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ABSTRACT

Land cover change can influence the LCL height, which in turn affects cloud formation
and consequently convective precipitation. This study compares the LCL height over
three land cover types (Urban, vegetation, and crop) in West Africa and assesses their
influence on convective cloud and precipitation using a new land surface model eCLM,
a variant of CLMS5 which has the same modelling capabilities as CLMS, but it uses much
“leaner” scripts for building and running a model. The forcing provided is the Global Soil
Wetness Project (GSWP) version 3. Land surface fluxes (SH, sensible heat flux; LH,
latent heat flux) data were collected from eddy covariance stations at 11 sites distributed
across West Africa. The simulation results from eCLM for the three land covers show a
good agreement compared to both measurement and ERAS with a correlation coefficient
of above 0.75 and root mean square error lower than 30 W/m?. LCL is higher for cropland
compared to natural vegetation and urban areas. Monthly LCL trends were estimated
from the three land cover types over West Africa. LCL increases more over crop area with
a high reaching 4.5 km with an average change of 1.7 km compared to the vegetation and
urban land cover where LCL height reaches a high of 4.2 km. The height of the LCL
shows a strong relation with precipitation. The LCL decreases when the monsoon
progresses in June-July-August (JJA) and increases during the dry season when the
monsoon retreats in December-January-February (DJF). We also observed a strong
correlation between LCL and surface fluxes over the study area. Over the three land cover
types (urban, vegetation, crop), LCL and LH are negatively correlated, while LCL and
SH are positively correlated. Thus, changing from one land cover to another affects land
surface fluxes (sensible and latent), and then significantly modifies moisture conversion
at the lifting condensation level (LCL) and hence at the cloud base height, thereby
increasing or decreasing precipitation over West Africa. Rice (Oryza sativa L.) is the main

staple food for millions of people in sub-Saharan Africa (SSA) and its production in the
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region is threatened by climate variability and climate change. The objectives of this
study were to evaluate the performance of APSIM-ORYZA for simulating rice yield
under current climate conditions in irrigated systems in the derived savannah agro-
ecological zone of West Africa. Data were collected on soil properties, weather,
management practices, and rice yield during two years from experimental studies
considering two irrigated schemes namely Mbe and Lokakpli. These data were used to
calibrate and validate the APSIM-ORYZA model to represent with acceptable accuracy
rice growth and yield under the conditions of production of the sites of studyOnce
validated, the future bias-corrected climate data from Representation Concentration
Pathways (RCPs) climate scenarios RCP 4.5 and RCP 8.5 were compiled and formatted
to inform scenarios simulations with the model. Impact of climate change on rice yield
was then assessed for six alternative management practices that are mostly preferred by
farmers. The results showed that APSIM-ORYZA simulated satisfactorily irrigated rice
with R2 values of 0.8 to 1, a root-mean-square error (RMSE) of 0.08 t/ha, and a Nash—
Sutcliffe Efficiency of 0.99. Rice yield was projected to decrease of 17 and further 18%
by 2070 under RCP 4.5 and 8.5, respectively compared to the reference rice yield of 2019.
Rice yield was projected to be maintained with a relative increase from its baseline value
in 2019 if alternative management practices such as rice straw mulching, alternate
wetting, and drying, transplanting of 35 days old seedlings, organic fertiliser application
at 120 kg N ha-1 and rice sowing date after 1 April were used. This study filled a gap in
the literature concerning the potential of management practices to increase rice yield
under future climate change conditions and highlight the importance of adoption of

improved practices for the sustainability of rice production in the region of SSA.
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Figure 4.13. Fourteen years average correlation coefficient between rainfall, energy and
water fluxes and LCL in West Africa during 2000-2013. DLCL, default PFT; VLCL,
vegetation PFT; CLCL, crop PFT; LH, latent heat, SH, sensible heat; EF, evaporative
fractional; PFT, plant functional type; LCL, lifting condensation level; PCT, rainfall.
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Figure 4.14 : Climatology of average minimum daily LCL for wet and dry season over
West Africa. JJA, June-July-August, DJF, December-January-February, DLCL, Default

land cover, VLCL, vegetation land cover and CLCL, crop land cover 108

Figure 4.15 : Climatology of average maximum daily LCL for wet and dry season over
West Africa. JJA, June-July-August, DJF, December-January-February, DLCL, Default

land cover, VLCL, vegetation land cover and CLCL, crop land cover 109

Figure 4.16 : Difference for maximum daily average over JJA and DJF seasonal LCL
between vegetation and default (Veg-Def), and between crop and default (Crop-Def) over
West Africa. JJA, June-July-August; DJF, December-January-February; MaxLCL,

maximum lifting condensation level height. 110

Figure 4.17 : Difference for minimum daily average over JJA and DJF seasonal LCL
between vegetation and default (\Veg-Def), and between crop and default (Crop-Def) over
West Africa. JJA, June-July-August; DJF, December-January-February; MinLCL,

minimum lifting condensation level height 111

Figure 4.18. Correlation plot of the 14 years averages surface fluxes (latent LH and
sensible SH heat), net radiation (SR), relative humidity (RH), evaporative fraction (EF),
and LCL height in West Africa during the periods 2000-2013 in Kayoro, Ghana

characterise with cropland (Dark blue colour reveal a strong positive correlation, medium
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the contrast in red colour 116

Figure 4.19. Correlation plot of the 14 years averages surface fluxes (latent LH and
sensible SH heat), net radiation (SR), relative humidity (RH), evaporative fraction (EF),
and LCL height in West Africa during the periods 2000-2013 in Bontioli, Burkina-Faso
characterise with trees and grassland. Dark blue colour reveal a strong positive
correlation, medium light blue show a low positive correlation, light blue show a low

positive correlation while the contrast in red colour 117
Figure 4.20 : Evaluation metric for APSIM-Oryza model calibration and validation 120

Figure 4.21. Relationship between the ensemble of the raw simulation, observed and bias-
corrected daily precipitation series, measured by the mean, standard deviation (STD) and
90th percentile (X90) for the months of March (dry season) and August (wet season).
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Figure 4.22. Seasonal cycle of precipitation bias correction for the four models (CNRM-
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Figure 4.23. Relationship between the ensemble of raw simulation, observed and bias-
corrected daily series of minimum temperature measured by mean, sta dard deviation
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Figure 4.24. Seasonal cycle of minimum temperature bias correction for the four models
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Figure 4.25. Relationship between the ensemble of raw simulation, observed and bias-

corrected daily series of maximum temperature measured by mean, standard deviation
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Chapter One

1.0 Introduction

1.1 Background

Interactions between the land surface and the atmospheric boundary layer (ABL) play a
key role in the climate system. They significantly influence regional climates and have
global impacts. Climate-related risks and their impacts on people are also strongly
dependent on land-atmosphere interactions and their evolution with climate change.
(Cheruy et al., 2020). The land and atmosphere interact through exchanges of energy,
mass and momentum. These interactions regulate climate variability and influence
climate change at the regional scale. Among all the factors, vegetation and crops are the
key component in the land surface-atmosphere coupling (de Noblet-Ducoudré et al.,
2012). Vegetation interacts with and influences the atmosphere. It controls the rate of
moisture exchange from the soil to the atmosphere through evapotranspiration, regulates
surface radiation and temperature through surface albedo and ratio of latent to sensible
heat, and influences vertical mixing and turbulence due to roughness length. On the other
hand, atmospheric fields (i.e. temperature, precipitation, cloudiness, and CO»
concentration) feedback on vegetation distribution by modulating vegetation growth,
mortality, phenology and competition (Xue, et al., 1993; Wang, et al., 2000; Cox, et al.,
2000; Bonan, 2008; Swann, et al., 2010; Yu, et al., 2014; Swann, et al., 2015; Erfanian &

Entezar, 2017).

Land and atmosphere interact through exchanges of energy, mass and momentum. These
interactions regulate climate variability and influence climate change at the regional
scale. Among all the factors, vegetation and crops are the key component in the land
surface-atmosphere coupling (de Noblet-Ducoudré et al., 2012). Vegetation interacts with

and affects the atmosphere. It controls the rate of soil-atmosphere moisture exchange



through evapotranspiration, regulates surface radiation and temperature through surface
albedo and the ratio of latent to sensible heat, and influences vertical mixing and

turbulence through roughness length.

West Africa is recognized to be one of the most drought-affected regions. This region
experienced a decrease in rainfall in the second half of the 20th century (Didi et al., 2020)
and a severe drought in the 1970s and 1980s, leading to widespread famine (Mortimore
and Adams 2001). The climate in the region has been improving, especially since the end
of the 20th century, with an increase in rainfall (Lebel and Ali 2009; Yu et al., 2016).
Since agriculture in the area is primarily rain-fed, understanding the variability and future
shifting of the regional climate is crucial to assess the potential impact of future changes
and developing adaptation and mitigation measures (Yu et al., 2016). West Africa climate
is characterize by the movement of the West African Monsoon (WAM) circulation and is
sensitive to land surface conditions especially soil moisture availability and land unit type

(vegetation, cropland, urban) (Erfanian and Entezar, 2017 ).

Charney was the first that introduced the land cover impact concept on rainfall variability
over West Africa, and argue that reduction of vegetation in Sahel could lead to an increase
of'albedo and decrease of precipitation, which could then trigger a positive feedback with
the drought in this region of Sahel during the late 20" century (Charney, et al., 1975;
Charney, et al., 1977). This approach has developed research on land-atmosphere
interactions, including understanding vegetation dynamics, vegetation feedback to
climate variability and change, and vegetation feedback to atmospheric mechanisms at
different scales (Wang, et al., 2000; Cook, 1999). Atmospheric precipitation and land
surface change and variability as a dominant factor in the Sahel's decade-to-decade
rainfall patterns till today remain the main studies of land-atmosphere interaction over
West Africa. However, no much work focus on the contribution of different land cover
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on the couple land surface fluxes and lifting condensation level height and their

variability in West Africa precipitation.

The study of land-atmosphere interactions in regional climate variability examines the
role of land surface processes, which include plant functional types (urban/default,
vegetation and cropland), soil moisture, surface albedo and evaporation in cloud base
formation and thus in regional rainfall dynamics. Cloud formation, such as tropical
cumulonimbus clouds, occurs during El Nifio events. These deep cumulus clouds favour
the transfer of heat, moisture and kinetic energy at the lifting condensation level (LCL)
(Wu and Newell 1998). Change from one plant functional type to another has an effect
on the climate system similar to that of El Nifio events (Chase et al., 1996, 2000; Claussen

2002).

The influence of land cover on rainfall variability in West Africa (WA) was first
introduced by Charney, who argued that desertification and associated albedo variations,
energy and fluxes may have contributed to the intensification of drought in the Sahel
during the second half of the 20th century (Charney, et al., 1975; Charney, et al., 1977).
Land surface conditions, characterised by PFT (vegetation, crops Figure 1.2) cover and
soil moisture, play an important role in rainfall variability over WA. The influence of
ecosystem and crop development on seasonal cycles has been extensively reviewed
(Schwartz, 1994, 1996; Fitzjarrald et al, 2001; Schwartz et al, 2012; Betts et al, 2013;
Sultan et al, 2014). Pielke (2001) investigated the relationship between land surface heat
fluxes (latent and sensible), soil moisture and cumulus convective precipitation. He found
a significant decrease in the sensible heat flux to the atmosphere in both winter and spring,
which may be related to the decrease in seasonal precipitation over the cropland region.
The study by Mishra et al (2010) assesses the regional impacts of land cover and climate

change on water and energy cycles. The results show that the total conversion of forest



to cropland reduces the annual mean net radiation and land surface fluxes, in some cases
due to the significant effect of albedo in the JJA and DJF seasons. They also found that
conversion of forest to cropland reduces annual evapotranspiration with an increase in
JJA latent and sensible heat fluxes. The nature of the energy balance of the land surface
and the hydrological cycle is determined by the type of land cover. The land surface
influences the atmosphere by exchanging water, CO., energy, momentum and trace gases
through the atmospheric boundary layer (Bounoua et al., 2002). The transition from one
land cover to another can change the albedo, the surface hydrology, the length of the
boundary layer roughness and consequently the surface energy distribution. In addition,
different types of land cover change can lead to very different climate changes (Lu and
Kueppers 2012). Changing from one PFT to another affects land surface fluxes (sensible
and latent), surface albedo, and then significantly modifies moisture conversion at the
lifting condensation level (LCL) and hence at the cloud base height (CBH), thereby

increasing or decreasing precipitation over the region.

Most research develop the contribution of vegetation change of desertification
(afforestation) on land surface component, net radiation, surface albedo convective
system and rainfall. However, study need to focus on the effect of plant functional type
in lifting condensation level (CLC) height and by the mean on convective system and
rainfall over West Africa. The significance of this research is to provide a clear
understanding of the effect of vegetation and crop ecosystem on lifting condensation level
(LCL) height and precipitation event over West Africa. The land surface model process
is highly interactive with the atmospheric component (humidity, temperature, radiation
and precipitation) and the surface hydrological process. The atmospheric mechanism

(cloud and precipitation formation, mesoscale circulation) is strongly dependent on land



surface fluxes such as latent and sensible heat fluxes. These land surface fluxes are

determined by the type of vegetation and soil moisture storage.

The lifting condenser level (LCL) is defined as the height at which an air parcel becomes
saturated when it is lifted adiabatically (Romps 2017, Wei et al. 2021). The LCL has been
used to estimate and predict the cloud height boundary layer (Figure 1.1), to parameterise
precipitation and convection in climate and weather models, and to interpret atmospheric
dynamics (Romps 2017; Atreya et al. 2006). The cloud base or cloud top is the height of
the lowest visible part of the cloud. The LCL height has therefore been widely used in the
study of land-atmosphere coupling as it provides a good estimate of the mean cloud base
height and is an indicator of the probability of precipitation (Betts, 2009). PASS research
has shown that LCL height is mostly positively correlated with land surface sensible heat
flux (SH) and temperature, and negatively correlated with precipitation rate, cloud
albedo, soil moisture, surface relative humidity, evaporative fraction (EF), and latent heat

flux (LH) (Betts 2009; Wei et al. 2021).

