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(Sobowale et al., 2016). Over the Eastern and equatorial African, other methods are found, 

including i) rainfall accumulation (Camberlin and Okoola 2003, Tesfaye and Walker 2004, Segele 

and Lamb 2005, Mesay Abebe 2006, Mugalavai et al. 2008, Recha et al. 2012, Mugo et al. 2016), 

ii) percentage cumulative mean rainfall model (Recha et al. 2012, Haleakala et al. 2018), iii) daily 

climatology (Diem and Sung 2018), iv) five consecutive rainfalls (Egeru et al. 2014, Mugo et al. 

2016, Haleakala et al. 2018, Omay et al. 2023), and v) pentad rainfall (Kijazi and Reason 2012). 

Like OD, CD of the rainy season has been defined using different methods by different authors. 

Those include the use of i) water balance  method (Tesfaye and Walker 2004, Mesay Abebe 2006, 

Taye et al. 2013), ii) rainfall accumulation and dry spell (Egeru et al. 2014, Haleakala et al. 2018), 

iii) soil water balance (Getahun et al. 2016), iv) day after starting of the season for which no rain 

occurs over a period of time (Mugalavai et al. 2008), v) percentage cumulative mean rainfall model 

(Mugo et al., 2016). The SL was defined as the difference between the CD and OD (Mugalavai et 

al. 2008, Gebremichael et al. 2014, Haleakala et al. 2018). 

Numerous studies have shown that models building on rainfall data alone in determining the OD 

and CD are more efficient due to that rainfall totals have a direct connection as the cycle trigger, 

since it represents minimum water availability to carryout sowing operations compared to other 

related factors (Ati et al. 2002, Odenkunle 2004, Laux et al. 2008, Amekudzi et al. 2015). It was 

also indicated that the use of rainy days criteria yields rainfall OD and CD that are more realistic 

than those obtained using rainfall amount alone (Odekunle et al. 2005). In the humid areas, the 

determination of OD of rains based on five consecutive days is considered more satisfactory 

(Odekunle 2006). The criteria of using dry spell occurrence in the determination of OD of seasonal 

rainfall, reduces the chance of a false start of rain characterized by early rainfall followed by long 

dry spells and also offer flexibility concerning the characterization of the start of rains for diverse 

locations (Sultan and Janicot 2003). In addition, the determination of OD by combining different 

methods to come up with hybrid method was considered as effective due to the mixture of factors 

that influence rainfall onset (Ati et al. 2002). Rainfall characteristics in Rwanda have been the 

subject of several recent studies (Muhire et al. 2015, Ntwali et al. 2016, Siebert et al. 2019, Kazora 

et al. 2021, Umutoni et al. 2021, Umuhoza et al. 2021, Zhou et al. 2021,  Safari et al. 2022, 

Sebaziga et al. 2022, Uwimbabazi et al. 2022, Sebaziga et al. 2023) with a converging result 

indicating a general variation in seasonal and annual total rainfall. Rainfall OD and CD, SL and 

rainy day (RD) are crucial for crop production and food security in Rwanda yet scantily 
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documented. The objective of this study is to analyze the spatial patterns and variabilities of 

Seasonal Rainfall Onset Days (OD), Cessation Days (CD), Seasonal Length (SL), and Number of 

Rainy Days (RD) in Rwanda using an observational data set from 1983-2021. After the 

introduction, the paper is organized as follows: section one provides a brief description of materials 

and methods (study area, data and methods), results are presented in section two followed by 

discussion in section three, while the conclusion is presented in the fourth section. 

5.2 Materials and methods 

5.2.1 Study Area 

Rwanda is located in Eastern and Central Africa and lies between 1°4′ and 2°51′ South, and 28°53′ 

and 30°53′ East with a total 26,338 km2. The total agricultural land is 14,020 km2 (59%) of total 

country land. In the third quarter of 2023, the Gross Domestic Product (GDP) at current market 

prices in Rwanda was estimated at Frw 4,249 billion. This was contributed by services sector 

(46%), agriculture sector (25%), industry sector (21%) and adjustment for taxes and subsidies 

(7%)(National institute of Statistics of Rwanda 2023a). The Fifth National Population and Housing 

Census (National Institute of Statistics of Rwanda 2023b) shows that the total population of 

Rwanda is 13,246,394 with an annual growth rate of 2.3%. This population is distributed around 

the country with 72.1% and 27.9% of total population live, respectively, in rural and urban areas. 

Among this population, women represent 51.5% and men represent 48.5% of the population. 

The topography of Rwanda is complex, spanning from highland to lowland regions with a mixture 

of mountains, hills, and valleys with elevations ranging from 900 m to 4507 m. The Congo Nile 

Ridge overlaying Lake Kivu dominates the country's western side and is between 2500 and 3000 

meters high, while volcanic area, the highest of which is Karisimbi at 4507 meters, rule the 

country's northern part. The eastern lowland area is dominated by hills with an altitude ranging 

from 1000 to 1500 m, the central plateau displays a relief of hills with an altitude range between 

1500 m and 2000 m while the 900-meter-high characterizes the southwestern lowland of Bugarama 

valley (Mikova 2015). Rwanda presents six climate zones from the eastern to western (Henninger 

2013). These are the savanna zone located in the East-Rwandan dry and hot lowland zone, the 

temperate zone of the central highland found in the central highlands region, the south-rwanda 

humid mountain climate zone covering southern Rwanda, around the Nyungwe National Park and 

Congo-Nile Trial, the north-rwanda dry mountain climate zone located in the Virunga National 

Park, in the volcanic mountains of northern region, urban climate of Kigali and Kivu-sea climate 
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zone locate along the coastal ridge of Lake Kivu. The western part of the nation, which has more 

mountains and higher elevations, is typically cooler and wetter than the eastern part, which is lower 

and flatter (Siebert et al. 2019). Rwanda's rainfall climatology clearly displays the seasonal 

bimodality common to the East Africa area. It experiences four distinct seasons, of which two are 

wet and the other two are dry. March through May (MAM) and September through December 

(SOND) are rainy seasons, January through February (JF) and June through August (JJA) are dry 

months (Muhire et al. 2015, Siebert et al. 2019, Kazora et al., 2021, Umutoni et al. 2021, Sebaziga 

et al. 2022) with April and November being the monthly rainfall peak, respectively, for both  rainy 

seasons (Muhire et al. 2015, Ntwali et al. 2016).The season fits the country's climatology and 

agricultural methods despite the unequal seasonal duration. Although the timing of sowing and 

harvest varies by cultivation for various crops, this seasonal division of the year is most consistent 

with the larger harvests in May and December (Siebert et al. 2019). Rwanda's climate is mainly 

influenced by the migration from south to north and vis-versa of the Intertropical Convergence 

Zone (ITCZ) as well as high pressure systems such as the Mascarene, Saint Helena, Azores and 

Arabian Ridge (Siebert et al. 2019). Regional factors such as the Lake Victoria and Congo air 

masses combined with topography also play an important role (Kizza et al. 2009; Ntwali et al. 

2016; Ngarukiyimana et al. 2017;  Zhou et al. 2021). Some recent studies have shown that large-

scale factors such as the El Niño Southern Oscillation (ENSO) and the Indian Ocean Dipole (IOD) 

can also influence to some extent the climate of Rwanda (Ilunga and  Muhire, 2010; Muhire et al. 

2015; Kazora et al., 2021;  Safari et al. 2022). 

 

Figure 5. 1 Geographical location of Rwanda in Africa (a), Administrative and elevation map of 

Rwanda (b). 
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Different studies have classified Rwanda into different climate zones.  Ilunga and  Muhire (2010) 

classified Rwanda into four climatic regions based on the data from 1961 to 1990. These regions 

were: i) Lake Kivu border zone, ii) Congo Nile crest, iii) central plateau, and iv) eastern lowland. 

The method of subdivision into climatic zones used here has the disadvantage of using only rainfall 

data and on few weather stations. A subsequent study by Henninger (2013) using data from 1996 

to 2011 divided Rwanda into six climatological zones. These are: i) the Lake Kivu climate zone, 

ii) the south-Rwanda humid mountain climate zone, iii) the north-Rwanda dry mountain climate 

zone, iv) the temperate climate zone of the central highland, v) the urban climate zone of Kigali 

and vi) the East-Rwandan dry and hot lowland climate zone. This study has the advantage of 

having used rainfall and temperature data from a larger number of climatological stations, however 

the time series were over a short period. In the present study, the classification of climatic zones 

in Rwanda uses rainfall and temperature data that are currently available over a longer period and 

distributed on a grid of high resolution. K-mean clustering method is applied to identify  near 

homogeneous zones (Atanabe, 2010; Singh and Gill, 2013; Pitri et al., 2018; Sriadhi et al., 2020; 

Biabiany et al., 2020 ; Wickramasinghe et al., 2022). Those are namely: i) the Lake Kivu climate 

zone, located to the coast of Lake Kivu,; ii) the mountain forest climate zone, located on the 

southern and southwestern parts of Nyungwe National Park; iii) the mountain climate zone, located 

in the area over Congo-Nile divide extended to the mountain areas of the northern volcanoes 

highland; iv) the temperate climate zone of the central highlands that encompasses the central 

mountainous part extended from the southern region to the northern region; v) the central plateau 

climate zone located between the temperate climate zone of the central highlands in the west and 

vi) the eastern low land climate zone in the eastern part of the country. 

In comparison with the study of Henninger (2013), the new subdivision shows that the pre-existing 

mountain climate zone was including the actual mountain forest climate zone. In addition, a new 

zone, the central plateau extended from the south to the north, is separated from the pre-existing 

temperate zone of the central highlands. 
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Figure 5. 2 The new climatic classification of Rwanda, based on data from 1983-2021. 

5.2.1 Data 

The present study uses daily rainfall, maximum and minimum temperature obtained from Rwanda 

Meteorology Agency ranging from 1983 to 2021. Rainfall and temperature data are displayed on 

a grid with a spatial resolution of 4km (0.0375°) and 5km (0.05°) respectively. The reconstruction 

process followed the methodology detailed by  Dinku et al. (2014) and Siebert et al. (2019). Quality 

control procedures were applied to observed rainfall and temperature datasets, as outlined by Safari 

et al. (2022) and Safari and Sebaziga (2023). Both rainfall and temperature were then remapped to 

a consistent spatial resolution using a bilinear interpolation method, as described in Nikulin et al., 

(2012), Endris et al., (2013), and Kalognomou et al., (2013). 

Time series of SST over eastern tropical Pacific (0–10oS, 90o–80oW) and over equatorial Pacific 

(5oN–5oS, 170o–120oW) corresponding, respectively, to Niño1+2 and Niño3.4 regions were 

retrieved online from the Physical Science Laboratory (PSL) of the National Oceanic and 

Atmospheric Administration (NOAA) website:  https://psl.noaa.gov/data/timeseries/. Warm and 

cold periods are based on a threshold of +/- 0.5oC.  

https://psl.noaa.gov/data/timeseries/


165 

 

Time series of Indian Ocean Dipole index (DMI/IOD) indices were retrieved from Climate 

Prediction Centre (CPC) of NOAA website:  

https://www.cpc.ncep.noaa.gov/products/international/ocean_monitoring/IODMI/. Positive and 

negative periods are based on a threshold of +/- 0.4oC. 

5.2.2 Methods 

To compute the onset day (OD) of seasonal rainfall, the start of counting was defined as February 

for the long rain season (LR) and September for short rain season (SR). The following steps (or 

criteria) were proceeded: the first step was to consider a period of five consecutive days 

accumulating at least 25mm (Adelekan and Adegebo 2014, Mugo et al. 2016); the second step 

consisted in considering if the first day and at least two other days of that period of five days not 

having rainfall less than 1mm (Laux et al. 2007, Camberlin et al. 2009, Haleakala et al. 2018);  the 

third step was to considerer, if after the fifth day of the selected period no dry period (rainfall less 

than 1 mm) of seven days or more occurred in the following thirty days (Recha et al. 2012, 

Adelekan and Adegebo 2014). The criteria of using 1mm was considered to define the number of 

rainy day (RD) (Camberlin et al. 2009, Haleakala et al. 2018) and this was adopted because rainfall 

amounts less than one millimeter usually increases the noise (Moron et al. 2006). The potential 

evapotranspiration (PET) is key criteria for the agricultural practices and decision-making. 

Computation of ET requires numerous meteorological parameters such solar radiation, wind, 

temperature, rainfall and humidity as inputs. The commonly used method is the Penman–Monteith 

method where data are available (Droogers and Allen 2002, Valipour 2015, Awal et al. 2020). 

Different studies have shown that the modified Hargreaves approach has the advantage of being 

free of the inherent drawbacks of the Thornthwaite technique, and its results are comparatively 

near to the widely recognized Penman-Monteith equation of the Food and Agriculture 

Organization  (Grandgirard et al., 2002; Hargreaves and Allen, 2003; Beguería et al., 2014; Awal 

et al., 2020). In the present study, we have opted to use the modified Hargreaves method, which 

uses temperature (maximum, minimum and mean temperatures) and rainfall in evaluating the 

evapotranspiration (Stern and Cooper 2011, Valipour 2015).  

According to the modified Hargreaves approach, the potential evapotranspiration is expressed as 

follows: 

𝑃𝐸𝑇 = 0.00102𝑅𝑎(𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛 − 0.0123𝑅)
0.76(𝑇 + 17),            (1) 

https://www.cpc.ncep.noaa.gov/products/international/ocean_monitoring/IODMI/


166 

 

where 𝑃𝐸𝑇 is the potential evapotranspiration (mm day−1), Ra is the extraterrestrial radiation 

(MJm2day−1), Tmax is the maximum air temperature (∘C), Tmin is the minimum air temperature 

(∘C) and T is the average daily air temperature (∘C). 

 As for the cessation day (CD) of the rainy season, it was defined as any day when accumulated 

ten days rainfall is less than half of the corresponding PET (Kijazi and Reason 2012). Once the 

OD and CD of the rainy season have been computed, the seasonal length (SL) was calculated by 

subtracting, for each year, the day at which the rain begin from the day at which rain end (Edoga 

2007, Mugalavai et al. 2008, Gebremichael et al., 2014, Haleakala et al., 2018). To understand the 

variability in rainfall, OD, CD, SL and RD, coefficient of variation measure  was used where high 

values denote more disperse and lower values indicate less spread out of data (Barde and Barde 

2012).  

