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ABSTRACT 

Precipitation products are increasingly being utilized as substitutes for observed precipitation 

data. This study evaluated the performance of five well-known precipitation products including 

CFSR, CHIRPS, JRA-55, ERA-5, and PGF and outputs from the CMIP6 General Circulation 

Models (GCMs) in replicating observed precipitation extremes across Uganda. Annual 

precipitation extreme events observed at 20 meteorological stations were compared with those 

from the precipitation products and GCMs outputs over the period 1979-2022. Utilized 6 

precipitation extreme indices i.e. total precipitation (TPREC1), annual maxima series (AMS), 

number of dry days (NDD1), maximum dry spell (MWS1), number of wet days (NWD1), and 

maximum wet spell (MWS1) using a threshold of 1mm/day. To compare observed data with 

precipitation products, frequency analysis and bias ratios were applied. Correlation analysis 

and Taylor diagrams were utilized for comparing observed data with GCMs outputs. The 

quantile mapping bias correction method, implemented using the qmap package in R Studio, 

was applied to downscale GCM outputs with both observed data and precipitation products. 

This approach facilitated the determination of future climate change projections for the SSP2-

8.5 and SSP5-8.5 scenarios for the 2050s and 2080s. PGF systematically overestimated 

observed AMS at all the selected stations. Contrastingly, JRA-55, ERA-5, and CHIRPS 

datasets consistently underestimated observed AMS quantiles across all stations and return 

periods. The regression line for AMS when plotted against log-transformed return period 

exhibited a steeper slope for CFSR than that of the observed data. The null hypothesis (H0) of 

no correlation between observed and GCMs-based historical AMS, was rejected in varying 

proportions of the 20 meteorological stations. For instance, the H0 was rejected (p < 0.05) in 

10% of the 20 precipitation stations across Uganda when observed AMS was compared with 

that of NOR_ESM2. For each of the three GCMs including CESSM_WACCM, INM_CM5, 

MRI_ESM2, the H0 was rejected (p < 0.05) in 5% of the 20 stations considered. The extent to 

which GCMs capture precipitation extremes varies due to their coarse spatial resolution. Bias 

correction of GCM outputs using quantile mapping method yielded different climate change 

signals in the cases when observations and precipitation products were considered. For 

instance, climate change impact on the total of precipitation above 1 mm/day intensity were 

over the ranges 40-170%, 20-61%, 15-41%, 5-36%, 8-67%, and 20-55% when bias correction 

of GCMs outputs were done using CFSR, PGF, CHIRPS, ERA-5, JRA-55, and observed 

precipitation, respectively. The choice of precipitation product significantly impacts climate 

projections. Thus, there is a need for careful selection of which precipitation product should be 

used for bias correction of GCMs’ outputs in absence of observed precipitation when analysis 

is being done for planning water resource management and climate change impact assessments.  

 

Key words: Precipitation products, CMIP6 GCMs, quantile mapping, climate change, 

precipitation extremes. 
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CHAPTER ONE: INTRODUCTION 

1.1 Background to the study 

Precipitation plays a significant role in the climate system and hydrological processes, as it  

influences water and energy cycles (Wong et al., 2017). Various aspects of climate change 

impact studies, including meteorology, climatology, hydrology, and decision-making 

processes, heavily rely on precise precipitation measurements for multiple purposes which 

include investigating climate and land-use changes, conducting agricultural and environmental 

research, and facilitating planning of water resources management (Asadullah et al., 2008). 

Accurate precipitation data is indispensable for developing reliable adaptation strategies in 

response to hydrometeorological extremes (Kimani et al., 2017). Additionally, observed data 

play a crucial role in evaluating the accuracy of General Circulation Models (GCMs) 

(Maidment et al., 2015). 

Ground-based observations, such as precipitation gauges and weather radars, are commonly 

utilized for collecting precipitation data in developing countries (Behrangi et al., 2011). 

However, accurately estimating precipitation with adequate spatial distribution remains a 

challenge due to the limited coverage of rain gauge networks, particularly in regions like the  

sub-Saharan Africa, where weather stations are sparse and often poorly maintained (Kimani et 

al., 2017; Onyutha, 2018). Political instability can further exacerbate issues with the 

operational of weather stations. Problems with precipitation data include missing records, short 

record periods, and inconsistent entries (Slivinski, 2018).  

Continuous and spatially well distributed global precipitation datasets with high resolutions are 

essential for analysis of climatic conditions and downscaling of GCMs’ outputs (Moges et al., 

2022). Precipitation products are some of the global datasets that are effective  for achieving 

this goal. Example of some of precipitation products used in this study include Climate Forecast 
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System Reanalysis (CFSR) (Saha et al., 2014), Japanese 55-Year Reanalysis (JRA-55) 

(Kobayashi et al., 2015), Climate Hazards Group Infrared Precipitation with Stations 

(CHIRPS) (Funk et al., 2015), Princeton Global Forcing (PGF) (Sheffield et al., 2006) and 

European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis Product (ERA-

5) (Hersbach et al., 2020). The precipitation product-based approach integrates a data 

assimilation system to merge field observation data and climate model predictions, enabling 

accurate estimation of precipitation to  fill this data gap, however, rigorous assessment of such 

estimates is required (Maidment et al., 2013; Moges et al., 2022). 

High-resolution precipitation products data is important for evaluating the performance of 

GCMs in replicating observed climatology despite spatiotemporal variability (Gampe and 

Ludwig, 2017). GCMs suffer from accuracy issues due to estimation biases and errors 

stemming from large grid sizes, oversimplified thermodynamic processes and physics, 

inadequate understanding of the global climate system or stemming from assimilation 

processes (Smith et al., 2001; Wang and Zeng, 2012; Yin et al., 2021). 

GCMs perform fairly well in projecting large-scale circulations and spatially uniform climate 

variables like temperature and pressure; however, they often struggle with accurately 

representing spatially non-uniform fields such as precipitation (Meehl et al., 2005). This 

limitation is attributed to their coarse resolution, typically around 100-250 km (Soriano et al., 

2019) necessitating downscaling techniques to achieve more precise results at finer resolutions, 

typically around 25-50 km, for regional-scale hydrometeorological variables (Misra et al., 

2022).  

Bias correction, an essential post-processing step is frequently utilized to align climate model 

outputs with observational records  (Soriano et al., 2019). This process involves scaling climate 

model outputs to account for systematic errors and enhance the model's fit to observations 
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(Soriano et al., 2019). Bias correction using precipitation products generally has minimal 

impact on the relative climate change signal, some studies have indicated that it can reduce the 

projected change compared to raw model simulations in the absence of observed data (Nakkazi 

et al., 2022; Senatore et al., 2022). Addressing these limitations requires advancing GCMs to 

better represent interannual rainfall variability alongside spatial patterns. de Padua and Ahn 

(2024) highlight the need for integrating observed and precipitation products data to offset each 

other's limitations and enhance climate projections. Bias correction techniques are categorized 

into three main groups including distribution-derived transformations, parametric 

transformations, and nonparametric transformations (Gudmundsson et al., 2012). Quantile 

mapping, a nonparametric transformation, has been employed in many studies that demonstrate 

the robustness of the downscaling technique for extreme precipitation events (Ayugi et al., 

2020; Garibay et al., 2021; Ngoma et al., 2022).  

Incorporating precipitation measurements into hydro-meteorological applications requires 

quantifying their uncertainty, which is especially critical for user groups who lack guidance 

and confidence in the numerous products used for their specific meteorological problems 

across different regions (Wong et al., 2017). There have been no studies conducted to 

investigate the implication of the use of precipitation products (instead of observed 

precipitation) for downscaling outputs of GCMs in climate change impact investigation. 

1.2 Problem Statement 

Accurate precipitation data is ideally sourced from a dense network of weather stations, but 

given their limited availability (Kimani et al., 2017; Onyutha, 2018), precipitation products 

data is commonly used as an alternative  (de Padua & Ahn, 2024). Although precipitation data 

provides consistent global and temporal coverage, its dependence on data assimilation can 

introduce biases that may amplify error propagation (de Padua & Ahn, 2024). While 
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precipitation products data may carry biases, these datasets are often the best available resource 

for bias-correcting GCMs due to their spatially and temporally continuous climate data over 

long periods, essential for adjusting GCMs to accurately reflect observed climate variability, 

calibration with observations, and consistency, which collectively enhance the accuracy of 

future climate projections (Bodjrenou et al., 2023). Advanced bias correction methods take 

precipitation products biases into account, resulting in more accurate and usable GCM outputs. 

Despite ongoing advancements in GCMs, systematic biases persist due to uncertainties 

inherent in the parameterization process (de Padua & Ahn, 2024; François et al., 2020; Van de 

Velde et al., 2022). Additionally, regional projection studies often require higher spatial 

resolution than GCMs can provide, necessitating downscaling techniques that, while improving 

resolution, may also introduce further biases (Ahmed et al., 2013). Therefore, an additional 

correction step, known as bias correction, is essential to reduce biases in GCMs before their 

application in climate impact studies. Past studies that have used precipitation products to 

perform bias correction indicate that bias correction can reduce the projected change compared 

to raw model simulations (Mubialiwo et al., 2021; Nakkazi et al., 2022; Senatore et al., 2022). 

The correlation coefficient values for CFSR data improved with a range of 0.52–0.61 for raw 

data to 0.73–0.77 after bias correction. Additionally, PBIAS values, both before and after 

applying bias corrections, fell within acceptable limits (PBIAS ±25) (Nakkazi et al., 2022). 

Accurate and reliable information on the impacts of climate change is crucial for developing 

effective policies that support adaptation planning (Gruber and Levizzani, 2008). Achieving 

Sustainable Development Goal (SDG) 13, which focuses on climate action, depends on precise 

future climate predictions to enhance resilience. Sustainable development takes a 

comprehensive approach to growth, aiming to fulfill present needs while ensuring future 

generations can meet theirs. Thus, minimizing uncertainties in future climate projections is 

essential (Eyring et al., 2019). 
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To this end, studies on the analysis of precipitation extremes in Uganda considering 

observations, precipitation products, and GCMs in a climate change context are lacking. By 

comparing and contrasting the results obtained based on observed and precipitation products 

data, this study sought to provide a comprehensive understanding of precipitation extremes in 

the region, to support decision-making processes related to climate change adaptation and 

mitigation. 

1.3 Objectives 

1.3.1 Main Objective 

To investigate the performance of precipitation products and outputs of CMIP6 GCMs in 

reproducing precipitation extremes observed across Uganda. 

1.3.2 Specific Objective 

The specific objectives were; 

i) To evaluate the suitability of precipitation products for reproducing precipitation 

extremes. 

ii) To quantify the mismatch between observed precipitation and outputs of GCMs. 

iii) To determine the implication of precipitation products capabilities for bias correction 

of outputs of GCMs. 

1.4 Research Question 

i) How suitable is a precipitation product in reproducing observed precipitation extremes? 

ii) How much is the mismatch between observed precipitation and GCMs’ outputs? 

iii) What is the implication of precipitation product capabilities for bias correction of 

GCMs outputs? 
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1.5 Significance of Study 

Findings of this study can aid in; 

i) Determining the various GCMs’ ability to reproduce climate conditions in specific 

places.  

ii) Quantifying uncertainty on results of climate change impact on precipitation due to the 

choice of the downscaling data. 

iii)  Underscoring the need of improving precipitation products models to perform better 

in data scarce regions. 

iv) Supporting actionable policy in developing measures for adaptation to the impacts of 

climate change on precipitation. 

1.6 Study Scope 

1.6.1 Time study 

The study was carried out between October 2022 to May 2024. 

1.6.2 Geographical Coverage 

The study was limited to Uganda. 

 

1.6.3 Content Scope 

This study evaluated the performance of precipitation products and GCMs output for extreme 

precipitation extremes in Uganda. Further analysis focused on the implications of downscaling 

using various precipitation products data on climate change projections. 
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1.7 Conceptual Framework 

Fig 1-1 shows conceptual framework for the research study. The dependent variables were the 

downscaling uncertainty and performance of both precipitation products and GCMs. The 

capacity to reduce observed climatology was investigated using two independent variables 

including precipitation products and GCMs’ outputs. The intervening variables included the 

choice of the GCM, uncertainty due to emission scenarios and the type of downscaling. 

 

 

 

 

 

 

 

 

Figure 0-1 Conceptual framework 
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CHAPTER TWO: LITERATURE REVIEW 

2.1 Introduction 

The purpose of a literature review was to provide a comprehensive overview of existing 

research and knowledge. It serves several key functions in research such as establishing 

context, identifying gaps, avoiding duplication, and supporting methodology. 

2.2 Precipitation Products 

Precipitation products entail synergizing observations and models to generate seamless maps 

of essential climate variables, ensuring consistency and accuracy in depicting key Earth system 

cycles such as water and energy (Hersbach et al., 2020). They help to evaluate the effects of 

changes in observing systems, measure advancements in modeling and assimilation techniques, 

and provide cutting-edge climatological data for assessing forecast inaccuracies (Hersbach et 

al., 2020). It is important to assess precipitation products against in situ measurements before 

using them in climate studies, as they may contain uncertainties stemming from assimilation 

processes (Smith et al., 2001; Wang and Zeng, 2012). 

2.2.1 Climate Forecast System Reanalysis (CFSR) 

The operational implementation of the second version of the NCEP Climate Forecast System 

(CFSv2) in March 2011 marked a substantial upgrade in climate prediction capabilities (Saha 

et al., 2014). This upgrade encompassed improvements in data assimilation, forecast models, 

and comprehensive reanalysis and reforecasting efforts spanning decades (Saha et al., 2014). 

CFSv2 demonstrates notable advancements such as improved forecasts of the Madden-Julian 

Oscillation (MJO), seasonal temperatures in the United States, and global sea surface 

temperatures compared to its predecessor (Wheeler and Hendon, 2004). Additionally, CFSv2 

provides various forecast products beneficial for decision-making in sectors like water 
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management, agriculture, transportation, energy, and hurricane season forecasting. Despite 

uncertainties in certain regions or phenomena due to complex atmospheric dynamics or limited 

observational data, ongoing enhancements ensure CFSv2 remains valuable for subseasonal and 

seasonal forecasting across diverse applications (Saha et al., 2014). 

CFSR data was used to identify a significant increase in global mean precipitation around 1998 

and this was attributed to the incorporation of Advanced TIROS Operational Vertical Sounder 

(ATOVS) data (Zhang et al., 2012). Performance of CFSR was compared with that of MERRA-

2, and TRMM3B42 datasets in simulating river discharge in data-deficient tropical catchments 

in Uganda (Nakkazi et al., 2022), CFSR outperformed TRMM, suggesting its potential for 

accurately simulating river discharge in regions with limited data (Nakkazi et al., 2022). Trends 

in precipitation, potential evapotranspiration (PET), and precipitation minus PET (PMP) were 

evaluated across Uganda's water management zones (WMZs) using CFSR data (Onyutha et al., 

2021). Observed precipitation trends were satisfactorily reproduced at five out of eight stations 

(Onyutha et al., 2021). Assessment of  bias correction methods for precipitation products data, 

highlighted notable improvements in the resemblance of bias-corrected CFSR precipitation 

data to observed data, particularly in metrics like the number of wet days and maximum daily 

rainfall (Garibay et al., 2021). 

Simulations using CFSR data failed to accurately represent the specific regional climate across 

the three watersheds, with particularly poor performance in regions experiencing two rainy 

seasons (Roth & Lemann, 2016). China Meteorological Assimilation Driving Datasets 

(CMADS) demonstrates higher accuracy than CFSR in capturing the spatial distribution of 

annual average precipitation and maximum/minimum temperatures, showing closer alignment 

with observed data  (Du et al., 2023). 
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2.2.2 Japanese 55-year Reanalysis (JRA-55)  

JRA-55 is the second global atmospheric reanalysis project by the Japan Meteorological 

Agency, spanning 55 years from 1958 onwards (Kobayashi et al., 2015). This precipitation 

product consists of significant enhancements over its predecessor, JRA-25, including a new 

data assimilation and prediction system, higher spatial resolution, and advanced techniques like 

four-dimensional variational data assimilation with variational bias correction along with the 

incorporation of GHG with time-varying concentrations. Initial evaluations indicate 

improvements such as reduced temperature biases in the lower stratosphere and mitigated dry 

land surface anomalies in the Amazon basin compared to JRA-25 (Kobayashi et al., 2015).  

In comparison of the quality of JRA-55 with other precipitation products and observational 

datasets, JRA-55 generally was found to improve depiction of various phenomena during the 

satellite era, including equatorial waves and transient eddies within storm track regions, 

compared to JRA-25 (Harada et al., 2016). Climate change in Uganda's Lake Kyoga Basin was 

analysed using precipitation and anomaly indices from JRA-55 and CHIRPS, and spatial and 

temporal increases were revealed in temperature and rainfall, indicative of climate change 

(Obubu et al., 2021). In contrast, rainfall reliability was evaluated across the Equatorial Africa, 

and results showed minimal correlation between precipitation products like JRA-55, CHIRPS2, 

CFSR, ERA-5, and observed rainfall or satellite estimates, particularly over the Congo basin 

and Lake Victoria regions, due to overestimated or underestimated (Nicholson and Klotter, 

2021). In comparison for lower-troposphere winds in the Equatorial Africa, JRA55 

outperformed other products like MERRA2 in reproducing intra-annual wind direction 

frequencies  in Western Uganda (Diem et al., 2023). 
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2.2.3 The Climate Group Hazards group Infrared Precipitation with Stations (CHIRPS) 

The CHIRPS dataset offers high-resolution of 0.05° and long-term precipitation estimates, 

leveraging satellite observations, particularly cold cloud duration data, to provide coverage in 

sparsely gauged regions (Funk et al., 2015). With timely availability and a novel blending 

procedure considering spatial correlation, CHIRPS facilitates effective hydrological forecasts 

and trend analyses. However, its reliance on satellite observations and potential biases pose 

limitations, necessitating careful validation and consideration of regional variations  (Funk et 

al., 2015).  

Historical drought occurrences in Central Uganda were analysed using CHIRPS data and  

Bukomansimbi and Mubende were identified as areas with the highest records of drought 

severity from 2005 to 2007 (Najjuma et al., 2021). Assessment of current and projected 

precipitation patterns across Uganda using CHIRPS and CMIP6 showed that future climatic 

conditions will be wetter from April/May to October than the historical climate condition of 

the same months (Ngoma et al., 2021). Evaluation of  satellite rainfall estimates across the 

Eastern Africa showed that CHIRP and CHIRPS products were better than ARC2, with varying 

performance across regions (Dinku et al., 2018).  

2.2.4 Princeton Global Forcing (PGF) 

PGF presents a comprehensive dataset of meteorological forcings spanning 50 years with 3-

hourly temporal resolution and a spatial resolution of 1.0°, aimed at driving models of land 

surface hydrology globally (Sheffield et al., 2006). Statistical downscaling techniques are 

employed to disaggregate precipitation both spatially and temporally, enhancing the dataset's 

resolution. While the dataset offers valuable strengths such as long-term global coverage, high 

temporal resolution, and correction of biases, limitations include reliance on model outputs, 
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coarse spatial resolution, potential uncertainties in data quality, and a relatively limited 

evaluation scope (Sheffield et al., 2006). 

The studies conducted by Mubialiwo et al. (2021) based on PGF data, highlight the importance 

of performing bias correction on precipitation and evapotranspiration data prior to its use in 

hydrological modelling. In the study by Mubialiwo et al. (2021), PGF data set was used to 

study changes in precipitation and evapotranspiration over two catchments in Uganda. Bias 

correction was found to be vital to improve the accuracy of hydrological models in reproducing 

hydrological extremes. By focusing on the historical rainfall and evapotranspiration changes 

over the Mpologoma catchment in Uganda. Mubialiwo et al. (2023) found that improving the 

quality of PGF and other precipitation product data was crucial in reproducing observed 

climatology across various regions, especially in data scarce areas. 

PGF datasets provide comprehensive long-term statistics on spatiotemporal drought 

characteristics in the sub-Saharan Africa, yet they have limitations in accurately estimating 

drought severity, mapping spatial patterns, and capturing the duration of drought events  (Zhan 

et al., 2016). In a study analyzing geospatial trends and decadal anomalies in extreme rainfall 

over Uganda, East Africa using PGF data, it was discovered that the null hypothesis (no trend) 

was collectively rejected at the 5% significance level in the series from 7 out of 168 grid points 

(Onyutha, 2016).  

2.2.5 European Re-Analysis (ERA5-Land) 

ERA5-Land, a fifth generation of atmospheric reanalysis to be produced developed within the 

Copernicus Climate Change Service by the European Centre for Medium-Range Weather 

Forecasts, provides data at global coverage with a 9 km horizontal resolution and hourly 

temporal resolution, supporting detailed analysis of land surface processes (Muñoz-Sabater et 
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al., 2021). Its consistency and continuous updates from 1950 to the present make it a valuable 

resource for hydrological studies and environmental management. While it performs well in 

describing the hydrological cycle and improving soil moisture representation, challenges 

remain in accurately depicting snow depth fields and real-time availability (Muñoz-Sabater et 

al., 2021). 