Many analytical but approximate expressions have been proposed for the height of the
rising condensation level (LCL), including the widely used expressions of Espy, Bolton
and Lawrence. Some of the earlier LCL expressions were explicit and may have
uncertainties of hundreds or thousands of metres. Romps has derived the accurate,
expressive analytical expression of the LCL of a parcel of air as a function of its
temperature, relative humidity and surface pressure. While these studies have provided
many useful insights into the effect of land surface fluxes on LCL height and precipitation
event on large regional processes, there have been few studies that have assessed the
capabilities of land surface models in simulating energy partitioning over different land

units (vegetation, crop, urban) and comparing their respective effects on
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Figure 1.1 Graphic representation of moist air lifting and condensation onset at LCL.
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LCL and precipitation event in West Africa. Land surface models (LSMs) are the key
elements of general climate models that simulate land surface processes, including the
uptake and distribution of radiation, moisture and carbon. LSMs typically receive
meteorological inputs from the ABL model and generate outputs such as latent and
sensible heat fluxes, CO2 fluxes, reflected solar radiation and emitted longwave radiation

(Sulis et al. 2015).

The objective of the current work was to quantify the LCL at three hourly resolution
between 2000 and 2014 in West Africa for three land units (vegetation, crop and urban,
with urban considered as default in this study). The sub-objectives are as follows: 1)
express the daily and monthly LCL for the three land cover types using the land surface
component and atmospheric output from model simulations; ii) assess the magnitude and
significance of seasonal LCL trends in West Africa over the selected eddy covariance
(EC) sites with observed and ERAS land; iii) compare the different LCL trends and
significance for the three land cover types over the selected EC sites with observed and
ERAS land; iv) analyse the relationship between LCL and land surface fluxes, cloud

formation, net radiation and present day climate in WA.

Climate change and the rise in global average temperatures and associated impacts pose
a significant threat to natural systems and socio-economic livelihoods around the world.
The agricultural sector in particular is highly vulnerable to climate change. Even a small
increase of 1° to 2°C in global average temperatures can have a significant negative
impact on crop yields, particularly in sub-Saharan Africa (SSA). Climate change poses
an increasing risk to agricultural productivity in different regions, even under relatively
optimistic scenarios for near-term mitigation efforts (Rosenzweig et al., 2014). Climate
change in the 21st century will have a significant impact on global agriculture, and the

Intergovernmental Panel on Climate Change (IPCC) assessment report indicates that



most countries will experience an increase in average temperature, more frequent heat
waves, increased water stress, desertification and periods of heavy precipitation (IPCC
2007, 2014). The last three decades have been the warmest on record, with each decade
warmer than the last (IPCC 2014; Ochieng et al., 2016). Africa is also warmer than a
century ago. The impacts are expected to worsen in the future as temperatures continue
to rise and rainfall becomes more uncertain (Ochieng et al., 2016). Given the vulnerability
of agricultural production to climate variability, it is difficult to improve it to meet the
increasing demands of a growing population under the threat of climate change. This
requires greater attention to adaptation and mitigation research, capacity building, policy
reforms, national and regional cooperation, and support from national and global
adaptation funds and other resources to minimise negative impacts. A reduction in food
supply due to climate change could have serious socio-economic consequences, such as
production patterns and food price insecurity (Stevanovi'c et al., 2016; Wiebe et al.,
2015). Adaptation to climate variability and extreme events is the basis for reducing
vulnerability to long-term climate change. Simple adaptation measures, such as adopting
alternative management practices using modelling and simulation approaches, could help

reduce the impacts of climate change.

Climatic parameters such as rainfall, temperature, solar radiation and CO> concentration
are some of the key factors affecting crop variability and production (Li et al., 2017).
Climate change and climate variability affect both crop yield (van Oort and Zwart, 2018)
and land suitability (Akpoti et al., 2022) and its availability, stability of food supply,
access to food and its prices globally, and food utilisation (Schmidhuber and Tubiello
2007). These climatic factors will influence crop development, growth and yield. All
aspects of crop production systems are likely to be affected by future climate change at

global and regional levels (Li et al., 2017). Sub-Saharan Africa is known to be the most
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vulnerable to climate change due to its inherently higher rates of climate variability, high
dependence on rain-fed agriculture, and limited institutional capacity to cope with and
adapt to climate variability and change due to limited economic resources and, in some
cases, lack of technological know-how (Challinor et al. 2014; Miiller et al. 2014). Sub-
Saharan Africa is currently facing frequent food crises and water scarcity, exacerbated by
climate variability and extreme events such as droughts, extreme rainfall and floods,
which have affected the agricultural sector and productivity, as well as the livelihoods of

rural populations, and are likely to increase in the future (Sultan and Gaetani, 2016).

Rice provides food for more than half of the world's population and is an important and
integral source of income for most of the population (Nawaz et al., 2022). World rice
production is estimated at 508.7 million tonnes (FAO, 2020). Under flooded conditions,
75% of the world's rice is transplanted, which requires large amounts of water, while the
rest is directly sown (Nawaz et al., 2022). The impacts of climate change are increasing
water scarcity due to changes in agricultural practices as an adaptation strategy. The
sustainability of the traditional flooded transplanted rice production system is threatened
by deteriorating soil conditions, increasing methane emissions, low nutrient use
efficiency, micronutrient deficiencies, emergence of new weed species, insect pests and
diseases, declining yields and declining rice productivity (Nawaz et al., 2019). Africa is
far from rice self-sufficiency and this is likely to worsen in the future (Van Ittersum et al.,
2016; Van Oort, Saito et al., 2015). Rice production in Africa will be around 24 million
tonnes in 2020/2021 and this production is expected to decline slightly to about 23 million
tonnes in 2021/2022 due to climate change effect (USDA, 2022). Sub-Saharan African
(SSA) countries have an urgent need to meet the high demand for rice (Arouna et al.,
2021a). The increase in rice yields could be achieved by increasing the area under

production and increasing yields (Tanaka et al., 2017). Rice production systems in SSA
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are irrigated lowland, rainfed lowland and rainfed upland. As a result, the average rice
yield in irrigated systems is higher (3.6 t/ha) than in rainfed lowland (2.8 t/ha) and rainfed
upland (1.6 t/ha) (Tanaka et al., 2017; Dossou-Yovo et al., 2020). Total rice production in
SSA (40%) (FAOSTAT, 2020) is irrigated on about 22% of the total rice area (Diagne et
al., 2013a). West African countries, particularly Cote d'Ivoire, are experiencing increased
demand for rice due to population growth (Fofana et al., 2014). Yield change has been
estimated at 0.1 to 8.0 t/ha and 0.2 to 7.0 t/ha in 2000 and 2020, respectively, with the
change due to low input use relative to land area tending to expand the area under
cultivation (Komatsu et al., 2022). However, changes in agronomic management
practices have had a limited impact on yield growth. There is a clear need to identify the
drivers of low adoption of agronomic practices, such as water management practices,
fertiliser use, variety types, sowing dates and soil organic matter use, and to identify yield
associations with agronomic drivers. This could help identify strategies to reduce the
yield gap through the diffusion of yield-enhancing agronomic practices. This could help
identify potential approaches to reduce the yield gap and reduce the impact of climate

change on rice yields.

Crop modelling is a tool used to assess the large-scale impacts of climate variability and
change on crop yields (Challinor et al., 2010; Rétter et al., 2011) and can also help to
assess the best agronomic adaptation strategies to reduce the impacts of climate change
and the causes that affect crop development, growth and yield. A number of models such
as DSSAT (Basso et al., 2016; Jones et al., 2003), EPIC (Wang et al., 2012), FASSET
(Bassu et al., 2009), APES (Donatelli et al., 2002), APSIM (Keating et al., 2003), SPASS
(Wang and Engel, 2000, 2002), STICS (Brisson et al., 2003), SWAP (Chen et al., 2010;
Eitzinger et al., 2004; Ma et al., 2015), CERES (Ritchie et al., 1998), CROPGRO

(Godwin and Singh, 1998), CropSyst (Rosenzweig and Parry, 1994; Willmott et al.,
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1985), DAISY (Sayre et al., 1997), SOYGRO (Monsi and Saeki, 2005) and WOFOST
(Eitzinger et al., 2004), HERMES (Asseng et al., 2014), RZWQM (Ma et al., 2011). have
been developed to understand yield gaps and maximise yield potential. However, the
application of these models over large areas is often limited by the lack of available data
for model calibration and testing and by the presence of a large number of errors (Angulo
et al., 2013ab; Rezaei et al., 2015). To simulate the effects of alternative management
practices to reduce the impact of climate change on rice yield, scenarios have been
developed. Soltani and Sinclair (2015) investigated the sensitivity and robustness of four
wheat models (APSIM, DSSAT, CropSyst and SSM) and found that the most simplified
models (CropSyst and SSM) were more robust in predicting yield than the more complex
models (APSIM and DSSAT). O'Leary et al. (2015) evaluated the performance of six
crop models (APSIM-Wheat, APSIM-Nwheat, CAT-Wheat, CROPSYST, OLEARY-
CONNOR and SALUS) in response to CO2 elevation and found that the model responses
to CO2 elevation were similar and that the models were able to simulate biomass, yield
and water use close to experimental observations. Nevertheless, none of those studies
calibrated and validated APSIM and the couple model APSIM-ORYZA over the West
Africa condition. In addition, the study by van Oort and Zwart (2018) focused on the
effects of climate change on potential yield, but not on farmers yields. Therefore, it is still
not clear how climate change would impact rice yield, and what could be the mitigation

strategies that need to be promoted under climate change.

Climate models offer opportunities to improve understanding of the impacts of climate
change and variability on crop yield and production. In many cases, a combination of
different General Circulation Models (GCMs) is used to assess the impact of climate
change given the uncertainties in a given climate scenario. The base-corrected GCMs are

integrated with crop models to simulate yield projections. APSIM (Agricultural
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Production Systems sIMulator) is a crop growth simulation model that is increasingly
used in related studies due to its widely accepted platform (Gaydon et al., 2017a;
Holzworth et al., 2014; Radanielson et al., 2018; Liu et al., 2019). In this study, APSIM
is coupled with ORYZA (APSIM-ORYZA) for rice growth simulation. The crop growth
process of APSIM-ORYZA was borrowed from the Oryza2000 model
(https://sites.google.com/a/irri.org/oryza2000/, Bouman and Van Laar, 2006; Li et al.,
2017) and used over a single point. The APSIM-ORY ZA platform provides the flexibility,
primarily for model calibration, to validate the accuracy of rice growth, development and
yield production using the bias-corrected dynamic downscaling of regional climate model
(RCM) climate data at the finer spatial scale. A scenario approach was developed using
the APSIM-ORY ZA platform to simulate the effects of alternative management practices

to reduce the impact of climate change on rice yield.

The present study aims to fills several of the knowledge gaps identified using APSIM-
Oryza a model for rice growth simulation which is a combination of Oryza and APSIM
platform (Amarasingha et al., 2015; Gaydon et al., 2009; Gaydon et al., 2017a,b;
Holzworth et al., 2014; Radanielson et al., 2018; Zhang et al., 2018). We calibrate the
APSIM-Oryza model for rice growth and yield, for Cote d’Ivoire, and used the calibration

model to project the future yield in rice crop.

1.2 Statement of the problem and research question

According to scientists from the Intergovernmental Panel on Climate Change (IPCC),
anthropogenic influences are the main cause of ongoing environmental changes and
rising temperatures (IPCC, 2013). In addition, anthropogenic COx is an important source
of carbon for plants, and its increased concentration in the atmosphere accelerates
photosynthesis and increases yields and biomass. However, its excess in the atmosphere

is detrimental to plants by modulating meteorological parameters. Temperature is a key
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determinant of plant growth rate. Climate change is expected to lead to higher
temperatures and more extreme temperatures, which are likely to affect crop productivity.
Phenological stages are sensitive to temperature extremes, all species combined, and
during this stage of development extreme temperatures would significantly affect

production. (Hatfield and Prueger, 2015).

Agriculture is the predominant economic sector in Sub-Saharan Africa (SSA), with 70%
of rural households depending on it as a source of their livelihood. Rice is the most
important staple food crop of the world’s population (Vidigal et al., 2019). SSA represents
6 % and 26 % of total global rice production and area, respectively (FAOSTAT, 2022). In
many SSA countries, rice is the second most important source of calories and a strategic
crop in terms of food security (Seck et al., 2012). Ten SSA countries (Burkina Faso,
Ethiopia, Ghana, Kenya, Mali, Niger, Nigeria, Tanzania, Uganda and Zambia) account
for 37% and 19%, respectively, of total regional rice production and harvested area in
SSA (FAOSTAT, 2022). Tropical climates characterise most of the rice-growing areas in
SSA. Due to population growth, rising household incomes, urbanisation, and changing
food consumption patterns and preferences, demand for rice in SSA is growing faster
than for any other staple crop (Djurfeldt, 2015; Nigatu et al., 2017). Rice production is at
the same time an important carbon dioxide sequestration from the atmosphere and in
addition, an important source of greenhouse gases such as methane and nitrite oxide
emission (FAO, 2007). In 2004, rice sequestered about 1.74 billion tonnes of CO2 from

the atmosphere to produce about 1.16 billion tonnes of biomass at 0% moisture content.

Rice produced on flood condition field emit methane (CH4), which is in importance to
CO2 as a greenhouse gases. Under anaerobic condition of submerged soils of flooded
rice fields, methane is produced and a quantities of it escapes from the soil into the
atmosphere through gas spaces in the rice roots and stems, and the balance of CH4
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bubbles up from the soil and / or spread slowly through the soil and overlying flood water.
Agriculture is highly dependent on the variations in temperature, precipitation and solar
radiation and long-term climate patterns. Of the natural environmental resources that
influence plant growth, development and adaptation, climate is perhaps the most
important. It comes on top of land and water resources, which can be predicted and easily
modified to increase rice production (Akinbile et al., 2020). The effect of carbon dioxide
(CO2) and increasing in temperature significantly reduced rice yield, which was not
compensated by increasing CO2 (Jagadish et al., 2010). The reduction in grain yield
occurred above a critical temperature of 30°C. Combined elevated CO2 and temperature
slightly increased dry season biomass and yield and slightly decreased wet season
biomass and yield (Matsui et al., 2000). Thus, increased maximum and minimum
temperatures can reduce rice yield through sterile spikelets and increased respiration
losses (Jagadish et al., 2010; Matsui et al., 2000). A severe reduction and deterioration in
the annual tonnage of rice yield was the result of continuous variation in meteorological

conditions (Akinbile et al., 2020).

Although, the ways to assess the effect of the expected climate conditions on the rice
growth, development and yield is the use of the crop models (Pohankova et al., 2015).
This study will one hand use eCLM a variant of CLM5 to simulate the and express lifting
condensation level (LCL) height over different land cover types and assess their effect on
boundary layer and precipitation and another hand use of crop model to forecast rice yield

under climate change impact.