Table 5. 1 Summary of studied rainfall characteristics  

Characteristic Definition Units Reference 

Seasonal Rainfall 

Onset Day (OD) 

(i) To consider period 

of five consecutive 

days 

 accumulating at least 

25mm;  

 

(ii) then to consider the 

first day and at least 

two other days of that 

period of five days not 

having rainfall less 

than 1mm;  

 

(iii) the onset day is 

then the day after the 

fifth day of the selected 

period with no dry 

Number (of the day 

starting with the 

first day of the 

calendar year) 

Adelekan and 

Adegebo 2014, Mugo 

et al. 2016 

 

 

 

Laux et al. 2007, 

Camberlin et al. 2009, 

Haleakala et al. 2018 

 

 

 

 

Recha et al. 2012, 

Adelekan and 

Adegebo 2014. 



167 

 

period (rainfall less 

than 1 mm) of seven 

days or more occurred 

in the following thirty 

days.  

Seasonal Rainfall  

Cessation Day(CD) 

Number of the day  

when accumulated ten 

days rainfall is less 

than half of the 

corresponding PET  

 Number (of the day 

starting with the 

first day of the 

calendar year) 

Kijazi and Reason 

2012 

Seasonal Rainfall 

Length (SL) 

The difference 

between Seasonal 

Rainfall Cessation day 

and Seasonal Rainfall 

Onset Day 

Number (of days)  (Edoga, 2007)  

Mugalavai et al. 2008,  

Gebremichael et al., 

2014,   

Haleakala et al., 2018 

Number of Seasonal 

Rainfall Rainy days 

(RD) 

Any day that receives 

rainfall greater or equal 

to 1mm.  

Number (of days) Camberlin et al. 2009, 

(Moron et al., 2006); 

Haleakala et al. 2018 

The Pearson’s correlation coefficient (r) allows measuring the level of association between the 

rainfall characteristics and the seasonal rainfall. A correlation coefficient of 1 denotes positive 

linear relation, -1 denotes a negative linear relationship while a correlation coefficient equal to 0.0 

represents no association between the two variables (Luhunga et al., 2016). 

r =  
1

n
∑ (𝑅𝑖−R)(𝐶𝑖−C)
n
t=1

√
1

n
[∑ (𝑅𝑖−R)
n
t=1

2
][∑ (𝐶𝑖−C)

n
t=1

2
]                  

                                     (2) 

where 𝑅𝑖 and 𝐶𝑖 are the rainfall and rainfall characteristics, and  𝑅 and 𝐶 are the mean rainfall and 

mean rainfall characteristics. 

Time series of standardized anomalies of seasonal rainfall intensity (RI index), onset day (OD 

index), cessation day (CD index), length (SL index), number of rainy days (RD index), mean 

seasonal sea surface temperature (SST) for Niño 1+2 (Niño 1+2 index) and Niño 3.4 (Niño 3.4 

index) were computed for each season as bellow: 
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𝐴 = (𝑥𝑖 − 𝑥̅) ∕ 𝜎 , 𝑖 = 1,… ,𝑁        (3) 

where 𝑥𝑖 corresponds to a rainfall characteristics (OD, CD, SL, RD) or mean seasonal SST of a 

year i, N is the number of years,  𝑥̅ is the mean of (𝑥𝑖), A is the corresponding anomaly or index 

and 𝜎is the standard deviation defined as: 

𝜎 = √
(𝑥𝑖−𝑥̅)

2

𝑛−1
           (4) 

 

5.3 Results  

Figure 5. 3 presents the long term mean of onset day (OD) and, cessation day (CD) for LR and 

SR. It is observed that the seasonal rainfall starts early over southwestern and northwestern parts 

of the country and later over the eastern parts of the country. This explains a West to East (W-E) 

progression of seasonal rainfall commencement. For LR (Fig. 3a), the OD ranges between 19 

February and 27 March while for SR (Figure 3b), the OD ranges from 11 September to 22 

November. During the LR, a mean OD ranging between 19 February and 9 March are observed 

over the south-western region bordering the Lake Kivu and the Nyungwe National Park, over areas 

along Congo Nile Trail, the highland of the southern region and the areas over the northwestern 

highland extending to Virunga National Park. The areas over the central plateau and the eastern 

region extending to Akagera National Park show a mean OD ranging between 9 March and 27 

March. For SR, a mean OD ranging from 11 September to 18 October is shown over the 

southwestern region, southeastern of the Lake Kivu, areas surrounding Nyungwe National Park, 

northern parts of the country over Virunga National Park extending to the northwestern, southern 

region and the areas towards the Congo Nile Trail. The mean OD ranging between 18 October and 

22 November is observed over the central plateau and the eastern region in the areas surrounding 

Akagera National Park. 

As opposed to OD which show a W-E progression, the CD starts early over the eastern and later 

over the western which shows an East-West (E-W) progression. For LR (Fig. 3c), the mean CD 

ranges between 14 May and 30 May while for SR (Figure 2d), mean CD ranging between 15 

December and 8 January. During the LR, a mean CD ranging between 14 May and 22 May is 

observed over the eastern region, central plateau and south-central parts of the country. The 

western parts of the country extending to the eastern side of Lake Kivu, the northern and southern 
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regions, and areas lying on Congo Nile Trail and Nyungwe National Park observed a mean CD 

ranging between 22 May and 30 May. During the SR (Fig. 3d), the eastern lowland, central plateau, 

northern highland and south-central parts of the country indicate a mean CD ranging between 15 

December and 27 December.  The southern, western and northern regions, and areas surrounding 

Nyungwe National Park and Congo Nile Trail show a mean CD ranging between 27 December 

and 8 January. 

 

Figure 5. 3 Long term mean of (a): onset day (OD) for LR (b) onset day (OD) for SR, (c) cessation 

day (CD), for LR and (d) cessation day (CD) for SR using observation data from 1983 to 2021. 

Figure 5. 4 presents the long-term mean of seasonal length (SL) and number of rainy days (RD) 

for LR and SR. The SL increases from east to west showing short SL over the eastern and extended 

SL over the western parts of the country. The mean SL for LR (Fig. 4a) ranges between 55 to 99 

days while the mean SL for SR (Fig. 4b) ranges between 46 to 116 days. During the LR, the 

southwestern and northern highlands indicate a mean SL range between 77 and 99 days, which 

reduces towards the central highlands. A mean SL ranging between 55 and 77 days is observed 

over the eastern and central parts of the country. During the SR, a mean SL ranging from 81 to 116 

days is observed over the southwestern and northern highland and reduces towards the central 

highland, south-central and northeastern parts of the eastern lowland region. The central eastern 

parts of the country indicated a mean SL ranging between 46- 81 days. 

The mean RD (Fig. 4c) ranges between 24 and 68 days for LR while for SR (Fig. 4d), it ranges 

between 24 and 74 days. During the LR, the central plateau, the south-central region and the 

eastern lowland region observed a mean RD ranging between 24-48 days while the western 
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bordering Lake Kivu, areas surrounding Nyungwe National Park, the Congo Nile Trail region 

extending to the northwest, northern highland and Virunga National Park indicated a mean RD in 

the range of 48 to 68 days. For SR, the mean RD ranging between 24 and 49 days is shown over 

the central and south-eastern parts of the eastern region which increase towards the northeastern 

part, south-central and central parts of the country while the central plateau, southern and northern 

highland extending to Virunga National Park, areas surrounding Congo Nile Trail region and over 

the southwestern are bordering Nyungwe National Park and Lake Kivu shown a mean RD in the 

range of 49 to 74 days.  

 

Figure 5. 4 Long-term mean of: (a) seasonal length (SL), for LR, (b) seasonal length (SL) for SR, 

(c) number of rainy days (RD) for LR and (d) number of rainy days (RD) for SR, using observation 

data from 1983 to 2021. 

Figure 5. 5 presents the spatial coefficient of variation of onset days (ODV) and cessation days 

(CDV) for LR and SR. The spatial variability in OD for LR (Fig. 5a) ranges between 9 and 34 % 

while during the SR (Fig. 5b), it ranges between 5 and 11 %. The southwestern parts of the country 

indicated low ODV while the eastern parts shown high ODV. During the LR, the southwestern part 

bordering Lake Kivu, Nyungwe National Park and Congo Nile Trail shown a coefficient of 

variation ranging between 9 and 21.5 % increasing towards the central plateau and north-eastern 

parts of the country while eastern and extreme northern parts indicated a coefficient of variation 

ranging between 21.5 and 34 %. For SR, the extreme eastern parts of the eastern lowland region 

show a ODV ranging between 8 and 11% reducing towards the western, northern, Congo Nile Trail 

region, south-central and north-eastern, while the south-western parts of the country indicated a 
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ODV ranging between 5 and 8%. For CD, the SR shows lower magnitude of variation in the offset 

days compared to that of the LR. The CDV during LR (Fig. 5c) ranges from 2 to 7 % while for SR 

(Fig. 5d), CDV varies between 1 and 5 %. For LR, CDV ranging between 4.5 and 7 % is indicated 

over the southwestern part bordering coastal areas of the Lake Kivu, areas around Nyungwe 

National Park and northwestern highland which reduces towards the central plateau, southern and 

northern while a CDV ranging between 2 and 4.5 % is shown over the south-central and south-

eastern and central parts of the eastern region. During the SR, a CDV ranging between 3 and 5 % 

is indicated over the areas around Congo Nile Trail, Nyungwe National Park, the western part 

bordering coastal areas of the Lake Kivu, over the southern, northern, northwestern highland and 

central plateau while the areas surrounding Virunga National Park, south-central and eastern parts 

of the country indicated a CDV ranging between 1 and 3 %. 

 

Figure 5. 5 Coefficient of variation of: (a) onset day (ODV) for LR, (b) onset day(ODV) for SR, 

(c) cessation day (CDV) for LR and (d) cessation day (CDV) for SR using observation data from 

1983 to 2021. 

Figure 5. 6 presents the spatial coefficients of variation of seasonal length (SLV), and number of 

rainy days (RDV) for LR and SR. Both the LR and SR show a non-uniform variability of the SL. 

The SLV during LR (Fig. 6a) ranges between 10 and 35 % while for SR (Fig. 6b), it ranges between 

15 and 31 %. During the LR, the south-western side extending to coastal areas of Lake Kivu, areas 

near Nyungwe National Park and few areas of the northern region show a SLV ranging between 

10 and 22.5 %) while the eastern region, central plateau, northern highland in the region 

surrounding Virunga National Park, areas lying to the Congo Nile Trail extending to southern and 

the western parts of the country indicate a SLV ranging between 22.5 and 35 %. For the SR, the 
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south-western, south-central and the eastern lowland region indicate a SLV ranging between 15 

and 23 % while the central plateau, northern and north-western highland of the country shown a 

SLV ranging between 23 and 31 %). 

For RD, the RDV ranges between of 17 and 32 % for the LR and varies between13 to 38 % for the 

SR. High variability is observed over the eastern and central parts of the country during the LR 

while the southern, western and northern regions of the country shown high variation during the 

SR. For the LR (Fig. 6c), the RDV ranging between 17 and 24.5 % is shown over the south-western 

and north-western highland increasing towards the north-western highland, southern and central 

plateau while the south-central, central and eastern parts of the country indicated a coefficient of 

variation ranging between 24.5 and 32 %. For the SR (Fig. 6d), the south-central and eastern parts 

of the country indicate a RDV ranging between 13 and 25.5 % while the rest of the country shown 

a RDV ranging between 25.5 and 38 %. 

 

Figure 5. 6 Coefficients of variation of: (a) seasonal length (SLV) for LR, (b) seasonal length 

(SLV) for SR, (c) number of rainy days (RDV) for LR and (d) number of rainy days (RDV) for 

SR (d), using observation data from 1983 to 2021. 

Figure 5. 7 presents time series of seasonal rainfall intensity (RI), onset days (OD), cessation days 

(CD), seasonal length (SL) and number of rainy days (RD) during the long rains season (MAM) 

and the short rains season (SOND) rainy seasons. For the long rains season, years with above than 

average rainfall are 1988, 1997, 2002, 2003, 2004, 2015, 2018, 2020, while years with bellow than 

average rainfall are 1984, 1992, 2008, 2011, 2014, 2017, 2019, 2021. Early ODs were observed in 

1988, 1990, 2002, 2004, 2007, 2018 and 2020, and late ODs n 1983, 1994, 1998, 2015 and 2017. 

Early CDs were observed in 1983, 1985, 1999, 2013, 2014, 2016 and 2017, and late CDs in 1987, 
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1998, 2002, 2003, 2006, 2008, 2009 and 2012. Shorter SLs were observed in 1983, 1984, 1992, 

1994, 1998, 2014, 2015 and 2017, and longer in 1987, 1990, 2002, 2007 and 2018. Few RDs were 

observed in 1983, 1984, 1992, 1994, 1998 and 2014, and in 1988, more RDs 1997, 2002, 2004, 

2007, 2015 and 2018. For the short rains season years with above than average rainfall are 1996, 

1997, 1998, 199, 2000, 2001, 2003, 2006, 2011, 2012, 2014, 2015, 2019, while years with bellow 

than average rainfall are 1983, 1984, 1986, 1993, 2010, 2017, 2018, 2020, 2021. Early ODs were 

observed in 1998, 2001, 2011, 2019 and 2021and late ODs in 1984, 1989, 1993, 1996, 2010, 2017 

and 2018. Early CDs were observed in 1988, 2008, 2010, 2016, 2017 and 202, and late CDs in 

1996, 1997, 1999, 2002, 2006, 2009. Shorter SLs were observed in in 1984, 1993, 1996, 2010 and 

2017, and longer SL in 1997, 2002, 2009, 2011 and 2019. Few RDs were observed in in 1984, 

1993, 2010, 2017, 2018 and 2021, and more RDs in 1997, 1999, 2001, 2002, 2003, 2006, 2011 

and 2019. 