ERA-Interim and ERA-40 tend to overestimate and underestimate precipitation in Uganda, 

respectively (Maidment et al., 2013). Comparison of ERA5 with ERA-Interim, revealed that 

ERA-5 exhibited reduced biases and better representation of inter-annual variability, 

particularly improving the annual precipitation cycle in East Africa (Gleixner et al., 2020). 

ERA-5 was used and focused on lake and land breezes in the Lake Victoria basin, highlighting 

temperature contrast and low-level wind patterns as key drivers, with breezes occurring 

predominantly between 9:00 AM and 3:00 PM (Odongo et al., 2022). ERA5's performance 

over East Africa in reproducing observed rainfall showed decreasing biases compared to its 

predecessors this was attributed to improved assimilated observations (Assamnew and 

Mengistu, 2023). 

 Bias corrected data of MERRA-2 can be used in simulating river discharge in data-scarce 

tropical catchments of Uganda. (Nakkazi et al., 2022). MERRA-2 captured precipitation 

intensity but did not detect extreme precipitation events in some regions (Arshad et al., 2021). 

2.3 Historical simulations and scenarios of CMIP 6 GCMs 

CMIP6 is the latest or phase 6 iteration of the Coupled Model Intercomparison Project (CMIP), 

building upon the evolutionary trajectory observed in previous phases administered by the 

World Climate Research Program (WCRP), CMIP serves as a collaborative effort aimed at 

advancing and evaluating climate models (Eyring et al., 2016). The outputs from CMIP have 

found widespread application in numerous climate change studies and in the preparation of 
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assessment reports by the Intergovernmental Panel on Climate Change (IPCC)  (IPCC, 2012, 

2013). This initiative is characterized by a significant expansion in the number of models, 

future scenarios, and experiments, signifying its ongoing evolution and adaptation. 

2.3.1 CMIP6 GCMs 

GCMs are complex tools that can simulate the response of the global climate system to rising 

greenhouse gas (GHG) concentrations. They represent physical processes in the atmosphere, 

ocean, cryosphere, and land surface, with spatial resolution over the range 100-250 km (IPCC 

2012; Soriano et al., 2019). Some of the commonly used models are shown Table 2-1.  

Table 0-1 Some GCM CMIP6 models 

S/NO Models Institution Resolution References 

1 ACCESS 

CM2 

Australian Community Climate 

and Earth System Simulator 

coupled model 

1.25° × 1.875° (Bi et al., 

2020)  

2 ACCESS-

ESM1.5  

The Australian Community 

Climate and Earth System 

Simulator, Austrian Earth System 

Model 

1.875° × 1.25° (Ziehn et al., 

2020) 

3 BCC-

CSM2-

MR 

Beijing Climate Center and China 

Meteorological Administration, 

China 

1.1° × 1.1° (Wu et al., 

2019) 

 

4 Can-

ESM5.0.3 

Canadian Centre for Climate 

Modelling and Analysis, 

Environment and Climate Change 

Canada, Victoria, Canada 

2.81° × 2.81° (Swart et al., 

2019) 

 

 

5 CESM-

WACCM 

National Centre for Atmospheric 

Research, USA. Community Earth 

System Model 1.2.2 – Whole 

Atmosphere Community Climate 

Model 

1.25◦ × 0.94◦ (Danabasoglu 

et al., 2020) 

 

6 INM-

CM5-0 

Institute for Numerical 

Mathematics, Russian Academy 

of Science, Moscow, Russia 

2.00° × 1.50° 
 
Volodin 

and Gritsun 

(2018)  

 

7 NorESM2

-LM 

Norwegian Climate 

Centre/Norway 

0.9◦ × 1.3◦ (Seland et al., 

2020) 

https://www.sciencedirect.com/science/article/pii/S2666592124000532#bib54
https://www.sciencedirect.com/science/article/pii/S2666592124000532#bib54
https://www.sciencedirect.com/science/article/pii/S2666592124000532#bib54
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8 MRI-

ESM2 

Meteorological Research Institute 

(MRI), Japan 

1.1° × 1.1° (Yukimoto et 

al., 2019) 

 

Other CMIP6 GCMs include Model for Interdisciplinary Research on Climate – Earth System 

Model, 2010 version (MIROC-ESM) (Watanabe et al., 2011), Hadley Centre Global 

Environmental Model version 1 (HadGEM1) (Johns et al. 2006). MIROC-ESM model aims to 

simulate the Earth's climate system, integrating interactions among the atmosphere, oceans, 

land surface, and carbon cycle. It reflects enhancements made up to 2010 and is particularly 

noted for its advancements in modeling biogeochemical processes and atmospheric dynamics. 

The development and capabilities of MIROC-ESM are detailed in (Watanabe et al. 2011). 

HadGEM1 simulates various aspects of climate change and variability, providing insights into 

potential future climate scenarios (Johns et al. 2006). 

Using multiple precipitation products and CMIP6 GCMs, despite their differing results, 

provides a more comprehensive understanding of the uncertainties and biases in precipitation 

extreme projections. Each model uses unique algorithms, data assimilation methods, and 

physical parameterizations, so they may capture different aspects of precipitation dynamics. 

By comparing these varied models, researchers can better assess their performance, identify 

consistencies or discrepancies, and ultimately improve the reliability of climate projections. 

2.3.2 Historical simulations 

Historical simulations within CMIP serve as important tools for evaluating the performance of 

climate models in replicating observed climate patterns, encompassing both variability and 

long-term trends (Flato et al., 2013). The key components of these simulations include 

emissions of short-lived species and long-lived GHGs, global gridded land-use forcing 

datasets, solar forcing, stratospheric aerosol data sets (volcanic activity), sea surface 
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temperatures and sea ice concentrations, aerosols, time-varying gridded ozone concentrations 

and nitrogen deposition (Eyring et al., 2016; Flato et al., 2013).  

2.3.3 Scenarios of CMIP6 GCMs 

CMIP6 integrates scenarios projecting future climatic outcomes based on consistent datasets 

encompassing GHG concentrations, aerosols, chemically reactive gases, land use changes, and 

other influential climate drivers (O’Neill et al., 2016). These projections are harmonized with 

socioeconomic assumptions introduced through the "Shared Socioeconomic Pathways" 

(SSPs). CMIP6 introduces updated versions of the four Representative Concentration 

Pathways (RCPs) initially outlined in IPCC AR5 (IPCC, 2013; van Vuuren et al., 2011) which 

served as foundational elements in CMIP5 (Taylor et al., 2012). These updated pathways, now 

labeled as SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, maintain comparable radiative forcing 

levels to their predecessors from AR5. Additionally, CMIP6 introduces novel scenarios to 

provide scientists with a more extensive array of potential future trajectories to simulate and 

enrich the range of possibilities for climate research endeavors (O’Neill et al., 2016). 

SSP5-8.5: A high-emission, worst-case scenario projecting up to 8.5°C of warming by 2100, 

with severe potential impacts on society and the environment if emissions continue to grow 

unchecked. 

SSP3-7.0: A medium-high emissions pathway, bridging the gap in past projections. It 

represents a forcing level similar to SSP2's baseline, highlighting moderate to high risks. 

SSP2-4.5: A moderate scenario predicting approximately 2.7°C of warming, often used as a 

reference in climate studies. It combines intermediate vulnerability with moderate emissions. 
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SSP1-2.6: A low-emission pathway aiming to limit global warming well below 2°C by 2100, 

representing an optimistic future with reduced societal vulnerability and stringent emissions 

control (O’Neill et al., 2016). 

2.4 Past studies that used CMIP6 GCMS 

In evaluation of 15 CMIP6 GCMs in simulating rainfall patterns over Uganda from 1981 to 

2019, GFDL-ESM4, BCC-CMC-MR, IPSL-CM6A-LR, CanESM5, GDFL-CM4-gr1, and 

GFDL-CM4-gr2 emerged as the top performers (Ngoma et al., 2020). CNRM-CM6-1 and 

CNRM-ESM2 underestimated annual and mean rainfall, despite better simulation of the spatial 

trend during March-April-May (MAM) and September-October-November (SON) seasons. 

The study underscores the need for further investigation into the model spread within CMIP6 

over the study area and advocates for the exploration of robust machine learning approaches to 

mitigate biases (Ngoma et al., 2020). 

In climate change impact assessment using CMIP6 GCMs across Uganda. PET and 

precipitation were projected to increase across all the WMZs (Onyutha et al., 2021).  

Wetter conditions are anticipated during September–October, with maximum wetness in the 

northwestern parts of Uganda and around Lake Victoria basin. Future research was 

recommended to focus on examining changes in rainfall extremes under various global 

warming scenarios while considering model performance and independence (Ngoma et al., 

2022).  

Analysis of precipitation extremes across the East African region using CMIP6 GCMs by 

Ayugi et al. (2021) showed increased consecutive dry days (CDD) and a decreased consecutive 

wet days (CWD) by (2081–2100) compared to the past (1995–2014) in both MAM and SON 

seasons. The study recommended further research to investigate the underlying physical 
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mechanisms driving these projected extreme events, with implications for relevant policy 

considerations (Ayugi et al., 2021). 

10 RCMs from the Coordinated Regional Climate Downscaling Experiment (CORDEX) were 

assessed to simulate rainfall pattern characteristics over Eastern Africa. There were significant 

biases in individual models depending on the subregion and season (Endris et al., 2013). 

Future projections across Uganda indicate a decrease in rainfall during the MAM season, and 

an increase in the SON with a noticeable shift towards the latter (Ngoma et al., 2021). Higher 

warming was found in the latest model outputs of CMIP6 compared to its predecessor 

(CMIP6), despite identical instantaneous radiative forcing (Ayugi et al., 2021).  

CMIP5 was found to perform better than CMIP3 in reproducing observed precipitation across 

East Africa. Results of the analysis were found to depend on the approach of downscaling used 

(Onyutha et al., 2016). The choice of the statistical downscaling method should depend on the 

objectives of the climate change impact study (Onyutha et al., 2016). 

2.5 Methods of quantifying the mismatch between observed precipitation and outputs 

of GCMs 

It is important to evaluate the reliability of downscaled climate data, particularly when using 

GCMs and RCMs for future climate change studies (Mirdashtvan et al., 2018). Commonly 

applied metrics include Pearson correlation coefficient (r), root mean squared error (RMSE) 

and Taylor diagram.  
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2.5.1 Root mean square error (RMSE) 

RMSE considers squares of the residuals such that;  

 
𝑅𝑀𝑆𝐸 =  √

∑ (𝑀𝑖−𝑂𝑖)2𝑛
𝑛−1

𝑛
                                                           

 

0-1 

Where Oi and Mi refer to the ith observed and modelled values, respectively and n is the 

sample size. 

2.5.2 Pearsons product-moment correlation coefficient 

The terms r measures the strength of coverability such that 

 
𝑟 =  
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2.5.3 Taylor diagram 

Taylor diagram provides concise statistical summary of how well patterns match each other in 

terms of their correlation, their root-mean-square difference, and the ratio of their variances  

(Taylor, 2001) such that;  

 𝐸′2 =  𝜎𝑦
2 +  𝜌𝑥

2 − 2𝜎𝑦𝜎𝑦𝑅     0-3 

Where R is the correlation coefficient between the model (y) and observed (x) series which are 

defined at N discrete points in time or space is given by; 

 

𝑅 =  

1
𝑁

∑  (𝑦𝑛 − 𝑦−)(𝑥𝑛 − 𝑥−)𝑁
𝑛=1

𝜎𝑦𝜎𝑥
     

0-4 

where 𝑦− 𝑎𝑛𝑑 𝑥−  are the mean values and 𝜎𝑦 𝑎𝑛𝑑 𝜎𝑥 are the standard deviations of y and x, 

respectively (Taylor, 2001). It is expected that R (Eq. 2-4) should be comparable with r (Eq. 

2-2). 
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2.6 Bias Correction 

GCMs tend to overreact to local convective instability, resulting in an overestimation of 

moderate rainfall events and an underestimation of occurrences of no, minimal, and heavy 

rainfall events (Daniels et al., 2012; Rosa & Collins, 2013). Consequently, GCMs are not 

directly suitable for climate studies at the regional scale due to their coarse spatial resolution, 

particularly in terms of precipitation (Sharma et al., 2019; Wood et al., 2004). To address these 

limitations, there are two main approaches to downscale climate projections i.e. dynamical and 

statistical downscaling (Daniels et al., 2012). 

Statistical downscaling interpolates regional-scale atmospheric predictor variables such as area 

averages of precipitation or temperature, and circulation characteristics like mean sea level 

pressure or vorticity to station-scale meteorological series (Wilby et al., 1998). Dynamical 

downscaling uses high-resolution regional simulations to extrapolate the effects of large-scale 

climate processes to the local or regional scale  (Maraun et al., 2010). 

2.6.1 Methods of Quantile Mapping 

Quantile mapping statistically attempts to find a transformation of a modeled variable P such 

that its new distribution equals the distribution of the observed variable as shown in equation 

2-5. This method is particularly useful in climate science and hydrology for correcting 

systematic biases in simulated data, such as temperature or precipitation from climate models. 

 𝑥𝑜 = 𝑓(𝑥𝑚) 0-5 

𝑥𝑜 = Observed variable 

𝑥𝑚 = Modelled variable 

𝑓() = Transformation function 

https://agrimetsoft.com/sd-gcm
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Quantile Mapping is an application of the probability integral transform and if the distribution 

of the variable of interest is known, the transformation h is defined as 

 𝑥𝑜 =  𝐹𝑂
−1[𝐹𝑚(𝑥𝑚)] 0-6 

Where; 𝐹𝑚(𝑥𝑚) = 𝐶𝐷𝐹 𝑜𝑓 𝑥𝑚 

𝐹𝑂
−1 = inverse form of the CDF of 𝑥𝑜, which is the quantile function 

a) Distribution derived transformations (DIST) 

DIST involves matching the cumulative distribution functions (CDFs) of the model and 

observed data as shown in Equation 2-6.  In the DIST method, the theoretical CDF [Fm()] is 

formed by using a mixture of the Bernoulli and the Gamma distributions, where the Bernoulli 

distribution is used to compute the occurrence probability of the rainfall variable, while the 

Gamma distribution is used to model the rainfall intensities (Ines and Hansen, 2006) cited by 

(Enayati et al., 2021). 

b) Parametric transformations 

In quantile mapping, parametric transformation refers to a method where a specific probability 

distribution is assumed (e.g., normal, gamma, or exponential) for both the observed and 

modeled data. The parameters of these distributions are then estimated and used to adjust the 

modeled data to align with the observed data distribution. This technique is often used when 

the data is skewed or when there is a need for a simplified transformation based on a theoretical 

distribution shape  shown in Equation 0-5 (Piani et al., 2010b; Gudmundsson et al., 2012). 

c) Non-parametric transformations 

Nonparametric transformations make minimal assumptions about the functional form of the 

relationship between the model output and observed data. Instead, they focus on directly 

adjusting the model output to match the observed data without imposing specific mathematical 

constraints (Enayati et al., 2021). Empirical quantile (QUANT) commonly used non-
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parametric method where the empirical CDFs are approximated using tables of the empirical 

percentiles. Values in between the quantiles are approximated using linear interpolation (Osuch 

et al., 2017) 

2.7 Past studies that used quantile mapping 

An evaluation of CFSR and potential bias correction methods for data-scarce areas was 

conducted across East Africa. Empirical quantile mapping with a 30-day sliding window length 

and 1-day timestep demonstrated the best performance by improving the similarity of the 

number of wet days and maximum daily rainfall between the two datasets (Garibay et al., 

2021). 

Quantile mapping bias correction (QMBC) was used to adjust the Rossby Centre Regional 

Climate Model (RCA4) for precipitation over Kenya. QMBC improved the accuracy of the 

RCA4 model, particularly for the dry season (Ayugi et al., 2020). 

Minimal improvement on RCPs resulting from bias correction was observed in a study by 

Mugume et al. (2020). While bias correction mitigated underestimated rainfall instances, it also 

led to a reduction in overestimated rainfall events. However, this adjustment did not necessarily 

enhance the overall skill or reduce error magnitudes (Mugume et al., 2020). 

Quantile mapping was utilized to bias-correct the CMIP6 data to examine projected alterations 

in drought occurrences across East Africa, resulted in overall distribution, closely aligned with 

observations. Additionally, the multi-model ensemble mean exhibited superior performance 

compared to individual GCMs (Ayugi et al., 2022). 

The QMBC method facilitated the integration of the high-resolution dataset from Kenyan 

Meteorological Department (KMD) with the superior performance of the GPCC set during 

examining drought occurrences across East Africa. A new and more accurate bias-corrected 
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monthly precipitation time series spanning from 1983 to 2014 was generated for each location. 

This dataset enables a detailed depiction of precipitation distribution throughout the year, 

offering valuable insights for climate change adaptation strategies and customized territorial 

planning initiatives (Vigna et al., 2020). 

An investigation into how various methods maintain changes in quantiles and extremes while 

employing quantile mapping bias correction was made by Cannon et al. (2015). Quantile 

mapping introduces artificial distortions into future model-projected trend. Distortions are 

significant for changes in long-term return values. (Cannon et al. 2015). 

2.8 Past studies on the use of satellite products in East Africa  

Past studies have evaluated the accuracy of several high-resolution satellite rainfall products in 

detecting and retrieving rainfall rates. Satellite products show deviations in high rainfall rates 

due to systematic and random errors (Maggioni et al., 2016). Satellite data showed good 

detection of rainfall in Western Uganda but underestimated rainfall in high-altitude areas of 

Northeastern Tanzania (Diem et al., 2014). Satellite rainfall products could reproduce spatial 

and seasonal rainfall patterns but have limitations in accurately retrieving rainfall amounts 

(Asadullah et al., 2008). Performance of different satellite products varied spatially, with weak 

performances in coastal and mountainous regions  (Dinku et al., 2018). Two models were able 

to capture the spatial pattern of rainfall climatology well in Ethiopia, particularly for the main 

rainy season Kiremt, despite less accuracy in capturing interannual variability compared to 

spatial and seasonal variability (Diro et al., 2009). 

2.9 Filling gaps in precipitation data records 

Various methods such as closest station, simple arithmetic averaging, inverse distance 

weighting, multiple regression, and normal ratio tend to be employed to estimate missing 
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precipitation values  (Moeletsi et al., 2016). Inverse distance weighting assigns weights to data 

points based on their distance from a target location, typically giving greater importance to 

nearby points. In the context of weather stations, this method involves considering data from 2 

to 5 neighboring stations, with more emphasis placed on observations from the closest  

(Moeletsi et al., 2016). 

2.10 Extreme precipitation indices (EPI) 

EPIs are valuable tools for assessing extreme precipitation events (Zhang et al., 2011). These 

indices encompass various metrics such as Annual Maxima Series (AMS), Maximum Dry Spell 

(MDS1), Maximum Wet Spell (MWS1), Number of Dry Days (NDD1), Number of Wet Days 

(NWD1), and Total precipitation (TPREC1). Table 2-2 shows EPIs based on Onyutha (2020).  

Table 0-2 Extreme Rainfall Indices (Onyutha, 2020) 

ID Indicator 

name 

Indicator definition Unit 

AMS Annual 

Maxima Series 

Series comprising the maximum rainfall intensity in 

each year 

mm/day 

MDS1 Severe dry 

spell 

Annual maximum number of consecutive days with 

rainfall intensity <1 mm/day 

days 

NDD1 Very dry day Annual number of days each having rainfall 

intensity < 1 mm/day 

days 

NWD1 Wet day Annual number of days each having rainfall 

intensity >1 mm/day 

days 

MWS1 Wet spell Annual maximum number of consecutive days with 

rainfall intensity >1 mm/day 

days 

TPREC1 Rainfall total 

>1 mm/day 

Annual total rainfall from days with rainfall intensity 

>1 mm/day 

mm 

 

The AMS, a useful sub-series in hydrology and water resources management, represents the 

set of most severe rainfall events that are annually independent from one another. It is relevant 

for the planning food risk management, guiding infrastructure design to withstand extreme 
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rainfall, informing urban planning for effective drainage systems. Moreover, during frequency 

analyses, the AMS helps determine the return intervals relevant for the design of hydraulic 

structures like sewer systems, culverts, and bridges.  

TPREC1 data holds significant importance across multiple domains. In agriculture, it is 

relevant for crop planning and irrigation schedules. It aids water resource management by 

guiding reservoir operations and groundwater recharge efforts.  

MDS1 and NDD1 comprise important information for planning water resources application 

that are affected by prolonged dry conditions. The drought can be meteorological or 

hydrological in nature. On the other hand, MWS1 and NWD1 are relevant for applications such 

as irrigation and environmental flow monitoring. Details of these indices and their general 

relevance to water resources management can be found in Onyutha (2020). 

All the above metrics were utilized to allow for a detailed understanding of both wet and dry 

conditions supporting a more accurate and comprehensive assessment. 