The following research question have been ask:

i.  Does eCLM land surface model capable to simulate the type of vegetation can
influence the lifting condensation level (LCL) height which in turn influence

atmospheric condition (atmospheric boundary layer, precipitation events) over
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West Africa whose coupling are important for land-atmosphere interaction and

system?

ii. Does calibration and validation of APSIM-ORYZA crop model in rainfed
lowland and irrigated lowland production systems will improve rice yield in the

context of climate change?

iii. Is evaluating the future impacts of climate change using the RCP scenarios will

improve the understanding of the impacts of climate change on rice yield?

iv. Does simulating the effects of alternative management practices using model
simulation approaches will help for reducing the climate change impacts on rice

yield?

1.3 Aim and Objectives
This study aim to assess the effect of land-atmosphere boundary layer processes on rice

production in West Africa.

Specifically to,

1. assess the lifting condensation level heigh over different land cover types and
evaluate its effect atmospheric boundary layer and precipitation event in West

Africa;

2. calibrated and validated APSIM crop model in rainfed lowland and irrigated

lowland production systems;

3. evaluate the future impacts of climate change using the RCP scenarios to

understand the impacts of climate change on the rice yield;

4. simulate the effects of alternative management practices for reducing the climate

change impacts on rice yield.
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1.4 Innovation

Firstly, most research develop the contribution of vegetation change and desertification
(or afforestation) on land surface component, net radiation, surface albedo convective
system and rainfall. However, study need to focus on the effect of plant functional type
in lifting condensation level (CLC) height and by the mean on convective system and
rainfall over West Africa. The innovation of this research is to use a new land surface
model eCLM a variant of CLMS5 to provide a clear understanding of the effect of
vegetation and crop ecosystem on lifting condensation level (LCL) height and

precipitation event over West Africa.

Secondly, few studies have calibrated and validated APSIM for crop simulation.
However, none work done to calibrate and validate it over the West Africa condition. In
addition, the study by , van Oort and Zwart (2018) evaluated the impacts of climate
change on rice yield, in SSA but their study focused on the potential yield, and not on
farmers’ rice production and potential yields. Therefore, it is still not clear how climate
change would impact rice yield on farmers’, and how the use of alternative management
practices could mitigate rice yield reduction due to climate change. The objectives of this
study were then to evaluate the performance of APSIM-ORYZA for simulating rice yield
under current and future climate conditions in irrigated systems in the derived savannah
agro-ecological zone of West Africa. This will and identify the alternative management

practices to mitigates its impact.

1.5 Structure of the thesis

This thesis is organized into five chapters. Chapter one provides the general introduction,
the statement of the problem leading to the present study and some research questions
which can derive from it. This chapter also details the objectives of the work and the

innovation for the scientific community. Chapter two presents the literature relevant to
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the research areas. It discusses the land surface and convective system, defines lifting
condensation level height and land surface fluxes, crop model and production, exposed
methods for their investigation. Chapter three enumerates the methodology used in the
study. It presents the study area, the data used and methods adopted for investigation on
land-atmospheric interaction and crop production. Chapter four presents and discusses
the results obtained during these researches. It discusses the . The last chapter (Chapter
five) is dedicated to the conclusion, the limits and perspectives for future researches

related to the same field.
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Chapter Two
2.0 Literature Review

2.1  Definition of some concepts

2.1.1 Land Surface model

In atmospheric models, land surface models (LSMs) play a role in partitioning the net
radiative energy input into sensible and latent heat fluxes (Richardson et al., 2009). Their
accurate representation in land surface models (Figure 2.1) is necessary for weather
(Ingwersen et al., 2011) and climate simulations, as these partitioned energy fluxes
influence boundary layer development, cloud formation, weather and climate (Pitman
2003, Prentice et al., 2015). To understand and predict the exchange of mass and energy
between the terrestrial biosphere and the atmosphere, land surface models are important
tools (Bonan, 1995; Foley et al., 1996; Williams et al., 1996; Sellers et al., 1997). A land
surface model (LSM) is a typical and critical component of larger, globally integrated
models such as global carbon cycle and global climate prediction models. These
integrated models are key tools to predict likely future states of the Earth system under
human-induced forcings (IPCC, 2007) and to assess feedbacks with and impacts on the
biosphere (MEA, 2004). Land surface model processes, such as diurnal changes in solar
radiation and seasonal changes in temperature and precipitation, are sensitive to
environmental forcing over a range of timescales. Land surface processes have an impact
on the climate system through their control of the energy balance and the exchange of
greenhouse gases. The output from the LSM simulation help to expression the lifting

condensation level, which is important for cloud level formation.

2.1.2 Surface energy fluxes

The surface energy fluxes (Figure 2.1) are an important component of Earth’s global

mean energy budget and are a primary determinant of surface climate. The annual energy
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Figure 2.1. Land process simulation by eCLM a variance of CLM5 (Lawrence et al., 2019)
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balance at the land surface varied geographically in relation to incoming solar radiation
and soil water availability. Energy fluxes vary over the course of a day and throughout
the year, and in relationship with soil water availability, and the diurnal and annual cycles
of solar radiation. The various terms in the energy budget (net radiation , sensible heat
flux, latent heat flux, and soil heat flux) are illustrated for different climate zones and for

various vegetation types over the course of a year and over a day.

2.1.3 West African climate systems

The climate of West Africa is dominated by the monsoon, a large-scale circulation that is
characterised by seasonal changes in the direction of the wind and is mainly driven by
the temperature contrast between the continent and the ocean (Afiesimama et al., 2006).
During the June to September rainy season of the West African monsoon (WAM) in the
West African Sahel (Klutse et al., 2015), the ITCZs are accompanied by very high
convective available energy (CAPE) and horizontal moisture fluxes due to the abundance
of available water vapour. These conditions, with their inherent conditional instability,
generate deep convection, which forms the major rain-producing systems in this region

(Omotosho, 1985).

The West African Monsoonal (WAM) circulation provides over 75% of the annual
precipitation in West Africa (Omotosho, 1985) and is the major precipitation producing
system during the summer (Abiodun et al., 2008). Other known precipitation-producing
systems in West Africa include the African easterly jet (AEJ, Figure 2.3), the tropical
easterly jet (TEJ) (Cook, 1999) and the African easterly wave (AEW) (Diedhiou et al.,
2001). Rainfall over West Africa is produced by several types of precipitation systems.
Mesoscale convective systems (MCSs), monsoon rains and cyclones are the most

important.
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WA is divided into four climatical zones (Guinean, Sudanese, Sahelian, Saharan).
Precipitation is relatively constant in the various zones, but decreases from southern to
northern equatorial zones (Eltahir and Gong, 1996). It can be seen from Figure 2.1 that

West Africa can be divided into four main climatic zones (Figure 2.2):

* Guinean zone: the annual average rainfall varies between 900-1500 mm, and

could be more in some places,

» Sudanese zone: with annual average rainfall between 400-900 mm,

* Sahelian zone: average annual rainfall in the range of 150-400 mm,

» Saharan zone: mostly less than 150 mm of rainfall per year.

The WAM is sensitive to land surface conditions, including soil moisture availability and

vegetation, and is driven by the strong land-ocean (meridional) contrast.

Evidence from West Africa suggests that rainfall has declined substantially since the
early 1960s (for example, Nicholson 1994; Hulme 1994). Since the late 1960s, an
unprecedented drought has affected the Sahel, a semi-arid region of West Africa between
the Sahara Desert and the Guinean coastal rainforest. The drought was a major impetus
for the establishment of the United Nations Convention to Combat Desertification and
Drought, and has had a devastating impact on this ecologically fragile region (Nicholson
et al., 1996). However, records for 1995 and 1996 indicate that the dry regime continues
(Horton and Parker 1997). The decline in rainfall and persistence of the drought episode
in WA has significantly altered the normal regional climate regime over West Africa.
Many studies on rainfall, drought and climate variability over WA have been motivated
by this observation. These studies fall into two groups: studies that emphasise the role of

land-atmosphere interactions in regional climate, and studies that emphasise the role of
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Figure 2.2. Different climatic zones in West-Africa (Source: https://eros.usgs.gov/westafrica/node/147 accessed on 20 March 2023
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Figure 2.3. Vegetation-Rainfall-SST feedback affecting the monsoon rainfall over the

West Africa monsoon region. Source (Zeng et al. 1999).

24



ocean-atmosphere interactions and sea surface temperature (SST) distribution in
precipitation variability over WA (Figure 2.3). Zeng et al. (1999) explore the relative roles
of sea surface temperature, land and vegetation feedbacks, while Zeng (2003) outlines
our current understanding of the problem in a perspective article in Science. Furthermore,
several papers explore the nonlinear dynamics of vegetation-atmosphere interactions in

desert-forest transitions.

Land-surface processes such as vegetation, soil moisture, surface albedo and
evapotranspiration have been shown to play an important role in regional precipitation
dynamics (Zheng and Eltahir 1997). The role of land surface processes in the regional
climate was investigated by several modelling studies: Charney et al. (1975), Charney et
al. (1977), Sud and Fennessy (1984), Sud and Molod (1988), Rowell and Blondin (1990),
Rodriguezlturbe et al. (1991), Xue and Shukla (1993), Cook (1999), Wang, et al. (2000),
Patricola, et al. (2008). Studies by Kutzbach et al. (1996) examined the role of vegetation
and soil moisture in African paleoclimate. They found that replacing the Sahara with
grassland and desert soils with more loamy soils could bring their model simulations and
palaeo-vegetation observations into closer agreement than otherwise. Their findings
suggest that land surface conditions, characterised by vegetation cover and soil moisture,
are important in determining precipitation variability over West Africa. It is generally
concluded that desertification near the sub-Saharan desert margin reduces rainfall within
the vegetation perturbation region and increases rainfall south of the perturbation region
(e.g. Charney et al. 1975; Xue and Shukla 1993). Zheng and Eltahir (1997) sudy
investigate the role of vegetation in the dynamics of West Africa monsoons, and result
show that West African monsoons, and hence precipitation distribution, depend crucially
on where vegetation disturbances occur. The simulated monsoon circulation may be little

affected by changes in vegetation cover along the Saharan-West African border
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(desertification). If the monsoon circulation is disrupted, regional precipitation may be

drastically affected.

2.1.4 Surface Characterization and Model Input Requirements

The heterogeneity of the land surface in space is represented in CLM as a nested subgrid
hierarchy, where grid cells consist of multiple land units, snow and soil columns and
PFTs. Each grid cell can contain any number of land units, each land unit can contain any
number of columns, and each column can contain any number of PFTs. The first subgrid
level which is the land unit glacier, lake, urban, vegetation and crop (if crop modelling
enabled)) can be used to capture broadest spatial patterns. The second sub-grid level, the
column, is intended to capture the potential variability of soil and snow condition
variables within a single land unit. For example, vegetated land may contain several rows,
and cropped vegetated land may be divided into two rows, irrigated and unirrigated. The
patch level is the third subgrid level. Patches can be PFTs or bare ground on vegetated
land and crop functional types (CFTs) on cultivated land. The patch level aims to capture
the biogeophysical and biogeochemical differences between broad categories of plants in

terms of their functional characteristics (Oleson et al. 2010b).

Up to 15 possible Plant Functional Types (PFTs) plus bare ground make up the vegetated
area. An additional PFT will be added if the Irrigation model is active and an additional
six PFTs will be added if the Crop model is active. The vegetation in the land surface
model simulation is referring to index percentage natural vegetation (PCT _NAT VEG)
on the surface dataset while crop plant functional type refers to the index of percentage
crop functional type (PCT_CFT) on the surface dataset. The actual atmospheric state is
used to force the land models. This atmospheric state is obtained from a coupled
atmospheric model or a land-only observational data set. The land model then initiates a

full set of calculations of surface energy, constituents, momentum and radiative fluxes.
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There are two steps in the land model calculations. Using the snow and soil hydrological
states from the previous time step, the land model continues to calculate surface energy,
constituents, momentum and radiative fluxes. Based on these fluxes, the land model then

updates the soil and snow hydrology calculations.

Observational datasets provide the atmospheric forcing required by the CLM. A 110-year
(1901-2010) dataset provided by the Global Soil Wetness Project (GSWP3) is the default
forcing supplied with the model. The GSWP3 dataset has a spatial resolution of 0.5° X
0.5° and a temporal resolution of three hours. Here the GSWP3 dataset is modified by
missing data for certain fields over oceans, lakes and Antarctica. These missing data are
filled in with the 1948 data from Qian et al. (2006), which are interpolated by the Data
Atmosphere model to the 0.5° grid of GSWP3. This means that the model can run across
the continent, ensuring that data is available along the coast regardless of model

resolution.

There is also an alternative forcing dataset, CRUNCEDP, a 110 years (1901-2010) dataset
(CRUNCEP; Viovy 2011) that is a combination of two existing datasets, the CRU TS3.2
0.5° x 0.5° monthly data covering 1901-2002 (Mitchell and Jones 2005) and the NCEP
reanalysis 2.5° x 2.5° 6 h data covering 1948-2010. It was used for forcing CLM (eCLM)
in studies on vegetation growth, transpiration and gross primary production (Mao et al.
2012, Mao et al. 2013, Shi et al. 2013) and for TRENDY (trends in net land-atmosphere
carbon exchange for 1980-2010) (Piao et al. 2012). Version 7 is available here (Viovy

2011).

2.2 Land-atmosphere interaction

Land, atmosphere interact with each other through energy, mass, and momentum

exchanges. These interactions regulate climate variability and influence climate changes
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at the regional scale. Among all of the factors, vegetation and crop are the keys
component in the land surface-atmosphere coupling (de Noblet-Ducoudré et al., 2012).
Vegetation interacts with and influences the atmosphere. It controls the rate of moisture
exchange from the soil to the atmosphere through evapotranspiration, regulates surface
radiation and temperature through surface albedo and ratio of latent to sensible heat, and
influences vertical mixing and turbulence due to roughness length. On the other hand,
atmospheric fields (i.e. temperature, precipitation, cloudiness, and CO> concentration)
feedback on vegetation distribution by modulating vegetation growth, mortality,
phenology and competition (Xue, et al., 1993; Wang, et al., 2000; Cox, et al., 2000;

Bonan, 2008; Swann, et al., 2010; Yu, et al., 2014; Swann, et al., 2015).

The significance of this research is to provide the analysis and contribution of vegetation
and crop ecosystem and their effect on the lifting condensation level (LCL) height and
precipitation event over West Africa. Land surface model process highly interactive with
atmosphere component (humidity, temperature, radiation and precipitation) and surface
hydrological process. The mechanism of atmosphere (formation of cloud and
precipitating system, mesoscale circulation) are strongly dependence of land surface
fluxes such as latent and sensible heat fluxes. These land surface fluxes are determined

by the vegetation and soil moisture storage.