For the long rains season the correlations between rainfall intensity and the rainfall characteristics 

are rODLR=-0.51 for onset day, rCDLR=0.36 for cessation day, rSLLR=0.57 for seasonal length and 

rRDLR=0.65 for number of rainy days. For the short rains season the correlations between rainfall 

intensity and the rainfall characteristics are rODSR -0.49 for onset day, rCDSR=0.54 for cessation day, 

rSLSR=0.70 for seasonal length, rRDSR=0.80 for number of rainy days. 

 

Figure 5. 7 Time series of seasonal rainfall intensity (RI), onset days (OD), cessation days (CD), 

seasonal length (SL) and number of rainy days (RD) during March-April-May (MAM) and 

September-October-November-December (SOND) over Rwanda from 1983 to 2021. Horizontal 

line indicates the mean value. 

Figure 5. 8 presents time series of standardized anomalies of seasonal rainfall intensity, onset day, 

cessation day, length, number of rainy days, SST for Niño 1+2 and Niño 3.4, and the Indian Ocean 

Dipole Mode Index for the long rains season over Rwanda during the period 1983-2021. The 
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observed 1983 very strong El Niño in both Nino 1+2 (Niño 1+2 index=2.93) and Nino 3.4 (Niño 

3.4 index=1.85) coinciding with a strong negative IOD (IOD index=-0.64) was associated with a 

bellow than average rainfall (417 mm<468 mm, RI index=-0.46). This long rains season was 

characterized by late onset day (65, OD index=1.46), early cessation day (105, CD index=-1.68), 

short seasonal length (40 days, SL index=-1.83) and few rainy days (23 days, RD index=-1.85), 

compared to the mean onset day (51), mean cessation day (111), mean seasonal length (60 days) 

and mean rainy days (37 days), respectively. During 1998, the observed very strong El Niño in 

both Niño 1+2 (Niño 1+2 index=2.54) and Niño 3.4 (Niño 3.4 index=1.56) with however a very 

weak IOD (IOD index=-0.04) were associated with an above than average rainfall (483 mm>468 

mm, RI index=0.32). This year corresponds to a long rains season with heavy rains, floods and 

landslides associated with a shift of the season with late onset day (58, OD index=0.74), late 

cessation day (116, CD index=1.32), short seasonal length (58 days, SL index=-0.17) and few 

rainy days (33 days, RD index=-0.44). The year 2015 was characterized with a very strong El Niño 

in both Niño 1+2 (Niño 1+2 index=0.84) and Niño 3.4 (Niño 3.4 index=1.23) with also a very 

weak IOD (IOD index=0.09) with a relatively above than average rainfall (475 mm>468 mm, RI 

index=0.18). This long rains season was characterized by late onset day (52, OD index=0.14), late 

cessation day (112, CD index=0.32, short seasonal length (60 days, SL index=-0.005) and more 

rainy days (40 days, RD index=0.38), compared to the mean onset day (51), mean cessation day 

(111), mean seasonal length (60 days) and mean rainy days (37 days), respectively. Correlations 

coefficients between onset day index and Niño 1+2 index (r=0.39) and onset day index and IOD 

index (0.39) are relatively good. 

 

Figure 5. 8 Time series of standardized anomalies of seasonal rainfall intensity (RI index), onset 

day (OD index), cessation day (CD index), length (SL index), number of rainy days (RD index), 

SST for Niño 1+2 (Niño 1+2 index) and Niño 3.4 (Niño 3.4 index), and the Indian Ocean Dipole 
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Mode Index (IOD index) for the short rains season (LR) over Rwanda during the period 1983-

2021. 

Figure 5. 9 presents time series of standardized anomalies of seasonal rainfall intensity, onset day, 

cessation day, length, number of rainy days, SST for Niño 1+2 and Niño 3.4, and the Indian Ocean 

Dipole Mode Index for the short rains season over Rwanda during the period 1983-2021. The 

observed strong 2010 negative IOD (IOD index-0.91) coupled with a strong La Niña in Niño 1+2 

(Niño 1+2 index=-1.21) and Niño 3.4 (Niño 3.4 index=-1.51), caused a less than average rainfall 

(465mm<493 mm RI index=-0.39). Late onset day (287, OD index=0.79), early cessation day 

(356, CD index=-0.46), short seasonal length (70 days, DL index=-1.18) and few rainy days (28 

days, RD index=-0.95) were observed. The strong positive IOD (IOD index=1.44) which occurred 

in 2019 corresponded to weak El Niño for Niño3.4 (Niño 3.4 index=0.45) and La Niña for Niño 

1+2 (Niño 1+2 index=-0.34). It was observed an above than average rainfall (565 mm>493 mm, 

RI index=0.77) with early onset day (268, OD index=-1.14), late cessation day (361, CD 

index=0.53), long seasonal length (93 days, SL index=1.67) and more rainy days (55 days, RD 

index=1.31). Correlations coefficients between cessation day index and Niño 3.4 index (r=0.38) 

and cessation day index and IOD index (0.31) are relatively good.  

 

Figure 5. 9 Time series of standardized anomalies of seasonal rainfall intensity (RI index), onset 

day (OD index), cessation day (CD index), length (SL index), number of rainy days (RD index), 

SST for Niño 1+2 (Niño 1+2 index) and Niño 3.4 (Niño 3.4 index, and the Indian Ocean Dipole 

Mode Index (IOD index) for the short rains season (SR) over Rwanda during the period 1983-

2021. 
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5.4 Discussion  

The obtained results suggest an existence of the west to east propagation in onset day and east to 

west gradient of cessation for both seasons in Rwanda, and shorter seasonal length and fewer rainy 

days over the eastern lowland than the western and northern highland of Rwanda. The observed 

spatial pattern of mean onset day, cessation day, seasonal length and number of rainy days tend to 

follow the spatial distribution of the seasonal rainfall with early onset day, late cessation day, 

higher seasonal length and more rainy days observed in the west than in the east of Rwanda. This 

is in accordance with the results of Siebert et al. (2019) showing that the areas receiving more 

rainfall tend to have higher frequency of rainy days. The observed mean onset dates over the 

eastern region of Rwanda are comparable to those obtained by Ndomba (2010) over Pangani River 

Basin in Tanzania which indicated the onset day ranging between early March and end March for 

the long rain and mid-October to mid-November for the short rain. The study on probable sowing 

time in Rwanda using rainfall from 1960-1990 for the short rain season (Ilunga et al. 2008) 

indicated that rainfall start at the end of September over Congo Nile Trial and northern highland 

and between end September and early November in the eastern lowland. These results are in line 

with results obtained in the present study where in particular the eastern lowland shows later onset 

day. Results from this study indicate that the onset has a prime role in the long rain season as it 

exhibits a strong spatial coherence and a large variability. Analysis of the correlations between the 

rainfall characteristics and the rainfall intensity, for the long rains and the short rains seasons, 

indicates that the onset days are independent to rainfall intensity, while the cessation days are 

weakly dependent to rainfall intensity, but more dependent for the short rains season. The seasonal 

length and the number of rainy days are strongly dependent to rainfall intensity, but more 

dependent in short rains seasons. In their study over the Equatorial East Africa, Camberlin et al. 

(2009), found that in the long rains, the onset and cessation days are independent of the number of 

rain days and the daily rainfall intensity while in the short rain season they are more strongly inter-

related. Some studies have indicated the influence of large-scale phenomena on the seasonal 

rainfall onset and cessation days in East Africa. In their study over Tanzania, Kijazi and Reason 

(2005) indicated that , reduced rainfall during La Niña years tends to be connected with a late onset 

and, consequently, a shorter than average rainfall season, while higher rainfall over the north coast 

during El Niño years was linked to an earlier onset and longer than usual rainy season. A recent 
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study by Yonah et al. (2023) indicated that there were significant positive patterns for correlation 

between onset with dry spell and IOD and Niño 3.4 indices in northern and northeastern Kenya 

and over the Tanzania’s Indian Ocean northern coast. The study showed also that there was an 

inter-annual relationship between onset dates with dry spell and IOD and Niño 3.4 indices. 

Investigations done in the present study indicate that large-scale systems influence the studied 

rainfall characteristics in Rwanda. Results show that Inter-annual relationship between onset days 

and Niño 1+2 and IOD indices shows a relatively good correlation coefficient for long rains 

season. Correlations between cessation days and Niño 3.4 and IOD indices are also relatively good 

for short rains season. IOD has more influence on rainfall characteristics during the short rain 

season than during the long rains season. El Niño has a strong impact on long rains by bringing 

heavy rains and flooding over short periods. These results motivate further studies needed for an 

in-depth analysis of to what extent these large-scale systems may influence the spatial pattern and 

variability of the in-situ rainfall characteristics. 

For country practicing rain-fed agricultural, crop production is harmed by rainfall variability, 

delayed onset, early termination, and dry spells throughout the growing season (Nicholson et al. 

2000, Sivakumar et al. 2005, Kipkorir et al. 2007, Mugalavai et al. 2008, Kumi et al., 2023). Areas 

with expected early arrival of the rainy would be suitable for crops with long growing season. This 

would mitigate the influences of climate change on crops at numerous stages of development 

(Sivakumar et al. 2005). In addition, if the commencement of the season is followed by protracted 

dry spells, there is a chance of total seedling failure (Kipkorir et al. 2007). Likewise, areas with 

short growing season would favor early maturing plants to avoid the risk related with delayed 

commencement and early termination which limit the agricultural growing period, leading to low 

crop output and hurting subsistence farmers' food security (Mugalavai et al. 2008). This paper 

addresses the potential contributions of climatology to agricultural planning and development.  

To put the study's results into practice, climate scientists, agricultural extension personnel, and 

farmers must work together. This Synergy can be achieved through implementation of agro-

meteorological forecasting (World Meteorological Organization 2012) and generation of weather 

advisories (Nicholson et al. 2000, Ati et al. 2002, World Meteorological Organization 2012, 

Oyekale 2015, Chengula and Nyambo 2017, Agyekum et al. 2022). Integration of climate 

information into agricultural practices  enable  farmers to better decide and plan  their seasonal 

cropping activities (Chengula and Nyambo 2017, Nyang’au et al. 2021). This may include growing 
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crops with long growing season length if the commencement of the rains is early or  crops with 

short growing length in the case of late onset day (Mugalavai et al. 2008).  

 5.5 Conclusion 

This study investigates the spatial patterns and variabilities of seasonal rainfall onset day, cessation 

day, seasonal length and number of rainy days in Rwanda for the long rain season and the short 

rain season using observational data set from 1983-2021. Patterns of the onset of the rain season 

show a West to East progression while withdraw of the rain indicated an East to West progression. 

Early onset and late cessation days were observed over the southwestern and the northwestern 

parts of the country for both seasons. The eastern parts of the country showed late onset and early 

withdraw of the rainy for the two seasons. Longer seasonal length and more number of rainy days 

were observed over the western, northern and southern parts of the country while short season 

length and fewer rainy days were indicated over eastern lowland region. Relatively high variability 

in OD were observed over the northwest, central plateau and eastern regions for long rain. Seasonal 

length shows high variability over the northern and eastern regions for LR and over the 

southcentral and central plateau regions for short rain. The eastern region experienced relatively 

moderate variability in the number of rainy days during the long rain season, and over the western, 

northern, southern, and central plateau regions during the short rain season. The findings derived 

from this research will help farmers, policy and decision-making for appropriate adaptation and 

mitigation strategies and policies. Some potential study avenues are as follows: (i) investigate 

various criteria of determining the onset and cessation days of a rainy season and their variabilities; 

(ii) assessment of dry spells occurrence during the growing season; (iii) assessing atmospheric 

circulation anomalies associated with changes in onset and cessation days of the rainy season; (iv) 

analysing the influence of large-scale systems on the spatial pattern and variability of rainfall 

characteristics and (v) modeling the statistical distribution of onset and cessation days. 
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Chapter 6 Observed Trends and Variability of Seasonal Extreme 

Rainfall Indices and Projected Changes in Rwanda 

This Chapter reproduces the content of our published paper (https://doi.org/10.1007/s00704-025-

05474-3). 

 

6.1 Introduction 

Globally, the frequency and intensity of climate extremes have increased, leading to disasters such 

as landslides, floods, and droughts that degrade the environment and potentially impact socio-

economic sectors(Tank et al., 2009; Lehmann et al., 2015; Sarr et al., 2015; Attogouinon et al., 

2017; Adeyeri et al., 2019). In particular, agricultural productivity is highly vulnerable to extreme 

precipitation variability, as the water budget during the vegetative growing season is often more 

affected by rainfall extremes than by total precipitation amounts (Lobell and Field, 2007; 

Christiansen et al., 2011; Sillmann et al., 2013). Heavy rainfall events (R20mm) cause soil erosion, 

root diseases, and crop failures due to excessive moisture  (Posthumus et al., 2009) while prolonged 

dry spells, as indicated by the consecutive dry days (CDD) index, increase the risk of drought-

induced crop stress (Tebaldi et al., 2006; Orlowsky and Seneviratne, 2012). These climate shocks 

also contribute to migration pressures, as communities affected by floods, droughts, and declining 

agricultural yields are forced to relocate in search of better living conditions (Nawrotzki and 

Bakhtsiyarava, 2017; Nawrotzki et al., 2015). 

The African continent is experiencing notable shifts in extreme rainfall patterns, with declining 

average precipitation observed in southern and western Africa, alongside increasing dry days, daily 

rainfall intensity (Rx1day and Rx5day), and extreme precipitation (New et al., 2006). Positive 

Rx1day trends have been reported in the Sahel, Kenya, Tanzania, the Gulf of Guinea, and parts of 

the Middle East, whereas negative trends dominate inland West Africa, South Africa, Namibia, 

and central Africa from Sudan to Angola (Marra et al., 2022). Extreme precipitation shows a 

decreasing trend in North Africa, the Sahel, central Africa, and western South Africa, while 

increasing trends have been observed in West Africa, East Africa, and eastern South Africa 

(Habiyakare et al., 2024). Variations of these indices leads to risks on agriculture, infrastructure, 

and disaster management due to flooding and soil erosion.  In Benin, indices such as PRCPTOT, 

R10mm, R20mm, Rx1day, and Rx5day show decreasing trends at most stations potentially 

reducing water availability for crops and increasing drought risks (Attogouinon et al., 2017), while 
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in the Lake Chad region, there are increasing trends in consecutive wet days (CWD) and annual 

total rainfall   impacting water availability and heighten the risk of flooding, affecting settlements, 

transport networks, and food security (Adeyeri et al., 2019). 