2.11 Summary of Research Gap 

GCMs show limited accuracy in capturing rainfall rates and patterns across varied geographic 

regions and altitudes, often underestimating rainfall in high-altitude, coastal, and mountainous 

areas despite their ability to reproduce broad spatial and seasonal trends (Asadullah et al., 2008; 

Diem et al., 2014; Maggioni et al., 2016). Addressing these limitations requires advancing 

GCMs to better represent interannual rainfall variability alongside spatial patterns. de Padua 

and Ahn (2024) highlight the need for integrating observed and precipitation products data to 

offset each other's limitations and enhance climate projections. Mubialiwo et al. (2021, 2023) 

similarly emphasize bias correction in precipitation products data, such as PGF, to improve 

hydrological model accuracy, especially in data-scarce areas like Uganda.  
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While quantile mapping has shown success in enhancing the accuracy of precipitation products 

data and GCMs for specific metrics like wet days, seasonal patterns, and drought frequency, it 

has also introduced potential distortions, especially in the projection of long-term extremes and 

return values (Cannon et al., 2015). Furthermore, while some studies report improvements in 

aligning precipitation distributions with observations, others highlight limited gains in overall 

model skill or accuracy (Mugume et al., 2020).  
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CHAPTER THREE: RESEARCH METHODOLOGY 

3.1 Introduction 

3.1.1 Study area 

Uganda is a landlocked country located in East Africa with an approximate geographical area 

of 236,040 square kilometers Uganda generally has moderate temperatures, averaging around 

22.8°C throughout the year. The temperature ranges from about 20°C in July and 24°C in 

February. The average annual precipitation is about 1,200 mm, with the highest mean monthly 

precipitation of about 150 mm in April and the lowest of nearly 40 mm in January.  

 

Figure 0-1 Location of selected precipitation stations in Uganda 
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3.2 Data Collection 

3.2.1  Observed Data 

Daily precipitation series observed at 20 weather stations were obtained from the Uganda 

National Meteorological Authority (UNMA). Table 3-1 shows relevant information such as 

station names and data record periods. 

Table 0-1 Overview of the precipitation data from rain gauges 

S/NO Station name Latitude Longitude Data period 

1 Bundibugyo Met Station 0.69N 30.05°E 1991-2020 

2 Ntoroko Met Station 1.01ºN 30.36°E 1991-2020 

3 Kyegegwa Met Station 0.45°N 31.00ºE 1991-2020 

4 Kamwenge Met Station 0.31ºN 30.33°E 1991-2020 

5 Ibanda Met Station -0.07°N 30.48ºE 1991-2020 

6 Kamwenge Met Station 0.01ºN 30.34°E 1991-2020 

7 Kabarole Met Station 0.68ºN 30.33°E 1991-2020 

8 Kyenjojo Met Station 0.60N 30.65ºE 1991-2020 

9 Sironko Met Station 1.15°N 34.26ºE 1990-2022 

10 Mbale Met Station 0.98°N 34.21º 1990-2022 

11 Budaka Met Station 1.03°N 33.96E 1990-2022 

12 Wadelai WDD - Gulu 2.73ºN 31.40°E 1979-2009 

13 Gulu Met Station - Gulu 2.78ºN 32.28°E 1979-2009 

14 Masindi Met Station 1.68°N 31.72ºE 1979-2009 

15 Kassanda Met Station - Mubende 0.45ºN 31.68°E 1979-2009 

16 Serere Agric. Station - Soroti 1.52°N 33.45ºE 1979-2009 

17 Soroti Met Station 1.72°N 33.62ºE 1979-2009 

18 Masaka Forest - Masaka -0.33°N 31.73ºE 1979-2009 

19 Nkozi Experimental Farm - Mpigi 0.02°N 32.02ºE 1979-2009 

20 Kamwege Met Station 0.11°N 30.50ºE 1979-2009 
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Data checks for consistency in the observed data were conducted with reference to previous 

studies by Onyutha et al. (2021) and Onyutha and Kerudong (2022), which utilized these same 

meteorological stations. 

3.2.2 Precipitation Products data 

The overview of the precipitation datasets used in this study is presented in Table 3-2. 

Table 0-2 Freely available precipitation products. 

Acronym Full Name Resolution Period Type References 

JRA-55 Japanese 55-year 

reanalysis 

0.5°×0.5° 1958–

2017 

Reanalysis (Kobayashi 

et al., 2015)  

CHIRPS Climate Hazards Group 

Infrared Precipitation 

with Station Data  

0.05°×0.05° 1981–

2019 

Satellite-

gauge 

(Funk et al., 

2015) 

 

CFSR 

 

NCEP climate forecast 

System version 2 

0.25°×0.25° 1979–

2013 

Reanalysis (Saha et al., 

2014) 

PGF Princeton Global Forcing 

version 

0.25°×0.25° 1948- 

2010 

Reanalysis-

gauge 

(Sheffield 

et al., 2006) 

ERA-5 ECMWF Re-Analysis 0.1°×0.1° 1950-

2022 

Reanalysis (Hersbach 

et al., 2020) 

 

Daily rainfall totals of CHIRPS were obtained from the Climate Hazards Center, University of 

California, Santa Barbara, accessed through https://www.chc.ucsb.edu/data (accessed on 12 

April 2023). Daily rainfall datasets for JRA-55 were obtained from the Japan Meteorological 

Agency via https://rda.ucar.edu/datasets/ds628.0 (accessed on 12 April 2023). Daily CFSR 

series were obtained from https://swat.tamu.edu/data/cfsr (accessed on 27 Jan 2021). Three-

hourly precipitation datasets of ERA-5 were downloaded via 

https://climexp.knmi.nl/selectdailyfield2.cgi?id=someone@somewhere (accessed on 12 April 

2023). Daily global precipitation data of the PGF was acquired via 

http://hydrology.priceton.edu/data/pgf/v3/0.25deg/ (accessed on Feb 2021). 

https://www.chc.ucsb.edu/data
https://rda.ucar.edu/datasets/ds628.0
https://swat.tamu.edu/data/cfsr
https://climexp.knmi.nl/selectdailyfield2.cgi?id=someone@somewhere
http://hydrology.priceton.edu/data/pgf/v3/0.25deg/
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3.2.3  Outputs of GCMs 

This study utilized eight GCMs (those shown in Table 2-1) obtained from the Earth Systems 

Grid Federation (ESGF); https://esgf-node.llnl.gov/search/cmip6/ (accessed on April 24, 

2023). The historical period considered for analysis was from 1979 to 2014. Daily precipitation 

data from two scenarios, SSP2–4.5 and SSP5–8.5, were considered in this study. Future 

projections encompassed two future sub-periods 2041-2070 and 2071-2100 referred to as the 

2050s and 2080s, respectively. 

3.3 Obtaining grid data from precipitation products and GCMs’ outputs 

The inverse distance weighting method was applied by assigning weights to four data points 

according to their distance from the target location. The grid point with the highest weight, 

indicating its proximity to the weather station, was identified and considered in the analysis. 

The comparison period was limited to the common periods of the precipitation products and 

GCMs (1979-2022). However, data availability varied across the different gauge stations as 

shown in Table 3-1. Therefore, different common periods were used at different stations 

according to the data availability.  

3.3.1 Suitability of precipitation products data 

For comparison, the various indices in Table 2-2 were extracted from observed data at each 

station (annual data). Similarly, the indices were extracted from each precipitation product data 

at the location of the respective weather station. A comparison of indices from observed and 

precipitation products was done in terms of frequency analysis and model biases. 

a) Frequency analysis 

The frequency of extreme precipitation events from observed and precipitation products-based 

data was analyzed by calculating their return periods. The AMS was used because it yields 

https://esgf-node.llnl.gov/search/cmip6/
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strong independence of the extreme events compared to the approach based on partial duration 

series. The AMS was sorted from highest to lowest, and the empirical return period of an event 

was calculated by dividing the data records length (in years) by the corresponding rank. This 

means that the largest event was given the rank of 1, the second largest event was given the 

rank of 2, and so on. If h is the data record length in years, then the largest and smallest events 

will have ranks of j = 1 and j = h, respectively. Graphically, plots of AMS-based quantiles 

versus return period were made to consist of both precipitation products data and observed 

data. For an ideal case, all the precipitation products AMS could have their return periods 

comparable to those observed extremes.  

The 10-year AMS quantile was determined by identifying the AMS quantile values in both the 

observed data and the precipitation products data that corresponded to the 10-year return 

period. 

b) Performance of precipitation products using model bias 

Bias was used to measure the performance of the precipitation products. The bias of the 

precipitation products was computed as the ratio of the precipitation products data to that of 

observed data while separately considering each precipitation extreme.  A value above 1 

indicates that the precipitation data overestimated the observed data value. On the other-hand, 

a value below 1 indicates that the precipitation products data underestimated the observed 

value. The best-performing precipitation product would yield a ratio of one. The worst-

performing precipitation product would be the one with the largest bias. The bias was 

calculated for 6 indices including; TPREC1, NDD1, NWD1, MDS1, MWS1, and AMS. 

3.3.2 Quantifying the mismatch between observed and GCM precipitation products 

Like for precipitation products, the indices in Table 2-2 were extracted from the historical 

simulations of each GCM. Similarly, the indices were extracted from observed data. The data 
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was found to be normally distributed, therefore performance of the GCMs was assessed using 

Pearsons product-moment correlation coefficient, RMSE, and Taylor diagram. 

The null hypothesis (Ho) of no correlation was tested at α = 0.05. The sample sizes were based 

on the data record length in years. The critical values for the stations 1-8, 9-11 and 12-20 were 

0.404, 0.396 and 0.349, respectively.  If the computed absolute value was less than the critical 

limit of the correlation coefficient, the H0 (no correlation) was not rejected at the selected α; 

otherwise, the H0 (no correlation) was rejected. Critical values of the correlation were obtained 

using Table A.1 following  Aspelmeier (2005). 

The choice of using bias ratios to compare precipitation products data with observed data and 

using correlation and hypothesis testing for GCMS outputs is based on the nature of the datasets 

and the objectives of the comparisons. Precipitation products data typically comes from a 

combination of model outputs and assimilated observational data, aiming to reconstruct the 

historical state of the atmosphere or climate. Bias was used because the focus is on direct 

magnitude comparisons. GCM outputs are the results of simulations based on theoretical and 

physical climate models. These models aim to predict future climate scenarios and evaluate 

historical climate trends. Correlation analysis and hypothesis testing are used to evaluate 

patterns, trends, and the statistical significance of model predictions compared to observed 

data. These methods account for uncertainty and non-linearity in the climate system. 

3.3.3 Implication of precipitation products capabilities for bias correction of GCMs output 

The procedure involved; 

i) downscaling the GCMs’ outputs using observed data, 

ii) downscaling GCMs’ outputs using precipitation products data, and 

iii) Quantifying climate change impacts for the case where observed data and precipitation 

products were used for downscaling GCMs’outputs.  



33 

To enhance the reliability of CMIP6 data in forecasting precipitation extremes, this study 

utilized the "fitQmapQuant" function from the R studio package by Gudmundsson (2022) for 

bias correction. This non-parametric quantile mapping method using empirical data, was found 

to have the highest skill in systematically reducing bias to refine the model's accuracy. 

(Gudmundsson et al., 2012, Bong et al., 2018, Paz and Willems, 2022). 

Empirical Quantile Mapping (EQM) is a nonparametric approach that relaxes the assumption 

of normality commonly made in statistical methods which operates by dividing historical 

observation and model data into quantile levels and estimating their cumulative distribution 

functions (CDFs) (Panofsky and Brier, 1968, Qian and Chang, 2021). Linear interpolation is 

applied to fill in quantile values for unspecified levels. Then, quantile mapping adjusts model 

projections by mapping model quantiles to corresponding observed quantiles. This ensures 

alignment between model and observed data, enhancing the accuracy of future projections as 

shown in equation 0-1 (Panofsky and Brier, 1968, Qian and Chang, 2021). 

 𝑥𝑜,𝑝
− (𝑡) =  𝐹𝑜,ℎ

−1{𝐹𝑚,𝑝[𝑥𝑚,𝑝(𝑡)]} 0-1 

𝑥𝑜,𝑝
− (𝑡) is the adjusted future observation at time t during the projection period. 

𝑥𝑚,𝑝 (𝑡) is climate model data during the projected future period with corresponding CDF 

𝐹𝑚,𝑝 (𝑧) 

For a quantile level τ, 0 ≤ τ ≤ 1 the quantile value (also known as the τ-th percentile) is obtained 

by the inverse CDF: 𝐹𝑜,ℎ
− (τ)  

The same downscaling technique was applied when downscaling GCMs outputs using both 

precipitation products and observed precipitation. 
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3.3.4 Climate change projections 

Scenarios were partitioned into two distinct time periods i.e. the 2050s (spanning from 2040 to 

2070) and the 2080s (spanning from 2071 to 2100). These time periods are commonly used in 

climate studies to analyze climate projections over different future decades. Additionally, the 

climate change impact investigations were conducted under two scenarios including SSP 2-4.5 

and SSP 5-8.5 for CMIP6 models.  

Overall, this processing step allowed for the organization and analysis of downscaled climate 

data, focusing specifically on precipitation-related indices, time periods, and scenarios. 

3.3.4.1 Quantifying the difference in climate change projections especially on extreme 

quantiles 

The downscaled GCM data was averaged to obtain the ensemble mean. This was used because 

the ensemble mean tends to be better than data from individual climate models (Onyutha, 

2020). Historical mean was calculated for both observed data and precipitation products. 

Climate change impact was obtained using; 

 

 
𝐶ℎ𝑎𝑛𝑔𝑒 (𝛥) =

𝐴𝑚 − 𝐵𝑚

𝐵𝑚
 × 100% 

0-2 

where  

Δ is the percentage change between future downscaled data and historical data, 

Am represents the ensemble mean of downscaled individual future period data, and   

Bm  represents the historical mean of either observed or precipitation products. 
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Equation 3-2 was applied to the various indices in Table 2-2 extracted based on observed data, 

precipitation products series, and downscaled scenarios. 

3.4 Methodological framework 

 Fig 3-2 shows the overview of the methods adopted in this study.  

 

      

    

 

 

  

  

 

 

 

 

  

  

 

  

  

 

Figure 0-2 Methodological framework 

3.5 Ethics 

Letter of introduction was used to obtain the secondary data used in this study. Conditions by 

the data providers were adhered to. Sources of the precipitation products and GCMs’ outputs 

used in this study were also cited. 
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CHAPTER FOUR: RESULTS AND DISCUSSION 

4.1 Introduction 

The findings of the research are presented in this chapter according to the study’s specific 

objectives. Additionally, the results are discussed within this section. 

4.2 Performance of precipitation products 

4.2.1 Performance of precipitation products in reproducing extreme quantiles 

Figure 4-1 shows performance of precipitation products models in reproducing observed 

precipitation quantiles. For a given return period, observed quantiles were either over-estimated 

or under- estimated by the precipitation products models (Fig 4-1 a-t). The PGF model 

consistently overestimated the observed AMS over the entire range of all return periods at all 

stations. Conversely, the CHIRPS, JRA, and ERA models underestimated the observed AMS 

systematically for all considered return periods across many stations. However, ERA-5 

overestimated AMS at stations 1, 9, 10 11 (Fig 4-1 a, i, j, k). 

Apart from the over-estimations/under-estimations, another notable difference between 

observed and precipitation products-based quantiles, is the slope of the log-transform return 

period. This actually corresponds to the scale parameter of the exponential extreme value 

distribution. Generally, CFSR model exhibited a steep slope of the return periods. There were 

relatively gradual slopes for JRA, ERA, and CHIRPS models, while the PGF model exhibited 

a flatter slope (Fig 4-1 b-t). Notably, at stations 7, 15, 18, 19, and 20 (Fig 4-1 g, o, r, s, t), the 

CFSR model reproduced the slope of observed return periods well. However, it also 

demonstrated fluctuations showing transition from underestimations to overestimations 

particularly evident at stations 2-5, 6, 13, 14, and 16 (Fig 4-1 b-f, m, n, p). The CFSR initially 
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underestimated precipitation at shorter return periods (1-4 years) but switched to 

overestimations at longer return periods (more than 5 years).  

The PGF-based AMS led to systematically higher quantiles than observed series, indicating a 

persistent bias. Conversely, the JRA, ERA, and CHIRPS quantiles consistently underestimated 

AMS quantiles across all stations and return periods. These biases could lead to significant 

overestimation/underestimation of the actual risk associated with extreme precipitation events, 

impacting infrastructure planning and emergency response strategies in affected areas. 
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Figure 0-1  Performance of the  precipitation products in reproducing observed AMS at (a-t) 

stations 1-20. 
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Precipitation products datasets often exhibit biases when reproducing observed extreme events 

(Ehret et al., 2012). However, the overall accuracy of satellite and  precipitation products 

datasets is poor in detecting heavy and high-intensity precipitation (Mekonnen et al., 2023). 

ERA-5 emerged as the top-performing precipitation product dataset when considering annual 

timescales showing bias of 44.7%, along with lower RMSE (801.75mm) and ME (720.70mm) 

values compared to JRA-55 and CFSR. In contrast, JRA-55 displays a bias of 171%, RMSE of 

2902.21mm, and ME of 2760.63mm. On the other hand, CFSR demonstrated a bias of -85.2%, 

with a RMSE of 1354.36mm and an ME of -1349.21mm. In a previous study (Wanzala et al., 

2022), JRA-55 performs poorly at both annual and seasonal scales, particularly during wet 

seasons (MAM and OND). Despite JRA-55's better performance in the dry season (JJA), ERA-

5 demonstrated better agreement with observations across all three seasons, making it a suitable 

option for simulating precipitation in Kenyan catchments (Wanzala et al., 2022). While 

comparing various precipitation products in West Africa, CHIRPS and ERA-5 yielded the best 

and worst performance respectively (Kouakou et al., 2023). 

Results of frequency analysis is vital for planning water resources management. Quantiles of 

high return periods are associated with increased vulnerability of low-lying areas to flooding 

events. Analysis of extreme hydrological events is important for planning measures to 

safeguard against catastrophic events like floods (Onyutha, 2020). This information is crucial 

for various purposes such as guiding floodplain development, designing hydraulic 

infrastructure including sewer and river systems, culverts, and bridges. 

4.2.2 Performance of precipitation products in terms of model bias 

Fig 4-2 shows results of the comparison of observed and precipitation product indices. 
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A value above one (1) indicates that the observed value was overestimated by the precipitation 

products data. However, values below one (1) shows an underestimation of the observed value 

by the precipitation products data. From Fig 4-2, the precipitation products over estimated and 

underestimated the precipitation extremes. At the various stations, the products exhibited, to 

varying extents, under-estimations and overestimations of the observed extreme precipitation 

indices.  

The PGF model displayed the most significant overestimation for both TPREC1 and AMS 

across all stations. Notably, these overestimations for TPREC1 were up to 89% and 35% at 

stations 18 and 19, respectively. However, the bias for AMS at station 11 was 71%. The 

underestimation of AMS at station 18 yielded a negative bias by up to -75%. CHIRPS, JRA-

55, ERA-5, and CFSR data exhibited underestimations for AMS in 100%, 100%, 80%, and 

60% of total rainfall stations, respectively. Specifically, Stations 1, 9, 10, and 11 exhibited 

overestimations for both CFSR by 66%, 49%, 69% and 94%, respectively. Correspondingly, 

the overestimations by ERA-5 at stations 1, 9, 10 and 11 were 28%, 91%, 70% and 93%. CFSR 

and ERA data exhibited a mix of both underestimations and overestimation. With 55% and 

45% of total stations showing underestimation for total precipitation, respectively. CHIRPS 

and JRA reproduced TPREC1 with biases which ranged from 0.8 to 1.1 and covering 65% of 

total rainfall stations.  

Figure 4-3 shows biases in 10-year AMS quantiles. The ranges of ratios of the 10-year AMS 

quantile from precipitation products to that of observed precipitation were 0.3-2.17, 0.14-0.68, 

0.15-0.75, 0.14-2.57 and 0.44-2.21 for CFSR, CHIRPS, JRA-55, ERA-5 and PGF, 

respectively. Notably, both CFSR and PGF consistently demonstrated overestimation at more 

than 75% of total stations. The largest overestimation was at station 1 i.e. 17% and 21% for 

CFSR and PGF, respectively.  Conversely, CHIRPS and JRA-55 consistently displayed 

underestimations across all total stations. ERA-5 indicated underestimation in 75% of total 
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stations, however at stations 1, 9, 10, and 11, ERA-5 exhibited overestimations. Additionally, 

all precipitation products exhibited underestimations at specifically station 8. The reanalysis 

datasets show variability in the 10-year quantile ratios, indicating differing accuracy levels. 