Land cover change (LCC) through climate model can have an impact on the regional
climate simulation, changing energy available between surface fluxes (latent and sensible
heat fluxes), through change of precipitation distribution between evapotranspiration and
runoff. The observed change is due to land surface parameters which in turn can induced
modification in atmosphere, which response back on land surface and energy fluxes
(Zhao et al. 2001). Several relevant research have shown that changes in the sequence of

vegetation can have a strong impact on the regional climate by distributing sensible and
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latent heat fluxes. Others research also show the importance of vegetation in soil moisture
and the role of soil moisture as an important source in forecasting rainfall. Vegetation
may regulate the quantity of soil moisture at the surface, and enhanced vegetation
depletes more soil moisture over time and this the process continue (Wang et al. 2009).
After rain event, water last long for evaporation on a vegetated surface than on bare soil.
Vegetation land unit affect the variability of soil moisture, and this is claimed to be
evidence for a potential feedback between vegetation enhancement and cloud formation

(De Ridder 1998; Mahmood et al. 2011).

West Africa (WA) is the most affected by the risk of climate change disruption (drought
and flood), and experienced a decreased of precipitation following with a severe drought
during the last 70s -80s severe drought. Agriculture in WA is primarily rainfed, and there
is the need to understand the regional climate variation and future change impact and
found the best adaptation strategic for mitigation (Yu et al. 2015). Most research work
have showed that be said sea surface temperature which strongly influence rainfall
variability over Sub-Sahara Africa (SSA), we have land surface properties and processes
comprised vegetation conditions and dynamics (Nicholson 2013). Land-atmosphere
interact between each other through climate by controlling vegetation modification abd
dynamic and through vegetation through biogeophysical and biochemical processes by
modifying surface albedo, roughness length Bowen ratio (Bonan 2008; Swann et al.

2012).

Change on land surface characteristic through clearing and deforestation affect moisture
phase. Its change albedo, surface roughness and canopy resistance. As the result, land
surface energy elements are then being reallocated and change in the partition of latent
and sensible heat fluxes which will impact the boundary layer formation and the vertical

transport in the atmosphere of heat and water vapour (Xinmei and Lyons 1995). Cloud
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may form earlier over region with hight sensible heat flux (Rabin et al. 1990; lyons et al.
1993). Vegetation cleaning through deforestation and desertification sensitivity could
induced to increase of albedo and decreased of precipitation in the region of WA (Charney
1975; Xue and Shukla 1993). The mechanism of cloud formation appeared earlier over
the regions characterised by highest level of sensible heat flux (Rabin et al. 1990; Lyons
etal. 1993). Land cover changes through land clearing induised change in the land surface
energy balance by increasing sensible heat flux and decreasing latent heat flux. The
decrease in latent heat flux attenuates the availability of moisture and leads to a decrease
in the maximum available convective potential energy, which in turn leads to a decrease
in total amount of seasonal rainfall. However, in comparison of the above statement, the
increased of sensible heat flux increased land cover change surface temperature and by
elevating planetary boundary layer height and enhanced levels of free convection and
raised condensation, and transporting more water vapor into the atmosphere over the land
modification surface (crop land, city areas) increasing the occurrence and the magnitude

of extreme precipitation.

Abiodun et al. (2008) founding showed that both deforestation and desertification are
liable to strengthen the monsoon flux over West Africa. However, Zheng and Eltahir
(1998) highlighted that coastal areas deforestation over West Africa may result to the loss
of monsoon flows but that desertification between the Sahara and West Africa has a minor
impact on regional rainfall. Hoffmann and Jackson (2000) argued that the switch from
savannah to grassland in the Sahel induces a warmer climate with an unimportant
decrease in precipitation. According to Taylor et al. (2002), expansion of forest
conversion to cropland projected during the last four decade has led to a decline in rainfall

linked with a delay in the onset of the wet season peak in July.
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Cropland ecosystems impact on land-atmosphere interactions and atmospheric boundary
layer (ABL) processes has been assessed among a number of modelling studies.
McPherson and Stensrud (2005) assessed the influence of changing of vegetation to
winter wheat on the ABL trend. The result show that the enhanced value of latent heat
flux and atmospheric moisture close to surface drive a less deep ABL. Tsvetsinskaya et
al. (2001) researchers reported that change from standard crop to specific crop generate
a difference in the simulation of turbulent het fluxes, which leads to changes in
temperature, humidity, winds and precipitation. Levis et al. (2012) evaluated the impact
of crop activities in land surface energy fluxes simulation and found that change in heat
fluxes produce changes in precipitation. A number of modelling studies of the effects of
land-use change on the hydrological and energy cycles have been developed, most of
which deal with the conversion of natural landscapes to cropland. Bounoua et al (2002)
studied landscape transformation caused by human conversion of large areas of forest
and grassland, and found canopy cooling of as much as 0.7°C in summer because of
enhanced latent heat flux from plants, and as much as 1.1°C in winter because of
enhanced albedo. Diffenbaugh (2009) found statistically significant warm season
cooling, due to changes in both surface moisture and surface albedo, in areas of
crop/mixed cropping replacing shortgrass and interrupted woodland, and in areas of
irrigation cropping. Mishra et al. (2010) found that complete conversion of forest to
cropland reduced mean annual net radiation and sensible heat fluxes, partly due to the
large effect of increased snow albedo in winter and spring. Although latent heat flux

increased in summer, forest to cropland conversion also reduced annual ET.

The lifting condensation level (LCL) is defined as the height at which an air parcel get
saturated when lifted adiabatically (Romps 2017, Wei et al. 2021). LCL has been used to

estimated and predict the boundary layer of cloud cover level, precipitation
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parametrization and convection in climate and weather models, and atmosphere dynamic
interpretation (Romps 2017; Atreya et al. 2006). The cloud base or the base of the cloud
is the height of the lowest visible part of the cloud. The LCL height has therefore been
broadly used in the investigation of land-atmospheric coupling because its provides a
good estimation of the average cloud base height and is an indicator of the probability of
precipitation (Betts, 2009). Pass research funding showed that LCL height is mostly
positively correlated with land surface sensible heat flux (SH) and temperature at 2 m and
negatively correlated with precipitation rate, cloud albedo, soil moisture, surface relative
humidity, evaporative fraction (EF), and latent heat flux (LH) (Betts 2009; Wei et al.

2021).

Numerous analytical, but approximate, expressions have been proposed for the height of
the rising condensation level (LCL), including the widely used expressions of Espy,
Bolton and Lawrence. Some previous LCL expression have been express and may have
uncertainties of hundreds or thousands of meters. Romps have derive the accurate,
expressive analytical expression of LCL of a parcel of air which is a function of of its
temperature, relative humidity and surface pressure. While these studies provided many
useful insight of the effect of land surface fluxes on the LCL height and precipitation
event on large regional-scale processes, there have been few studies that assessed the
capabilities of land surface models in simulating energy partitioning over VLU and CLU

and compare their respective effect on ABLs and precipitation event over West Africa.

In this study, we evaluated the influence of crop, pristine vegetation and urban land cover
interaction on the atmospheric condition (atmospheric boundary layer, precipitation
events) over West Africa. We firstly evaluate the relationship between land surface fluxes
and LCL height from CLU and assesses their influence on ABL and precipitation event,.

In second part, we assess the relationship between of land surfaces fluxes and LCL height
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over pristine vegetation land unit (VLU) and evaluated the their influence on ABL and
precipitation event. At the end, we compare both the influence from both land unit and
evaluate the most affecting ABL and precipitation event over West Africa using eCLM

land surface model.

2.3 Impact of climate change on rice production

2.3.1 Climate change in Cote d’Ivoire

Climate change is an important issue for Cote d'Ivoire, and its vulnerability is among the
highest in the world (World Bank 2018). A number of changes in the national climate
have already been observed, such as lower and more erratic rainfall, shorter rainy seasons
and a temperature increase of 0.5°C since the 1980s. An average temperature increase of
2°C across the country is projected by 2050, along with rainfall variability and a 30cm
sea level rise along the country's coastline (World Bank, 2018). Cote d'Ivoire is one of
the countries in the West Africa region. A region particularly vulnerable to climate
variability and change, where a significant part of the population and crop production is
concentrated (43% of the population and 53% of the area under cereals, roots and tubers;
FAOSTAT). Rainfall in Cote d'Ivoire is dependent on the West African Monsoon (WAM),
which originates in the Gulf of Guinea region. The WAM shows significant variability
on interannual and interdecadal time scales: the long-term, large-scale drought of the
1970s and 1980s (Dai et al., 2004) and was considered the most extreme regional climate
indicator in terms of precipitation in the middle of the last century (Trenberth et al., 2007).
Such variability in WAM has a huge impact on the local population by highlighting their
vulnerability to possible future negative changes in WAM in the context of global climate

change (Roudier et al., 2011).
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2.3.2 Crop models and model simulation

Predicting the potential impacts of climate change on crop yields requires a model that
shows how crops will respond to future climate conditions due to natural factors and
anthropogenic activities in climate change, such as the frequency of extreme
temperatures, possible changes in mean precipitation, seasonal and temporal distribution,
and warmer temperatures (Sultan and Gaetani, 2016). According to World Bank statistics
published in 2008, crop yields are highly sensitive to climate variability, as 96% of all
agricultural land is predominantly rain-fed. Therefore, with the widespread expansion of
crop model applications, model performance and assessment need to be appropriately
adjusted to increase confidence and reduce uncertainty in model simulations (Angulo et
al., 2013). Crop simulation models take into account the complex relationships between
weather, soil and management to assess and predict crop performance (Holzworth et al.,

2014).

The setup of the application of crop growth models is mainly determined by the efficiency
of the different parameters. Besides the fact that some parameters are difficult and hard
to measure directly, the use of optimisation algorithms for parameter calibration is mostly
required (Archontoulis et al., 2014ab; Kamali et al., 2018; Liu et al., 2019). Model
calibration has mostly been applied to crop production by researchers in different ways
(Ebrahimi-Mollabashi et al., 2019; Choruma et al., 2019; Bahri et al., 2019; Ahmed et al.,
2016; Amarasingha et al., 2015a; Archontoulis et al., 2014a, 2014b; Bado et al., (2010);
Gaydon et al., 2017a, 2017b, Fernando et al., 2015; Hammer et al., 2005; Bouman et al.,

2001).

The Agricultural Production Systems Simulator (APSIM) model has been extensively
parameterised, calibrated and validated in different environments and management

conditions (Amarasingha et al., 2015). The APSIM model is a useful tool for assessing
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the performance of cropping systems under different conditions and for improving water
productivity (Katerji et al., 2013; Amarasingha et al., 2015). It is based on mathematical
representations of real systems and, like other crop models, provides an efficient way to
learn difficult biophysical systems (Holzworth et al., 2011). However, little or no work
has been done using the coupled model (APSIM-ORYZA) to calibrate, validate and
simulate rice production and yield under West African conditions, and also to establish a
model simulation approach for different alternative management practices to mitigate the

effects of climate change on crop yield.

2.3.3 Representative Concentration Pathways (RCPs)

The climate research community uses socio-economic and emissions scenarios to provide
plausible descriptions of how the future might unfold with respect to a range of variables,
including socio-economic change, technological change, energy and land use, and
emissions of greenhouse gases and air pollutants. They provide input to climate models
and underpin the assessment of potential climate impacts, mitigation options and
associated costs (Van Vuuren et al., 2011). The scenarios provide a range of decision
options for governments and other institutions around the world. Policy choices based on
risk and values will help determine the way forward. The Fifth Assessment Report (ARS)
of the Intergovernmental Panel on Climate Change (IPCC) introduced a new
methodology for developing scenarios. These scenarios, called Representative
Concentration Pathways (RCPs), cover the range of plausible radiative forcing scenarios
(Jubb 2013). RCPs are concentration trajectories used in the IPCC's 5th Assessment
Report. They have prescribed trajectories for greenhouse gas and aerosol concentrations,
as well as land use change, that are consistent with a set of general climate outcomes used
by the climate modelling community. The trajectories are characterised by radiative

forcing at the end of the 21st century. Radiative forcing is the additional heat trapped in
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the lower atmosphere by additional greenhouse gases, measured in watts per square metre
(W/m?). The complexity of possible future human emissions has been reduced to four
representative pathways (Jubb 2013). RCPs include the effects of atmospheric
concentrations of carbon dioxide and other greenhouse gases and aerosols. The time

period covered by RCPs is 1850-2100.

The RCPs represent a broader range of scenarios in the research literature. They include
a very low mitigation scenario (RCP 2.6), two intermediate stabilisation scenarios
(RCP4.5 and RCP6) and a very high reference emissions scenario (RCP 8.5). RCP 2.6 is
the most ambitious. It envisages an early peak in emissions, followed by a decline due to
the active removal of carbon dioxide from the atmosphere. This pathway is also referred
to as RCP3PD (representing a peak radiative forcing of ~3W/m? by mid-century, followed
by a decline). RCP 2.6 requires early participation by all major emitters, including those
in developing countries. It has no equivalent in the IPCC AR4 (Moss et al., 2008; Jubb
2013). Table has been proposed for projections of global warming for the mid and late
21st century (2046-2065 and 2081-2100, respectively). For these projections, it is
proposed that temperature projections can be compared to a reference period of 1850-
1900 or 1980-99 by adding 0.61 or 0.11°C respectively. Under all RCPs, global mean
temperature is projected to increase by between 0.3 and 4.8°C by the end of the 21st
century, while global mean sea level is projected to rise by between 0.26 and 0.82 m

(Table 2:1).

2.3.4 Global and Regional Climate Models

Impacts of climate change will be far-reaching, and will largely be driven by natural and
human-induced interactions that affect atmospheric and oceanic natural processes (IPCC,
2014). Many factors, including the land surface, polar ice sheets and the sun, determine

global climate conditions. It is therefore imperative to develop computer programmes
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that can collect, store and use adequate data to simulate these complex processes. The use
of climate models is well established for assessing the impacts of climate change and
variability. In many applications, due to the different responses/sensitivities of different
GCM types combinations of multiple general circulation models (GCMs) are used to

complement climate predictions (Chokkavarapu and Mandla, 2019).