 In Eastern Africa, rainfall variability presents unique challenges, especially in semi-arid and 

highland regions. A slight decrease in precipitation has been observed during the long rainy season, 

with no significant changes in annual mean daily precipitation (Ogega et al., 2020). The Arid and 

Semi-Arid Land (ASAL) regions have seen a decline in R10mm, R20mm, and PRCPTOT, limiting 

water availability for agriculture and increasing drought frequency (Ngaina and Mutai, 2013) 

(Ongoma et al., 2018). In Ethiopia, Kenya, and Tanzania, precipitation indices have varied without 

clear trends (Gebrechorkos et al., 2019). However, in semi-arid areas like Western Tigray, 

Ethiopia, positive trends in R10mm, R20mm, and R95pTOT suggest increasing risks of localized 

flooding (Berhane et al., 2020). In the equatorial and northern sub-regions, including Western Lake 

Victoria, Southern Sudan, and western Ethiopia, RX5day, R95pTOT, and PRCPTOT have 

exhibited a decreasing trend, whereas in the southern parts of the region, these indices have shown 

an increasing trend (Omondi et al., 2014). In Uganda, PRCPTOT has shown a rising pattern, while 

CDD has decreased in the Mbarara region, signalling wetter conditions (Owoyesigire et al., 2016)., 

whereas the eastern region has recorded declines in R10mm, R20mm, and SDII, increasing 

concerns about prolonged dry spells  (Alex et al., 2019). 

Projected changes in extreme rainfall indices suggest that future climate variability will intensify 

these impacts across Africa. CWD is expected to decline in the far future under SSP1-2.6, SSP2-

4.5, SSP3-7.0, and SSP5-8.5 scenarios, reducing the duration of wet periods and affecting water 

availability (Habiyakare et al., 2024). R10mm is projected to decrease in southern Africa but 

increase in central, eastern, and western Africa under SSP2-4.5 and SSP5-8.5 scenarios (Bobde et 

al., 2024), with East Africa seeing an increase in prolonged dry spells  by the late 21st century 

(Ayugi et al., 2021). The Lake Victoria Basin is also projected to experience longer maximum dry 

and wet spells, posing challenges for water resource management and ecosystem stability 

(Onyutha, 2020). In Rwanda, alongside neighboring regions in Uganda, Kenya, and Tanzania, 

rainfall extremes such as Rx5day and R95pTOT are projected to intensify under SSP4.5 and 

SSP8.5 scenarios for 2021-2060, increasing disaster risk (Kazora et al., 2023).  

Rwanda has witnessed a rise in extreme precipitation events, consistent with trends observed 

across East Africa (Chang’a et al., 2020). Numerous studies in Rwanda have focused on observed 
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seasonal and annual rainfall variability, with a general consensus on changes in total rainfall across 

both timeframes (Ntwali et al., 2016; Siebert et al., 2019; Kazora et al., 2021; Umutoni et al., 2021; 

Umuhoza et al., 2021; Zhou et al., 2021; Safari et al., 2022; Sebaziga et al., 2022; Uwimbabazi et 

al., 2022; Twahirwa et al., 2023;  Sebaziga et al., 2023; Sebaziga et al., 2024). Given Rwanda’s 

complex terrain, high-resolution regional climate models are essential for capturing fine-scale 

precipitation patterns. Coordinated Regional Climate Downscaling Experiment-Coordinated 

Output for Regional Evaluations (CORDEX-CORE) regional climate models (RCMs) were 

evaluated in their ability to simulate the rainfall over Rwanda against the observed data (Safari et 

al., 2022). The study found that mean rainfall, annual cycle and their inter-annual variability were 

satisfactorily reproduced by all RCMs, their ensemble and multi-model ensemble means with the 

later outperforming individual model. Multi-model ensembles provide simulations with consistent 

forcing across multiple models, enabling the quantification of epistemic uncertainties and 

mitigating the limitations of individual models that may not fully capture the complexities of 

reality (Ehret et al., 2012; Adeyeri et al., 2020). Furthermore, bias correction in climate models 

addresses historical biases relative to observations (Adeyeri et al., 2019; Adeyeri et al., 2020; 

Adeyeri et al., 2023), enhancing model representation and reducing uncertainties (Adeyeri et al., 

2024). This process effectively minimizes discrepancies between observed and simulated climate 

variables, thereby decreasing uncertainties inherent in uncorrected climate models (Adeyeri et al., 

2020; Adeyeri et al., 2024). Despite evidence of changing rainfall patterns in Rwanda, no 

comprehensive study has assessed trends and projected changes in seasonal extreme rainfall 

indices. This study aims to analyse historical trends, variability, and future projected changes of 

extreme rainfall indices under RCP2.6 and RCP8.5 scenarios. Addressing the how extreme rainfall 

indices in Rwanda have evolved over time and are expected to change will offer insights to support 

evidence-based policymaking for climate resilience in Rwanda.  In this study, the selection of 

extreme precipitation indices is based on their potential impacts on agriculture, water resources, 

and infrastructure. CWD indicates prolonged wet spells, increasing flood and landslide risks in 

Rwanda’s mountainous regions. R10mm and R20mm capture moderate to extreme rainfall, 

influencing soil erosion, crop damage, and urban flooding. In the western region, where extreme 

rainfall is more pronounced, Rx1day assesses short-term rainfall intensity linked to flash floods 

and slope failures. R95pTOT highlights extreme rainfall contributions to annual totals, affecting 

hydrological stability, while PRCPTOT provides overall rainfall trends for long-term planning. 
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The selection of RCP2.6 and RCP8.5 in this study is based on the availability of CORDEX-CORE 

simulations for the African domain, which includes Rwanda (Safari et al., 2022). RCP2.6 

represents a low-emission scenario aligned with strong mitigation efforts, while RCP8.5 reflects a 

high-emission, worst-case trajectory. After the introduction, the paper is structured as follows: 

section two offers a brief overview of the materials and methods (study area, data, and 

methodology). Section three presents the results, which are followed by a discussion in section 

four and the conclusion in section five. 

6.2 Material and Methods 

6.2.1 Study Area 

Rwanda is situated in Eastern and Central Africa, positioned between 1°4′ and 2°51′ South latitude 

and 28°53′ and 30°53′ East longitude, covering a total area of 26,338 square kilometers. The 

agriculture sector occupies 14,020 square kilometers, which accounts for 59% of the total land 

area of the country (National Institute of Statistics of Rwanda, 2023). Rwanda's topography is 

complex, ranging from lowlands in the eastern part to highlands in the western and northern 

regions (Figure 6. 1). It features a mix of mountains, hills, and valleys with elevations from 900 

meters to 4507 meters. The Congo Nile Trial, with elevations between 2500 and 3000 meters, 

dominates the western side of the country. The northern region is notable for its volcanic area, 

including Karisimbi, the highest peak at 4507 meters. The eastern part of the country is 

characterized by hills with altitudes between 1000 and 1500 meters. The central region consists of 

hills ranging from 1500 to 2000 meters, while the south-western lowland of Bugarama Valley sits 

at approximately 900 meters high (Mikova, 2015). Rwanda's rainfall climatology exhibits the 

typical bimodal pattern seen in East Africa. The country experiences two rainy seasons, the long 

rain (LR) of March-April-May and the short rain (SR) of September-October-November-

December, and two dry seasons, January-February (JF) and June-July-August (JJA) (Muhire et al., 

2015; Ntwali et al., 2016; Siebert et al., 2019; Kazora et al., 2021), with April and November being 

the two peak months for respectively, LR and SR (Ntwali et al., 2016). Rwanda's rainfall 

distribution is primarily influenced by its diverse topography (Ntwali et al., 2016; Ngarukiyimana 

et al., 2017). Rwanda presents six distinct climate zones spanning across the country (Sebaziga et 

al., 2024). Those are: i) the Lake Kivu zone (Zone I), located to the coast of Lake Kivu; ii) the 

Mountain Forest c zone (Zone II), located on the southern and south-western parts of Nyungwe 
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National Park; iii) the Mountain zone (Zone III), located in the area over Congo Nile Trial extended 

to the mountain areas of the northern volcanoes highland; iv) the Central Temperate Highlands 

zone of the (Zone IV) that encompasses the central mountainous part extended from the southern 

region to the northern region; v) the Central Plateau zone (Zone V) located between the temperate 

climate zone of the central highlands in the west; and vi) the Eastern Lowland zone (Zone VI) in 

the eastern part of the country. 

 

Figure 6. 1 Geographical location of Rwanda in central and eastern African, and Africa (a), 

Administrative and elevation map of Rwanda (b). 

6.2.2 Data and methods 

This study uses daily rainfall data from the Rwanda Meteorology Agency, spanning from 1983 to 

2021. This dataset is represented on a grid with a spatial resolution of 4 km (0.0375°) grid. The 

data reconstruction adhered to the methodologies described by (Siebert et al., 2019) and (Dinku et 

al., 2014). Quality control measures, such checking the outliers and missing values as detailed by 

(Safari et al., 2022) and (Safari and Sebaziga, 2023), were applied to the observed datasets. For 

simulated data, we utilized CORDEX-CORE multi-model ensemble mean, generated using three 

Regional Climate Models (RCMs) at a spatial resolution of 25 km (0.22°). The three RCMs used 

were the Consortium for Small-Scale Modeling (COSMO) Climate Limited-area Modelling 

(CCLM5-0-15), the Regional Climatic Model Version 4.7 (RegCM4-7), and the REgional MOdel 
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REMO2015 (REMO2015). Each RCM was driven by three Global Climate Models (GCMs) to 

create the multi-model ensemble mean. The GCMs considered were the Max-Planck-Institute 

Earth System Model Low Resolution (MPI-ESM-LR), the Norwegian Earth System Model version 

1 (NCC-NorESM1-M), and the Hadley Centre Global Environmental Model version 2 Earth 

System (MOHC-HadGEM2-ES). The performance of each of these models in simulating mean 

rainfall over Rwanda has been thoroughly documented by (Safari et al., 2022).  

6.2.3 Extreme Indices  

The joint World Meteorological Organization Commission on Climatology (CCl) and the Climate 

Variability and Prediction (CLIVAR) Expert Team on Climate Change Detection and Indices 

(ETCCDI) developed a core set of 27 indices (Alexander et al., 2006; Tank et al., 2009; Donat et 

al., 2013). In this study, six extreme rainfall indices (Table 6. 1) were computed based on the 

methodology provided by the Expert Team on Climate Change Detection and Indices (ETCCDI) 

(Tank et al., 2009; Zhang et al., 2011). The computation was carried out using RClimDex software 

within the R package called Climate Data Tool (CDT v8.0) (Faniriantsoa, 2017; Dinku et al., 

2022). The base period from 1991-2020 was used for computing percentile-based threshold indices 

for each calendar day and for each grid, utilizing data for consecutive 5-day moving windows 

centered on that calendar day (Tank et al., 2009).   

Table 6. 1 List of extreme rainfall indices used in this study. 

Code Name Definition Unit References 

CWD Consecutive dry 

days 

Maximum number 

of consecutive days 

when precipitation > 

1mm 

days (Tank et al., 2009; 

Alexander et al., 2006; 

Donat et al., 2013) 

R10 mm Heavy 

precipitation days 

Seasonal count 

when 

precipitation ≥ 

10 mm 

days (Tank et al., 2009; 

Alexander et al., 2006; 

Donat et al., 2013) 

R20 mm Very heavy 

precipitation days 

Seasonal count 

when 

days (Tank et al., 2009; 

Alexander et al., 2006; 

Donat et al., 2013) 
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6.2.4 Variability and trend detection  

In this study, standard deviations were computed at each grid point for time series of extreme 

rainfall indices to represent their variability (Safari and Sebaziga, 2023). Trends were computed 

at each grid point for time series of extreme rainfall indices using the Modified Mann–Kendall test 

and for estimation of trend magnitude, the Theil–Sen (TS) estimator approach was used (Chechin 

et al., 2019) (Safari and Sebaziga, 2023). In hydrology and climate time series, the non-parametric 

Mann–Kendall test and the Theil–Sen slope estimator are widely used for detecting trends and 

estimating trend magnitudes (Safari, 2012; Tan et al., 2015). However, this method suffers from 

autocorrelation. Positive autocorrelation may cause the Mann–Kendall test to incorrectly identify 

a trend, while negative autocorrelation can lead to the opposite error (Datta and Das, 2019). To 

account for the effect of autocorrelation in datasets, (Ahmed et al., 2017) introduced a modified 

Mann-Kendall test. This method involves adjusting the variance as noted by (Hamed and Rao, 

1998; Taxak et al., 2014; Mahrt, 2014;  Das et al., 2022). Significant trends were considered at α 

= 0.05 confidence level. 

 

 

 precipitation ≥ 

20 mm 

Rx1day Max 1-day 

precipitation 

amount 

Seasonal maximum 

1-day 

 precipitation 

mm (Tank et al., 2009; 

Alexander et al., 2006; 

Donat et al., 2013) 

R95pTOT Precipitation due 

to very wet days  

(> 95th percentile) 

Seasonal total  

precipitation from 

days with rainfall > 

95th 

percentile 

mm (Tank et al., 2009; 

Alexander et al., 2006; 

Donat et al., 2013) 

PRCPTOT Total wet-day 

precipitation 

Seasonal  total 

precipitation in wet 

days (RR>=1mm) 

mm (Tank et al., 2009; 

Alexander et al., 2006; 

Donat et al., 2013) 
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6.2.5 Errors for comparison of computed CWD, PRCPTOT, R10mm, R20mm, R95pTOT and 

RX1day from observation and simulated by CORDEX CORE M-M-E 

Different metrics are used to compare computed CWD, PRCPTOT, R10mm, R20mm, R95pTOT 

and RX1day from observation and simulated by CORDEX-CORE-M-M-E. They include the 

Pearson correlation coefficient (r), mean bias error (MBE), root mean-square error (RMSE) and 

mean absolute error (MAE) for, respectively, the LR and SR. The r is a measure used to assess the 

linkage between observed values and the model outputs(Hargreaves & Allen, 2003; Luhunga et 

al., 2016). It is mathematically expressed as:  

r =  
1

n
∑ (𝑅𝑖−R)(𝐶𝑖−C)
n
t=1

√
1

n
[∑ (𝑅𝑖−R)
n
t=1

2
][∑ (𝐶𝑖−C)

n
t=1

2
]                  

                                     (1) 

where 𝑅𝑖 and 𝐶𝑖 are the rainfall and rainfall characteristics, and  𝑅 and 𝐶 are the mean rainfall and 

mean rainfall characteristics, 𝑛 is the total number of observations. The MBE, RMSE and MAE 

indicate the difference between the observation data and model outputs (Willmott & Matsuura, 

2005). The positive value denote that the model overestimates the observation while a negative 

value denotes the underestimation of the model compared to the observation. 