In Fig 4-2, CFSR, CHIRPS, JRA-55, and ERA-5 consistently overestimated both NWD1 and 

MWS1, while PGF underestimated both NWD1 and MWS1 across all stations. The 

overestimations of both NWD1 and MWS1 by CFSR, CHIRPS, JRA-55 and ERA-5 were in 

up to 85%, 100%, 85% and 100% of the total stations, respectively. Notably, the highest 

overestimation biases over 2 for both NWD1 and MWS1 by CHIRPS and ERA were obtained 

at stations 1, 7-10, and 18-19. 

CHIRPS, JRA-55, and ERA-5 consistently underestimated the NDD1, at over 90% of total 

stations. This underestimation, particularly at station 10 under ERA-5, was by 11%. PGF 

consistently exhibited an overestimation bias across all stations for NDD1. The largest 

overestimation was 59% and it was at station 1. However, CFSR performed comparatively 

well, with biases of NDD1 ranging from 0.85 to 1.14 across 65% of total rainfall stations. 

CHIRPS and JRA-55 showed consistent overestimation bias for MDS1 in 80% of total stations. 

CHIRPS and ERA-5 displayed underestimation in 70% of total stations. MDS1 was 

underestimated by ERA-5 only at stations 1-6. Largest underestimations of MDS1 by ERA-5 

were 14% and 17% at stations 18 and 19, respectively. 

The precipitation products used showed overestimations/underestimations in mountainous 

areas (Dinku et al., 2011, Kimani et al., 2017). ERA-5 outperforms the other precipitation 

products on monthly and seasonal scales, whereas CFSR outperforms ERA-5 on annual and 

seasonal timescales in Kenya catchment (Wanzala et al., 2022). ERA-5 datasets show good 

performance in estimating daily precipitation over Africa. 
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Precipitation products excel in capturing interannual variations in precipitation totals and the 

frequency of rainy days and their accuracy diminishes when it comes to predicting dry spell 

duration and average intensity, with the least precision observed in estimating annual maximum 

1-day precipitation totals (Harrison et al., 2019). 

 

Figure 0-2 Ratio of precipitation products to observed precipitation indices 

Station CFSR CHIRPS JRA ERA PGF CFSR CHIRPS JRA ERA PGF CFSR CHIRPS JRA ERA PGF

1 1.30 0.76 0.74 1.70 2.35 0.87 0.76 0.98 0.55 1.59 1.14 1.26 1.02 1.49 0.36

2 0.18 0.88 0.91 0.80 4.16 1.54 0.67 0.98 0.89 1.34 0.26 1.45 1.03 1.15 0.54

3 1.01 0.83 0.67 0.59 3.52 0.92 0.69 1.05 0.85 1.34 1.11 1.43 0.93 1.20 0.52

4 1.32 0.95 0.90 0.68 2.87 0.89 0.74 0.92 0.88 1.50 1.13 1.32 1.10 1.15 0.38

5 0.48 0.85 0.56 0.58 3.04 1.19 0.80 1.21 0.92 1.44 0.73 1.29 0.71 1.12 0.38

6 1.20 0.99 0.97 0.50 3.09 0.89 0.68 0.88 1.03 1.43 1.15 1.44 1.16 0.96 0.41

7 0.88 0.91 0.89 1.29 2.83 0.85 0.55 0.71 0.49 1.15 1.38 2.16 1.74 2.31 0.61

8 0.82 0.57 0.56 0.66 1.78 0.66 0.52 0.68 0.48 1.10 2.03 2.44 1.97 2.58 0.69

9 1.83 0.75 0.47 2.43 3.13 0.60 0.73 0.86 0.29 1.13 1.84 1.56 1.29 2.48 0.73

10 1.89 1.07 0.83 4.78 3.24 0.65 0.51 0.64 0.11 1.21 1.60 1.83 1.61 2.52 0.63

11 0.99 0.95 0.79 0.99 3.69 1.01 0.71 0.95 0.72 1.25 0.99 1.45 1.08 1.45 0.60

12 0.23 1.09 1.10 1.35 5.50 1.34 0.66 0.82 0.65 1.04 0.30 1.69 1.36 1.72 0.92

13 0.90 0.96 0.97 1.15 3.97 0.77 0.68 0.75 0.64 1.08 1.45 1.61 1.48 1.69 0.85

14 1.14 0.87 0.88 1.16 3.78 0.75 0.65 0.86 0.54 1.21 1.44 1.57 1.25 1.80 0.64

15 1.00 1.62 1.28 2.08 5.11 1.00 0.64 0.94 0.39 1.27 1.00 1.65 1.11 2.11 0.51

16 0.51 0.98 0.90 0.92 3.99 1.05 0.70 0.87 0.62 1.19 0.92 1.52 1.24 1.66 0.67

17 0.30 0.94 0.90 0.94 4.01 1.14 0.64 0.81 0.64 1.11 0.69 1.78 1.42 1.78 0.77

18 0.97 2.66 0.88 3.06 8.89 1.01 0.60 1.12 0.41 1.09 0.97 2.25 0.63 2.87 0.70

19 1.06 2.68 1.90 2.72 8.35 0.93 0.51 0.81 0.36 1.07 1.21 2.49 1.57 2.94 0.79

20 0.95 1.67 1.64 1.07 5.62 1.00 0.60 0.76 0.76 1.21 0.99 1.81 1.49 1.48 0.57

1 1.62 1.01 1.81 1.46 2.05 2.75 2.07 2.99 4.95 0.37 1.66 0.62 0.71 1.28 2.46

2 3.78 0.71 1.36 1.32 1.22 0.35 2.39 1.78 1.53 0.50 0.86 0.58 0.80 0.81 2.49

3 1.81 0.76 2.27 1.17 1.42 2.63 2.00 2.42 1.73 0.53 0.98 0.54 0.66 0.48 2.25

4 1.66 0.82 1.37 1.34 1.55 3.51 2.24 3.04 1.98 0.37 1.13 0.69 0.68 0.49 2.38

5 3.15 1.07 2.28 1.42 1.51 1.51 2.09 1.50 1.92 0.48 0.85 0.62 0.65 0.43 2.43

6 1.79 0.76 1.35 1.59 1.54 3.77 2.42 3.50 1.73 0.43 1.20 0.62 0.70 0.44 2.44

7 1.35 0.57 1.01 0.72 1.15 2.89 3.66 5.28 7.00 0.65 0.94 0.44 0.50 0.44 1.72

8 1.13 0.52 0.93 0.60 1.06 6.13 3.69 5.32 6.53 0.65 0.35 0.19 0.21 0.18 0.75

9 1.19 0.88 1.33 0.43 1.04 5.92 2.08 1.98 7.46 0.63 1.49 0.59 0.50 1.91 1.85

10 1.36 0.69 1.03 0.24 1.19 5.28 3.58 2.99 12.32 0.56 1.69 0.63 0.60 2.70 2.10

11 2.10 0.84 1.46 0.92 1.19 1.94 1.99 1.41 2.23 0.50 1.94 0.79 0.96 1.93 2.71

12 2.63 0.74 1.20 0.76 0.60 0.41 1.75 1.66 2.70 0.63 0.68 0.41 0.58 0.59 1.59

13 0.96 0.66 0.89 0.88 0.57 3.33 2.54 2.73 3.65 0.92 0.90 0.44 0.51 0.49 1.47

14 1.07 0.65 1.23 0.70 0.90 3.18 1.99 2.64 3.83 0.45 0.98 0.42 0.58 0.46 1.65

15 1.00 0.36 1.12 0.26 0.68 1.00 1.23 1.52 2.75 0.34 1.00 0.71 0.74 0.58 2.65

16 1.69 0.71 1.29 0.63 0.93 1.65 2.20 2.08 2.47 0.58 0.77 0.54 0.63 0.70 1.81

17 2.24 0.72 1.18 0.71 0.85 1.40 2.89 2.65 2.90 0.74 0.52 0.45 0.47 0.44 1.37

18 0.98 0.23 1.62 0.14 0.43 0.94 2.12 0.80 4.02 0.57 1.00 0.77 0.63 0.70 2.52

19 0.85 0.24 0.99 0.17 0.53 1.19 2.95 3.08 4.48 0.58 0.98 0.69 0.75 0.76 2.37

20 1.04 0.27 0.50 0.46 0.48 1.05 1.39 1.99 1.18 0.26 0.93 0.73 0.73 0.51 2.64

TPREC NDD1 NWD1

MDS1 MWS1 AMS
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Figure 0-3 Bias in 10-year AMS quantiles 

4.3 Performance of GCMs in reproducing historical precipitation  

4.3.1 RMSE, correlation coefficient and Taylor diagram 

A model's performance is deemed superior when it demonstrates a small RMSE and a higher 

positive correlation coefficient. Results of these metrics assessed annually for the precipitation 

indices over the period 1979-2014 can be seen from Table 4-1 to Table 4-6.  

The correlation coefficient for the AMS were over the ranges -0.47-0.52 (Table 4-1). The Ho 

(no correlation) was rejected in varying proportions across the 20 precipitation stations. The 

Ho was not rejected (p<0.05) at any of the stations when analysis was based on ACCESS_CM2, 

ACCESS_ESM1.5, BCC_CSM and CAN_ESM5. However, the Ho was rejected at 5% of the 

  10-year AMS quantile 

Station CFSR CHIRPS JRA ERA PGF 

1 2.17 0.68 0.75 2.04 2.21 

2 1.14 0.44 0.61 0.73 1.57 

3 1.13 0.49 0.54 0.66 1.59 

4 0.94 0.51 0.47 0.40 1.39 

5 1.10 0.62 0.63 0.90 1.95 

6 1.35 0.56 0.56 0.81 1.76 

7 0.94 0.34 0.37 0.54 1.10 

8 0.30 0.14 0.15 0.14 0.44 

9 1.69 0.63 0.59 2.00 1.34 

10 1.69 0.54 0.47 2.57 1.34 

11 1.89 0.67 0.95 2.27 1.73 

12 0.92 0.34 0.50 0.50 1.06 

13 1.31 0.47 0.60 0.57 1.25 

14 1.13 0.39 0.65 0.41 1.20 

15 1.07 0.47 0.46 0.37 1.39 

16 1.60 0.56 0.71 1.02 1.44 

17 0.92 0.57 0.50 0.44 1.02 

18 0.98 0.61 0.56 0.86 1.60 

19 1.06 0.53 0.65 0.76 1.45 

20 0.95 0.59 0.57 0.51 1.69 
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stations while considering CESSM_WACCM, INM_CM5 and MRI_ESM2. Using 

NOR_ESM, the Ho was rejected (p<0.05) at 10% of the stations. The coefficient of correlation 

between observed and GCMs’ historical series were -0.47, 0.36, 0.52, and 0.49 at stations 7, 

16, 17 and 18, respectively and for all these values the Ho was rejected (p<0.05). BCC_CSM 

and NOR_ESM2 had the lowest and highest RMSE values over the ranges 24.26-118.90 and 

33.41-129.47, respectively. The order of performance from the best to the worst for AMS was 

BCC_CSM, INM_CM5, ACCESS_CM2, CESSM_WACCM, MRI_ESM2, CAN_ESM5, 

ACCESS_ESM1.5, NOR_ESM2. 

The correlation coefficient for TPREC1 varied between -0.46 to 0.54 (Table 4-2). The Ho was 

not rejected (p<0.05) at any of the stations when analysis was based on CAN_ESM and 

CESSM_WACCM. Ho was rejected at 5% of the stations while considering 

ACCESS_ESM1.5, BCC_CSM and NOR_ESM. Ho was also rejected at 10% of the stations 

while considering MRI_ESM2. Ho was rejected at 15% of the stations while considering 

INM_CM5. Using NOR_ESM, the Ho was rejected at 30% of the stations. Stations 3, 5, 6, 9, 

10, 11, 12, 13, 16, 17, 18, 20 and their correlation coefficients between observed and GCMs’ 

historical series are 0.45, 0.50, (0.54, -0.46), 0.48, 0.46, 0.46, -0.42, 0.43, 0.42, 0.48, (0.38, 

0.40), 0.44, respectively and for all these values the Ho was rejected (p<0.05). The RMSE 

values over the ranges for BCC_CSM are 340-1828 and CAN_ESM5 are 460-2029.  

BCC_CSM and CAN_ESM5 showed the lowest and highest RMSE values, respectively. 

Under TPREC1, the performance ranking from best to worst was: BCC_CSM, 

CESSM_WACCM, INM_CM5, ACCESS_CM2, MRI_ESM2, NOR_ESM2, 

ACCESS_ESM1.5, and CAN_ESM5. 

Under MDS1, Table 4-3 shows that the correlation coefficient spanning from -0.44 to 0.38. 

When analysis was based on ACCESS_CSM, BCC_CSM, INM_CM5, MRI_ESM2, and 
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NOR_ESM, the Ho was not rejected (p<0.05) at any of the stations. Yet, when considering 

ACCESS_ESM1.5, CAN_ESM5, and CESSM_WACCM, Ho was only rejected (p<0.05) by 

5% of the stations. The Ho was only rejected at stations 3 and 12 and their correlation 

coefficients between the observed and GCMs’ historical series were (0.44, 0.42) and (0.36), 

respectively. The RMSE values over the ranges for INM_CM5 and NOR_ESM2 spans from 

20.68 to 62.46 and from 110.79 to 235.66, respectively, with INM_CM5 showing the lowest 

and NOR_ESM2 demonstrating the highest values (Table 4-3). NOR_ESM2, ACCESS_CM2, 

CAN_ESM5, MRI_ESM2, CESSM_WACCM, ACCESS_ESM1.5, BCC_CSM and 

INM_CM5, was the order of performance from the worst to the best. 

 

Correlation coefficient for NDD1 varied between -0.3-0.63 (Table 4-4). None of the stations 

(p<0.05) rejected Ho in the analysis conducted using ACCESS_ESM15, BCC_CSM, 

CAN_ESM, CESSM_WACCM and MRI_ESM2. Ho was rejected at 10%, 15% and 25% of 

the stations while considering ACCESS_CSM, NOR_ESM2 and INM_CM5, respectively. 

Stations 15, 16, 18, 19, and 20 and their respective correlation coefficients between the 

observed and GCMs’ historical series were (0.41, 0.48, 0.3), 0.4, (0.47, 0.38), (0.51, 0.38) and 

(0.37,0.59). In all these stations, the Ho was rejected (p<0.05). In this case, BCC_CSM and 

CAN_ESM5 demonstrated the smallest and largest RMSE value ranges, spanning from 32.78 

to 103.60 and from 73.37 to 159.35, respectively (Table 4-4).  Under NDD1, the performance 

ranking from best to worst is as follows: BCC_CSM, INM_CM5, CESSM_WACCM, 

ACCESS_CM2, ACCESS_ESM1.5, MRI_ESM2, NOR_ESM2, and CAN_ESM5. 

Under MWS1, the correlation coefficients ranged from -0.47 to 0.54 (Table 4-5). 

ACCESS_ESM1.5 and MRI_ESM2 are the models where Ho was not rejected (p<0.05) at any 

of the stations. At 5% of the stations, Ho was rejected when considering ACCESS_CSM, 
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BCC_CSM, CESSM_WACCM, and MRI_ESM2. Conversely, when utilizing INM_CM5 and 

NOR_ESM, Ho was rejected at 15% of the stations. The coefficient of correlation between 

observed and GCMs’ historical series were 0.54, 0.42, -0.47, 0.43, 0.4, (0.38, 0.4), 0.37, 0.46 

and 90.48 at stations 3, 5, 7, 9, 13, 17, 18, 19 and 20, respectively, and for all these values, the 

Ho was rejected (p<0.05). INM_CM5 and MRI_ESM2 had the lowest and highest RMSE value 

over the ranges of 3.31-13.99 and 14.49-27.19, respectively (Table 4-5). MRI_ESM2, 

CESSM_WACCM, NOR_ESM2, ACCESS_CM2, CAN_ESM5, ACCESS_ESM1.5, 

BCC_CSM and INM_CM5, was the order of performance from worst to best. 

Correlation coefficient for NWD1 spanned from -0.41 to 0.59 and -0.41 (Table 4-6). The Ho of 

no correlation was rejected in varying proportions across 20 rainfall stations. When analysis 

was based on ACCESS_ESM15, BCC_CSM, CAN_ESM, CESSM_WACCM and 

MRI_ESM2, the Ho was not rejected (p<0.05) at any of the stations. Ho was rejected at 10% of 

the stations while considering ACCESS_CSM and NOR_ESM. Using INM_CM5, the Ho was 

rejected at 25% of the stations. Stations 15, 16, 18, 19, and 20 and their correlation coefficients 

between observed and GCMs’ historical series were (0.41, 0.48), 0.40, (0.47, 0.38), (0.51, 0.38) 

and (-0.38, 0.59), respectively (p<0.05) rejected the Ho. Just like MDS1, INM_CM5 and 

MRI_ESM2 exhibited the smallest and largest RMSE value ranges, spanning from 38.09 to 

136.09 and from 63.95 to 197.95 for NWD1 (Table 4-6). BCC_CSM, CESSM_WACCM, 

INM_CM5, ACCESS_CM2, ACCESS_ESM1.5, MRI_ESM2, NOR_ESM2 and CAN_ESM5, 

was the order of performance from the best to the worst under NDD1. 

The CMIP5 models showed a low positive correlation (0.01 to 0.24) in simulating East African 

rainfall, indicating a generally low overall performance across the region (Ongoma et al., 

2019). However, the individual performance of these models varies widely  (Ongoma et al., 

2019). Models exhibit poor performance specifically when reproducing observed annual 
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rainfall patterns compared to seasonal patterns (Ngoma et al., 2020). CAN_ESM5 showed the 

best performance in reproducing MAM rainfall patterns over East Africa, yet it exhibited poor 

performance while considering annual precipitation patterns (Ongoma et al., 2019). This 

suggests that the performance of climate models can vary depending on the temporal scale 

being examined (seasonal versus annual precipitation patterns).  

Figure 4-4 to Fig 4-9 showed performance of the GCMs’ in correlating with the observed 

precipitation and the ability of the models to reproduce the variability in precipitation 

quantified by the standard deviation. Across the annual scale and extreme precipitation indices 

metrics, the order of performance from the best to the worst is BCC_CSM, INM_CM5, 

CESSM_WACCM, ACCESS_CM2, ACCESS_ESM1.5, MRI_ESM2, CAN_ESM5 and 

NOR_ESM2. Despite  the improvement of GCMS compared to those of CMIP5,  the GCMS 

of CMIP6 still generally perform poorly in reproducing precipitation extremes especially 

across the  East African region (Endris et al., 2013; Ngoma et al., 2020; Onyutha, 2020).  