Downscaling is an alternative way to assess climate variability at local scales, as climate
models struggle to simulate climate variability at finer resolutions for local applications
(Roux et al., 2018). There are two main methods of downscaling, namely dynamic
downscaling and statistical downscaling. In dynamic downscaling, the results of the
GCMs are used through the lateral boundary conditions of the regional climate models
(RCMs) for a larger area down to a specific area of interest. However, dynamic
downscaling is computationally intensive and costly (Schmidli et al., 2007). Statistical
downscaling involves projecting the local climate into a process that links global and
local scale parameters (Gudmundsson et al., 2012). Gutmann et al. (2012) compared
statistical and dynamical downscaling and identified some uncertainties in using
statistical downscaling to project climate events. The use of statistical downscaling
approaches appears to be mandatory for precipitation prediction. The spatial coverage of
precipitation is improved when additional statistical downscaling methods are
considered. Thus, by comparing the main downscaling approaches, it is possible to
understand and select the appropriate method for a field analysis (Gutmann et al. 2012).
The Coordinated Regional Downscaling Experiment (CORDEX) has downscaled several
GCMs across fourteen domains. Many papers have used this CORDEX dataset to study
drought events (Diasso and Abiodun, 2015; Meque and Abiodun, 2015, Oguntunde et al,

2017), rainfall patterns in West Africa (Klutse et al, 2015), and the impacts of different
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levels of global warming in specific regions (Abiodun et al., 2018; Klutse et al., 2018;

Kumi and Abiodun, 2018).

In this study, the APSIM crop model was used to map the impacts of climate change in
Cote d'Ivoire. The output of the GCM was used to produce a surface feature to predict
climate in different time windows of future scenarios, spaced 30 years apart, including
2020, 2050 and 2080. The output produced daily weather data characteristic of the
changed climate. These were used to predict crop yields using the APSIM crop simulator
model. The rice simulation was performed with the combination of climate, soil and water
management types in the study window and compared yield distributions now and for

different future climate periods.

2.3.5 Bias Correction procedure

Climate models typically produce incorrect representations of observed time series,
necessitating the use of bias correction methods (Teutschbein and Seibert 2012). Bias
correction methods use a processing algorithm to correct RCM outputs. The basic idea
and rationale for correcting the baseline and control RCM series is to identify possible
biases between observed and simulated climate variables. The Climate Model Data for
Hydrological Modelling (Cmhyd) tool was used in this study to perform the bias
correction of the climate data (Yeboah et al., 2022). The observed climate variables
(precipitation and minimum and maximum temperature) are stored in text files in the
same directory. The observation files contain the start date of the time series, the number
of daily records and the location files contain lat/long, altitude and the name of the file in
the folder. Metadata from a netCDF file is used by a model to identify climate model grid
cells above a station location. The model then converts the temperature and precipitation
data into degrees Celsius and millimetres of rainfall respectively. CMHyd pre-processes

the data prior to bias correction. The observed and modelled historical data are then
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Table 2:1. Global warming (°C) and sea level (m) increase projections with four global
radiative forcing pathways from greenhouse gas emissions from human activities, with
radiative forcing of 2.6, 4.5, 6.0 and 8.5 W/m? by 2100. The corresponding respective
greenhouse gas concentrations in the year 2100 are equivalent to 490, 650, 850 and more

than 1370 parts per million (ppm) carbon dioxide.

RCPs Global warming increase Global sea level

(0C) increase (m)

Radiati Atmospheric CO2 20462065 2081-2100 20462065  2081—
ve equivalent (parts per 2100

forcing million)

Mean (likely range) Mean (likely range)

2.6 490 1.0(0.4t0 1.0(03t0 0.24(0.17 0.40(0.26
1.6) 1.7) 00.32)  t00.55)
45 650 14(09t0 1.8(1.1to 0.26(0.19 0.47(0.32
2.0) 2.6) t00.33) 10 0.63)
6 850 13(0.8t0 22(1.4to 025(0.18 0.48(0.33
1.8) 3.1) t00.32) 10 0.63)
8.5 >1370 20(14t0 3.7(2.6t0 0.30(0.22 0.63(0.45
2.6) 4.8) t00.38)  t00.82)

Source IGBP. http://www.igbp.net/down-
load/18.1b8ae20512dbh692f2a680007120/NL75 one-planet.pdf
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compared to assess performance. Delays for observed and historical data are then

superimposed (Yeboah et al., 2022).

2.3.6 Bias correction Methods

Eight correction methods available in the CMhyd tool were analysed against the raw
RCM data. These included linear scaling (multiplicative and additive), delta change
correction (multiplicative and additive), local intensity scaling of precipitation, power
transformation of precipitation, variance scaling of temperature and distribution mapping
of precipitation and temperature. In this study, after the use of the 8 bias methods, only
the delta change correction method was the best performing method. These methods are
listed in Table 2:2. Bias correction for precipitation and temperatures (Table 2:2) and

further details are given in the following sections.

2.3.6.1 Linear Scaling (LS) of Precipitation and Temperature

The LS methods consist of a permanent correction factor that is evaluated by the
difference between the original RCM simulation and the observed. The aim is to have a
perfect adjustment of the climate factors in the addition of the monthly means. For
rainfall, the ratio of the long-term mean of the observed monthly rainfall ratios to that of
the RCM simulated monthly rainfall ratios was defined and used for multiplying the

simulated daily rainfall of the correction month (Egs. 2.1 & 2.2; Lenderink et al. 2007).

Pobs(m
Pcon,cor(d):Pcon(d)X Pconim; (qu.l),
_ Pobs(m)
Psec,cor(d)_Psec(d)>< Peon(m) (Eq22)

Peon,cor(ay 18 defined as the corrected daily precipitation, Psec cor(a) 1S the unchanging

future periods; Pcon(a) is the uncorrected daily precipitation in the equivalent month,
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Psec(ay 1s identic during the future periods; P,psam)is defined as the observed monthly
mean precipitation in the equivalent month during the checking dated; Peop(m) is defined

as the as the simulated monthly mean precipitation in the equivalent monthly during the

future period.

However, for temperature time series, the difference between the long-term mean of the
observed monthly temperature, and the one of the RCM simulations was defined as an
addition term and then was added to the simulated daily temperature of the corresponding

month (Eq 2.3 &2.4; Lenderink et al. 2007).

Tcon,cor(d):Tcon(d)dl_(Tobs(m) - Tcon(m)) (Eq23),

Tsec,cor(d):Tsec(d)dl_(Tobs(m) - Tcon(m)) (Eq2 4)

Where, Tcon,coray 18 the corrected daily temperature in the corresponding month during
the control period; Tsec cor(a)dowel unchanged during the future period; T¢on(q)is defined
as the raw daily temperature in the equivalent month throughout the checking period;
Tsec(aydowel the same throughout the future period; m is the observed monthly
mean temperature in the corresponding month during the control period; w is the

simulated monthly mean temperature through the equivalent month during the future

period.

2.3.6.2 Local Intensity Scaling (LOCI) of Precipitation

To further adjust the wet day frequencies, the LOCI method was developed using a wet
day threshold. Since light rain days are often recorded in the original RCM outputs, this
approach aims to eliminate the light rain effect. The scaling factor Sm is calculated to
confirm that the mean of the corrected precipitation is equal to the observed precipitation.

This is in accordance with the method and equation (5 to 9; Luo et al. 2018).
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2.3.6.3 Power Transformation (PT) of precipitation

The LS method, also known as power PT (Zhang et al. 2018), corrects the mean and
dispersion of the rainfall series using the exponential Pb. The LS method is based on the
assumption that the mean and dispersion of the rainfall series are the same. The standard
deviation of the RCM simulations is further adjusted with this method. First, the monthly
mean precipitation was the same between the RCM simulated and observed precipitation
time series (Teutschbein and Seibert 2012; Zhang et al. 2018), and the scaling factor bm
was calculated to make the RCM variance coefficient equal to that of the observations on

a monthly basis (Eq. 10; Zhang et al. 2018).

2.3.6.4 Variance scaling (VARI) of temperature

However, due to the use of the power function (Teutschbein and Seibert 2012; Zhang et
al. 2018), PT, which is known as a method to correct both mean and variance, is limited
to precipitation time series. However, variational adjustment (VARI) techniques have
been applied to correct biases in temperature time series (Fang et al. 2015; Teutschbein

and Seibert 2012).

2.3.6.5 Delta-change correction of precipitation and temperature

Rather than using the RCM simulations of the future state directly, the delta change
method uses the RCM simulated future change as a perturbation to the observed data. For
a good assessment, the baseline climatology (observed data) cannot be used. The
observed time series is overlaid with monthly control and scenario simulations of the
future scenarios. Multiplicative correction is used for precipitation (Equations 27 & 28;
Teutschbein and Seibert 2012), and additive correction for temperature (Equations 29 &

30; Teutschbein and Seibert 2012).
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2.3.6.6 Distribution Mapping (DM) of Precipitation and Temperature

The distribution function of RCM values in feet is corrected with the observed
distribution function using the DM method. DM assumes that RCMs and observed
climate variables follow a certain frequency distributions (Luo et al. 2018). Typically,
two transfer functions suitable for climate data are the gamma and Gaussian distributions
for precipitation and temperature, respectively. For precipitation, the cumulative
probability of simulated precipitation was determined by first specifying a random
precipitation intensity. Next, corrected rainfall values were chosen according to
cumulated probabilities (Zhang et al. 2018). For temperature, the cumulative probability
of simulated temperature was determined and the corrected temperature value was

selected based on the probability (Zhang et al. 2018).

2.3.7 Rice for food security

Rice is a staple food essential to the food security of more than half the world's
population. World rice production is expected to increase by 58 to 567 million tonnes
(Mt) by 2030 (Mohidem et al., 2022). Rice contains a significant number of calories and
a wide range of essential vitamins, minerals, and other nutritional values (Mohidem et
al., 2022). Thus, it providing more than 21% of human caloric needs and up to 76% of
the caloric diet of people in South East Asia (Zhao et al., 2020). Between 1994 and 2019,
world rice production has increased, as shown in Figure 2.4 (FAOSTAT 2021). The
United States Department of Agriculture (USDA) (USDA 2022) reports that primary rice
production in 2020/2021 is 148.30 million tonnes (Mt) in China, in Africa, Nigeria with
5.04 Mt of production. Figure 2.5 shows rice and paddy production (average 1994-2019).
Asia produces 90.6% of the world's rice, making it the world's largest producer
(Bandumula 2018; FAOSTAT 2021). According to the OECD-FAO (2021), rice

consumption is expected to increase significantly in Africa, while remaining stable or
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decreasing in all other regions. Future demand for rice will be driven mainly by Africa,
due to a combination of population growth, dietary changes and improved yields from
existing land (intensification) (Van Oort et al., 2015). Cote d’Ivoire is one of the West
Africa countries more depend of rice consumption. Rice paddy production is estimated
to 1.09 Mt in 2020/2021. With climate change effect, the projected rice production is
expect to decrease. This study assess the impact of climate change on farmers production

and advise some alternative management practices to face this climate change challenges.
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Table 2:2. Bias correction for precipitation and temperatures

Bias correction for precipitation

Bias correction for Temperature

linear scaling (LS)
Delta change correction (DCC)
Precipitation local intensity scaling
Power transformation (PT)

Distribution mapping (DM)

linear scaling (LS)
Variance scaling (VARI)
Delta change correction (DCC)
Distribution mapping (DM)

Source : Yeboah et al. (2021)
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Figure 2.4. Production/yield quantities of rice paddy in the world (1994-2019) (FAOSTAT 2021)
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Chapter Three

3.0 Materials and Methods
3.1 Study area

The study area, West Africa (WA), lies roughly between longitudes 200 W and 200 E and
latitudes 0° and 20° N (Figure 3.1). The region of the WA domain is divided into three
climate zones: the Guinean (4°N-8°N), Sudanese (8°N-11°N) and Sahelian (11°N-16°N)
(Abiodoun et al. 2012; Akinsanola et al. 2015). These three climate zones are spread over
11 countries (Benin, Burkina Faso, Cote d'Ivoire, Gambia, Ghana, Guinea, Mali, Niger,
Senegal and Togo). Following a trend of decreasing rainfall from south to north, there is
a progressive transition from forest, woodland, savanna woodland and savanna grassland
to semi-desert grassland. The vegetation cover decreases with decreasing rainfall and the
vegetation becomes smaller. The 10 selected eddy covariance sites (Table 3:1) cover two
distinct ecological zones, 'Sahelian' and 'Sudanian', which differ mainly in the amount of
rainfall and the length of the dry season. The Sudanian zone covers about 1.7 million km?
and 1is cooler with 22-29 °C and wetter with 600-1200 mm/year, and the Sahelian zone
covers about 1.3 million km2 with average annual temperatures between 25 and 31 °C
and annual rainfall between 150 and 600 mm/year. The dry season lasts about four to
seven months, with maximum monthly rainfall around August (Rahimi et al. 2021). The
Guinean zone is characterised by a double rainy season under the intertropical

discontinuity (ITD) effect (Quenum et al. 2019).

Data for model calibration and validation were collected at the AfricaRice Research
Centre, 35 km from the city of Bouake North-West, where on-farm experiments were
conducted in two irrigated rice systems in 22 fields under continuous flooding from
March to June 2019. The 22 fields comprised two sites. 14 fields in Mbe (7°53'58"" N,

503'33" W) for model calibration and 8 fields in Lokapli (7°51'47" N, 5°3'35"” W) for
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model validation. The two lowland rice sites are 5 km apart and are located in the Guinean
savannah zone. The Mbe site and the Lokapli site are different in terms of fictional
perspective and level of development. The Mbe site was poorly developed, while the
Lokapli lowland site was moderately developed, with improved irrigation and drainage
control on the plots. At both sites, surface water from the upstream dam was conveyed
by gravity to the main and secondary canals through which water was directed to the
fields selected for the study. In addition, small bunds were constructed to retain water and
limit surface runoff (Dossou-Yovo and Saito, 2021). The climate of the study area is
tropical with two dry seasons, the first from July to August and the second from
November to March, and two rainy seasons from April to June and September to October
(Dossou-Yovo and Saito, 2021). Bouake (Mbe and Lokapli sites) received an average
minimum (min) and maximum (max) air temperature (T) and solar radiation (SolR)

during the 2019 (Figure 3.2) growing season and within the 2015-2020 mid-range period.

3.2  Study datasets

3.2.1 Land surface model dataset

Observational data sets provide the atmospheric forcing required by the eCLM model.
The Global Soil Wetness Project (GSWP) version 3 is the forcing provided by the model.
For our study, the GSWP3 dataset has a spatial resolution of 0.5° x 0.5° and a temporal

resolution of 3 hourly lateral boundary conditions.

Table 3:2 shows the forcing data injected into the atmosphere. In the GSWP3 dataset,
fluxes are provided at 3 hourly intervals. The data atmosphere model linearly interpolates
these fields at the model time step. The land model is forced with the current atmospheric
state at the given time step. In our study cases, 2000 to 2014 are the time periods provided

to the model. Two parameters, the soil and vegetation data, characterise the land surface
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flux data sets. The effect of different physical parameterisations on the coupling between
the LCL and the land surface fluxes over the study area can be quantified from the

simulation results (
Table 3:2).