MB =
1

N
∑ (𝐹𝑖 −𝑂𝑖)
N
I=1                                                                                                             (2) 

RMSE = √
1∑ (𝐹𝑖−𝑂𝑖)

n

i=1

2

N
                                                                                                          (3) 

MAE =
1

n
[∑ |𝐹𝑖 − 𝑂𝑖|

n
i=1 ]                                                                                                        (4) 

where 𝐹𝑖 is the simulated model data and 𝑂𝑖 is the observational data.  

6.2.7 Projected change 

To calculate the projected changes in the extreme rainfall indices, future climate simulations were 

obtained for two time periods: 2026-2060 and 2066-2100, under the Representative Concentration 

Pathways (RCP) emission scenarios RCP 2.6 and RCP 8.5, which represent global radiative 

forcing levels of respectively, 2.6 W/m² and 8.5 W/m² by 2100  (IPCC, 2014; Li et al., 2016; 

Javaherian et al., 2021).  The observed datasets are provided at a high spatial resolution of 0.0375° 

(~4 km), which is finer than the 0.224° (25 km) grid used by CORDEX-CORE. To enable 

comparison, these datasets were remapped to the CORDEX-CORE grid using bilinear 
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interpolation with the first-order conservative remapping method (Nikulin et al., 2012; Endris et 

al., 2013; Gbobaniyi et al., 2014; Safari et al., 2022). Remapping observed data to coarser grids 

may smooth out localized climate signals. To address scale gap effects, bias correction techniques 

are commonly applied to refine the model outputs. Techniques like distribution mapping and linear 

scaling are frequently used to adjust for biases and improve the outputs of the model (Teutschbein 

and Seibert, 2012). In this study, we employed the linear scaling method, which involves applying 

a constant correction factor calculated from the difference between observed data and the original 

RCM simulations for each calendar month (Teutschbein and Seibert, 2012; Crochemore et al., 

2016; Luo et al., 2018; Mendez et al., 2020). For the computation of the scaling factor, we used 

observed and historical model data for the 1983-2005 period. This time frame was selected based 

on the availability of observed data that aligns with the historical model simulations. After bias 

correction, the mean of extreme rainfall indices for each future time period under both RCP 

scenarios were then computed and compared to the mean of extreme rainfall indices of the current 

long-term mean for the period 1986-2020. The comparison of observed extreme rainfall indices 

for the period 1986-2020 with projected changes for the periods 2026-2060 and 2066-2100 under 

RCP2.6 and RCP8.5 scenarios in different climatic zones of Rwanda was performed using student 

t-test (Hewer et al., 2021). The significant changes were identified at α =0.05.  

 6.3 Results 

Figure 6. 2 presents the spatial distribution of long-term mean of observed seasonal extreme 

rainfall indices over Rwanda during LR and SR for the period of 1983-2021. CWD and R10mm 

exhibit high values in the southwestern and northwestern highlands during LR (15–25 days, 23–

37 days) and SR (15–26 days, 26–43 days). In contrast, the central and eastern regions show lower 

values for LR (15–25 days, 9–23 days) and SR (4–15 days, 9–26 days). For R20mm, the southern 

and western parts of Nyungwe National Park, the extreme northwestern highlands, and the 

northwestern areas of Kigali City record high values during LR (8–13 days) and SR (8–11 days). 

On the other hand, the eastern region and areas bordering Lake Kivu show lower values for both 

LR and SR (3–8 days). RX1Day is highest in the extreme southern, central, and eastern parts of 

the country during both LR and SR (45–60 days), while other areas observe lower values (30–45 

days). For R95pTOT and PRCPTOT, the southern, western, northern, and central regions 

experience significant rainfall during LR (110–170 mm, 510–790 mm) and SR (125–185 mm, 
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520–770 mm). In contrast, the eastern region records lower amounts for LR (50–110 mm, 230–

510 mm) and SR (65–125 mm, 270–520 mm). The elevated magnitude of these extreme rainfall 

indices in the south-western and north-western highlands may enhance agricultural productivity 

due to increased water availability. However, excessive rainfall could result in soil erosion, 

reduced crop yields, heightened flood and landslide risks, and significant impacts on infrastructure, 

settlements, and human livelihoods. Meanwhile, the central and eastern regions, characterized by 

lower topography and relatively reduced rainfall amounts, could experience water stress, 

potentially affecting agriculture, livestock, and access to safe drinking water. 
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Figure 6. 2 Spatial distribution of long-term mean of observed long rain (LR) and short rain (SR) 

seasonal extreme rainfall indices over Rwanda during the period of 1983–2021. CWD for LR (a), 

R10mm for LR (b), R20mm for LR (c), RX1day for LR (d), R95pTOT for LR (f), CWD for SR 

(g), R10mm for LR (h), R20mm for SR (i), RX1day for SR (j), R95pTOT for SR (k), PRCPTOT 

for SR (l). CWD, R10mm and R20mm are expressed in days, RX1day, R95pTOT and PRCPTOT 

are expressed in mm.  

Figure 6. 3 presents the spatial variability of the seasonal extreme rainfall indices for the LR and 

SR over Rwanda during the period of 1983-2021. During the LR, CWD exhibits high variability 
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(8-14 days) in the eastern region, while the rest of the country experiences lower variability (2-8 

days). R10mm shows high variability (7-11 days) in the eastern, south-western, and north-western 

highlands, with lower variability (3-7 days) elsewhere. R20mm varies significantly (4-6 days) in 

the south-central, eastern, extreme south-western, and northern regions, while other areas observe 

lower variability (2-4 days). RX1Day remains relatively stable (8-21 mm) in the east but varies 

more widely (21-34 mm) in other regions. R95pTOT and PRCPTOT show lower variability (42-

95 mm and 60-138 mm, respectively) in the southern, western, and northern regions, whereas the 

rest of the country experiences higher variability (95-148 mm and 138-216 mm, respectively). 

During SR, CWD exhibits low variability (2-7 days) in the southwestern and northern highlands, 

while the rest of the country experiences higher variability (7-12 days). R10mm shows low 

variability (3-7 days) in the southern, central plateau, and areas around Lake Kivu, with higher 

variability (7-11 days) elsewhere. R20mm varies significantly (4-6 days) in the eastern and 

northern regions, while other areas observe lower variability (2-4 days). RX1Day remains 

relatively stable (8-25 mm) in the central eastern and extreme southern regions but varies more 

widely (25-42 mm) elsewhere. R95pTOT and PRCPTOT exhibit lower variability (47-94 mm and 

73-142 mm, respectively) in the southern and central regions, whereas the eastern and northern 

regions experience higher variability (94-141 mm and 142-211 mm, respectively). 

Higher variability in CWD can disrupt planting seasons, weaken infrastructure, and increase 

waterborne disease risks. Significant R10mm variability during LR may cause soil erosion, crop 

damage, and drainage system overload, requiring frequent maintenance. Landslides in highlands 

and flooding in densely populated western and northern regions pose disaster management 

challenges. Increased R20mm variability, particularly in south-central, eastern, and northwestern 

regions during LR and in eastern and northern regions during SR, threatens agriculture through 

crop damage, topsoil loss, and runoff-related damage to irrigation systems and roads. Flood-prone 

communities in western and northern highlands face heightened displacement risks, emphasizing 

the need for enhanced disaster preparedness. Variability in RX1Day can lead to field flooding, 

crop destruction, and infrastructure failure, necessitating robust designs for bridges and culverts. 

Greater variability in R95pTOT and PRCPTOT may disrupt water resource management, causing 

reservoir overflows and irrigation challenges, creating uncertainties for livelihoods reliant on 
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predictable rainfall. Proactive disaster strategies and infrastructure reinforcement are crucial for 

resilience. 

 

Figure 6. 3 Spatial variability of the long rain (LR) and short rain (SR) seasonal extreme rainfall 

indices over Rwanda during the period of 1983–2021. CWD for LR (a), R10mm for LR (b), 

R20mm for LR (c), RX1day for LR (d), R95pTOT for LR (e), PRCPTOT for LR (f), CWD for SR 

(g), R10mm for LR (h), R20mm for SR (i), RX1day for SR (j), R95pTOT for SR (k), PRCPTOT 
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for SR (l). CWD, R10mm and R20mm are expressed in days, RX1day, R95pTOT and PRCPTOT 

are expressed in mm. 

Figure 6. 4 presents the spatial trends of the LR and SR seasonal extreme rainfall indices over 

Rwanda for the period of 1983–2021. For LR, CWD shows statistically significant increasing 

trends (0.3 days/year) in the south-eastern, extreme north-eastern and the western of Huye district. 

Statistically significant decreasing trends (-0.3 day/year) are indicated in south-western and 

extreme north-western of the eastern region, and the central parts of the southern region. 

Remaining parts of the country show no statistically significant trends. R10mm shows a 

statistically significant decrease (-0.33 day/year) in Kayonza District and statistically increasing 

trends in Ngoma and western Nyaruguru District (0.33 day/year). The remaining parts of the 

country show no statistically significant trends. R20mm show statistically significant decreasing 

trends of (-0.11day/year) in Kigali City, northern of Nyungwe National Park, Bugesera and north-

eastern of Kayonza districts. The remaining parts of the country show no statistically significant 

trends. RX1Day show statistically significant decreasing trends (-0.8 mm/year) in southern, central 

plateau, eastern areas of the north region, south-eastern and north-eastern parts of the country. The 

rest of the country indicate no statistically significant trends. R95pTOT shows statistically 

significant decreasing trends (-3.3 mm/year) in southern, and eastern areas of the north region and 

north-eastern parts of the country. The rest of the country indicate no statistically significant trends. 

PRCPTOT shows statistically significant decreasing trends (-4.1 mm/year) in Kigali City, 

Bugesera, and the north-eastern of Kayonza district. The rest of the country indicates no 

statistically significant trends. 

For SR, CWD shows statistically significant increasing trends (0.2 days/year) in the south-eastern. 

Statistically significant decreasing trends (-0.3 day/year) are indicated in south-of Kigali City, 

Bugesera district, and western Rwamagana and Nyagatare districts. The remaining parts of the 

country show no statistically significant trends. R10mm shows a statistically significant increase 

(0.33 day/year) in the south-eastern and north-eastern parts of the eastern region. The remaining 

parts of the country show no statistically significant trends. R20mm show statistically significant 

decreasing trends (-0.1day/year) in the north-eastern of Kayonza and the central parts of the 

Gatsibo districts. The remaining parts of the country show no statistically significant trends. 

RX1Day shows statistically significant decreasing trends (-0.6 mm/year) in north-western 

highlands. Statistically significant increasing trends (0.6 mm/year) in south-western, south-central, 
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southern Ngoma, and western Kayonza districts. The rest of the country indicates no statistically 

significant trends. In north-western highlands, R95pTOT shows statistically significant decreasing 

trends (-3.5 mm/year). Statistically significant increasing trends (3.5 mm/year) in Ngoma and 

western Kayonza districts. The rest of the country indicates no statistically significant trends. 

PRCPTOT shows statistically significant increasing trends (8.4 mm/year) in the south-eastern and 

extreme north-eastern Nyagatare district. The rest of the country indicates no statistically 

significant trends. 
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Figure 6. 4 Spatial distribution of trends of the long rain (LR) and short rain (SR) seasonal extreme 

rainfall indices over Rwanda during the period of 1983–2021. CWD for LR (a), R10mm for LR 

(b), R20mm for LR (c), RX1day for LR (d), R95pTOT for LR (e), PRCPTOT for LR (f), CWD 

for SR (g), R10mm for LR (h), R20mm for SR (i), RX1day for SR (j), R95pTOT for SR (k), 

PRCPTOT for SR (l). CWD, R10mm and R20mm are expressed in days/year, RX1day, R95pTOT 

and PRCPTOT are expressed in mm/year. Areas with statistically significant positive trends are 
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indicated with + sign, and areas with statistically significant negative trends are indicated with – 

sign.  

Table 6. 2 show the variability and trends of country-averaged extreme precipitation indices for 

LR and SR. The analysis of mean values for extreme rainfall indices during the long rain season 

(LR) and short rain season (SR) reveals distinct patterns. For the CWD, the mean values are 10.007 

days for LR and 10.082 days for SR, indicating similar wet spell durations across both seasons. 

The R10mm shows slightly higher mean values during SR (18.599 days) compared to LR (17.531 

days), suggesting more frequent heavy rainfall events in SR. Conversely, the R20mm is slightly 

higher in LR (6.040 days) than in SR (5.580 days), indicating a greater occurrence of very intense 

rainfall in LR. The RX1Day is slightly higher in LR (42.878 mm) compared to SR (41.364 mm), 

reflecting more intense rainfall events in LR. For the R95pTOT, the mean value is higher in SR 

(109.279 mm) than in LR (95.426 mm), indicating that SR contributes more to the R95pTOT. 

Finally, the PRCPTOT shows higher mean values in SR (498.770 mm) compared to LR (455.675 

mm), highlighting that the SR season receives more overall precipitation. These variations suggest 

nuanced differences in rainfall patterns between the two seasons, with SR generally exhibiting 

slightly more intense and frequent rainfall events. The variability for these indices demonstrates 

notable differences between the LR and SR seasons. For LR, CWD, R10mm, R20mm, Rx1day, 

R95pTOT and PRCPTOT exhibit a variability reaching 2.377 days, 3.775 days, 1.678 days, 5.772 

mm, 30.876 mm and 84.363mm, respectively. For SR, these indices show a standard divarication 

of 2.255 days, 3.706 days, 1.486 days, 6.044 mm, 34.648 mm and 85.525 mm, respectively. 