 



48 

Table 0-1 Correlation coefficient and RMSE of models for AMS 

 

  

 

 

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 0.33 0.32 0.20 0.37 -0.16 0.23 0.40 -0.29 -0.24 -0.04 -0.04 0.24 -0.18 -0.34 -0.11 0.06 0.01 -0.09 -0.17 -0.21

ACCESS_ESM15 0.04 -0.01 -0.25 -0.08 -0.07 -0.08 0.03 -0.08 0.05 -0.20 -0.20 0.01 -0.04 -0.06 -0.04 0.01 -0.21 0.13 0.20 0.00

BCC_CSM -0.06 -0.05 -0.38 -0.02 0.27 -0.22 -0.18 -0.05 -0.04 -0.02 -0.02 0.15 0.31 0.01 -0.20 -0.09 -0.08 0.07 0.34 -0.17

CAN_ESM -0.18 -0.09 0.16 -0.25 -0.21 -0.35 0.10 0.05 -0.24 -0.04 -0.04 -0.12 -0.08 0.25 -0.19 -0.18 0.07 -0.14 -0.04 -0.15

CESSM_WACCM -0.07 -0.06 -0.35 -0.02 0.02 0.01 0.03 -0.02 -0.21 0.09 0.09 -0.06 0.30 0.11 -0.26 0.36 0.09 0.07 -0.15 -0.09

INM_CM5 -0.04 0.02 0.15 0.04 -0.16 -0.15 -0.47 0.07 -0.05 0.00 0.00 -0.02 -0.05 0.10 0.06 -0.10 -0.12 0.02 -0.12 0.11

MRI_ESM2 -0.14 -0.09 0.15 0.14 -0.15 -0.17 0.12 -0.14 0.09 0.26 0.26 -0.12 0.18 -0.16 -0.19 -0.20 0.52 0.03 -0.15 -0.08

NOR_ESM -0.11 -0.04 0.12 0.05 0.10 -0.02 -0.22 0.09 -0.05 0.26 0.26 -0.03 0.08 -0.01 -0.03 0.03 0.43 0.49 0.12 0.10

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 31.39 34.50 33.78 30.43 36.56 30.90 46.24 129.28 46.86 38.96 38.96 28.34 28.72 36.87 35.31 32.35 46.25 35.62 37.49 33.17

ACCESS_ESM15 34.00 38.09 39.95 38.06 36.38 36.79 50.37 135.59 45.93 38.99 38.99 46.53 48.56 52.51 37.89 48.47 65.03 38.54 40.92 37.16

BCC_CSM 28.50 33.43 27.31 26.02 27.52 24.46 40.68 118.90 36.35 28.54 28.54 43.80 44.95 40.36 28.86 36.53 51.33 31.05 25.61 24.85

CAN_ESM 35.26 38.78 33.75 34.18 36.66 32.26 48.83 128.21 46.86 38.96 38.96 53.90 58.72 48.30 34.23 48.18 63.69 38.99 35.68 30.79

CESSM_WACCM 34.53 36.67 35.54 33.13 31.84 31.44 49.86 129.74 45.43 36.76 36.76 47.67 47.87 47.10 35.63 42.62 59.65 37.16 38.40 30.93

INM_CM5 32.97 36.83 32.38 31.48 29.69 30.21 49.70 128.32 42.98 35.40 35.40 45.17 46.71 40.21 32.29 39.88 52.88 33.52 36.41 29.00

MRI_ESM2 36.91 40.59 35.46 33.44 33.08 33.59 49.41 129.60 43.03 38.45 38.45 45.65 46.71 48.29 36.44 44.98 57.37 35.35 38.71 32.60

NOR_ESM 37.50 40.73 36.60 35.22 35.07 34.15 52.61 129.47 48.38 40.36 40.36 51.43 52.97 54.72 37.11 50.19 65.19 35.87 39.17 33.41

Correlation coefficient

RMSE
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Table 0-2 Correlation coefficient and RMSE of models for TPREC1 

 

 

 

 

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 -0.03 -0.05 0.45 0.26 0.50 0.54 -0.23 -0.36 0.48 0.46 0.46 0.24 0.26 -0.23 -0.29 0.04 0.15 -0.14 -0.28 -0.22

ACCESS_ESM15 0.03 0.04 -0.21 -0.04 0.05 0.07 0.13 0.11 -0.18 -0.22 -0.22 0.19 -0.42 0.02 0.04 0.08 -0.12 0.08 0.18 0.04

BCC_CSM -0.33 -0.34 -0.34 -0.21 0.19 0.21 -0.18 0.04 -0.04 -0.10 -0.10 -0.03 0.07 0.05 -0.17 0.42 0.26 -0.30 0.17 -0.10

CAN_ESM -0.14 -0.05 -0.06 -0.10 -0.25 -0.13 0.03 0.19 0.01 -0.07 -0.07 0.15 0.21 0.22 -0.16 -0.02 0.19 -0.29 -0.06 -0.19

CESSM_WACCM -0.15 -0.19 0.02 -0.07 0.04 -0.09 -0.09 -0.22 0.08 -0.01 -0.01 0.07 0.22 0.27 0.01 0.13 0.10 0.22 -0.10 0.07

INM_CM5 -0.08 -0.02 0.04 -0.16 -0.33 -0.46 -0.19 -0.34 -0.10 -0.02 -0.02 -0.18 -0.28 0.11 0.40 -0.14 -0.11 0.38 0.15 0.44

MRI_ESM2 0.13 0.17 -0.05 0.10 0.00 -0.08 0.16 -0.08 0.23 0.18 0.18 -0.43 -0.06 -0.12 -0.02 -0.13 0.48 0.14 -0.03 0.02

NOR_ESM 0.31 0.37 0.31 0.31 0.23 0.09 0.35 0.10 0.26 0.24 0.24 -0.10 -0.02 0.02 0.23 0.10 0.32 0.40 0.19 0.24

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 1398 1125 1262 1146 1073 1059 1226 2008 1554 1496 1496 494 603 925 718 968 949 420 500 699

ACCESS_ESM15 1389 1114 1349 1227 1155 1143 1202 2061 1555 1498 1498 639 1010 1206 763 1244 1235 445 521 747

BCC_CSM 1232 966 1106 985 1003 893 1062 1828 1402 1345 1345 801 1194 1034 583 1085 1077 371 340 565

CAN_ESM 1445 1169 1318 1198 1171 1115 1256 2029 1602 1545 1545 1000 1384 1238 740 1282 1269 460 499 726

CESSM_WACCM 1350 1017 1222 1105 1049 1022 1174 1956 1430 1377 1377 732 1017 1028 669 1077 1069 434 490 647

INM_CM5 1386 1110 1255 1141 1066 1059 1206 1989 1533 1475 1475 762 1133 988 664 1021 1007 345 440 654

MRI_ESM2 1355 1094 1259 1130 1084 1067 1173 1954 1463 1463 1463 819 1094 1110 739 1160 1099 483 568 723

NOR_ESM2 1386 1105 1262 1143 1123 1072 1185 1974 1572 1514 1514 855 1205 1238 723 1268 1251 428 497 696

Correlation cofficient

RMSE
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Table 0-3 Correlation coefficient and RMSE of models for MDS1 

 

 

 

 

 

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 -0.02 0.27 -0.35 -0.16 -0.02 -0.17 -0.32 -0.17 -0.11 -0.06 -0.06 0.03 0.01 -0.02 -0.33 -0.18 -0.15 -0.16 -0.12 -0.21

ACCESS_ESM15 -0.05 0.04 -0.44 -0.02 -0.15 -0.04 -0.14 0.08 -0.12 0.01 0.01 -0.15 -0.32 -0.04 -0.10 -0.01 0.17 -0.10 0.11 0.17

BCC_CSM 0.38 0.35 0.06 0.03 -0.33 -0.05 0.27 0.16 0.25 0.35 0.35 0.08 0.17 0.26 0.08 0.25 0.21 0.06 0.02 0.18

CAN_ESM 0.07 0.15 -0.18 -0.05 0.17 0.02 -0.20 -0.25 0.07 -0.02 -0.02 0.36 0.00 0.17 0.16 0.08 0.11 0.12 0.04 0.28

CESSM_WACCM 0.10 0.36 -0.42 -0.02 0.25 0.26 0.07 0.12 -0.05 -0.15 -0.15 -0.01 0.02 -0.14 -0.10 -0.22 -0.15 -0.03 -0.07 -0.20

INM_CM5 -0.33 -0.32 0.22 0.02 -0.13 0.24 0.04 0.01 0.06 -0.01 -0.01 0.05 -0.09 -0.03 0.06 0.00 -0.15 -0.23 -0.09 -0.20

MRI_ESM2 -0.16 -0.19 -0.15 -0.26 -0.24 -0.22 -0.36 -0.27 -0.05 0.04 0.04 -0.07 0.01 0.29 0.24 0.16 -0.06 -0.14 0.08 0.24

NOR_ESM -0.24 0.10 0.06 0.20 0.01 0.04 -0.34 -0.16 0.00 -0.03 -0.03 -0.03 -0.14 -0.04 0.12 0.16 0.00 0.24 -0.04 -0.07

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 146.25 140.39 143.55 142.86 133.70 142.33 136.38 134.31 138.28 141.50 141.50 47.93 47.50 80.42 129.79 85.14 82.55 101.65 123.96 117.97

ACCESS_ESM15 95.66 90.75 122.73 141.79 141.14 141.25 86.31 133.00 91.00 93.58 93.58 27.87 25.08 87.22 114.11 82.58 79.19 95.04 101.19 103.81

BCC_CSM 109.71 105.10 107.55 107.67 85.00 107.59 100.10 99.66 106.08 108.69 108.69 105.05 103.44 107.52 97.95 109.56 107.87 61.41 91.72 86.98

CAN_ESM 125.81 120.53 122.81 122.32 144.36 121.49 115.80 114.41 141.94 145.41 145.41 119.65 128.60 125.10 111.80 135.68 133.23 98.37 102.32 97.91

CESSM_WACCM 129.70 116.00 126.13 126.05 117.12 124.65 118.47 116.94 107.12 110.73 110.73 96.81 89.78 118.85 115.66 114.35 111.54 85.87 99.47 100.55

INM_CM5 62.46 57.89 58.30 57.95 55.78 56.68 51.03 49.65 46.29 49.79 49.79 23.74 20.68 24.55 43.69 22.31 21.18 60.82 44.98 47.84

MRI_ESM2 27.89 29.49 22.88 29.42 29.83 30.12 33.37 32.51 230.62 266.23 266.23 145.01 147.77 213.36 238.78 216.00 214.18 221.09 226.14 219.28

NOR_ESM 193.69 187.84 189.12 188.69 235.66 188.55 183.94 181.71 203.82 207.15 207.15 113.07 110.79 197.23 183.14 196.39 194.98 197.32 173.80 176.78

Correlation coefficient

RMSE
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Table 0-4 Correlation coefficient and RMSE of models for NDD1 

 

 

 

 

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 0.02 -0.07 0.08 0.09 0.25 0.23 -0.16 -0.18 0.10 0.11 0.11 0.04 0.26 0.05 -0.41 0.02 0.16 -0.25 -0.30 -0.37

ACCESS_ESM15 -0.02 -0.03 -0.19 0.00 0.27 0.19 0.06 0.07 0.05 -0.03 -0.03 -0.03 -0.08 -0.22 0.12 -0.33 -0.01 0.15 0.21 0.01

BCC_CSM -0.23 -0.30 -0.09 -0.04 0.22 0.19 -0.15 -0.02 0.02 -0.14 -0.14 -0.12 -0.14 -0.10 -0.20 -0.03 -0.22 -0.25 -0.18 -0.12

CAN_ESM -0.05 0.03 -0.11 -0.03 0.06 0.16 0.03 0.10 0.19 0.22 0.22 0.18 0.17 -0.12 -0.08 0.11 0.14 -0.22 -0.08 -0.07

CESSM_WACCM -0.17 -0.16 0.07 -0.13 0.30 -0.02 -0.09 -0.21 0.19 0.10 0.10 -0.14 0.08 -0.10 -0.03 0.06 0.02 0.30 -0.07 0.04

INM_CM5 0.22 0.29 0.40 0.19 -0.21 -0.15 0.16 -0.23 -0.14 -0.09 -0.09 0.18 0.16 0.14 0.48 0.40 -0.04 0.47 0.51 0.59

MRI_ESM2 -0.03 0.04 0.03 0.07 0.04 0.08 0.17 0.09 -0.27 -0.16 -0.16 -0.05 -0.18 0.01 0.04 0.33 0.18 0.03 0.06 0.09

NOR_ESM -0.04 -0.03 0.23 0.01 0.21 0.07 0.14 0.01 0.18 0.21 0.21 -0.34 -0.06 0.01 0.34 0.21 0.19 0.38 0.38 0.32

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 148.23 127.94 127.61 135.76 125.95 125.30 79.81 65.99 95.19 112.05 112.05 63.56 48.33 57.45 113.73 68.97 45.19 78.29 77.30 107.48

ACCESS_ESM15 134.62 114.18 140.73 148.24 134.93 137.74 65.62 74.69 83.85 100.74 100.74 61.57 55.66 99.88 122.43 107.28 81.68 82.69 82.87 115.23

BCC_CSM 103.60 85.48 83.78 91.07 99.75 79.36 46.85 32.78 56.82 73.22 73.22 63.34 65.03 67.70 79.30 78.79 56.39 65.86 53.00 74.32

CAN_ESM 159.35 138.12 138.80 146.91 145.64 136.35 87.20 73.37 105.46 122.57 122.57 106.68 110.78 117.83 121.81 122.52 100.39 92.16 83.07 114.83

CESSM_WACCM 134.61 101.81 112.81 122.75 107.84 111.68 70.24 58.59 70.35 85.48 85.48 72.12 61.44 83.47 98.88 86.36 68.02 56.76 70.89 92.95

INM_CM5 136.09 114.87 114.92 123.82 114.15 113.98 65.72 53.58 80.87 97.74 97.74 51.02 48.79 56.74 96.86 60.28 38.96 61.55 58.46 89.43

MRI_ESM2 153.30 132.65 134.21 140.75 132.01 130.92 83.76 72.93 91.36 119.26 119.26 64.71 63.95 92.28 112.51 94.36 76.70 81.12 77.13 103.86

NOR_ESM 151.61 131.11 130.04 139.27 138.44 128.95 81.28 69.91 102.00 118.70 118.70 81.64 73.74 116.35 117.10 118.67 97.54 87.76 78.10 107.23

Correlation coefficient

RMSE
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Table 0-5 Correlation coefficient and RMSE of models for MWS1 

 

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 0.21 -0.17 -0.07 -0.11 -0.20 0.07 -0.09 -0.09 0.43 0.39 0.39 0.11 -0.25 -0.03 -0.21 -0.22 0.02 -0.22 0.03 0.19

ACCESS_ESM15 -0.15 -0.11 -0.10 -0.13 -0.10 0.15 0.02 -0.08 -0.38 0.01 0.01 -0.11 0.25 -0.01 0.18 0.05 -0.13 -0.05 0.13 -0.04

BCC_CSM -0.27 -0.28 -0.15 -0.05 0.08 0.03 -0.47 -0.19 -0.09 -0.04 -0.04 0.17 -0.23 -0.33 -0.20 -0.30 -0.19 -0.34 0.02 -0.21

CAN_ESM 0.23 0.11 0.11 0.16 0.06 0.29 -0.01 0.30 -0.10 0.20 0.20 0.26 -0.03 -0.24 -0.04 0.15 -0.14 -0.13 -0.12 -0.11

CESSM_WACCM -0.25 0.08 -0.18 -0.12 0.08 -0.27 -0.21 -0.12 0.16 0.35 0.35 0.15 -0.29 -0.21 0.05 -0.19 0.18 0.28 0.46 -0.03

INM_CM5 0.09 0.21 0.38 0.16 -0.08 0.09 0.12 0.03 0.02 -0.17 -0.17 -0.08 0.40 0.19 0.19 0.12 -0.08 0.37 0.20 0.48

MRI_ESM2 0.09 -0.09 0.29 0.02 -0.18 0.09 0.24 0.18 -0.01 -0.18 -0.18 -0.13 -0.26 0.21 -0.12 0.33 0.38 0.02 -0.01 -0.02

NOR_ESM 0.00 -0.04 0.54 0.19 0.42 0.26 0.11 -0.04 0.03 0.20 0.20 -0.10 -0.24 0.10 0.34 0.26 0.40 0.39 0.16 0.20

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 7.11 7.42 7.73 7.09 7.28 5.53 4.07 4.26 5.41 6.42 6.42 12.15 16.66 9.88 15.73 9.14 8.88 8.10 7.06 13.55

ACCESS_ESM15 7.00 6.87 8.35 7.30 5.22 5.63 5.53 3.52 5.46 5.47 5.47 19.97 19.72 7.60 16.31 7.00 6.37 6.11 6.43 15.00

BCC_CSM 7.35 7.68 7.35 6.38 4.40 5.79 7.78 7.68 5.40 5.23 5.23 7.33 4.57 6.98 12.96 6.32 5.77 5.59 4.73 11.87

CAN_ESM 7.79 7.33 7.95 7.25 6.92 5.78 3.40 3.12 6.47 7.35 7.35 9.89 5.60 8.70 16.32 8.20 6.54 7.01 6.48 15.30

CESSM_WACCM 9.61 16.85 11.11 8.81 6.73 8.38 8.43 8.47 18.18 17.29 17.29 32.95 30.65 27.85 17.10 28.30 27.80 17.50 16.87 16.98

INM_CM5 6.65 5.99 6.27 5.92 3.88 4.76 3.31 3.66 4.92 6.01 6.01 8.32 4.87 5.99 13.99 5.92 6.73 4.01 4.68 12.35

MRI_ESM2 26.26 27.18 17.42 26.52 25.77 26.50 27.11 27.19 14.49 17.90 17.90 23.79 24.67 18.80 21.99 15.62 16.44 17.22 19.78 26.29

NOR_ESM 9.59 9.43 7.70 8.63 6.47 7.83 7.36 7.73 9.37 9.47 9.47 11.90 10.26 9.74 15.09 9.11 7.45 6.86 8.31 14.47

Correlation coefficient

RMSE



53 

 

 

 

Table 0-6 Correlation coefficient and RMSE of models for NWD1 

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 0.02 -0.07 0.08 0.09 0.24 0.22 -0.16 -0.19 0.10 0.10 0.10 0.04 0.26 0.05 -0.41 0.02 0.16 -0.25 -0.30 -0.38

ACCESS_ESM15 -0.02 -0.03 -0.18 0.01 0.28 0.19 0.06 0.07 0.05 -0.02 -0.02 -0.03 -0.07 -0.22 0.12 -0.32 0.00 0.14 0.20 0.01

BCC_CSM -0.22 -0.29 -0.09 -0.03 0.24 0.20 -0.15 -0.01 0.02 -0.14 -0.14 -0.12 -0.13 -0.10 -0.20 -0.02 -0.21 -0.25 -0.18 -0.12

CAN_ESM -0.05 0.03 -0.10 -0.02 0.06 0.16 0.03 0.10 0.20 0.22 0.22 0.18 0.18 -0.12 -0.08 0.11 0.14 -0.22 -0.08 -0.07

CESSM_WACCM -0.17 -0.15 0.07 -0.12 0.30 -0.01 -0.08 -0.20 0.20 0.11 0.11 -0.13 0.09 -0.09 -0.03 0.07 0.03 0.29 -0.06 0.04

INM_CM5 0.22 0.29 0.40 0.19 -0.20 -0.15 0.16 -0.23 -0.14 -0.11 -0.11 0.18 0.16 0.13 0.48 0.40 -0.04 0.47 0.51 0.59

MRI_ESM2 0.09 0.05 -0.16 0.03 0.05 0.10 -0.10 0.13 -0.27 -0.17 -0.17 -0.06 -0.19 0.00 0.04 0.32 0.18 0.02 0.06 0.09

NOR_ESM -0.04 -0.02 0.24 0.02 0.22 0.08 0.14 0.01 0.18 0.21 0.21 -0.34 -0.05 0.01 0.34 0.21 0.19 0.38 0.38 0.32

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ACCESS_CM2 148.23 127.86 127.61 135.76 125.88 125.30 79.81 65.99 95.19 112.05 112.05 63.56 48.33 57.45 113.73 68.97 45.19 78.29 77.30 107.48

ACCESS_ESM15 134.62 114.11 140.73 148.24 134.85 137.74 65.62 74.69 83.85 100.74 100.74 61.57 55.66 99.88 122.43 107.28 81.68 82.69 82.87 115.23

BCC_CSM 103.60 85.39 83.78 91.07 99.66 79.36 46.85 32.78 56.82 73.22 73.22 63.34 65.03 67.70 79.30 78.79 56.39 65.86 53.00 74.32

CAN_ESM 159.35 138.05 138.80 146.91 145.56 136.35 87.20 73.37 105.46 122.57 122.57 106.68 110.78 117.83 121.81 122.52 100.39 92.16 83.07 114.83

CESSM_WACCM 134.61 101.72 112.81 122.75 107.75 111.68 70.24 58.59 70.35 85.48 85.48 72.12 61.44 83.47 98.88 86.36 68.02 56.76 70.89 92.95

INM_CM5 136.09 114.81 114.92 123.82 114.07 113.98 65.72 53.58 80.87 97.74 97.74 51.02 48.79 56.74 96.86 60.28 38.96 61.55 58.46 89.43

MRI_ESM2 119.28 139.78 145.89 131.35 166.81 137.59 190.76 197.95 91.36 119.26 119.26 64.71 63.95 92.28 112.51 94.36 76.70 81.12 77.13 103.86

NOR_ESM 151.61 131.04 130.04 139.27 138.35 128.95 81.28 69.91 102.00 118.70 118.70 81.64 73.74 116.35 117.10 118.67 97.54 87.76 78.10 107.23

Correlation coefficient

RMSE
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Figure 0-4 Taylor diagram of AMS for stations 1, 2, 5, 9, 13, 16, 17 and 19. 
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Figure 0-5 Taylor diagram of TPREC1 for stations 1, 2, 5, 9, 13, 16, 17 and 20 
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Figure 0-6 Taylor diagram of MDS1 for stations 1, 2, 5, 9, 13, 16, 17 and 20. 
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Figure 0-7 Taylor diagram of NDD1 for stations 1, 2, 5, 9, 13, 16, 17 and 20. 
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Figure 0-8 Taylor diagram of MWS1 for stations 1, 2, 5, 9, 13, 16, 17 and 20. 
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Figure 0-9 Taylor diagram of NWD1 for stations 1, 2, 5, 9, 13, 16, 17 and 20. 
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4.4 Implication of the use of precipitation products for bias correction of GCMs’ output 

Fig 4-10 to Fig 4-15 show the impact of climate change on the extreme precipitation indices 

for selected stations namely stations 1, 2, 4, 5, 9, 13, 14, 16, 17, and 20 for scenarios SSP 2-4.5 

and SSP 5-8.5 in the 2050s and 2080s. Fig A-0-1 to Fig A-0-6 show detailed performance of 

impact of climate change on precipitation indices of each station after performing bias 

correction using quantile mapping. 

4.4.1 AMS 

Figure 4-10 shows the impact of climate change on AMS. It is noticeable that future AMS is 

projected to decrease at nearly all stations especially when using observed precipitation. 

Results based on precipitation products also exhibited decreases in future AMS. The most 

significant decrease was observed at station 5, up to 21.21% from SSP 2-4.5 under 2050s. Other 

stations exhibited smaller decreases. Across all stations, the smallest decrease was observed 

under the SSP 2-4.5 compared to the SSP 5-8.5 for the 2080s. 