The model results were validated against different sets of observed eddy covariance data
from three sites, two in Ghana and one in Burkina Faso, and against ERAS5-Land. ERAS-
Land is a reanalysis dataset that provides a consistent view of land variable evolution
over decades with improved resolution compared to ERAS. The resolution of the dataset
is 0.1° x 0.1°, the native resolution is 9 km and the temporal resolution is monthly. The

study area is West Africa. It covers the period 2000-2014.

3.2.2 Observational Data

Half-hourly observed sensible (H) and latent heat fluxes (LE) for 2013 were determined
using eddy covariance (EC) technique, and meteorological data of air temperature (oC),
surface pressure (hPa), rainfall intensity (mm h™'), incoming solar radiation (W m2),
outgoing longwave radiation (W m2), specific humidity (g kg ') were also obtained from
the EC site and were available between January and December 2013 (Quansah et al.,
2017). We also estimate relative humidity as required by the method of Rompt (2017) for
LCL expression. The observe data and ERAS5 land data set were used to evaluate the

simulation output.

For crop simulation scenarios, climate data include daily maximum and minimum
temperature and daily precipitation from 1980 to 2020, collected by the AfricaRice station

at Mbe, Bouake, Cote d'Ivoire.
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Table 3:1. Characteristic of the selected site modify and adopted from Rahimi et al (2021)

EC Site name Country Lat; Lon Zone Ecosystem Type of land cover
Agoufou Mali 15.34°N,  Sahelian, Open Grass, grazed
01.48°- W grass grassland
dominated  with sparse
shrubs
Kelma Mali  15.22° N,  Sahelian, Seasonally  Trees and grass
01.57- W grass flooded
dominated open
woodland
Wankama Niger 13.65°N, Sahelian, Fallow land Grass
02.63° E grass with bushes
dominated
Bellefoungou  Benin Sudanian Protected Trees and grass
9.79° N, tree—shrub,  woodland
01.72° E  dominated
Bontioli Burkina 10.88°N,  Sudanian  Grassland/S Grass
Faso  03.07° W tree—shrub, hrubland
dominated
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Kayoro

Nalohou

Nazinga

Niakhar

Sumbrungu

Ghana

Benin

Burkina

Faso

Senegal

Ghana

10.92- N,

01.32W

9.74- N,

01.61- E

11.15° N,

01.58- W

14.50° N,

16.45- W

10.85° N,

00.92- W

Sudanian,

cultivated

Sudanian,

cultivated

Sudanian,
tree—shrub

dominated

Sudanian,

cultivated

Sudanian,
grass

dominated

Cultivated Agriculture
land (sorghum, peanut,
millet)
Cultivated Agriculture
savanna (maize, Cassava,
sorghum, peanut)
Pristine Trees and grass
woody
savanna
Cultivated Agriculture
land (peanut, millet)
Savanna Grass, grazed
grassland
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Table 3:2. Land and meteorological forcing used for the historical simulation of GSWP3

Variable and units

Description

RH (%)

THBOT (°C)

QBOT (kg/kg)

Psurf (Pa)

FSH G (W/m*2)

EFLX_LH TOT (W/m"2)

Rain (mm/s)

FSDS (W/m"2)

TG (°C)

TSA (°C)

TSOI (°C)

Tair (°C)

atmospheric relative humidity

atmospheric air potential temperature

atmospheric specific humidity

atmospheric pressure at surface

sensible heat from ground

total latent heat flux

atmospheric rain, after rain

atmospheric incident solar radiation

ground temperature

2m air temperature

soil temperature

atmospheric air temperature

Source : Compo et al. (2011)
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3.3  Methods

3.3.1 Couple land surface and LCL processing

3.3.1.1 Lifting Condensation Level (LCL) height expression

The model used in this study is the re-engineered Community Land Model (eCLM).
eCLM is a land component model of the Community Land Model Version 5 (CLM5).
eCLM has the same modelling capabilities as CLM5. The latest updated version of the
CLM has incorporated some changes such as soil and plant hydrology, snow density,
river modelling, carbon and nitrogen cycling and coupling, and crop modelling with a
more comprehensive and explicit representation of land use and land cover change. In
addition to its power, eCLM uses a much "leaner" script to build and run a model. What
makes eCLM better and more useful is the ability of users to design their own workflows
(i.e. write their own scripts) for building and running a model, as opposed to CLM5 which
uses more sophisticated tools to do the same job. eCLM models include mechanistic for-
mulations of physical, biophysical and biogeochemical processes that simulate land sur-
face radiation, heat, water and carbon fluxes in response to climate forcing. However, the
biophysical processes of vegetation interact strongly with the land component. The
ECLM of CLM5 describes the interactive physical, chemical and biological processes
between the terrestrial ecosystem and the climate. A nested subgrid architecture is used
to represent the spatial variability of the land surface, including five land units (glacier,
lake, urban, vegetation and crop), soil/snow columns and 16 plant functional types
(PFTs). Fifteen soil layers and up to five snow layers are defined. Biogeophysical and

biogeochemical mechanisms in the terrestrial ecosystem are considered.

eCLM features a hierarchical data structure in each grid cell, and spatial land surface
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heterogeneity in eCLM is compose of different land unites, and land unit can have dif-
ferent columns and each columns a different or multiple plant functional types (PFTs). In
our study, we consider, three land unit (\VVegetation, crop and default PFT). Default is
defined as a composed of different classis (built-up/urban, vegetation, cropland, tree

cover, mangroves, bare soil, shrubland, grassland, wetland).

Vegetated surfaces are composed of up to 15 possible plant functional types (PFTSs), in-
cluding bare ground. On the surface dataset, vegetation is referenced to the percentage
natural vegetation index (PCT_NAT_VEG). Each PFT type differs in leaf and stem op-
tical properties, which control reflection, transmission and uptake of solar radiation; root
allocation parameters, which control soil water uptake; aerodynamic properties, which
control resistance to heat, moisture and kinetic energy transfer; and photosynthetic prop-

erties, which control stomatal resistance, photosynthesis and transpiration.

The crop functional type is represented by the crop percentage (PCT_CROP). To allow
crops to coexist with natural vegetation in a grid cell, the vegetated land unit is divided
into a natural vegetation land unit and a managed crop land unit.The eLCM model in-
cludes eight actively managed crop types (PFTs) (temperate soybean, tropical soybean,
temperate maize, tropical maize, spring wheat, cotton, rice and sugarcane), which were
selected based on the AgroIBIS algorithms (Dirmeyer 2015; Levis et al., 2016). However,
the default PFTs that included vegetation, crop, and urban PFTs in the CLM included a
managed irrigated and non-irrigated crop C3, which is considered to be grass. The default
list of crop types includes twenty-three non-functional crop types that are not associated
with the required active management parameters. They are simulated using the parame-
ters of the closest crop types similar to the PFTs required to maintain close phenological

parameters based on temperature cut-offs.

To compare the lifting condensation level (LCL) high over the different land cover
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changes (default, vegetation and crop land units) and to assess the impact on ABL and
precipitation event over West Africa, an algorithm was written to run the surface data set
used for the model simulation. The script written to compute each case is made to main-
tain urban land unit (PCT_Urban) constant for the three cases while vegetation percent-
age (PCT_NAT_VEG) or forest are made to be zero percent at each iteration to obtain
vegetation case or cropland units (PCT_CROP) are made to be zero percent at each iter-
ation to obtain crop case during eCLM simulation over West Africa. The default case
(PCT_DEFAULT) is defined by leaving each land unit as default. This means that the

grid cell is equal to the sum of the urban and the specific land unit.
G =PCT_URBAN + PCT_NAT_VEG + PCT_CROP =100% (Eq 3.1)
G =PCT_URBAN + 0 + PCT_CROP = 100% (Eq 3.2)
G = PCT_URBAN + PCT_NAT_VEG + 0 = 100% (Eq 3.3)
where G is the land unit grid cell for the specific case, Crop takes the value zero when

running the vegetation land cover surface dataset cases, and vegetation is assigned the

value zero when running the crop land cover dataset cases.

3.3.1.2 eCLM Model Simulation

A 30-year historical forcing dataset (1979-2010) was simulated by both CLM5 and
eCLM to assess the robustness of the model to adequately simulate the land-atmosphere
interaction. The simulation was performed based on the existing land use, land cover
component or plant functional type (PFT) in the CLM5 model by running the simulation
with eCML. Firstly, we evaluated the output of CML5 and eCLM (Table 3:4). Secondly,
we analyse the relationship between the lifting condensation level (LCL) height and the

land surface fluxes (RH, SH, LH and SR). The analysis will help to accurately constrain
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the atmosphere interaction simulations. The results from both the eCLM and CLM5 mod-
els show a good correlation with a correlation coefficient of 1 and PBIAS of -0.1 and 0.6
respectively at Kayero in Ghana and Nazinga in Burkina Faso, two sites randomly se-

lected for model evaluation.

3.3.1.3 LCL Height calculation

The lifting condensation level (LCL), i.e. the height of the cumulus cloud base, is closely
related to the dew point depression. However, the exact expression of the LCL height has
been a challenge for researchers over the last century. From the first equation given by
Espy (1836, p. 244) to Lawrence (2005) with a diagnosis of the LCL height consistency,
the air surface temperature at 2 m and the surface dew point temperature have been used.
For this study, we used the exact expression of the LCL of Romps (2017) with the

analytical saturation vapour pressure.

7102+ =2 (T4 T ) (Eq3.4);
T, oL =c[W-(RH!%ce®)] ' T, (Eq3.5)
Pyey =Py (Eq3.6);
a=§’—$+% (Eq3.7);
b R e (Eq3.8);
c=b/a (Eq3.9)

Where z; ¢, is the lifting condensation level (LCL) height, z is the parcel’s height in Eql,

T is the absolut temperature, RH;is the parcel’s relative humidity with respect to the
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liquide, which range from 0 to 1, ¢, /gis the inverse of the dry adiabatic lapse rate with
g=9,81 ms~ the gravitational acceleration and C,m 18 the specific heat capacity at constant

pressure, Rm 1s the air parcel’s specific gas constant. The subscript m denotes that these
are the appropriate values for moist air. Ry is the specific gas constant for water vapor, cvw
is the specific heat capacity of water vapor at constant volume, ¢, =c,,*R,is the specific
heat capacity of water vapor at constant pressure, cvi is the specific heat capacity of liquid
water, puip 18 the triple point vapor pressure, Tyip is the triple-point temperature, and Eoy
is the difference in specific internal energy between water vapor and liquid at the triple

point.

The LCL height level was calculated based on the three hourly data to identify the exact
parcel height of LCL and the exact correlation between each land cover unit on LCL
height. The couple between land surface fluxes and lifting condensation level height was
presented to identify the correlation of each land surface flux from each land unit on LCL
height. The Sahara region in northern West Africa, which is considered to be the hottest
desert on Earth, was excluded from our simulation post-processing. This was done due
to its arid conditions and mineral dust, which can significantly influence cloud formation
and consequently atmospheric circulation, rainfall and storm formation, and land surface
conditions (Pausata 2021). To avoid these effects and to assess the effect of the urban
land cover condition, vegetation (pristine vegetation/forest) and crop land cover on the

coupling between land surface and LCL, the Sahara region was removed.

3.3.2 Climate change datasets and emissions scenarios

3.3.2.1 Future climate data and climate scenarios
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While many climate change projections exist, we used future climate data (precipitation
and minimum and maximum temperatures) from the Coordinated Regional Climate
Downscaling Experiment (CORDEX) climate simulation experiments (Giorgi et al.
2009) to better understand and estimate future climate. Four forcing global climate
models (GCMs), including the Max Planck Institute for Meteorology Earth System
Model version 1.2 (MPI-ESM1.2) (Mauritsen et al. 2019), the Centre National de
Recherches Météorologiques (CNRM-CM5) (Voldoire et al. 2013), the Hadley Centre
Global Environmental Model Earth System (HadGEM2 -ES) (Jones et al. 2011), and the
GFDL NOAA Earth System Models (ESMs) (Dunne et al., 2020). In addition, we
consider two Representative Concentration Pathways (RCPs) emission scenarios, such as
RCPs (4.5 and 8.5). The RCM and RCP considered in this study were used in the Fifth
Assessment Report of the Intergovernmental Panel on Climate Changes (AR5, IPCC
2014). The future scenarios were divided into three different time frames with 30year
intervals, except for the first time window, which includes 2010 to 2040 (2020s), 2041 to
2070 (2050s) and 2071 to 2100 (2080s). RCP4.5 is a medium emissions scenario with
CO2 equivalent concentrations between 580 and 720 ppm in 2100, while RCP8.5 is
considered a high emissions scenario with CO2 equivalent concentrations above 1000

ppm in 2100 (Zhang et al., 2018).

3.3.2.2 Bias Correction procedure

To perform the bias correction of the climate data, the Climate Model data for
hydrological modelling (CMhyd) tool was used in this study (Rathjens et al., 2016;
Yeboah et al. 2022). CMHyd pre-processes the data before bias correction. The observed
and modelled historical data are then compared to assess performance. Delays for

observed and historical data are then superimposed. For this study, eight correction
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methods available in the CMhyd tool, including linear scaling (multiplicative and
additive), delta change correction (multiplicative and additive), local intensity scaling of
precipitation, power transformation of precipitation, variance scaling of temperature, and
distribution mapping of precipitation and temperature, were analysed and the output of

the bias correction was used for the crop simulation.

3.3.2.3 Change analysis and extreme indices

The observed time series, defined as the baseline periods (1980-2005), were compared
with the ensemble mean of the 4 model variables (precipitation, minimum and maximum
temperature). Absolute changes in precipitation (equations 3.9 to 3.14) and relative
changes in temperature were obtained for the periods 2020, 2050 and 2080 (Yeboah et al.

2022).

1

A2020 (020205 -Opase)  x 100 (Eq39) A2050 (020505  -Opase) *x 100 Eq310

ebase ebase

72080 Szoeos “Obase) * 100 po3 1y 2020 (020205 —Bbase) (EQ3.12),

ebase

A2050 (920505 _Hbase) (Eq3-13), A2080 (920805 _ebase) (Eq3.14)-

Where A is the relative or absolute change, 0 represents either precipitation or minimum
and maximum temperature and is based on the reference baseline periods (1980-2005).
The observed positive and negative changes are due to the increase and decrease of the

future periods (Yeboah et al. 2022).

3.3.2.4 Climate indices

This section presents some climate index methods used in the present work. For the

extreme indices, four indices of observed and future climate extremes are taken into
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account, including the Standardised Rainfall Index, which measures potential future
droughts, the total annual rainfall contribution of extremely wet days (R99pTOT), the
number of hot days (TX90p) and the number of warm nights (TN90p). ClimPACT2
software ( Alexander and Herold, 2016 ) was used to calculate the indices of extremes.