Table 6. 2 Country-averaged extreme precipitation indices for long rain (LR) and short rain (SR) 

seasons showing minimum values (Min), mean values, maximum values (Max), standard deviation 

(SD) and trend slope. Bold values indicate statistical significance at α = 0.05. Min, Mean, Max 

and SD for CWD, R10mm and R20mm are expressed in days, RX1day, R95pTOT and PRCPTOT 

are expressed in mm. slope values are expressed in unit per year. 

Extreme Rainfall indices 

INDEX Min Mean Max SD slope 

LR 

CWD 3.924 10.007 17.953 2.377 -0.003 

R10mm 6.240 17.531 26.269 3.775 0.045 
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R20mm 1.914 6.040 9.502 1.678 -0.022 

RX1Day 25.098 42.878 52.373 5.772 -0.204 

R95pTOT 15.234 95.426 151.834 30.876 -0.900 

RCPTOT 175.233 455.675 626.133 84.363 0.422 

SR 

CWD 4.637 10.082 16.043 2.255 0.021 

R10mm 9.938 18.599 25.446 3.706 0.045 

R20mm 1.357 5.580 8.250 1.486 0.028 

RX1Day 29.339 41.364 60.896 6.044 -0.002 

R95pTOT 26.265 109.279 165.215 34.648 0.674 

RCPTOT 274.589 498.770 662.530 85.525 1.422 

 

Figure 6. 5 presents the country-averaged extreme rainfall indices for LR and SR. The observed 

trends in extreme rainfall indices are not homogeneous across the country, with significant 

variations between indices and seasons. Notably, RX1Day exhibits a statistically significant 

decrease during the LR, while other indices show no significant trends for either the LR or SR 

seasons. CWD and R20mm reveal contrasting trends, with both indices showing a decreasing trend 

(-0.003 and -0.022 days/year, respectively) during LR and an increasing trend (0.021 and 0.028 

days/year) during SR. Similarly, PRCPTOT decreases during LR (-0.900 mm/year) but increases 

during SR (0.674 mm/year). Both R10mm and PRCPTOT exhibit positive trends in both LR and 

SR (0.045 days/year and 0.422 mm/year for LR; 0.045 days/year and 1.422 mm/year for SR, 

whereas RX1Day shows a decrease in both seasons (-0.204 and -0.002 mm/year). These results 

highlight the complex and regionally variable nature of extreme rainfall trends across the country. 
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Figure 6. 5 Country-Averaged trends of the long rain (LR) and short rain (SR) seasonal extreme 

rainfall indices over Rwanda during the period of 1983–2021. CWD for LR (a), R10mm for LR 

(b), R20mm for LR (c), RX1day for LR (d), R95pTOT for LR (e), PRCPTOT for LR (f), CWD 

for SR (g), R10mm for LR (h), R20mm for SR (i), RX1day for SR (j), R95pTOT for SR (k), 

PRCPTOT for SR (l). CWD, R10mm and R20mm are expressed in days/year, RX1day, R95pTOT 

and PRCPTOT are expressed in mm/year.  

Table 6. 3  Comparison between spatial distributions of computed CWD, PRCPTOT, R10mm, 

R20mm, R95pTOT and RX1day from observation and simulated by CORDEX CORE M-M-E 

(value in [ , ] is the range between minimum and maximum) for the period 1983-2005 

LR 

Extreme rainfall indices LR r (%) MBE (mm/day) RMSE (mm/day) MAE (mm/day) 

CWD [20, 94] [0, 16.01] [0.0, 9.01] [0.0, 22.0] 

RCPTOT [27, 90] [-136.0, 136.0] [0.0, 25.0] [0.01, 37.01] 

R10mm [38, 90] [-6.0, 6.0] [0.0, 11.0] [0.01, 22.01] 

R20mm [12, 99] [-7.0, 7.0] [0.01, 9.01] [0.01, 9.01] 

R95pTOT [27, 92] [-65.0, 65.0] [0.0, 14.0] [0.0, 17.0] 
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RX1Day [3, 84] [-18.0, 18.0] [0.01, 21.0] [0.02, 25.0] 

SR 

Extreme rainfall indices SR r (%) MBE (°C) RMSE (°C) MAE (°C) 

CWD [21, 87] [-7.01, 7.02] [0.02, 6.01] [0.01, 8.01] 

RCPTOT [3, 92] [-100, 100] [0.02, 38.0] [0.02, 47.01] 

R10mm [33, 88] [-9.01, 9.03] [0.01, 11] [0.03, 6.01] 

R20mm [6, 94] [-5.03, 5.01] [-5.5, 5.5] [0.0, 8.01] 

R95pTOT [20, 81] [-22.02, 22.03] [0.0, 28.01] [0.0, 20.01] 

RX1Day [10, 82] [0.02, 34.01] [0.0, 22.01] [0.03, 16.01] 

The spatial distributions of climatological mean and statistical metrics (r, MBE, RMSE, and MAE) 

comparing extreme rainfall indices computed from observed and CORDEX-CORE-M-M-E data 

during the LR in Rwanda for 1983-2005 are shown in Table 6. 3 and suppl. 6 1 (Figure 1-6). The 

comparisons for CWD is presented in suppl. 6 1 (Figure 1) indicates that the CORDEX-CORE-

M-M-E overestimate the mean computed CWD in most parts of the country. The Pearson’s 

correlation coefficient (r) ranges between 20% and 94%, with low values ([20, 57] %) in the north-

eastern parts of the country and high values ([57, 94] %) in the other areas. MBE indicates high 

values ranging in the interval ([8, 16] days) in the central and extreme southern parts of the country 

and low values ([0, 8] days) in other regions. RMSE indicates high values ranging in the interval 

([4.5, 9] days) in the extreme eastern and few areas of the south-western and low values ([0, 4.5] 

days) in other regions. MAE indicates high values ([11, 22] days) in the extreme south-western 

and low values ([0.0, 4.5] days) in other areas of the country. The comparisons for PRCPTOT 

presented in suppl. 6 1 (Figure 2) shows that the Pearson’s correlation coefficient (r) ranges 

between 27% and 90%, with low values ([27, 58] %) in the south-western, southern and north-

eastern parts of the country and high values ([58, 90] %) in the other areas. MBE indicates that 

PRCPTOT computed from CORDEX-CORE-M-M-E underestimate the PRCPTOT computed 

from observational data ([-136, 0] mm) in the south-western, south-eastern and northern highland 

and overestimate ([0, 136] mm) the observed data in other regions.  RMSE indicates high values 

([12.5, 25.0] mm) in southwestern and central parts of the country and low values ([0, 12.5] mm) 

in other regions. MAE indicates high values ([18.5, 37] mm) in the south-western, western and 

northern highlands and low values ([0.0, 18.5] days) in other areas of the country. 
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The comparisons for R10mm presented in suppl. 6 1 (Figure 3) indicates that the Pearson’s 

correlation coefficient (r) ranges between 38% and 90%, with low values ([38, 64] %) in the 

western region bordering Lake Kivu, southern and extreme northern regions and high values ([64, 

90] %) in the other areas. MBE indicates that R10mm computed from CORDEX-CORE-M-M-E 

underestimate the R10mm computed from observational data ([-6, 0] days) in the south-western, 

south-eastern and northern highland and overestimate ([0, 6] days) the observed data in other 

regions. RMSE indicates high values ([5.5, 11.0] days) in most parts of the country with few 

scattered areas showing low values ([0, 5.5] days) in other regions. MAE indicates high values 

([11, 22] days) in the south-western and northern highlands and low values ([0.0, 11] days) in other 

areas of the country. The comparisons for R20mm presented in suppl. 6 1 (Figure 4) reveals that 

the Pearson’s correlation coefficient (r) ranges between 12% and 99%, with low values ([12, 56] 

%) in the few areas of the western region and high values ([56, 99] %) in the other areas. MBE 

indicates that R20mm computed from CORDEX-CORE-M-M-E overestimate the R20mm 

computed from observational data ([0, 7] days) in south-western, northern highland, southeastern 

and extreme north-eastern and underestimate ([-7, 0] days) the observed data in other regions. 

RMSE indicates high values ([4.5, 9] days) in most parts of the country with few scattered areas 

showing low values ([0, 4.5] days) in other regions. MAE indicates high values ([4.5, 9.0] days) 

in the south-western and northern highlands and low values ([0.0, 4.5] days) in other areas of the 

country. 

The comparisons for R95pTOT presented in suppl. 6 1 (Figure 5) shows that the Pearson’s 

correlation coefficient (r) ranges between 27% and 92%, with low values ([27, 64] %) in the central 

western, southern and few areas of the north-eastern parts of the country and high values ([56, 99] 

%) in the other areas. MBE indicates that R95pTOT computed from CORDEX-CORE-M-M-E 

underestimate the R95pTOT computed from observational data ([-65, 0] mm) in south-eastern, 

central eastern and northern highland and overestimate ([0, 65] mm) the observed data in other 

regions. RMSE indicates low values ([0, 7] mm) in north-eastern, south-eastern, northern highland 

and south-western and high values ([7, 14] mm) in most parts of the country. MAE indicates low 

values ([0, 8.5] mm) in the central, south-eastern and northern highland and high values ([8.5, 17] 

mm) in other areas of the country. The comparisons for RX1day presented in suppl. 6 1 (Figure 6) 

indicates that the Pearson’s correlation coefficient (r) ranges between 3% and 83%, with low 

values ([3, 43] %) in the central and southern parts of the country and high values ([43, 83] %) in 
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the other areas. MBE indicates that RX1day computed from CORDEX-CORE-M-M-E 

underestimate the RX1day computed from observational data ([-18, 0] mm) in southern, central 

and north-eastern regions and overestimate ([0, 18] mm) the observed data in other regions. RMSE 

indicates high values ([11, 21] mm) in few areas of the central, southern and northern highland 

and low values ([0, 11] mm) in most parts of the country. MAE indicates high values ([12.5, 25] 

mm) in the central western, southeastern and northeastern and low values ([0 12.5] mm) in other 

areas of the country. 

The spatial distributions of climatological mean and statistical metrics (r, MBE, RMSE, and MAE) 

comparing extreme rainfall indices computed from observed and CORDEX-CORE-M-M-E data 

during the SR in Rwanda for 1983-2005 are shown in suppl. 6 1 (Figure 7-12). The comparisons 

for CWD presented in suppl. 6 1 (Figure 7) indicates that the Pearson’s correlation coefficient (r) 

ranges between 21% and 87%, with low values (21, 54] %) observed in the central and north-

eastern parts of the country and high values ([54, 87] %) in the other areas. MBE indicates that 

CWD computed from CORDEX-CORE-M-M-E underestimate the CWD computed from the 

observational data ([-7, 0] days) in the south-eastern, central, northern highlands and north-eastern 

parts of the country and overestimate the observation ([0, 7] days) in other regions. RMSE 

indicates high values ([3, 6] days) in the south-western, central and northern region and low values 

([0, 3] days) in other regions. MAE indicates low values ([0, 4] days) in south-eastern and high 

values ([4, 8] days) in other areas of the country. The comparisons for PRCPTOT presented in 

suppl. 6 1 (Figure 8) indicates that the Pearson’s correlation coefficient (r) ranges between 3% and 

92%, with low values (3, 47] %) observed in the extreme south-western, southcentral and northern 

regions and high values ([47, 92] %) in the other areas. MBE shows that PRCPTOT computed 

from CORDEX-CORE-M-M-E overestimate the PRCPTOT computed from the observational 

data ([0, 100] mm) in the southern, central western and central parts of the country and 

underestimate the observation ([-100, 0] mm) in other regions. RMSE indicates high values ([19, 

38] mm) in the south-western, northern highland and south-eastern regions and low values ([0, 3] 

mm) in other regions. MAE indicates low values ([0, 24] mm) in south-eastern and northern parts 

of the country and high values ([24, 47] mm) in other areas of the country. 

The comparisons for R10mm presented in suppl. 6 1 (Figure 9) indicates that the Pearson’s 

correlation coefficient (r) ranges between 33% and 88%, with low values (33, 61] %) observed in 
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the northern and southcentral parts of the country and high values ([61, 88] %) in the other areas.  

MBE shows that R10mm computed from CORDEX-CORE-M-M-E overestimate the R10mm 

computed from the observational data ([0, 9] days) in the southern and central parts of the country 

and underestimate the observation ([-9, 0] days) in other regions. RMSE indicates high values 

([5.5, 11] days) in the south-western, northern highland and south-eastern regions and low values 

([0, 5.5] days) in other regions. MAE indicates high values ([3, 6] days) in extreme southern and 

in northern parts of the country and low values ([0, 6] days) in other areas of the country. The 

comparisons for R20mm presented in suppl. 6 1 (Figure 10) indicates that the Pearson’s correlation 

coefficient (r) ranges between 33% and 88%, with low values (33, 61] %) observed in the northern 

and southcentral parts of the country and high values ([61, 88] %) in the other areas.  MBE shows 

that R20mm computed from CORDEX-CORE-M-M-E underestimate the R20mm computed from 

the observational data ([-5, 0] days) in the eastern, northern highland and south-western parts of 

the country and overestimate the observation ([0, 5] days) in other regions. RMSE indicates high 

values ([2.75, 5.5] days) in the south-eastern, south-western and northern highland and low values 

([0, 2.75] days) in other regions. MAE indicates high values ([4, 8] days) in southcentral areas of 

the country and low values ([0, 4] days) in other areas of the country. 

The comparisons for R95pTOT presented in suppl. 6 1 (Figure 11) indicates that the Pearson’s 

correlation coefficient (r) ranges between 20% and 81%, with high values (51, 81] %) observed in 

the eastern region and low values ([20, 51] %) in the other areas.  MBE shows that R95pTOT 

computed from CORDEX-CORE-M-M-E underestimate the R95pTOT computed from the 

observational data ([-22, 0] mm) in the eastern and extreme south-western parts of the country and 

overestimate the observation ([0, 22] mm) in other regions. RMSE indicates low values ([0, 14] 

mm) in the central and extreme northern parts and high values ([14, 28] mm) in other regions. 