Comparisons across precipitation products, such as CFSR, CHIRPS, and JRA-55, show similar 

results at stations 4, 5, and 14. The PGF dataset exhibited the smallest decrease in AMS among 

the precipitation products datasets. 

The results are different across all stations, indicating the influence of spatial precipitation 

variability across the country. Precipitation across the various subregions of the study area are 

different in terms of variability and seasonality to some extent. For instance, observed data at 

stations 2 showed a positive increase in AMS of up to 20% across all the scenarios in both 

2050s and 2080s. Some precipitation products also indicated positive increases in AMS 

projections compared to decrease obtained when using observed data. For example, the ERA-

5 dataset showed increases of less than 50.08% at stations 4, 5, 14, 16, and 20 from SSP5-8.5 
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in 2080s. At stations 16 and 17, increases of less than 33.99% were obtained when using the 

CFSR dataset from SSP 5-8.5 in the 2080s.  

The most significant increases in PRCPTOT (Wet-day precipitation amount), R95p (extremely 

wet days), and SDII (wet day intensity) were observed in eastern and northern Kenya. Under 

the SSP5-8.5 scenario, projected changes in PRCPTOT (R95p) were estimated to be 2% (10%) 

and 4% (20%) at 1.5 °C and 2.0 °C of global warming levels, respectively (Ayugi et al., 2022). 

Precipitation products tend to depict more occurrences of light and moderate precipitation 

events compared to satellite and gauge-based products, while displaying fewer instances of 

intense and extreme events (Dosio et al., 2021; Sun et al., 2018). The AMS for RCP 2.6 will 

decrease in 2050s and 2080s with the future AMS being lower than the past not exceeding 

80mm/day (Onyutha, 2020). There are minimal to no notable alterations in annual maximum 

values under RCP 4.5, and substantial decrease in annual maximum values in the future under 

RCP8.5 (Aarnes et al., 2017). This pattern is observed consistently across CFSR, CHIRPS, and 

JRA-55, with changes remaining under -35% while PGF not surpassing -8.38%. The 

divergence in the performance of ERA-5, showing an increase at stations 4, 5, 14, 16, and 20, 

suggests the importance of considering localized conditions in climate assessments and 

projections.  

Results of this study can be different from other, due to differences in scale, spatial size of the 

study area, chosen time horizons, precipitation indices, and the number of GCMs used. 

In this study, climate change impacts tended to depend on the chosen precipitation product. 

Furthermore, results based on observed precipitation were different from those based on 

precipitation products. Thus, there is a need for caution when selecting precipitation products 

for downscaling in climate change analysis. 
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4.4.2 TPREC1 

Figure 4-11 shows projected climate change signals on TPREC1. Generally, TPREC1, was 

projected to increase at all stations, regardless of whether the downscaling was based on 

observed data or the precipitation products. This contrasts with the overall projected decrease 

in AMS. The only exception is station 1, which showed a projected decrease in TPREC1 from 

the precipitation products. The magnitude of increase in TPREC1 was to varying extents with 

the highest under the SSP 5-8.5 scenario compared to the SSP 4-8.5 scenario. Additionally, the 

projected increase under the SSP 5-8.5 in the 2080s was slightly higher than that of the SSP 2-

4.5 for a selected time horizon. 

The used CFSR dataset showed the highest projected increase in TPREC1. Downscaling based 

on other precipitation products datasets, including CHIRPS, JRA-55, ERA-5, and PGF, led to 

comparable increases that aligned closely with observed data. The ranges of projections were 

as follows: 40% to 170% for CFSR, 20% to 61% for PGF, 15% to 41% for CHIRPS, 5% to 

36% for ERA-5, and 8% to 67% for JRA-55. Reassuringly, these precipitation products closely 

reproduced the observed changes, which ranged from 20% to 55%. The direction and 

magnitude of changes agreed better under TPREC1 than AMS. 

Worth noting is the fact that stations 1, 2, 4, and 5 are located in the western region of Uganda. 

However, results from station 1 showed an opposite direction in the projected TPREC1, 

indicating that the effects of climate variability are highly localized. 

Past studies across East Africa have also showed increase in the total precipitation. There will 

be increase in SDII (Simple Daily Intensity Index) and 99p–90p (width of the right tail of the 

precipitation distribution) implying a possibility of occurrence of heavy and extreme 

precipitation incidences by the end of the twenty-first century in East Africa (Ogega et al., 

2020). 
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There is projected increase in total precipitation across Uganda from 2040 to 2100, with a 

notable emphasis on the 2090s (Ngoma et al., 2021; Onyutha et al., 2021). Projected increase 

in total precipitation by less than 30% across the WMZ in Uganda was also obtained in a 

previous study (Onyutha et al., 2021). This research involved downscaling GCMs using 

quantile mapping for datasets, including observations, CFSR, CHIRPS, JRA, ERA, and PGF, 

resulting in varied magnitudes of increased changes exceeding 30%. Therefore, users must 

consider several factors influencing the accuracy of the products and consequently affecting 

the outcomes of their applications, such as gauge density, orography, and the rainfall regime 

(Le Coz and van de Giesen, 2020). The heightened precipitation changes were especially 

notable during the October-November-December (OND) and January-February (JF) seasons 

(Onyutha et al., 2021) and this could be attributed to the increased moisture convergence, 

thereby enhancing the local monsoon during the boreal autumn over East Africa (Blau and Ha, 

2020). Analysis of data at Station 1 showed consistently negative changes in TPREC1 by less 

than 20% across all precipitation products. 

In a past study (Diem et al., 2019), CHIRPS was found to be the more accurate product in 

estimating seasonal rainfall totals in Western Uganda compared to African Rainfall 

Climatology Version 2 (ARC2), Precipitation Estimation from Remotely Sensed Information 

using Artificial Neural Networks–Climate Data Record (PERSIANN-CDR), and TAMSAT 

African Rainfall Climatology And Timeseries (TARCAT).  

In another study (Onyutha et al., 2021), CFSR data satisfactorily replicated the observed 

precipitation trend direction at five out of eight stations in the WMZs of Uganda. The null 

hypothesis (no correlation between CFSR and observed precipitation) was rejected (p < 0.05) 

in approximately 60% of the validation cases across various time scales. 
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Challenges exist in assessing interannual variability and its causes in Congo and Lake Victoria 

basin due to low correlations among different products; CHIRPS (0.7-0.9), CFSR (0.18-0.75), 

ERA-5 (0.38-0.65), and JRA-55 (0.15-0.75), therefore validation of products must be done 

before use (Nicholson and Klotter, 2021).  

It is advisable to evaluate gauge-corrected rainfall products using dependent validation datasets 

(Mekonnen et al., 2023). This recommendation stems from the observed variability in results 

at an annual scale. The selection of rainfall datasets should be contingent upon the nature of 

the application  study, the performance metrics employed, and the validation datasets utilized 

(Mekonnen et al., 2023). 

Total precipitation in agriculture plays a crucial role in crop planning and irrigation scheduling, 

guiding the selection of suitable crops based on rainfall totals during a rainy season. Regions 

experiencing lower-than-normal rainfall totals necessitate the planting of drought-resistant 

crops to mitigate potential water shortages. The diverse changes observed across different 

precipitation products emphasize the importance of careful consideration before utilizing them 

for decision-making purposes. 

4.4.3 MDS1 

Figure 4-12 shows projected climate change signals on MDS1. It revealed varied patterns 

among different precipitation products. Notably, PGF stood out by projecting the highest 

increase, surpassing 150% for both SSP 2-4.5 and SSP 5-8.5 in the 2050s and 2080s. Increase 

in PGF aligns with projections from observed data, which also showed an increase, although 

not exceeding 130.83% under SSP 5-8.5 in 2050s. In contrast, the use of the other precipitation 

products (CFSR, CHIRPS, JRA, and ERA) for downscaling generally led to a decrease in 

MDS1 for SSP 2-4.5 and SSP 5-8.5 during the same periods not exceeding 60%, hence they 
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are comparable. PGF showed the prolonged dry spells while other precipitation products 

showed reduced projections indicating wetter conditions in the future.  However, there is an 

exception at station 2, where CFSR indicates a notable increase of less than 65%. 

This analysis points out to a significant disparity in the forecasted consequences of climate 

change on dry spells between PGF and other precipitation products. While PGF indicates a 

notable intensification, most other datasets depict towards decreased intensity, highlighting a 

consensus projection across other products (CFSR, CHIRPS, JRA-55 and ERA-5). Notably, 

the discrepancy observed at station 2, where CFSR shows a substantial increase (less than 

64.77%), underscores the necessity of accounting for regional nuances in climate projections. 

In East Africa and certain areas of the Sahel and East Asia, there are shorter dry spells during 

the dry season accompanied by increased precipitation and more rainy days during this period 

(Wainwright et al., 2021). Northeast Africa (NEAF) shows shorter dry spells (decrease of 12 

days) under CMIP6 SSP5-8.5 (Wainwright et al., 2021). There will be an increase in the 

duration of dry spells, extent of this increase varies from one location to another. Stations 2 

and 6, the dry spell duration under RCP4.5 in the 2050s is expected to increase by 25.7% and 

14.4%, respectively (Onyutha, 2020). Global Precipitation Climatology Project (GPCP) shows 

high number of dry spells in the tropics but fewer in the subtropics. In contrast, Canadian 

Regional Climate Model, version 5 (CRCM5_ERA_Interim) underestimates dry spell 

occurrences in the Kalahari Desert and the tropics but overestimates them along the eastern 

coast of Africa and the Guinean coast. (Bouagila and Sushama, 2013). 

In agriculture, dry spell is used to inform irrigation schedules and crop planning, while in water 

resource management, helps assess water availability and drought risk. These disparities 

underscore the inherent uncertainty in climate modeling, with some models predicting 

substantial changes in dry spell severity while others suggest more moderate shifts or even 
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decreases. Consequently, careful consideration is warranted when formulating strategies to 

address the potential impacts of climate change, particularly in sectors such as water resources, 

agriculture, and ecosystems. 

4.4.4 NDD1 

Figure 4-13 shows projected climate change signals on NDD1. Generally, the NDD1 is 

projected to decrease from the observed data and precipitation products. The changes obtained 

do not exceed 20% under both SSP 2-4.5 and SSP 5-8.5 in both time horizons. SSP 5-8.5 

showed slightly higher decrease than the SSP 2-4.5 in the 2080s. 

Just as CFSR showed the highest projected increase under TPREC1 while the other 

precipitation products were comparable, CFSR again also exhibited the highest decrease under 

NDD1. CHIRPS, JRA-55, and ERA-5 and PGF showed comparable results in this context as 

well. 

The precipitation products results show greater agreement for NDD1 than for MDS1. 

Therefore, analyzing dry conditions requires considering multiple statistics such as severity, 

duration, and intensity. Relying on a single statistic to analyze drought is insufficient; different 

dimensions of water-related catastrophes should be included in the analysis. The count of dry 

days is a critical metric for characterizing instances of dry conditions. Water resource managers 

rely on it to evaluate drought severity and gauge water availability. 

Many locations across East Africa are expected to encounter wetter conditions in the future 

relative to the reference period of 1970–2023 (Onyutha, 2020). Additionally, this decrease is 

further supported by the increase in NWD1 shown in Fig 4-15. However, the magnitude of the 

decrease in dry days varies among different scenarios and precipitation products datasets. The 

anomaly at station 9, located in a mountainous area where ERA-5 shows a positive change, 
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underscores the importance of considering localized variations in climate projections. Some 

products have been shown to perform relatively better while some are inadequate for 

mountainous areas (Le Coz and van de Giesen, 2020).  Significant changes in dry season 

precipitation patterns, including both increased overall rainfall and changes in the frequency 

and intensity of rainy days within what is typically considered a dry period (Wainwright et al., 

2021). 

4.4.5 MWS1 

Fig 4-14 shows projected climate change signals on MWS1. Generally, there is projected 

increase is notable across all stations from both the observed data and the precipitation 

products.  

Projections from observed data and PGF are comparable, showing an increase exceeding 100% 

MWS1 across all scenarios and time horizons, similar to MDS1 in terms of magnitude. Other 

precipitation products (CFSR, CHIRPS, JRA-55, and ERA-5) are also comparable but show 

lower values than PGF (not exceeding 100%) at stations 5, 13, 16, and 17. CHIRPS projections 

exceed those of CFSR, JRA-55, and ERA-5 at stations 1, 4, 9, 14, and 20. Projections from 

SSP5-8.5 are slightly higher than those from SSP2-4.5 for both time horizons. 

Uganda's future climate is anticipated to be wetter compared to historical data, evidenced by 

higher MWS1 (more than 10 days) and MWS5 (more than 5 days) values for future climatic 

conditions (Onyutha, 2020). For the mean length of dry spells in the wet season, the changes 

are generally very small (multimodel median is generally less than half a day) and not 

statistically significant (Wainwright et al., 2021). Additionally, at the interannual scale, there 

is a positive correlation between intraseasonal statistics of wet spells and seasonal rainfall totals 

across East Africa, while a negative correlation exists for dry spells. The relationship with wet 

spells was notably significant (at a 95% confidence level), whereas correlations with dry spells 
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were generally not statistically significant (Gitau, 2011). The previous studies discussion aligns 

with results from this research as discussed above which all show an increase in the MWS1 for 

both observed data and the precipitation products. With exception of few stations that indicated 

a decrease in the MWS1. 

In agriculture, wet spells play a crucial role in guiding irrigation schedules and crop planning, 

whereas in water resource management, they aid in evaluating water availability and assessing 

drought risk. Given the disparities in predictions by different models, careful consideration 

should be exercised before their utilization. 

4.4.6 NWD1 

Figure 4-15 showed the projected climate change signals on NWD1. Generally, NWD1 is 

projected to increase. Both the observed data and precipitation products showed increase. The 

precipitation products showed varied performances eg PGF demonstrates the highest increase 

at stations 1 and 4 ranging (4%-42%). In contrast, JRA shows the highest increase at stations 

2, 9, 13, 14, 16, 17, and 20 ranging (0%-114%). Additionally, CFSR exhibits the highest 

increase at stations 2 and 17, ranging (0%-103%). Notably, ERA and CHIRPS shows the least 

increase not greater than 17% and 14% respectively. All precipitation products reproduced the 

observed values which also showed an increase ranging (3%-36%). 

Very wet and extremely very wet days will increase, under future climatic conditions, 

especially over Uganda and western Kenya (Ongoma et al., 2018). There is observed increase 

in both parameters with time, especially in Uganda and western Kenya where the trend exceeds 

2.4 mm/year (Ongoma et al., 2018). South and East Asia, eastern Africa, and eastern North 

America showed projected increase in wet season rainfall due to a combination of increasing 

rainfall intensity in the wet season and either limited change or a slight increase in the number 
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of wet days in the wet season (Wainwright et al., 2021). However a number of studies have 

identified an increasing contrast between wet and dry seasons, with wet seasons getting wetter 

and dry seasons getting drier  (Chou et al., 2013; Kumar et al., 2015; Haile et al., 2020; 

Wainwright, Black and Allan, 2021). The number of wet days were decreasing although 

insignificantly (p > 0.05) in the Mpologoma catchment in Uganda (Mubialiwo et al., 2023). 

This analysis highlights the diversity in the projected impacts of climate change on wet days 

across different precipitation products and stations. The variability underscores the complexity 

of climate modeling and emphasizes the importance of considering multiple sources of data 

when assessing the effects of climate change on precipitation patterns.  

A general overview is that there are areas where individual datasets may diverge significantly 

from others. ERA-5 and PGF show tendencies to overestimate specific metrics (AMS and 

MDS1, respectively), while CFSR similarly overestimates in TPREC1 and NDD1. However, 

the general consistency among CHIRPS, JRA-55, ERA-5, and PGF in metrics such as 

TPREC1, NDD1, and MDS1 suggests a degree of reliability and stability in their projections 

for Uganda. These insights underscore the importance of considering multiple precipitation 

products to provide a more robust understanding of potential climate trends in Uganda. For 

future-focused applications, these findings emphasize that ERA-5 and PGF should be applied 

with caution in areas with complex topography or unique microclimates, while CFSR may 

require validation checks in total precipitation estimates. In practice, these insights can inform 

water resource planning, agricultural scheduling, and climate risk assessments across Uganda, 

helping to build resilience against potential climatic changes. 
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Figure 0-10 Climate change impact on AMS at Stations a) 1, b) 2, c) 4, d) 5, e) 9, f) 13, g) 14, 

h) 16, i) 17, j) 20 
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Figure 0-11 Climate change impact on TPREC1 at Stations a) 1, b) 2, c) 4, d) 5, e) 9, f) 13, g) 

14, h) 16, i) 17, j) 20 
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Figure 0-12 Climate change impact on MDS1 at Stations a) 1, b) 2, c) 4, d) 5, e) 9, f) 13, g) 

14, h) 16, i) 17, j) 20 
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Figure 0-13 Climate change impact on NDD1 at Stations a) 1, b) 2, c) 4, d) 5, e) 9, f) 13, g) 

14, h) 16, i) 17, j) 20 
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Figure 0-14 Climate change impact on MWS1 at Stations a) 1, b) 2, c) 4, d) 5, e) 9, f) 13, g) 

14, h) 16, i) 17, j) 20 
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Figure 0-15 Climate change impact on NWD1 at Stations a) 1, b) 2, c) 4, d) 5, e) 9, f) 13, g) 

14, h) 16, i) 17, j) 20 
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CHAPTER FIVE: CONCLUSION AND RECOMMENDATION 

5.1 Conclusions 

This study focused solely on precipitation extreme indices, including AMS, TPREC1, MDS1, 

NDD1, MWS1, and NWD1 which considered 1mm threshold.  

How suitable is a precipitation product dataset in reproducing observed precipitation 

extremes? 

The CFSR model performed well in reproducing the slopes of observed return periods at 

especially at stations 7, 15, 18, 19, and 20. PGF model consistently overestimates observed 

AMS at all stations while CHIRPS, JRA-55, and ERA-5 frequently underestimated observed 

AMS. CHIRPS, JRA-55 and ERA-5 exhibited relatively flatter slopes, indicating a more 

gradual increase in the probability of extreme events concerning precipitation magnitude. 

Overall, understanding these biases is crucial for ensuring accurate risk assessments and 

informed decision-making in managing extreme precipitation events.  

While considering the model bias, CFSR, CHIRPS, JRA-55, ERA-5 and PGF models either 

underestimate or overestimate the extreme precipitation indices AMS, TPREC1, MDS1, 

NDD1, MWS1 and NWD1. The ranges of the ratio of 10-year AMS quantile from precipitation 

products to that of the observed precipitation were 0.3-2.17, 0.14-0.68, 0.15-0.75, 0.14-2.57 

and 0.44-2.21 for CFSR, CHIRPS, JRA-55, ERA-5 and PGF, respectively.  

The assessment of precipitation products focused on their ability to replicate AMS precipitation 

quantile and illustrating model bias. CFSR, CHIRPS, JRA-55, ERA-5, and PGF exhibited 

varying degrees of success in reproducing annual maximum series, displaying both steep and 

gradual/flatter slopes of return periods compared to that of the observed data. However, these 

precipitation products also demonstrated instances of overestimation and underestimation of 
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the precipitation quantiles relative to those based on observed data especially for the 10-year 

return period. Regarding model bias, the precipitation products displayed tendencies toward 

both overestimations and underestimations of precipitation extremes quantiles (AMS, 

TPREC1, MDS1, NDD1, MWS1 and NWD1). 

In summary, the analysis underscores the importance of identifying and rectifying biases in 

climate datasets to enhance their accuracy for various applications. It emphasizes the need for 

continual advancements in observational data collection, assimilation techniques, and 

modeling methodologies. Understanding the strengths and limitations of each model is crucial 

for effective risk assessment and management. Overall, addressing biases and improving 

modeling capabilities are essential steps toward addressing climate change challenges. 

How much is the mismatch between observed and GCM precipitation products? 

At the annual scale, the correlation coefficient between observed and GCMs outputs data varies 

across all extreme precipitation indices, ranged from (-4.47 to 0.52), (-0.46 to 0.54), (-0.44 to 

0.38), (-0.3 to 0.63), (-0.47 to 0.54) and (-0.41 to 0.59) for AMS, TPREC1, MDS1, NDD1, 

MWS1 and NWD1, respectively indicating both positive and negative correlations. 

The correlation coefficient for annual total precipitation ranged from 0.01 to 0.54 for positive 

correlation and -0.46 to 0 for negative correlation. The null hypothesis of (p<0.05) no 

correlation between observed and GCMs-based historical TPREC1, was rejected in varying 

proportions across 20 meteorological stations. The Ho was not rejected at any of the stations 

when analysis was based on CAN_ESM and CESSM_WACCM. The Ho was rejected at 5% of 

the stations while considering ACCESS_ESM1.5, BCC_CSM and NOR_ESM. The Ho was 

rejected at 10% of the stations while considering MRI_ESM2. Ho was rejected at 15% of the 

stations while considering INM_CM5. Using NOR_ESM, the Ho was rejected at 30% of the 
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stations. The positive and negative correlations imply that GCMs capture variability in 

observed precipitation to varying extents. 