Table 5 provides a description of these indices.

3.3.2.5 Evaluation of Bias-Correction Methods

Different bias correction methods are used for precipitation and temperature, as
mentioned above. Frequency and time series statistics are used to evaluate the efficiency
of each bias correction method. We used four time series-based statistics: coefficient of
determination (R?), Nash-Sutcliffe coefficient (NSE), root mean square error (RMSE)
and percentage bias (PBIAS) to assess the accuracy of the bias-corrected model. We also
used mean, median, standard deviation (STD), coefficient of variation (CV) and 10th and
90th percentiles (X10, X90) as frequency-based statistics for both precipitation and
temperature (Table 3:3). For simplicity, only the results for March, corresponding to the
dry season, and August, corresponding to the wet season, are presented. The RMSE was
used as a goodness of fit technique to indicate the standard deviation of the model in
simulating the observed data. The model performs better when the RMSE is smaller. The
NSE ranges from - o to 1, with NSE values > 0.5 being satisfactory and NSE values >
0.7 being a very good fit (Nash and Sutcliffe, 1970). The PBIAS was used to assess
whether the model underestimated or overestimated the observed data. The model

becomes more accurate as the PBIAS approaches 0.
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Table 3:3. Temperature and Rainfall indices, definition used in this study: TX and TN are
temperature daily maximum and daily minimum respectively, and RR the daily

precipitation

Climate
Names Definitions Units
Indices

Contribution from
R99pTOT 100 * r199p / PCP %
extremely wet days

Percentage of days when
TX90p Amount of hot days %
TMAX > 90th percentile

Percentage of days when
TN90p Amount of warm nights %
TMIN > 90th percentile

Measure of “drought ” using

Standardized the Standardised Precipitation  unitles
SPI
Precipitation Index Index on time scales 12 S
months.

Source : http://www.wmo.int/pages/prog/wcp/ccl/opace/opaced/expertteam.php. Date of

access (January 2022)
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3.3.3 Crop simulation processing

3.3.3.1 APSIM-ORYZA for simulating adequately climate change impact on rice
production

For this study, APSIM version 7.10 was used to parameterise the APSIM-Oryza module
for the rice growing season on the 22 farmers' fields in 2019 for the rice variety most used
by the farmers (WITA9).The rice module in APSIM-Oryza was used to simulate rice
growth and yield under potential production, continuous flood water management and
limited fertiliser simulation over the study area in Cote d’Ivoire (Gaydon et al., 2017b).
The APSIM-Oryza simulation must interact with other APSIM components/modules
such as soil water, surface organic matter, irrigation, fertiliser and crop management to
simulate crop growth and yield. Rice growth, development (stage) and yield parameters

are used to parameterise APSIM-Oryza for yield assessment.

The Soil Water Model (SoilWat) module in APSIM is one of the two soil water
components available in APSIM and was used for model calibration. A daily water
balance was run in APSIM. Drainage and runoff, dry and wet season data, soil albedo and
soil water content (SWCON) were included in the modelling process. The soil parameters
obtained are shown in Table 3:5. In APSIM-Oryza, the soil nitrogen (SoilN) model was
used to simulate soil mineralisation, control, denitrification and urea hydrolysis. The
simulated soil organic matter (SOM) module is divided into different sub-modules
consisting of organic carbon (OC), the rapidly decomposing organic matter (BIOM), an
intermediate (HUM) and the stable organic decomposition pool (INERT). The rapidly
decomposing pool (FBIOM) is a separate sub-module that includes previous crop roots

and crop residues if they have been incorporated into the soil by tillage.
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Table 3:4 Validation of the robustness and accurate of eCLM Vs CLM5

Site Name R2 PBIAS NSE RMSE
Kayoro 1 0.1 0,99 80.10
Naziga 1 0.6 0.99 69.59
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Table 3:5. Soil properties for experiments conducted in the two sites and used in

simulation studies

Depth in cm (Lokakpli) Depth in cm (Mbe)
Soil Properties
0-10 10-20 20-30 0-10 10-20  20-30
EC (dS m-1) 0.2 0.3 0.3 0.23 0.2 0.2
pH 5.99 6.22 6.97 5.64 5.75 5.96
N (%) 0.039 0.037 0.027 0.039 0.037 0.027
Nitrate-N (mg kg-1) 38 38 38 38 38 38
P (mg kg-1) 15 15 15 15 15 15
K (mg kg-1) 14 14 14 14 14 14
Organic C (%) 3.62 2.26 1.51 2.82 3.02 2
Silt (%) 11 12 7 9 24 18
Sand (%) 46 64 77 56 49 53
Clay (%) 41 24 16 35 27 29
BD (g cm-3) 1.5 2 2 1.230 1.340 1.310
LL (cm3 cm-3) 0.145 0.232 0.29 0.275 0.243 0.282
very very humus- Humus, low non-
humusy, humusy, rich, silty- with ahumus, humus,
Soil texture
silty silty-sandy clay clay-silt  clay-silt clay
texture texture texture texture texture texture
DUL (cm3 cm-3) 0.313 0.299 0.334 0.4 0.4 0.4
SW (cm3 cm-3) 0.312 0.312 0.324 0.46 0.39 0.38
Ks (cm h-1) 0.004 0.002 0.003 2.51 1.16 1.87

Ks=Saturated hydraulic conductivity; EC= Electrical conductivity, LL: Soil lower limit

(Wilting point) and DUL.: Soil drain upper limit (Field Capacity), P = phosphorus, K =

Potassium, N = nitrogen, OC = organic carbon, BD = Bulk Density, SW = soil water .
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3.3.3.2 Crop phenology

Phenological parameters were derived from the time of plant establishment to flowering
and physiological maturity. The phenological parameters used were: development rate of
juvenile stage (DVRJ, °CdY), development rate of photoperiod sensitive stage (DVRI,
°Cd?), development rate of panicle stage (DVRP, °Cd™?) and development rate of
reproductive stage (DVRR, °Cd™?) as summarised in Table 8. Rice yield in APSIM-Oryza
is represented by output parameters such as total above-ground dry matter (WAGT,
kg/ha), storage organ dry weight (WSO) and raw rice dry weight (WRR, kg/ha). In this
research study, 10 parameters were considered out of the 20 basically considered in the
ORYZA initiative file (Tan et al. 2017). The description and variation of the changes of
these parameters are presented in Table 3:6. Most of the parameters not listed in the table
out of the 20 were obtained from the default values in the model file, especially leaf area

and partitioning factors.

3.3.3.3 Soil data

Soil characteristics were collected from the experimental plots at both sites (Mbe and
Lokapli). Soil data samples were collected prior to experimental planting. Per field, 12
single auger samples from 0-30 cm depth were mixed, air dried and sieved (2 mm) to
determine sand and clay content, pH and soil organic carbon. A pH meter (pH 2700;
Eutech Instruments Pte Ltd) was used to measure pH. Soil organic carbon was determined
by chronic acid digestion. Additional sol data and soil water content required by the
APSIM-Oryza model were calculated using the formula of (Saxton and Rawls, 2006) and

the methods of (Burk and Dalgliesh, 2012).

APSIM-Oryza was configured using the Soil Water Management module tool. The pa-

rameterisation of the soil water module uses sub-modules such as Crop Lower Limit
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(CLL) and Drained Upper Limit (DUL), which were calculated based on sand, clay and
bulk density (BD) values collected in the field. CLL was calculated using clay sand and
soil depth (Eg3.15), while DUL was calculated using sand, clay and bulk density (Eg3.16)
(Burk and Dalgliesh, 2012). Soil saturation (SAT) data are difficult to obtain and gener-
ally have to be calculated from total soil porosity (PO), determined by soil bulk density
measurement, and rock density, assumed to be 2.65. The SAT is calculated by subtracting
the assumed percentage of entrapped air in the rock density for the specific texture class
(3% for heavy clay soils, 7% for sandy soils and 0.5 for loam soils) [Eg3.17; Dalgliesh
and Foale, 1998]. Saturated hydraulic conductivity (Ks) was calculated using the equa-
tion of Saxton and Rawls, (2006) adapted from Rawls et al. (1998) and Campbell (1974).
The Ks equation is a power function of the moisture held at low tension in the larger
pores that conduct water most effectively (Eq3.18). The value of A (Eq3.19) is the inverse

of the slope of the exponential tension moisture curve B (Eq3.20).

CLL =0.0826 + 0.00255(Clay) — 0.000713(Sand) + 0.000382(Depth);  (Eq3.15)
DUL = 0.453 + 0.00245(Clay) — 0.00144(Sand) — 0.123(BD); (Eq3.16)
PO-SAT = e and PO = (1-BD/2.65) *100; then, SAT = [(1-BD/2.65) *100] — e (Eq3.17)

Where PO (volumetric water is in %), e is the specific textural class, clay and sand are

weighted in % and soil depth in cm.

Ks =1930(65| — 653) ™ (Eq3.18)
1

A=t (Eq3.19)

B=[In(1500) -In(33)]/[In(B33) -In(8;500)] (Eg3.20)

Where Ks is the saturated hydraulic conductivity; is the Saturated moisture (0 kPa) in %v;

1500 kPa moisture in %v; A is the Slope of logarithmic tension-moisture curve; B is the
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Coefficients of moisture-tension; is the 33 kPa moisture, normal density in %v.

3.3.3.4 Crop management

The WITAQ rice variety was grown by the farmers selected for this on-farm trial. The
selected rice varieties and information collected from farmers were grown at two sites
(Mbe and Lokakpli) with similar soil characteristics, irrigation management system and
fertiliser application, but with different dates of sowing, fertiliser application and harvest.
Data were collected during weekly field visits followed by a field survey to collect
information on agricultural management practices, including irrigation amount and
timing, fertiliser amount and timing, planting densities, land preparation (tillage, straw
and management), crop establishment, frequency and dates of weeding, and seedling age.
A standard agricultural management practice was established by the farmers in the two
different sites where data were collected. The irrigation method was maintained as
continuous flooding with a total maximum of 453 mm irrigation and 515 mm rainfall per
growing season received by the crop in Mbe and Lokapkli, respectively. All farmers

applied 144 kg/ha nitrogen in 2019.

3.3.3.5 Data collection

Rice field trials were conducted in Mbe and Lokapli in 2019. These field trials were con-
ducted to assess farmers' farming practices, yield potential and variety stability. The
WITAQ rice variety was grown by the farmers selected for this on-farm trial. The selected
rice varieties and information collected from farmers were grown at two independent sites
(Mbe and Lokapli) with similar soil characteristics, irrigation management system and

fertiliser application, but with different sowing, fertiliser application and harvesting dates.
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Data were collected during weekly field visits followed by a field survey to collect infor-
mation on agricultural management practices, including irrigation amount and timing,
fertiliser amount and timing, planting densities, land preparation (tillage, straw and man-
agement), crop establishment, frequency and dates of weeding, seedling age. A standard
agricultural management practice was established by the farmers in the two different sites
where data were collected. The irrigation method was maintained as continuous flooding
with a total maximum of 453 mm irrigation and 515 mm rainfall per growing season
received by the crop in Mbe and Lokapkli, respectively. All farmers applied 144 kg/ha

nitrogen in 2019.

3.3.3.6  Model evaluation

The model was evaluated in two steps. The first was to adjust the empirical parameters
by repeatedly comparing simulated and observed data with field datasets (calibration).
The second step is to test the calibrated model against independent datasets collected
from the field experiment designed to assess model performance through a range of

seasons, practices and environments (validation).

3.3.3.6.1 Model Setup and Calibration Protocol

Model calibration was developed to produce a model capable of simulating cropping
system performance. Several steps were used to calibrate APSIM-Oryza. In the first step,
climate data were provided in the MET module, followed by soil information
parameterised based on site information, soil properties and condition, and rice
management. In the second step, field measurement data were incorporated into the
platform to allow APSIM to be used for graphical and statistical purposes. Calibration of
APSIM involved several steps: (1) we provided climate, soil and management data to the

model; (i1) we incorporated the measurement data (Table 3:6) into the model; next, (ii1)
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Table 3:6. The parameter description and variance in the APSIM-ORYZA model

Variance

Base
Parameters Description Unit
Min Max value
Development rate in
DVRIJ . ' (°C Day) ! 0.0007 0.0013  0.0001
juvenile phase
Development rate in
DVRI photoperiod-sensitive  (°C Day) ' 0.000525 0.000975 0.00075
phase
Development rate in
DVRP _ (°C day)'  0.000595 0.001105 0.00085
panicle development
Development rate in
DVRR _ (°C day)! 0.0014 0.0026 0.002
reproductive phase
Maximum relative
RGRLMX growth rate of leaf (°Cday)™  0.00595 0.01105 0.0085
area
Minimum relative
RGRLMN growth rate of leaf (°C day)! 0.0028 0.0052 0.004
area
Maximum individual 0.000017 0.000017 0.00002
WGRMX kg/grain
grain weight 5 5 5
Outputs
WRR Crop yield kg/ha
Total aboveground dry
WAGT kg/ha
matter
Dry weight of storage
WSO kg/ha
organs
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Table 3:7. : WITADO rice variety phenological parameters and their values used for model

calibration
WITAO9 variances
Parameters
Minimum Maximum
Development rate in juvenile phase 0.000523 0.000673
Development rate in photoperiod-sensitive phase 0.000590 0.000758
Development rate in panicle development 0.000630 0.000730
Development rate in reproductive phase 0.001100 0.001250
Maximum relative growth rate of leaf area 0.00600 0.00860
Minimum relative growth rate of leaf area 0.0020 0.0040
Maximum relative growth rate of leaf area
0.00400 0.00650
(RGRLMX)
Minimum relative growth rate of leaf area
0.0020 0.0040

(RGRLMN)
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we incorporated the rice initiative (Oryza) into the model and inserted our own rice
variety (WITA9) into the model to best simulate the observed value and (iv) Several
aspects of the model were tracked and evaluated : crop phenology, soil water, soil N,
irrigation, rice transplanting, pond depth, fertiliser, biomass production and grain yield.
APSIM-Oryza requires daily values of rainfall, maximum and minimum temperature and
solar radiation. In addition, it needs measured soil physical parameters for different soil
strata, including bulk density, saturated water level, field capacity and wilting point. The
SWCON factor is the amount of water that exceeds the capacity of the field and drains
into the next layer in a day. Soil parameters required for APSIM-Oryza include soil pH,
organic carbon, initial mineral N. The saturated hydraulic conductivity (Ks) was
estimated using Saxton and Rawls, (2006) formula. The parameters that were not directly
measured had to be calculated using Saxton and Rawls, (2006) and calibrated in a

repetitive manner.