MAE indicates low values ([0, 10] mm) in eastern and extreme northern parts of the country and 

high values ([10, 20] mm) in other areas of the country. The comparisons for RX1day presented 

in suppl. 6 1 (Figure 12) indicates that the Pearson’s correlation coefficient (r) ranges between 

10% and 82%, with low values (10, 46] %) observed in the western and northern regions and high 

values ([46, 82] %) in the other areas.  MBE shows that RX1day computed from CORDEX-CORE-

M-M-E overestimate the RX1day computed from the observational data in the whole country with 

high values ([17, 34] mm) in the western, southern, extreme eastern and northern regions and low 

values ([0, 17] mm) in other regions. RMSE indicates high values ([11, 22] mm) in few areas of 
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the extreme southern and north-eastern and low values ([0, 11] mm) in other regions. MAE 

indicates low values ([0, 8] mm) in north-eastern, central and northern regions and high values ([8, 

16] mm) in other areas of the country. 

Table 6. 4 Comparison between spatial distributions of computed CWD, PRCPTOT, R10mm, 

R20mm, R95pTOT and RX1day from observation and bias corrected simulated by CORDEX 

CORE M-M-E (value in [ , ] is the range between minimum and maximum) for the period 1983-

2005 

LR 

Extreme rainfall indices LR r (%) MBE (mm/day) RMSE (mm/day) MAE (mm/day) 

CWD [77, 99] [0.0, 6.0] [0.0, 3.001] [0.0, 8.0] 

RCPTOT [84, 99] [-68.0, 68.0] [0.0, 8.8] [0.01, 13.4] 

R10mm [95, 99] [-2.0, 2.0] [0.0, 4.0] [0.0, 8.0] 

R20mm [70, 99] [-3.0, 3.0] [0.0, 4.02] [0.01, 4.01] 

R95pTOT [93, 99] [-33.0, 33.0] [0.0, 5.0] [0.0, 6.0] 

RX1Day [78, 99] [-7.8, 7.8] [0.01, 10.0] [0.02, 8.0] 

SR 

Extreme rainfall indices SR r (%) MBE (°C) RMSE (°C) MAE (°C) 

CWD [94, 99] [-2.01, 2.02] [0.02, 2.02] [0.0, 1.5] 

RCPTOT [97, 99] [-52, 0.0] [0.02, 12.0] [0.03, 15.01] 

R10mm [97, 99] [-1.4, 1.403] [0.0, 2.4] [0.0, 1.4] 

R20mm [97, 99] [-0.5, 0.5] [0.0, 0.6] [0.0, 0.8] 

R95pTOT [60, 96] [-9.02, 9.03] [0.0, 14.01] [0.0, 11.02] 

RX1Day [96, 99] [0.0, 7.01] [0.0, 5.01] [0.0, 4.03] 

Suppl. 6 2 (Figure 1-12) and Table 6. 4 present the comparisons between spatial distributions of 

computed CWD, PRCPTOT, R10mm, R20mm, R95pTOT and RX1day from observation and bias 

corrected simulated by CORDEX CORE M-M-E for the period 1983-2005. It is clearly shown that 

correlations have been increased and errors have been reduced.  The resulting bias corrected data 

were then used to analyse future projected changes in extreme rainfall indices. 



213 

 

Figure 6. 6 presents the projected change of the mean seasonal extreme rainfall indices for the LR 

over Rwanda during 2026-2060(2026-2060) and 2066-2100(2066-2100) under RCP2.6 and 

RCP8.5 scenarios. Future projections show a decrease in CWD for the 2026-2060 ([-8, 0] days) 

and for 2066-2100 ([-10, 0] days) in south-western and northern, and an increase for 2026-2060 

([0, 8] days) and for 2066-2100 ([0, 10] days) elsewhere with more decrease under RCP2.6 than 

RCP8.5. For R10mm and R20mm, future projection shows a decrease, respectively, ([-24, 0] days) 

and ([0, -14] days) for the 2026-2060 and respectively, ([-24, 0] days) and ([-13, 0 days) for 2066-

2100 over the whole country with more reduction in the western and northern highland than in the 

central and eastern lowlands. The magnitude of change is more projected under RCP2.6 than under 

RCP8.5. For RX1day, future projection shows a decrease for the 2026-2060 ([-23, 0] mm) and for 

the 2066-2100 ([-16, 0] mm) in eastern but increase for the 2026-2060 ([0, 38] mm) and for the 

2066-2100 ([0, 62] mm) elsewhere with higher magnitude of increase under RCP8.5 than RCP2.6. 

For R95pTOT, future projection shows for the 2026-2060, an increase ([0, 84] mm) is expected in 

western, southern, and northern regions with high magnitude under RCP8.5 than RCP2.6 and a 

decrease ([-40, 0] mm) in south-central, central and eastern regions with high magnitude under 

RCP2.6 than RCP8.5. For 2066-2100, an increase ([0, 380] mm) is projected in western, southern, 

and northern regions with high magnitude under RCP8.5 than RCP2.6 and a decrease ([-6, 0] mm) 

in central and southern regions. For PRCPTOT, future projection shows for the 2026-2060 a 

decrease ([-486, 0] mm) in southern, west and northern highlands under RCP2.6 and in the south-

western and northern highland under RCP8.5. An increase ([0, 28] mm) is projected in the central 

and eastern under RCP2.6 and in most parts of the country under RCP8.5. For the 2066-2100, 

more decrease ([-380, 0] mm) is projected in the south-western, northern highland with high 

magnitude under RCP than under RCP8.5 and an increase ([0, 120] mm) in the eastern, central and 

southern region with more magnitude under RCP8.5 than RCP2.6. 
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Figure 6. 6 Spatial distribution of the projected changes of mean seasonal extreme rainfall indices 

for long rain (LR) over Rwanda during 2026-2060 and 2066-2100 under, respectively, RCP2.6 

and RCP8.5 emission scenarios relative to 1986-2020 observational period. CWD (a-d), R10mm 

(e-h), R20mm (j-l), RX1day (m-p), R95pTOT (q-t) and PRCPTOT (u-x). CWD, R10mm and 

R20mm are expressed in days, RX1day, R95pTOT and PRCPTOT are expressed in mm. 

Figure 6. 7 presents the projected change of the mean seasonal extreme rainfall indices for SR over 

Rwanda during 2026-2060 and 2066-2100. For CWD projected increase are observed for the 2026-

2060 ([2, 22] days) in most parts of the country with high magnitude under RCP2.6 than RCP8.5 
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and for 2066-2100 ([0, 23] days) countrywide with high magnitude in RCP8.5 than RCP2.6. For 

R10mm, future projection shows a decrease for the 2026-2060 (-13, 0] days) and for the 2066-

2100 ([-16, 0] days) in eastern region with more reduction under RCP2.6 than RCP8.5. It is also 

observed an increase for the 2026-2060 ([0, 11] days) and for the 2066-2100 ([0, 16] days) in other 

areas with more increase expected under RCP8.5 than RCP2.6. For R20mm, future projection 

shows a decrease for the 2026-2060 ([-2, 0] days) and for the 2066-2100 ([-4, 0] days) in eastern 

region with more magnitude under RCP2.6 than RCP8.5.  A projected increase is expected for the 

2026-2060 ([0, 8] days) and for the 2066-2100 ([0, 10] days) in central, south, west and northern 

region with more increase in RCP8.5 than RCP2.6. For RX1day, a projected decrease is expected 

in the eastern and central regions for the 2026-2060 ([-11, 0] mm) and for the 2066-2100 ([-13, 0] 

mm) with more magnitude in RCP2.6 than RCP8.5. A projected increase is expected in the 

southern, western and northern regions for the 2026-2060 ([0, 86] mm) and for the 2066-2100 ([0, 

100] mm) with more magnitude expected under RCP8.5 than RCP2.6. For R95pTOT, projected 

increase ([0, 313] mm) are expected for the 2026-2060 and ([0, 305] mm) for the 2066-2100 in 

western, southern, and northern regions with more increase under RCP8.5 than RCP2.6. A 

projected decrease is expected for the 2026-2060 ([-75, 0] mm) and for the 2066-2100 ([-89, 0] 

mm) in central and southern regions with more decrease under RCP8.5 than RCP2.6. For 

PRCPTOT, a projected decrease is expected for the 2026-2060 ([-38, 0] mm) and 2066-2100 ([-

50, 0] mm) in the central and eastern regions with more reduction expected under RCP2.6 than 

RCP8.5 and increase for the 2026-2060 ([0, 582] mm) and for the 2066-2100 ([0, 765] mm) in 

southern, western and northern regions with more increase in RCP8.5 than in RCP2.6. 
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Figure 6. 7 Spatial distribution of the projected changes of mean seasonal extreme rainfall indices 

for short rain (SR) over Rwanda during 2026-2060 and 2066-2100 under, respectively, RCP2.6 

and RCP8.5 emission scenarios relative to 1986-2020 observational period. CWD (a-d), R10mm 

(e-h), R20mm (j-l), RX1day (m-p), R95pTOT (q-t) and PRCPTOT (u-x). CWD, R10mm and 

R20mm are expressed in days, RX1day, R95pTOT and PRCPTOT are expressed in mm. 

In suppl. 6 3, projected mean averaged zonal changes are presented for the periods 2026-2060 and 

2066-2100 under RCP2.6 and RCP8.5 scenarios. In suppl. 6 3 (Table 1), it is observed that during 
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LR, in the RCP2.6 scenario, CWD shows statistically significant projected increase in Zones III, 

IV and VI and significant projected decrease in Zone V for 2026-2060. High values of changes 

corresponding to more CWDs are found in Zones III and VI.  In the RCP8.5 scenario, CWD 

exhibits statistically significant projected increase in Zones IV and VI and decrease in Zone V with 

high values of changes corresponding to low CWD expected in Zone V. The same scenarios prevail 

for the period 2066-2100 under RCP2.6 scenario. In the RCP8.5 scenario, CWD exhibits 

statistically significant projected increase in Zones II, III, IV and VI and decrease in Zone V. The 

magnitudes of changes, when significant, are increasing following the order of zones in both RCP 

scenarios. During the SR, statistically significant projected increase is observed in all climatic 

zones for both 2026-2066 and 2066-2100 periods under both RCP2.6 and RCP8.5 scenarios. The 

magnitudes of changes, when significant, are increasing following the order of zones in both RCP 

scenarios. Overall, during the LR, patterns of changes of CWD vary from one climatic zone to 

another and the magnitudes of changes to more CWDs is higher in the RCP2.6 scenario than in 

the RCP8.5 scenario while the magnitude to low CWD is higher in RCP8.5 scenario than in the 

RCP2.6 scenario for both 2026-2060 and 2066-2100. For the SR, all climate zones are projected 

to exhibit significant changes and the magnitudes of changes to more CWDs is higher in the 

RCP2.6 scenario than in the RCP8.5 scenario for both 2026-2060 and 2066-2100. 

In suppl. 6 3 (Table 2), it is observed during the LR, a significant changes corresponding to 

decrease of PRCPTOT in almost all climatic zones for 2026-2060 in both RCP2.6 and RCP8.5 

scenarios. 

For 2066-2100 period, significant changes corresponding to decrease are expected in Zones I, II, 

III, IV and VI under RCP2.6 scenario and in Zone II, III, III and IV under RCP8.5 scenario. During 

SR, significant projected increase in PRCPTOT is observed in all climatic zones for both 2026-

2060 and 2066-2100 periods under both RCP2.6 and RCP8.5 scenarios. Overall, a projected 

decrease in PRCPTOT is expected during LR and increase during SR. The order of magnitudes of 

changes, when significant, do not follow the order of zones in both RCP scenarios. 

In suppl. 6 3 (Table 3), it is found that, during LR, significant projected changes corresponding to 

decrease in R10mm in all zones for both 2026-2060 under both RCP2.6 and RCP8.5 scenarios. 

The same scenario prevails for the period 2066-2100. The order of magnitudes of changes, when 

significant, do not follow the order of zones in both RCP scenarios. During SR, no significant 

change in projected R10mm is observed in all climatic zones for both 2026-2060 under both 
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RCP2.6 and RCP8.5 scenarios. For the 2066-2100 period, no significant changes are observed 

under RCP2.6 scenario, while significant changes corresponding to decrease in R10mm are 

observed in Zones I and II, and increase in Zones III, IV, V and VI under RCP8.5 scenario. Overall, 

for LR, R10mm is projected to decrease for the two periods under both RCP scenarios while for 

the SR, it projected to decrease in Zones I and II and increase in Zones III, IV, V and VI under 

RCP8.5 scenarios for the period 2066-2100.  

In suppl. 6 3 (Table 4), it is found that, during LR, significant projected changes corresponding to 

decrease in R20mm in all zones for both 2026-2060 under both RCP2.6 and RCP8.5 scenarios. 

The same scenario prevails for the period 2066-2100. The order of magnitudes of changes, when 

significant, follow the order of zones except for Zone IV in both RCP scenarios. During SR, 

significant change corresponding to increase in R20mm is observed in Zones I, II, III and IV under 

RCP2.6 scenario and in Zones I, II, III, IV and V under RCP8.5 scenario for the period 2026-2060. 

For the period 2066-2100, significant change corresponding to increase in R20mm is observed in 

Zones I, II, III, IV and VI under RCP2.6 scenario and in all zones under RCP8.5 scenario. The 

magnitudes of changes, when significant, are do not following the order of zones in both RCP 

scenarios. Overall, for LR, R20mm is projected to decrease for the two periods under both RCP 

scenarios while for the SR, it projected to increase in most zones for the two periods under both 

RCP scenarios. 

In suppl. 6 3 (Table 5), it is found that, during LR, no significant projected changes for R95pTOT 

in all climate zones for 2026-2066 and 2066-2100 periods under both RCP2.6 and RCP8.5 

scenarios. During SR, significant change corresponding to increase in R95pTOT is observed in all 

climate zones for 2026-2066 and 2066-2100 periods under both RCP2.6 and RCP8.5 scenarios. 