Across the annual scale, the order of performance from the best to the worst model is 

BCC_CSM, INM_CM5, CESSM_WACCM, ACCESS_CM2, ACCESS_ESM1.5, 

MRI_ESM2, CAN_ESM5 and NOR_ESM2.Overall, the findings underscore the challenges 

and limitations associated with GCMs in accurately reproducing observed precipitation 

patterns, highlighting the need for continued improvements in model development and 

validation techniques to enhance their reliability for various applications, such as climate 

impact assessments and forecasting. 

What is the implication of precipitation products capabilities for bias correction of GCMs 

output? 

In the 2080s, as per SSP 5-8.5, observed data showed increase in TPREC1, ranged from 

32.79% to 53.58%. Precipitation products similarly indicated increase in TPREC1 across 

different datasets: 34.66% to 165.27% for CFSR, 21.30% to 66.44% for JRA-55, 31.22% to 

60.38% for PGF, 14.75% to 43.70% for ERA-5 and 18.39% to 40.48% for CHIRPS. These 

results indicate that the use of precipitation products instead of the observed precipitation can 

lead to underestimation or overestimation of climate change impacts. 

A general conclusion is that precipitation products underestimate/overestimate the observed 

precipitation extremes. The extent to which GCMs capture precipitation extremes varies 

mainly due to their coarse spatial resolution. The extent to which GCMs capture precipitation 

extremes varies due to their coarse spatial resolution. Bias correction of GCM outputs using 

quantile mapping method yielded different climate change signals in the cases when 

observations and precipitation products were considered. The choice of precipitation product 
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significantly impacts climate projections. Thus, there is a need for careful selection of which 

precipitation product should be used for bias correction of GCMs’ outputs in absence of 

observed precipitation when analysis is being done for planning water resource management 

and climate change impact assessments. 

5.2 Recommendations 

5.2.1 To policy makers 

Decision making regarding climate change impacts on precipitation should be made while 

considering the uncertainty in data. For improved climate change analysis, there is a need for 

the government to invest in weather stations to improve on the required availability of observed 

climatic data to support scientific research. 

5.2.2 For future research 

It is crucial to carefully consider factors such as selecting precipitation products, scenarios, and 

downscaling methods to maintain the integrity of climate model simulations. The variations 

observed in changes across different precipitation products and scenarios highlight areas 

requiring further research and improvement. This might involve refining data assimilation 

techniques, enhancing model parameterizations, or improving the representation of specific 

physical processes within GCMs. Recognizing these research gaps contributes to continuous 

endeavors aimed at improving the accuracy and reliability of climate projections. 
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APPENDICES 

 

 

Figure A-0-1 Climate change impact on AMS based on observations and precipitation 

products data 

No OBS CFSR CHIRPS JRA ERA PGF OBS CFSR CHIRPS JRA ERA PGF

1 -5.79 -16.81 -22.54 -22.29 -18.66 -7.22 1.83 -8.25 -17.35 -18.69 -12.94 -6.28

2 1.96 -21.81 -22.44 -21.84 -8.21 -5.86 9.08 -12.62 -18.49 -18.02 -2.32 -4.75

3 -15.38 -13.36 -17.29 -22.15 -14.36 -6.90 -11.34 -8.15 -13.68 -18.17 -10.36 -6.22

4 -14.27 -17.99 -25.63 -22.01 27.93 -7.29 -6.20 -11.19 -19.52 -18.35 43.66 -6.33

5 -21.21 -22.64 -24.08 -23.96 21.58 -8.38 -13.81 -11.95 -18.42 -18.92 43.19 -6.79

6 -16.16 -23.58 -22.42 -22.01 19.93 -7.29 -9.22 -15.91 -16.86 -18.35 34.42 -6.33

7 -17.01 -24.85 -23.50 -23.33 -0.34 -7.71 -9.30 -15.58 -17.61 -19.06 6.77 -6.54

8 -17.95 -17.14 -21.76 -21.61 -14.57 -6.92 -9.63 -11.18 -16.86 -18.35 -10.46 -6.33

9 -6.45 -7.00 -11.98 -19.19 -13.82 -6.24 -4.14 -2.73 -11.62 -14.65 -10.18 -5.10

10 -17.69 -7.36 -11.64 -14.92 -13.32 -6.43 -13.68 -3.51 -11.50 -11.48 -8.91 -5.38

11 -11.53 -24.57 -14.76 -17.13 -18.58 -6.43 -8.29 -20.74 -15.08 -13.60 -15.01 -5.52

12 -13.87 -0.54 -15.39 -16.49 -14.11 -4.09 -12.51 5.10 -13.64 -14.97 -12.11 -2.91

13 -12.81 -11.22 -3.32 -9.95 -3.93 -4.39 -13.61 -8.32 -2.62 -8.98 -2.88 -3.64

14 -12.50 -10.01 -14.23 -13.27 2.42 -5.59 -10.50 -7.23 -12.88 -11.14 3.31 -4.20

15 -23.68 -19.68 -17.02 -18.58 -15.09 -7.96 -18.08 -13.25 -12.99 -14.44 -11.09 -7.21

16 -2.31 32.22 -13.31 -12.75 5.38 -5.81 -0.88 33.99 -11.39 -9.99 5.66 -4.60

17 -17.04 15.98 -7.04 -12.75 -6.12 -5.81 -15.76 19.74 -6.29 -9.99 -4.74 -4.60

18 -32.45 -32.33 -18.97 -17.72 -8.72 -8.36 -23.00 -24.26 -12.96 -11.14 1.55 -6.49

19 -24.58 -23.32 -13.67 -17.65 -24.69 -6.87 -18.06 -14.80 -8.90 -12.32 -19.50 -5.89

20 -27.87 -27.58 -22.51 -17.26 13.47 -7.31 -21.03 -19.18 -16.44 -10.98 27.76 -5.76

1 -0.04 -10.96 -18.92 -19.42 -14.55 -6.29 7.73 -3.33 -15.33 -15.54 -9.54 -4.99

2 8.48 -12.83 -19.21 -18.73 -3.30 -4.51 16.49 -3.81 -16.39 -14.93 3.50 -2.82

3 -10.54 -8.21 -13.96 -18.21 -9.11 -5.81 -6.02 -3.71 -10.85 -13.96 -5.28 -4.13

4 -7.76 -12.96 -20.97 -19.26 40.28 -6.22 -1.01 -8.91 -17.44 -15.54 50.08 -4.99

5 -16.93 -17.08 -21.02 -20.78 33.12 -7.57 -10.65 -8.10 -17.32 -16.58 49.84 -5.28

6 -11.04 -17.91 -18.28 -19.26 31.31 -6.22 -5.42 -12.90 -15.33 -15.54 41.05 -4.99

7 -10.16 -17.50 -18.82 -19.93 5.70 -6.36 -4.98 -10.20 -15.33 -15.54 11.42 -4.99

8 -10.84 -12.74 -18.18 -19.26 -11.26 -6.08 -4.29 -8.91 -15.33 -15.54 -8.74 -4.99

9 -4.97 -5.38 -10.16 -17.46 -12.21 -6.07 2.83 5.80 1.76 -9.27 -3.27 -3.89

10 -14.13 -4.15 -9.21 -12.35 -10.12 -5.86 -7.21 6.15 0.55 -6.95 -3.21 -3.97

11 -7.95 -20.46 -12.32 -14.11 -14.09 -5.86 -2.29 -8.78 -2.99 -8.26 -5.76 -4.26

12 -9.86 6.95 -13.22 -13.95 -11.97 -3.34 -7.99 16.10 -7.57 -8.63 -7.62 -2.88

13 -13.15 -10.01 -2.80 -9.41 -3.54 -4.13 -8.91 -0.36 4.92 -3.11 2.54 -3.26

14 -11.72 -9.40 -13.30 -12.35 1.61 -5.07 -8.74 -1.91 -7.69 -5.50 9.01 -3.92

15 -16.59 -12.86 -12.57 -14.19 -11.16 -6.87 -13.89 -7.20 -8.01 -10.31 -8.32 -5.44

16 -0.91 32.77 -12.72 -11.71 5.49 -5.08 1.80 41.30 -7.81 -7.27 8.46 -3.73

17 -15.85 17.74 -6.49 -11.70 -5.50 -5.08 -13.06 28.34 -1.76 -7.29 -1.38 -3.73

18 -23.55 -26.03 -15.17 -13.24 -0.82 -7.01 -13.84 -17.63 -8.51 -6.34 4.85 -4.98

19 -17.44 -18.99 -10.49 -14.86 -20.80 -6.36 -11.12 -7.53 -2.16 -7.65 -13.35 -4.36

20 -21.11 -22.97 -19.39 -14.56 21.92 -6.46 -18.48 -15.46 -12.93 -8.77 34.01 -4.92

SSP245 (2080s) SSP585 (2080s)

SSP245 (2050s) SSP585 (2050s)
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Figure A-0-2  Climate change impact on TPREC1 based on observations and precipitation 

products data. 

 

 

No OBS CFSR CHIRPS JRA ERA PGF OBS CFSR CHIRPS JRA ERA PGF

1 11.85 17.61 9.81 2.83 5.65 16.77 20.86 27.97 17.39 11.44 11.87 31.37

2 16.28 40.16 10.36 2.89 11.97 13.61 25.76 71.80 17.29 11.63 21.39 23.89

3 16.75 32.57 9.46 3.77 6.11 13.05 29.01 49.42 17.79 14.78 15.38 25.71

4 15.01 19.56 6.17 2.54 12.87 16.43 26.40 34.24 14.29 11.52 22.53 31.96

5 15.87 41.75 11.98 8.40 14.24 18.81 30.48 70.21 22.94 24.48 27.27 37.14

6 15.91 9.29 9.53 2.54 15.68 16.43 28.42 24.33 17.47 11.52 28.01 31.96

7 13.63 13.13 7.92 0.57 5.80 13.38 29.69 32.02 15.74 9.54 12.33 28.74

8 13.10 19.53 9.45 2.44 6.44 16.26 31.77 34.25 17.47 11.52 13.31 31.96

9 20.24 32.15 17.66 9.50 9.05 16.60 31.34 41.31 25.00 20.04 15.88 26.21

10 16.91 30.39 11.18 3.93 2.74 14.01 27.72 39.97 16.55 11.37 7.83 24.72

11 16.73 8.29 12.10 7.19 10.74 14.01 26.68 20.64 18.10 17.17 22.37 23.81

12 20.53 92.27 13.92 10.55 9.76 18.07 33.44 120.70 21.12 19.52 18.66 29.12

13 21.76 36.78 15.64 12.06 12.64 20.81 32.28 44.99 21.37 18.64 18.86 29.67

14 19.80 51.93 14.46 11.49 7.98 20.03 38.96 71.70 25.65 25.45 18.44 30.46

15 12.27 36.45 10.26 8.33 2.91 18.32 26.38 57.74 18.77 19.92 8.94 30.21

16 20.12 60.97 15.81 11.14 12.10 19.29 34.23 80.37 23.43 20.70 21.05 27.26

17 21.68 112.19 12.16 11.14 12.00 19.29 37.36 143.37 20.10 20.70 20.66 27.26

18 14.89 37.61 14.21 18.59 5.95 18.57 35.98 67.38 25.29 42.84 14.60 30.76

19 16.03 38.33 9.15 4.91 1.79 13.37 36.95 65.67 19.50 20.88 10.70 27.52

20 13.63 15.08 8.59 4.57 8.80 12.91 28.52 35.00 18.68 16.22 22.59 28.37

1 21.01 27.24 17.06 11.42 11.80 30.63 32.79 39.97 21.53 23.50 21.79 44.50

2 26.58 68.73 17.47 12.27 21.30 25.26 36.03 85.67 19.67 21.30 32.95 31.22

3 28.59 48.79 17.43 14.42 15.14 25.03 43.11 64.05 22.13 28.38 28.58 36.89

4 26.10 33.68 13.91 11.53 22.24 30.58 39.72 47.08 18.39 23.51 35.43 44.49

5 28.43 65.84 21.64 21.73 25.27 33.54 44.09 89.10 27.67 39.89 42.35 48.24

6 27.76 23.47 17.15 11.53 27.10 30.58 42.55 36.59 21.55 23.51 43.70 44.49

7 28.88 31.42 15.94 10.04 12.91 28.34 46.82 49.99 21.55 23.51 24.35 44.49

8 29.43 33.65 17.11 11.49 13.28 30.46 48.20 47.08 21.55 23.52 23.86 44.49

9 30.42 40.80 25.82 18.86 15.26 25.60 44.49 52.21 39.71 31.36 24.76 41.49

10 27.02 39.71 17.56 11.06 7.67 23.67 41.10 52.21 26.81 21.36 14.75 41.72

11 26.62 19.79 19.73 16.67 21.53 23.67 39.94 34.66 31.83 30.61 36.17 41.17

12 27.03 110.13 19.22 16.47 15.00 24.37 36.66 139.93 28.36 27.79 26.93 36.86

13 28.09 45.01 20.48 17.08 16.88 26.21 36.15 55.94 28.77 26.48 26.68 37.67

14 29.18 65.91 20.94 19.05 13.13 29.13 40.45 80.25 30.84 31.71 23.22 45.70

15 26.56 58.27 18.74 19.11 8.47 32.25 36.95 74.21 29.42 34.10 16.51 55.15

16 29.52 79.28 22.16 18.38 18.71 26.40 41.05 94.87 33.06 31.44 30.45 43.77

17 31.79 139.18 18.78 18.38 18.28 26.40 44.06 165.27 29.51 31.44 30.81 43.77

18 34.98 65.98 24.47 37.42 13.35 33.18 53.58 90.61 40.48 66.44 25.53 60.38

19 35.68 62.66 17.16 15.77 8.07 25.78 48.15 87.98 30.33 35.73 19.59 52.67

20 28.13 33.35 16.26 13.09 18.01 25.96 40.16 54.11 29.06 28.64 35.85 52.71

SSP245 (2050s) SSP585 (2050s)

SSP245 (2080s) SSP585 (2080s)
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Figure A-0-3 Climate change impact on MDS1 based on observations and precipitation 

products data. 

 

No OBS CFSR CHIRPS JRA ERA PGF OBS CFSR CHIRPS JRA ERA PGF

1 22.06 -41.41 -19.44 -28.41 -56.13 215.90 28.26 -7.75 -16.08 -24.87 -57.14 225.13

2 19.08 59.10 -18.28 -6.24 -26.81 196.48 21.61 64.77 -15.42 -5.29 -26.52 196.94

3 22.14 -51.08 -13.76 -31.74 -15.52 168.38 19.39 -29.11 -9.12 -29.95 -15.90 169.51

4 7.21 -50.88 -22.99 -28.39 -35.17 208.44 11.65 -26.30 -19.75 -24.12 -30.24 216.98

5 27.52 -49.69 -26.29 -0.85 -25.45 192.12 23.77 -40.38 -24.46 -2.93 -26.81 185.25

6 25.27 -51.73 -20.16 -28.39 -19.28 208.44 24.47 -27.81 -16.94 -24.12 -18.92 216.98

7 86.31 -28.63 -19.52 -28.02 -41.30 211.32 88.63 -8.03 -15.71 -23.92 -40.32 221.20

8 108.13 -50.27 -17.77 -26.15 -32.30 211.40 112.70 -26.30 -16.94 -24.12 -33.33 216.98

9 64.77 -58.61 -17.31 -14.23 -36.66 177.74 66.36 -56.88 -16.44 -10.78 -36.86 180.88

10 36.74 -59.01 -35.05 -38.07 -29.84 152.11 39.11 -57.04 -31.87 -35.75 -31.59 163.99

11 27.53 -35.64 -21.60 -13.93 -20.91 152.11 27.07 -35.53 -20.01 -12.36 -21.42 161.40

12 137.85 54.55 -17.61 2.35 -14.82 296.46 130.83 31.86 -15.15 7.38 -10.94 291.05

13 93.90 -33.06 -14.48 -14.60 -38.93 293.10 96.93 -33.47 -10.67 -7.42 -35.40 286.50

14 69.35 -47.91 -20.89 -23.64 -39.53 240.08 75.64 -47.45 -17.83 -21.31 -37.53 272.28

15 -21.09 -37.37 -13.79 -41.43 -22.98 216.18 -21.64 -40.92 -14.94 -40.55 -23.95 242.10

16 69.64 -21.52 -19.02 -22.88 -14.57 208.59 69.62 -26.44 -17.45 -21.30 -12.34 244.85

17 102.24 4.17 -22.46 -22.88 -20.06 208.59 106.39 -8.51 -21.27 -21.30 -18.50 244.85

18 -19.03 -29.60 -8.82 -17.94 0.06 171.64 -21.30 -33.96 -10.44 -19.23 -3.32 187.69

19 16.06 -26.78 -14.79 -48.26 -5.07 175.97 14.39 -31.42 -12.96 -47.35 -5.98 198.26

20 -34.42 -41.32 -22.90 -36.03 -30.70 217.07 -34.65 -44.56 154.49 -33.06 -27.31 242.82

1 36.35 -37.98 -15.34 -19.32 -55.88 230.86 31.52 -33.57 -8.88 -20.39 -52.89 233.31

2 29.53 59.50 -16.38 1.07 -20.35 202.04 27.98 64.55 -11.70 3.57 -20.14 210.62

3 25.11 -47.88 -9.87 -27.78 -10.97 167.44 23.98 -47.04 -4.51 -24.35 -10.73 185.45

4 17.94 -47.69 -18.75 -21.03 -29.43 223.92 14.04 -46.14 -12.90 -20.69 -28.93 233.31

5 25.50 -48.65 -23.69 -0.21 -26.37 201.44 23.69 -48.20 -23.42 6.74 -25.72 195.25

6 30.80 -47.25 -15.89 -21.03 -14.33 223.92 28.27 -47.18 -8.88 -20.69 -14.44 233.31

7 81.75 -24.20 -15.39 -20.17 -39.05 229.60 88.72 -25.05 -8.88 -20.69 -33.13 233.31

8 103.63 -47.96 -14.92 -22.35 -30.28 221.39 117.17 -46.14 -8.88 -20.69 -24.22 233.31

9 75.98 -57.54 -16.99 -6.06 -35.51 193.98 69.80 -56.58 -24.72 -6.86 -34.77 202.40

10 44.99 -59.53 -36.12 -36.84 -30.94 157.18 44.53 -56.21 -35.62 -35.84 -28.57 181.63

11 34.85 -31.39 -20.03 -6.00 -20.31 157.18 40.78 -32.90 -24.72 -7.89 -20.62 173.32

12 131.34 36.50 -14.63 2.84 -10.97 288.40 124.93 44.53 -13.56 6.75 -11.54 231.32

13 105.96 48.21 -14.11 -10.13 -38.07 293.74 91.05 -34.03 -15.73 -13.47 -38.48 229.79

14 82.43 59.23 -18.05 -19.95 -36.22 242.84 77.75 -42.28 -15.81 -17.85 -35.21 208.77

15 -17.04 13.77 -11.58 -38.89 -22.65 224.30 -13.58 -32.11 -6.73 -38.22 -19.61 196.64

16 78.34 28.30 -17.28 -19.22 -12.96 206.82 62.14 -19.13 -19.37 -22.63 -15.74 187.00

17 106.06 13.62 -21.12 -19.22 -19.35 206.82 102.60 7.20 -22.65 -22.63 -20.62 187.00

18 -21.05 -12.25 -2.60 -16.81 -0.53 175.69 -14.50 -27.20 -5.01 -15.08 8.89 152.86

19 12.66 10.41 -11.75 -46.38 -5.57 178.23 20.96 -19.37 -9.83 -45.36 0.20 156.89

20 -31.64 -11.47 -18.09 -30.67 -23.68 222.81 -26.72 -35.33 -12.48 -31.77 -25.62 196.27

SSP245 (2050s) SSP585 (2050s)

SSP245 (2080s) SSP585 (2080s)
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Figure A-0-4   Climate change impact on NDD1 based on observations and precipitation 

products data 

 

 

 