The magnitudes of changes, when significant, are do not following the order of zones in both RCP 

scenarios. Overall, for LR, no significant changes in R95pTOT is projected in all zones for the two 

periods under both RCP scenarios while for the SR, it projected to increase in all zones for the two 

periods under both RCP scenarios. 

In suppl. 6 3 (Table 6), it is found that, during LR, no significant projected changes for RX1day in 

all climate zones for 2026-2066 and 2066-2100 periods under both RCP2.6 and RCP8.5 scenarios. 

During SR, significant change corresponding to increase in RX1day is observed in all climate 

zones for 2026-2066 and 2066-2100 periods under both RCP2.6 and RCP8.5 scenarios. The 

magnitudes of changes, when significant, are do not following the order of zones in both RCP 
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scenarios. Overall, for LR, no significant changes in RX1day is projected in all zones for the two 

periods under both RCP scenarios while for the SR, it projected to increase in all zones for the two 

periods under both RCP scenarios. 

6.4 Country averaged projected changes of extreme rainfall indices  

Figure 6 8 presents the observed and projected country averaged changes in rainfall extreme 

indices during LR season in Rwanda. The projections indicate a consistent decline in the number 

of days experiencing rainfall above 10 mm (R10mm) and 20 mm (R20mm) throughout the century. 

This trend reflects a decrease in the frequency of heavy and very heavy precipitation events. 

Conversely, indices that capture the intensity and concentration of extreme rainfall are expected 

to increase over time. The CWD index, which tracks the longest stretch of consecutive days with 

measurable rainfall, is projected to rise, suggesting longer periods of continuous wet conditions 

that may elevate risks of soil saturation and flooding. Additionally, the RX1Day index, measuring 

the highest precipitation amount recorded in a single day, is projected to increase, implying that 

while rainy days may become fewer, the rainfall intensity during these events could intensify. The 

R95pTOT, which represents the total rainfall accumulated on very wet days (those exceeding the 

95th percentile), is also anticipated to grow, indicating that extreme rainfall will contribute an 

increasing portion of total seasonal precipitation. Lastly, the total seasonal precipitation 

(PRCPTOT) during MAM is projected to rise despite the reduction in rainfall frequency. This 

suggests a shift toward heavier, more intense rainfall events contributing to overall greater 

precipitation amounts during the season. 
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Figure 6. 8: Observations and projections of country averaged rainfall extreme indices during 

LRin Rwanda for observation 1983-2021 and for the future 2006-2100 under RCP2.6 and 

RCP8.5  

Figure 6 9 presents the observed and projected country averaged changes in rainfall extreme 

indices during SR season in Rwanda. The projections show a steady decrease over the century in 

the occurrence of days with rainfall surpassing 10 mm (R10mm) and 20 mm (R20mm). This 

reduction implies fewer heavy to very heavy rain days. In contrast, rainfall intensity and 

accumulation metrics are expected to show upward trends. The CWD index, indicating the longest 

sequence of rainy days, is projected to increase, pointing to potentially prolonged wet periods. 

Similarly, the RX1Day index, reflecting the maximum single-day rainfall, is projected to rise, 

highlighting the possibility of more intense precipitation events, even as the frequency of rain days 

diminishes. The R95pTOT index, which measures total rainfall from extremely wet days (above 

the 95th percentile), is also expected to grow, reinforcing the likelihood that extreme rainfall will 

make up a larger fraction of the total precipitation in the season. Finally, total seasonal rainfall 

(PRCPTOT) during SOND is forecasted to increase over the century. This occurs alongside fewer 
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rainy days, indicating a tendency towards less frequent but heavier rainfall contributing to the 

overall precipitation totals. 

 

Figure 6. 9: Observations and projections of country averaged rainfall extreme indices during SR 

in Rwanda for observation 1983-2021 and for the future 2006-2100 under RCP2.6 and RCP8.5  

 

6.5 Discussion 

Overall, both seasons exhibit distinct patterns of spatial variability in extreme rainfall indices, with 

certain regions consistently showing high or low variability depending on the specific index and 

season. Specifically, more variabilities are observed in several parts of the country for CWD, over 

the western region for RX1Day, and in the eastern region for R10mm, R20mm, R95pTOT, and 

PRCPTOT. The spatial trends exhibit heterogeneity across the country. Among the country-

averaged extremes, only RX1Day shows a statistically significant negative trend during the LR. 

This finding are aligned with previous findings over the southern and western Africa (New et al., 

2006), while they differ from decreasing patterns observed over Benin (Attogouinon et al., 2017). 

Our results show non-significant changes in R10mm and R20mm which are not similar to results 
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obtained in the ASAL Areas of  EA region (Ongoma et al., 2018), and the eastern portion of 

Uganda (Alex et al., 2019) and across Benin (Attogouinon et al., 2017) that indicated decreasing 

trends for these indices. Previous findings show a decrease trends for R95pTOT in Uganda (Alex 

et al., 2019)  and for RCPTOT in ASAL Areas of Equatorial Eastern Africa (Ongoma et al., 2018) 

which are not aligned with our finding.  

Projected changes in extreme rainfall indices may result in significant and multifaceted impacts 

on various sectors. Future projections for each climate zones for both long rain and short rain 

seasons show diverse projected changes with some zones indicating significant changes while 

other show no significant changes under different emission scenarios. Projected increases in CWD 

during LR in Zones III, IV, and VI, and during SR in Zones I, II, III, IV, and VI may enhance soil 

moisture, supporting crop growth. However, excessive wet conditions could lead to waterlogging 

and an increase in crop diseases, particularly in high-rainfall areas of the western and northern 

highlands (Zones II, III, IV). In addition, projected increase RX1day and R95pTOT during SR 

across all zones may intensify soil erosion, topsoil loss, and crop damage, particularly in steep 

agricultural regions such as Zones II and III. On the other hand, the decline in CWD in Zone V 

during both seasons and reductions in PRCPTOT during LR in multiple zones (I, II, III, IV, and 

VI under RCP2.6; II, III, and IV under RCP8.5 could lead to moisture stress, reduced crop yields, 

and increased reliance on irrigation, exacerbating food insecurity risks in the central plateau and 

eastern lowlands. Previous studies have indicated that shifts in extreme rainfall patterns may result 

in increased migration due to the impacts of climate-related disturbances (Nawrotzki et al., 2015; 

Nawrotzki & Bakhtsiyarava, 2017). Projected increase of CWD in steep mountain regions (Zones 

II, III, IV), increase in RX1day and R95pTOT during SR across all zones, R10mm during SR in 

several zones could increase the risks of landslides and floods that can affect infrastructure such 

as roads, bridges, and drainage systems leading to higher maintenance costs and disruptions to 

transportation networks. Landslides, especially in western and northern zones, may disrupt 

livelihoods and displacement of communities. Conversely, projected reductions in R10mm and 

R20mm during LR across all zones may decrease risks of flooding (Tubiello et al., 2007; Müller 

et al., 2011; Cooper et al., 2008). Heavy precipitation events can lead to flooding, which may result 

in root diseases, delayed planting seasons, or even crop failure due to excessive rainfall 

(Posthumus et al., 2009). The areas prone to landslides and floods, will likely require enhanced 
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measures such as development of early warning systems, evacuation plans, and resilient 

infrastructure (Adger et al., 2005). 

Projected increases in CWD and PRCPTOT during SR could replenish reservoirs, improve 

groundwater recharge, and support irrigation and hydropower generation. However, excessive 

rainfall could increase sedimentation from heavy runoff, reducing water quality and storage 

capacity.  On the other hand, reductions in PRCPTOT during LR across most zones may lower 

reservoir inflows, affecting drinking water supplies, irrigation systems, and hydropower 

production and negatively impacting sanitation and hygiene and the spread of waterborne diseases 

(Patz et al., 2005; McMichael et al., 2006). The central plateau (Zone V) and eastern lowlands 

(Zone VI) may be particularly vulnerable to water shortages and increased drought risks, affecting 

water availability for irrigation and livestock which may lead to reduced agricultural and livestock 

output and intensifying food insecurity  (Patz et al., 2005; Tubiello et al., 2007; Funk et al., 2008; 

Omondi et al., 2014). In this areas, dryness conditions could adversely affect wildlife and natural 

reserves, reducing its attractiveness to tourists (Gössling et al., 2012). Areas prone to prolonged 

dryness will likely require improved water management strategies, including the construction of 

reservoirs, the implementation of water harvesting and recycling systems, and the adoption of 

drought-resistant agricultural practices (Funk et al., 2008; Adger et al., 2005). Extreme rainfall 

changes present challenges for Rwanda’s tourism sector, particularly in highland areas reliant on 

eco-tourism, such as gorilla trekking in Zone III. Increased CWD and heavy rainfall during SR 

could result in muddy and inaccessible trails, landslides, posing safety concerns for visitors and 

disruptions to tourist activities. Conversely, projected reduced rainfall during LR may create 

opportunities for tourism growth in drier areas but could also reduce water availability for eco-

tourism activities dependent on natural landscapes (Gössling et al., 2012; Ye, 2023). 

 These findings highlight the complex nature of rainfall patterns in Rwanda. The significant spatial 

differences in trends and changes of extreme rainfall indices within relatively small geographic 

areas underscore the importance of localized climate adaptation strategies to address the specific 

needs and challenges of different regions within Rwanda. For Rwanda, various climate products 

are available, including those provided by Meteo-Rwanda, which address diverse needs. These 

include daily forecasts for the general public, extreme weather warnings for disaster prevention, 

medium to seasonal weather forecasts, detailed information on the start and end of rainy seasons 
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tailored for agricultural planning, and sector-specific advisories aimed at mitigating the impacts of 

weather related events. However, there is a need for improvements in these services to enhance 

accuracy, accessibility, and responsiveness to better meet the evolving needs of all sectors.  

 6.6 Conclusion 

This study analyses trends and variability in seasonal extreme rainfall indices over Rwanda for the 

period 1983-2021. The indices examined include consecutive wet days (CWD), heavy 

precipitation days (R10mm), very heavy precipitation days (R20mm), one-day maximum 

precipitation (RX1day), precipitation from very wet days (R95pTOT), and total annual 

precipitation (PRCPTOT). The analysis was conducted for the long rains (LR) and short rains (SR) 

using indices defined by the Expert Team on Climate Change Detection and Indices (ETCCDI). 

Trends and their magnitudes were assessed using the Modified Mann-Kendall test and Theil-Sen’s 

slope estimator. The study also evaluates projected changes in these indices using the CORDEX-

CORE multi-model ensemble under two Representative Concentration Pathways (RCP2.6 and 

RCP8.5). The findings reveal distinct spatial patterns of rainfall variability across Rwanda. CWD 

shows the most widespread variability, with RX1day being particularly variable in the western 

region, while R10mm, R20mm, R95pTOT, and PRCPTOT exhibit higher variability in the east. 

For trends, CWD generally decreases in central-eastern and western Nyagatare but increases in the 

southeast during both LR and SR. R10mm decreases in Kayonza for both seasons but increases in 

Ngoma during LR and the southeast during SR. R20mm, RX1day, R95pTOT, and PRCPTOT 

show decreasing trends in Kayonza, Bugesera, Kigali City, and parts of Nyungwe National Park. 

During LR, R95pTOT decreases in the southeast, while PRCPTOT increases during SR. The 

magnitude and significance of projected changes in extreme rainfall indices differ in climate zones 

and seasons. During LR, CWD is projected to significantly increase in Zones III, IV, and VI under 

RCP2.6 and in Zones IV and VI under RCP8.5 for 2026-2060. By 2066-2100, increases are 

expected in Zones III, IV, and VI under RCP2.6 and in Zones II, III, IV, and VI under RCP8.5, 

while a decline is projected in Zone V under both scenarios. R10mm and R20mm are projected to 

decrease in all climate zones for both scenarios during both future periods. Similarly, PRCPTOT 

is expected to decline in almost all climate zones during 2026-2060, and in Zones I, II, III, IV and 

VI under RCP2.6 and Zones II, III and IV under RCP8.5 for 2066-2100. During SR, increases in 

CWD, RX1day, R95pTOT, and PRCPTOT are projected across all zones under both scenarios and 
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time horizons. R20mm is projected to rise in Zones I–IV under RCP2.6 and Zones I-V under 

RCP8.5 for 2026-2060. By 2066-2100, R20mm is projected to rise in Zones I, II, III, IV, and VI 

under RCP2.6 and all zones under RCP8.5 by 2066-2100. 

These findings underscore the complex, region-specific, and seasonally dependent nature of both 

historical and projected rainfall extremes in Rwanda. While increased rainfall in some regions may 

enhance water availability and agricultural productivity, it also poses risks such as flooding, 

infrastructure damage, and landslides. Conversely, reduced rainfall in other regions may threaten 

water security, energy generation, and agricultural outputs. Understanding these projected changes 

is crucial for mitigating potential socio-economic impacts. This knowledge supports informed 

decision-making and the development of targeted, region-specific adaptation strategies. To 

enhance resilience to future climate variability, it is essential to prioritize investments in climate-

resilient infrastructure, improved water resource management, and strengthened early warning 

systems. This study utilizes the RCP2.6 and RCP8.5 emission scenarios, which are the currently 

available options from the CORDEX-CORE regional climate model simulations over the study 

area. These scenarios provide valuable insights into contrasting climate futures, representing low-

emission (strong mitigation) and high-emission (business-as-usual) pathways, and thus encompass 

a broad range of potential climate trajectories. To enhance the comprehensiveness of future climate 

assessments, subsequent studies should consider incorporating intermediate scenarios such as 

RCP4.5 or RCP6.0, which would offer additional perspectives on potential future changes and 

help bridge the gap between the two extremes. Future avenues are: i) investigating regional and 

large-scale atmospheric systems influencing extreme rainfall indices in Rwanda to improve 

predictive capabilities and early warning systems; ii) assessing the socio-economic impacts 

associated with extreme rainfall indices on key sectors such as agriculture, infrastructure, health, 

biodiversity, and water resources, to support the development of targeted adaptation strategies and 

iii) evaluating the effectiveness of existing and proposed climate adaptation measures, identifying 

gaps and recommending improvements to enhance resilience against extreme rainfall events. 
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