No OBS CFSR CHIRPS JRA ERA PGF OBS CFSR CHIRPS JRA ERA PGF

1 -4.54 -6.95 -3.59 0.06 3.37 -2.75 -7.96 -9.78 -6.53 -3.48 -0.10 -5.24

2 -4.25 -4.65 -4.05 0.10 -1.50 -3.28 -7.16 -6.51 -7.08 -2.87 -4.68 -5.97

3 -4.29 -10.35 -1.69 0.05 1.52 -2.96 -7.50 -13.26 -4.87 -3.13 -2.26 -5.65

4 -3.58 -7.95 -1.76 0.30 -1.97 -2.70 -6.97 -10.81 -7.46 -3.24 -5.34 -5.19

5 -0.42 -10.94 -5.94 -1.87 -2.81 -3.10 -6.75 -14.28 -8.16 -5.65 -7.07 -5.50

6 0.42 -6.73 -3.40 0.30 -3.32 -2.70 -5.29 -9.49 -6.53 -3.24 -6.65 -5.19

7 -4.07 -5.94 -2.67 0.95 1.08 -2.22 -7.20 -8.72 -5.68 -2.55 -2.40 -4.86

8 -4.03 -7.89 -3.20 0.33 1.07 -2.67 -7.22 -10.81 -6.53 -3.24 -2.78 -5.16

9 -6.32 -9.13 -6.86 -2.59 6.67 -3.69 -8.67 -11.13 -8.73 -4.80 4.31 -6.26

10 -5.68 -8.44 -4.33 1.30 8.14 -2.81 -8.63 -10.23 -5.35 -0.65 9.05 -5.58

11 -5.10 -3.76 -3.35 -0.77 1.36 -2.81 -7.72 -6.18 -5.13 -2.80 -1.11 -5.58

12 -4.89 -7.35 0.61 -13.50 -1.14 -5.03 -8.52 -9.37 -9.93 -6.32 -4.80 -7.26

13 -5.71 -12.28 0.06 -14.38 -2.63 -6.03 -8.48 -14.18 -9.07 -6.13 -4.87 -7.79

14 -4.57 -12.03 4.77 -13.97 1.40 -4.62 -10.19 -18.28 -9.33 -8.45 -5.11 -6.77

15 -3.71 -9.06 4.29 -13.41 5.83 -2.92 -6.84 -13.99 -7.12 -5.06 2.55 -5.50

16 -4.56 -11.73 0.65 -13.00 1.45 -4.78 -7.94 -15.23 -9.00 -4.98 -1.89 -6.57

17 -4.97 -11.07 4.73 -13.00 -0.09 -4.78 -8.21 -14.11 -4.75 -4.98 -3.37 -6.57

18 -3.22 -7.75 0.02 -14.72 1.49 -3.05 -6.54 -12.37 -9.95 -5.66 -2.97 -5.67

19 -3.23 -7.87 6.33 -11.87 6.70 -2.37 -6.20 -12.57 -8.22 -4.16 3.20 -4.90

20 -3.67 -4.41 4.65 -11.81 -0.85 -2.25 -6.98 -9.23 -8.24 -5.19 -4.86 -4.75

1 -8.01 -10.55 -5.89 -3.49 -1.01 -5.24 -11.78 -13.68 -9.63 -7.85 -2.18 -7.47

2 -7.39 -6.60 -6.20 -3.20 -4.75 -5.97 -10.57 -8.52 -9.41 -6.76 -8.93 -7.44

3 -7.87 -14.04 -4.47 -3.32 -2.52 -5.65 -11.90 -17.85 -8.69 -8.39 -7.77 -7.33

4 -7.18 -11.53 -6.86 -3.43 -5.72 -5.19 -11.20 -15.01 -10.92 -7.85 -10.54 -7.47

5 -7.02 -14.36 -8.09 -5.21 -7.22 -5.50 -11.64 -19.49 -14.11 -10.51 -13.57 -7.91

6 -5.57 -10.25 -6.01 -3.43 -6.90 -5.19 -9.80 -14.14 -9.65 -7.85 -12.17 -7.47

7 -7.32 -9.59 -4.86 -2.95 -2.89 -4.86 -11.63 -14.45 -9.65 -7.85 -6.56 -7.47

8 -7.03 -11.45 -5.99 -3.28 -3.14 -5.16 -11.08 -15.01 -9.65 -7.85 -6.22 -7.47

9 -8.99 -12.77 -10.17 -5.57 1.22 -6.26 -13.42 -14.77 -13.93 -9.60 1.75 -10.19

10 -8.97 -12.41 -8.56 -2.37 3.10 -5.58 -13.59 -14.25 -9.00 -5.51 9.03 -10.19

11 -8.40 -6.82 -7.31 -3.48 -2.68 -5.58 -12.85 -11.36 -9.90 -8.20 -6.85 -10.06

12 -6.89 -8.67 -9.42 -5.06 -4.65 -7.26 -9.65 -10.98 -13.18 -9.50 -9.33 -9.51

13 -7.75 -15.95 -9.58 -6.11 -5.85 -7.79 -10.06 -17.95 -12.76 -9.64 -9.88 -9.46

14 -7.60 -17.02 -6.63 -5.78 -2.24 -6.77 -11.05 -19.52 -10.02 -10.37 -6.10 -9.04

15 -7.26 -14.62 -7.58 -5.06 0.70 -5.50 -11.01 -18.74 -10.59 -10.20 0.11 -7.76

16 -7.47 -15.84 -9.22 -5.01 -2.53 -6.57 -11.41 -19.67 -12.86 -9.69 -7.12 -9.32

17 -7.32 -14.04 -4.79 -5.01 -3.81 -6.57 -11.22 -17.94 -8.88 -9.69 -8.81 -9.32

18 -6.63 -12.63 -10.07 -4.95 -3.17 -5.67 -10.87 -17.64 -15.44 -9.44 -8.08 -9.01

19 -6.21 -12.97 -8.27 -3.52 1.40 -4.90 -9.89 -18.19 -11.38 -9.67 0.07 -8.20

20 -7.35 -9.87 -7.74 -4.59 -4.58 -4.75 -10.98 -14.90 -11.02 -9.81 -10.63 -7.96

SSP245 (2050s) SSP585 (2050s)

SSP245 (2080s) SSP585 (2080s)
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Figure A-0-5 Climate change impact on MWS1 based on observations and precipitation 

products data 

No OBS CFSR CHIRPS JRA ERA PGF OBS CFSR CHIRPS JRA ERA PGF

1 161.71 12.01 61.26 -15.77 -16.38 221.67 188.38 21.62 80.86 -6.26 -11.15 275.42

2 137.37 182.97 45.61 30.09 72.74 189.48 172.63 215.34 68.95 48.91 93.60 253.59

3 123.08 0.36 61.05 -17.04 44.57 144.42 167.51 16.29 84.04 -2.85 70.63 204.53

4 136.98 -18.31 47.03 -16.99 38.79 213.89 170.18 -9.46 65.75 -6.89 53.86 261.96

5 157.53 51.74 62.15 27.06 48.34 180.17 186.97 74.53 77.42 51.50 65.17 244.98

6 147.14 -16.55 59.32 -16.99 40.84 213.89 194.53 -8.78 80.18 -6.89 66.40 261.96

7 189.94 26.54 58.47 -17.31 -12.46 210.44 246.89 49.08 78.08 -7.17 -1.08 260.16

8 159.71 -20.02 58.65 -18.40 -6.91 202.78 215.99 -9.46 80.18 -6.89 5.39 261.96

9 144.47 -23.78 73.13 43.45 -11.33 185.83 191.21 -15.81 114.44 66.28 -3.80 238.78

10 124.07 -31.05 18.11 9.91 -17.94 170.48 177.36 -19.63 32.85 31.44 -13.53 236.17

11 104.00 2.86 43.37 44.75 22.40 170.48 144.69 22.51 68.27 72.70 42.78 229.80

12 118.04 107.23 119.66 72.45 39.31 198.18 131.98 127.27 137.17 87.43 49.86 228.40

13 222.23 53.64 116.42 74.31 53.35 176.57 243.62 53.05 128.11 84.22 63.59 203.77

14 144.86 11.94 83.98 8.29 5.57 259.56 205.60 26.90 116.05 29.47 22.02 312.57

15 24.54 28.64 58.79 -16.58 -1.94 105.72 46.00 55.47 80.99 -1.46 10.98 143.17

16 154.52 52.99 55.14 33.04 44.97 195.20 187.32 65.84 76.62 49.14 65.84 230.39

17 181.55 67.42 48.23 33.04 47.01 195.20 227.83 86.70 67.67 49.14 66.51 230.39

18 92.41 112.98 81.41 66.60 32.77 156.96 141.71 162.66 105.74 118.41 53.31 222.82

19 86.69 88.70 41.16 -21.74 9.97 150.96 123.33 125.53 63.30 -4.48 25.42 204.28

20 19.07 9.40 49.10 -17.67 38.53 192.61 46.04 32.12 70.13 -7.36 55.80 259.94

1 198.13 30.04 83.20 -2.90 -8.61 303.78 220.08 42.65 103.93 7.80 0.04 274.78

2 187.96 254.11 73.73 58.55 107.54 262.37 207.11 222.57 90.60 69.75 122.32 244.87

3 176.92 18.62 87.75 3.26 74.01 217.58 180.80 30.58 100.82 8.48 88.26 205.89

4 176.24 -6.65 67.33 -5.28 58.98 302.67 201.29 4.34 87.52 7.80 77.38 274.78

5 210.20 85.24 88.29 61.23 80.02 251.16 216.21 95.37 105.33 69.77 92.22 237.66

6 199.81 -6.27 80.48 -5.28 72.54 302.67 225.43 6.18 103.93 7.80 92.68 274.78

7 273.28 55.67 79.93 -5.56 -0.65 299.56 278.52 75.29 103.93 7.80 13.92 274.78

8 250.80 -6.88 81.84 -3.59 6.99 306.89 240.43 4.34 103.93 7.80 21.63 274.78

9 182.79 -13.32 103.26 65.33 0.09 226.21 204.07 -7.43 93.83 78.17 1.35 242.89

10 166.96 -21.21 33.44 30.27 -14.35 220.53 191.42 -10.29 35.02 45.85 -12.06 243.07

11 147.33 22.38 71.77 72.60 45.67 220.53 156.51 40.46 73.31 80.96 55.26 244.39

12 132.27 121.64 140.78 85.97 51.48 225.84 122.75 125.40 141.97 85.27 54.64 193.64

13 235.31 66.90 132.97 89.56 64.67 193.65 228.26 64.50 130.92 80.54 65.30 168.20

14 187.29 33.40 117.52 27.97 22.66 317.45 201.30 40.31 126.73 37.26 27.27 293.21

15 56.62 71.58 84.54 2.56 10.34 161.89 61.84 79.05 97.70 9.16 18.73 164.06

16 185.97 75.51 83.69 53.43 74.03 229.81 200.32 87.88 91.37 64.50 75.44 215.97

17 226.60 95.74 72.95 53.43 71.26 229.81 234.70 105.24 80.83 64.50 79.37 215.97

18 142.52 175.96 108.82 109.03 48.72 222.43 164.89 215.03 139.23 135.79 68.34 245.90

19 141.41 154.56 64.82 -1.44 26.38 228.03 146.78 169.83 80.71 4.97 40.88 229.42

20 53.95 50.56 70.01 -5.98 57.33 287.81 61.78 27.46 93.56 6.55 78.36 281.95

MWS1

SSP245 (2050s) SSP585 (2050s)

SSP245 (2080s) SSP585 (2080s)
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Figure A-0-6 Climate change impact on NWD1 based on observations and precipitation 

products data 

 

 

 

No OBS CFSR CHIRPS JRA ERA PGF OBS CFSR CHIRPS JRA ERA PGF

1 4.94 5.76 -3.14 -0.03 -8.78 13.36 3.32 8.10 4.24 4.59 -0.60 24.42

2 5.90 38.02 -3.01 -0.09 1.22 11.19 7.29 53.15 4.54 5.93 3.99 18.79

3 5.96 11.84 -3.60 -0.03 -1.61 10.57 7.45 15.16 3.26 -3.47 1.30 19.17

4 4.47 7.81 -1.85 -0.28 0.47 13.13 4.73 10.60 5.17 12.18 4.13 24.59

5 3.94 25.04 1.01 4.53 4.21 16.40 7.61 32.66 7.12 -20.57 7.16 30.20

6 2.72 7.13 -2.97 -0.28 9.07 13.13 5.05 10.04 4.24 18.69 8.57 24.59

7 10.48 9.41 -2.49 -0.96 -5.53 10.79 25.58 13.79 3.70 77.22 0.59 22.15

8 12.25 7.75 -3.10 -0.31 -6.21 12.98 33.22 10.60 4.24 101.65 0.83 24.59

9 13.29 6.31 6.81 3.67 -1.65 13.39 18.24 7.69 8.66 37.36 -1.06 20.33

10 9.74 5.83 2.07 -0.88 -0.61 10.85 14.77 7.07 2.56 61.57 -0.68 18.95

11 8.08 6.07 2.61 1.09 -1.05 10.85 12.23 9.95 4.00 11.85 0.88 17.83

12 10.07 68.65 -7.78 2.68 0.91 11.79 16.09 82.47 7.14 45.45 3.76 18.90

13 10.90 12.38 -7.30 3.23 1.91 14.62 14.78 13.33 6.44 55.02 3.53 19.59

14 7.97 10.85 -8.14 3.22 -0.72 15.33 16.44 15.57 8.21 36.13 2.70 22.00

15 6.73 16.41 -10.03 2.46 -1.93 13.33 11.06 23.98 4.18 17.96 -0.84 21.21

16 8.02 23.45 -8.26 2.30 -0.93 14.93 12.64 28.98 6.44 29.88 1.26 20.06

17 10.81 39.91 -11.53 2.30 0.09 14.93 16.30 48.67 2.87 49.35 2.64 20.06

18 10.19 25.39 -8.06 14.36 -0.65 15.02 18.65 38.44 7.51 -18.87 1.34 23.38

19 9.84 18.48 -10.05 -0.10 -2.47 9.88 16.93 27.92 4.32 65.40 -1.17 19.10

20 7.46 9.08 -9.86 0.81 0.91 9.78 12.70 17.51 4.75 56.01 5.08 19.87

1 8.67 8.72 4.64 5.57 0.42 25.27 13.17 11.30 6.23 10.20 0.50 36.01

2 10.17 53.84 4.84 7.48 5.04 20.26 15.14 69.46 6.01 12.25 8.58 25.25

3 10.89 16.03 3.87 -2.08 2.48 20.05 17.01 20.38 5.77 5.28 6.91 29.54

4 8.90 11.29 5.63 13.45 5.40 25.05 14.42 14.69 7.53 18.51 9.23 36.01

5 9.94 32.82 8.14 -20.18 8.35 28.92 17.13 44.51 12.26 -11.20 14.75 41.57

6 7.63 10.82 4.70 20.03 10.09 25.05 13.98 14.93 6.24 25.38 16.80 36.01

7 18.76 15.12 4.33 79.62 1.58 23.47 30.78 22.78 6.24 88.52 3.07 36.01

8 21.28 11.22 4.64 103.63 1.76 24.88 34.64 14.69 6.24 113.01 2.96 36.01

9 18.87 8.80 10.07 38.72 -0.31 16.28 29.02 10.18 13.79 46.02 -0.69 33.34

10 15.33 8.55 4.08 63.43 -0.24 14.07 23.86 9.82 4.29 66.88 -0.77 33.34

11 13.02 10.96 5.67 12.85 2.09 14.07 20.92 18.26 7.68 19.96 4.77 32.92

12 14.17 80.84 7.60 44.76 3.63 16.98 20.48 102.35 10.85 52.28 6.73 22.23

13 14.75 16.05 7.71 56.34 4.22 18.84 19.70 18.07 10.46 61.39 6.63 22.88

14 13.22 15.32 7.10 33.44 1.18 22.43 19.89 17.58 9.82 40.28 2.68 29.92

15 13.13 26.46 5.33 19.28 -0.23 25.03 20.64 33.91 7.70 28.03 -0.37 35.33

16 13.10 31.61 7.49 31.22 1.67 20.49 20.55 39.24 10.67 38.33 4.19 29.04

17 15.86 50.58 3.76 50.89 2.97 20.49 25.03 64.59 7.20 59.06 6.29 29.04

18 20.89 41.31 8.50 -19.41 1.42 27.85 35.50 57.67 13.39 -3.60 3.13 44.24

19 18.86 30.43 5.13 65.72 -0.52 20.30 31.33 42.66 7.25 80.87 -0.35 33.94

20 14.86 20.26 5.22 56.51 4.78 20.52 23.08 30.60 7.70 64.49 10.27 34.37

SSP245 (2050s) SSP585 (2050s)

SSP245 (2080s) SSP585 (2080s)
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Table A-1 Pearson’s significance table 

Pearson's Significance Table 

       

df \ α 0.2 0.1 0.05 0.02 0.01 0.001 

1 0.951057 0.987688 0.996917 0.999507 0.999877 0.999999 

2 0.800000 0.900000 0.950000 0.980000 0.990000 0.999000 

3 0.687049 0.805384 0.878339 0.934333 0.958735 0.991139 

4 0.608400 0.729299 0.811401 0.882194 0.917200 0.974068 

5 0.550863 0.669439 0.754492 0.832874 0.874526 0.950883 

6 0.506727 0.621489 0.706734 0.788720 0.834342 0.924904 

7 0.471589 0.582206 0.666384 0.749776 0.797681 0.898260 

8 0.442796 0.549357 0.631897 0.715459 0.764592 0.872115 

9 0.418662 0.521404 0.602069 0.685095 0.734786 0.847047 

10 0.398062 0.497265 0.575983 0.658070 0.707888 0.823305 

11 0.380216 0.476156 0.552943 0.633863 0.683528 0.800962 

12 0.364562 0.457500 0.532413 0.612047 0.661376 0.779998 

13 0.350688 0.440861 0.513977 0.592270 0.641145 0.760351 

14 0.338282 0.425902 0.497309 0.574245 0.622591 0.741934 

15 0.327101 0.412360 0.482146 0.557737 0.605506 0.724657 

16 0.316958 0.400027 0.468277 0.542548 0.589714 0.708429 

17 0.307702 0.388733 0.455531 0.528517 0.575067 0.693163 

18 0.299210 0.378341 0.443763 0.515505 0.561435 0.678781 

19 0.291384 0.368737 0.432858 0.503397 0.548711 0.665208 

20 0.284140 0.359827 0.422714 0.492094 0.536800 0.652378 

21 0.277411 0.351531 0.413247 0.481512 0.525620 0.640230 

22 0.271137 0.343783 0.404386 0.471579 0.515101 0.628710 

23 0.265270 0.336524 0.396070 0.462231 0.505182 0.617768 

24 0.259768 0.329705 0.388244 0.453413 0.495808 0.607360 

25 0.254594 0.323283 0.380863 0.445078 0.486932 0.597446 

26 0.249717 0.317223 0.373886 0.437184 0.478511 0.587988 

27 0.245110 0.311490 0.367278 0.429693 0.470509 0.578956 

28 0.240749 0.306057 0.361007 0.422572 0.462892 0.570317 

29 0.236612 0.300898 0.355046 0.415792 0.455631 0.562047 

30 0.232681 0.295991 0.349370 0.409327 0.448699 0.554119 

35 0.215598 0.274611 0.324573 0.380976 0.418211 0.518898 

40 0.201796 0.257278 0.304396 0.357787 0.393174 0.489570 

45 0.190345 0.242859 0.287563 0.338367 0.372142 0.464673 

50 0.180644 0.230620 0.273243 0.321796 0.354153 0.443201 

60 0.164997 0.210832 0.250035 0.294846 0.324818 0.407865 

70 0.152818 0.195394 0.231883 0.273695 0.301734 0.379799 

80 0.142990 0.182916 0.217185 0.256525 0.282958 0.356816 

90 0.134844 0.172558 0.204968 0.242227 0.267298 0.337549 

100 0.127947 0.163782 0.194604 0.230079 0.253979 0.321095 

125 0.114477 0.146617 0.174308 0.206245 0.227807 0.288602 

150 0.104525 0.133919 0.159273 0.188552 0.208349 0.264316 

175 0.096787 0.124036 0.147558 0.174749 0.193153 0.245280 

200 0.090546 0.116060 0.138098 0.163592 0.180860 0.229840 
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250 0.081000 0.103852 0.123607 0.146483 0.161994 0.206079 

300 0.073951 0.094831 0.112891 0.133819 0.148019 0.188431 

350 0.068470 0.087814 0.104552 0.123957 0.137131 0.174657 

400 0.064052 0.082155 0.097824 0.115997 0.128339 0.163520 

450 0.060391 0.077466 0.092248 0.109397 0.121046 0.154273 

500 0.057294 0.073497 0.087528 0.103808 0.114870 0.146436 

600 0.052305 0.067103 0.079920 0.094798 0.104911 0.133787 

700 0.048427 0.062132 0.074004 0.087789 0.097161 0.123935 

800 0.045301 0.058123 0.069234 0.082135 0.090909 0.115981 

900 0.042711 0.054802 0.065281 0.077450 0.085727 0.109385 

1000 0.040520 0.051993 0.061935 0.073484 0.081340 0.103800 

1500 0.033086 0.042458 0.050582 0.060022 0.066445 0.084822 

2000 0.028654 0.036772 0.043811 0.051990 0.057557 0.073488 

3000 0.023397 0.030027 0.035775 0.042457 0.047006 0.060027 

4000 0.020262 0.026005 0.030984 0.036773 0.040713 0.051996 

5000 0.018123 0.023260 0.027714 0.032892 0.036417 0.046512 
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