Soil organic matter (SOM) mineralization capacity varies between location and is
function of soil biota ecology and is characterized in APSIM-Oryza with Fbiom and
Finert as describe in our last section (Gaydon et al., 2017). The values of Fbiom and
Finert were progressively modified within physically plausible limits (Probert et al.,
1998). This was done until the simulated N supply in the N-free treatments allowed a
simulation that approximated observed crop yields (Gaydon et al., 2017). Concerning
crop phenology, Oryza initiative model was parameterized base on the rice variety (Table
3:7) used and incorporated in the APSIM model and were calibrated by varying the Oryza
initiative model until the modelled phenology dates matched the observed dates. The
same rice variety was used by farmers over both sites. The main dates selected for
APSIM-Oryza phenological parameterization are those related to sowing, transplanting,

maximum tillering, panicle initiation, flowering and physiological maturity. Soil water
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dynamics and rice water uptake were used to calibrate rice rooting parameters and water
lower limits (LL) which is function of soil layer. Therefore, the model calibration was
completed when a good value for the evaluated variables was found between the field
measurement and the predicted values. In the context of this study, the data required for
model parameterisation were collected from 14 farmers (Mbe site), of which 3, 7 and 4
farms were located very close, in the middle and close to the irrigation system,

respectively.

3.3.3.6.2 Models’ validation

Model validation is the most important phase of model verification (Andarzian et al.,
2011). Model validation comprises comparison between the observed data (field
measurement) and the output generated by the model (Ahmed et al., 2016). The term
‘model robustness’ refers to the model’s reliability under a range of experimental
conditions (Bellocchi et al., 2010; Confalonieri et al., 2010b). In our case study, after
model parameterised and calibration was performed and result is in agreement with grain
yield in calibration experimental site, the parameterised and calibrated model was used
to simulated the second experimental site (Lokakpli) with experimental dataset collected,
as means of checking the veracity of the model. These simulated/observed validation data
sets were used to evaluate the performance of the model from different perspectives
(Gaydon et al., 2017). This validation was performed to evaluate i) the ability of APSIM-
Oryza to robustly simulate rice phenology for sowing date trials, ii) simulate rice
sequences by examining residual error as a function of crop progression, iii) soil water
and soil carbon dynamics in conjunction with crop production, iv) system water balance

components and irrigation water use, and v) CO> response.

3.3.3.6.3 Statistical Validation
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Several statistical indices including the coefficient of determination R?, the agreement
index (D-index) from (Willmott, 1981; Willmott et al., 1982), the absolute root mean
square error (RMSE), the normalised root mean square error (%RMSE) from (Loague
and Green, 1991) and the model efficiency (ME) were used to check the agreement
between observed and simulated values. In addition, we determined the slope (o) and
intercept (B) of the linear regression between the simulated and measured values, which
were used to compare the measured and simulated grain yield for rice cultivation among
the different selected farmers. Model performance was also evaluated using Student's t-

test of means assuming unequal variance P(t).

e, - ©) - (» - O]
nl(e - O) - (b - O]

D -index = 1

2
RMSE = [z @i - o]

Pi - Oi)?
%RMSE = [Z(l 1) X 1#20
ME = 1 L(Pi - 0i)?
20 - 0)?

where Oi and Pi are the observed and simulated values for all variables considered, and
O is the mean value of the observed variable. The normalised RMSE, also called N-
RMSE, gives a percentage (%) measure of the relative difference between the simulated
and observed data. The simulation is considered excellent if the normalised RMSE is less
than 10%, good if the N-RMSE is greater than 10% and less than 20%, fair if the N-
RMSE is greater than 20% and less than 30% and poor if the N-RMSE is greater than

30% (Jamieson et al., 1991).
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3.3.4 Alternative management practices to mitigate climate change impacts on

rice yield

The achievement of this section was done with the simulation of different alternative
scenarios. Seven alternatives have been kept for assessing their impact on rice yield in

order to mitigate climate change effect.

3.3.4.1 Scenario 1: Crop establishment

APSIM-ORYZA was used to parameterize the model with two crop establishment
methods such as direct seeding and translated method. This is to assess the base on the
historical climatic data the potential yield of WITA9 over the study area by comparing
the output in order to identify the best adapted method to mitigate climate change impact
with the result of rice yield improvement. Factor mode in APSIM was activated by
keeping the others parameters per default and set the model with two alternative, “direct

seeding” or “transplantation method”(Table 3:8).

3.3.4.2 Scenario 2: Soil Organic Matter (SOM) application

Organic matter has long been used to improve soil productivity and provide plant nutri-
ents. Different types of organic matter are used in agriculture, but unfortunately most of
these materials remain under-utilised, especially in developing countries in sub-Saharan

Africa.

The manure scenario is well developed in the APSIM model using factor parameters.
Manure organic matter is defined in terms of its parameters such as mass, type and its
inorganic and organic nitrogen and carbon content (Akponikp¢ et al. 2010). For this
scenario, a constant potential rate is specified as input in the APSIM factor windows and

was applied 15 days after transplanting. The reference fertiliser application for setting the
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model scenarios is "no application". The potential fertiliser application rates set in the
model are 30, 60 and 100 kg N/ha by keeping the moisture, temperature and C:N ratio of

the fertiliser at basal rates.

3.3.4.3 Scenario 3: Mulch amount application

In farmers' production systems, weeds are a major constraint on crop yields in sub-
Saharan Africa (SSA), especially for smallholder farmers who are financially unable to
purchase herbicides. It has been argued that the use of herbicides is detrimental to the
environment and soil quality. However, the literature argues that the practice of mulching
with crop residues suppresses weeds and is a best alternative management practice to
mitigate the effects of climate change and increase rice yield. For this scenario, different
ranges of mulch application of 0, 5 and 10 Mg dry matter were parameterised in the
APSIM-ORYZA model (Table 3:8). Rice yield and biomass production were compared

with the baseline application.

3.3.4.4 Scenario 4: Mineral fertilizer application

Efficient fertiliser management has been used to increase crop production to adequately
mitigate the effects of climate change. Nitrogen fertiliser is the most important input in
rice production and optimal management of its rate and timing improves the sustainability
of the production system. For this scenario, different nitrogen (urea) application rates
were parameterised in the APSIM-Oryza model, specifically in the factor module. Five
nitrogen rates (45, 90, 120, 150 and 180 kg N/ha) were applied using the same rice variety
WITAO9 (Table 3:8). The basal nitrogen application was 114 kg N/ha, applied once by the
farmers. Basal phosphorus and potassium applications were maintained at 44 and 42 kg

ha-1, respectively
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Table 3:8 Soil organic matter scenarios: Manure application 15 days before early rice

transplanting (30, 60 and 100 kg N ha-1) and nitrogen application scenarios (45, 90,

120, 150, 180 kg N ha-1).

Parameter

Baseline

Range test

Crop establishment

Soil organic matter applica-
tion (kg/ha)

Mulch application (Mg/ha)

Mineral fertilizer application
(kg N/ha)

Seeding age (day old)

Sowing date

Transplanting

144

21

01 April

Direct seeding

30, 60 and 100

5and 10

45, 90, 120, 150 and 180

10, 14 and 35

1st February, 15th February, 1st March,
15th March, 1st May, 15th May, 1st

June condition
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3.3.4.5 Scenario 5: seedling age

The production of strong seedlings and their transplanting at the right age are the most
important factors for achieving high performance in rice production. The effect of
seedling age was parameterised in this scenario using the APSIM-ORYZA model.
Different transplanting dates of 10, 14 and 35 days old seedlings (Table 3:8), grown with

different seeding rates during the historical rice growing seasons, were set up in the model

3.3.4.6 Scenario 6: sowing date

The effect of changing the planting date on lowland rice yield was simulated using the
APSIM-ORYZA model based on historical climate. The APSIM-ORYZA model was
parameterised to simulate rice yield in the study area under nine different planting dates
(1) planting on 1 February; (2) planting on 15 February; (3) planting on 1 March; (4)
planting on 15 March fifteen days earlier; (5) planting on 1 April, the baseline condition;
(6) planting on 15 April condition; (7) planting on 1 May condition; (8) planting on 15

May condition; and (9) planting on 1 June condition (Table 3:8).
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Figure 3.3 Flowchart showing the crop simulation procedure, bias correction methods and rice simulation and forecast
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Chapter Four

4.0 Result and Discussion

In this chapter, the research finding relative to land-atmospheric interaction and its impact
atmospheric boundary layer and precipitation event over West Africa, and on rice

production are develop.

4.1 Coupling of land surface model fluxes and lifting condensation level (LCL)

height simulations with the present climate

4.1.1 Model Configuration

The lifting condensation level (LCL) height was estimated using the land surface fluxes
output from the simulation. The numerical simulations were performed with eCLM, a
variant of CLMS5, using three Plant functional type (PFT) parameterisations. The
experiments were carried out over West Africa using the GWSP version 3 forcing with a
resolution of 50 km and a temporal resolution of 3 hours over a period of one year from
2000 to 2014. The simulations were performed with integration time steps of 3 hours,
with model results submitted at the same frequency. The three-hourly LCL was estimated

using the equations of Romp et al. (2017).

4.1.2 Comparison of simulated energy fluxes

The performance of the different function sets in reproducing 3 hourly land surface fluxes
(latent and sensible heat) is shown, as well as the correlation and comparison between the
different plant function types with the observed and ERAS5 land datasets. For example, at
the Kayoro site in Ghana (Figure 4.1, Figure 4.2, Figure 4.3A&D, Figure 4.4(A)), where
observations are collected, the results of the simulation agree well with the observed and
ERAS land in terms of phase, with good correlations for latent heat with unchanged
correlation coefficient (r = 0.74, r = 0.60) for the three land units respectively and root

mean square error (RMSE = 19 and 25) for the three PFTs respectively. We observe a
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similarity between observed and simulated for sensible heat with a slight correlation in
trend and amplitude with a change in correlation coefficient (r = 0.30, r = 0.44) for the
observed and ERAS land with the three PFTs respectively and unchanged root mean
square error (RMSE = 14, RMSE = 28 w/m2) (Figure 4.4(A)). For example, at Nazinga
in Burkina Faso (Figure 4.1, Figure 4.2), we observe a low and weak correlation between
simulation, observed and ERAS with unchanged correlation coefficient (r = 0.44, r =
0.46) and root mean square error (RMSE = 34) for latent and sensible heat respectively
(r=0.036,r=0.039) (Figure 4.4 (B)). However, at Sumbrungu, Ghana (Figure 4.1, Figure
4.2) we observe good agreement with a strong correlation between simulation,
observation and ERAS land (r = 0.84, r = 0.55) for latent heat and a weak correlation (r
= 0.4, r =0.3) for sensible heat. We observe an underestimation of latent heat for all sites
(Kayoro, Nazinga and Sumbrungu in 2013) for the three PFTs, and improvements in trend
and amplitude of fluxes were obtained with observation and ERAS for latent heat and an

underestimation with sensible heat flux.
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Figure 4.1. Comparison of monthly latent heat (LH) between simulation output and

ERAS5-land reanalysis data over the 11 eddy covariance selected sites in West Africa
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Figure 4.2. Comparison of monthly sensible heat (SH) between simulation output and
ERAS-land reanalysis data over the 11 eddy covar selected sites in West Africa

85



==&--LH ERA5  —#—LH

—f— DLH % - -VLH ClH = & = LH ERAS ——th—LH
e 140,
120 A 120 B
100 S 1007
g E
é 80 2 80
= T
2 e 2 60
€ €
[7} 7]
® 40 = 40
L 8
20 20
0 0 |
() 2% © A 2 2 ® % o AB 7 o
AN N o oo A2 o0 o A s & A o
o\ o i N e (T o0 o o o o
Time (Month) Time (Month)
—— DLH ==@== LH ERAS — . VIH ClH e LH —8—DSH —+--VH CSH ——&--SH_ERAS —#—3H
140 - 120
1203 C _ 1o D
s}
& 1001 £
£ 2 80
2 so] 8
® s 60
2 i 5
Z 60 5
= 40 %]
20] 20
0 - - | 0
A 20 % Al A2 o2 oA A 20 % oAX e o 0L
10‘\'1’\& .;._g'\?m -10\30& 1,;,‘\'5'(’?r 10\'-‘7\ 20,\&,03' a 7_3\30 10\3'(’ ,LQ\TQ ,lg\”-‘r\ \80
Time (Month) Time (Month)
=—8=D5H —+¢.-VH CSH =c@=SHERAS =—@—S5H —=—DSH —¢ - VSH CSH —s—SH --Z-- SH_ERAS
120 120
100] E Mo
a / ad "I — 100 F
E o A Y g
H o 4 £ 80
- \ - =
B 50 u S F= =
= ‘/._‘_ N _.\{‘ 3 60
L) / \ e <
S 40 i - —a o
2 L g ", / o
h / @ 40
B 20 - 5
T
0 ".\'\1-\. y 9 P @ 9
~ T
20 0
8 13 6 3 2 o AB . oo A i3 o
A0 o 050 et w 0¥ AY oV o o AN oF
P N 2N oo\ ¥ oo\ ,10‘\7- @.\'y ,p'\'y ,lg'\?” .-LQ‘\'-“' ,L{)'\h

Time (Month)

Time (Month)
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land vegetation types respectively; DSH, VSH, CSH are sensible heat flux simulated

from default, vegetation and crop vegetation types respectively.

86



Kayoro_Ghana (a)

d

1001 R =074 RMSE=19 R* =074 RMSE=19 =074 RMSE=19 & 7 i
[T a E R®-074 RMSE=19¢
g 751 S F 90
£ E w
2 50 z
I . ! T * . s . .
o 254 . 3 . . w, . .
. . . - <
0le =
25 50 75 25 50 75 25 50 75 25 50 75
LH (w/m2) LH (w/m2) LH (w/m2) LH (w/m2)
e h
1004 R~ 0.3 RMSE=14 R*-03 RWMSE=14 R“-03 RMSE-=14 & R*-023 RMSE=33
s — £ .
T 804 B B . . d
B . E ¢ . o 751 .
z 60 ] z T 7 é . .
0 g 0
O 401 o .. . > — . 3 " . I . .
L T T T T T T T T 0w L] T T T T
30 40 50 30 40 50 40 50 30 40 50 60
SH (w/m2) SH (w/m2) SH (w/m2) SH (w/m2)
i |
100" R*=06 RMSE=25 R*=06 RMSE=25 100{ R*=06 RMSE=25 1 R* =044 RMSE=28
g5l . g . g ; .
e 3 . E L] . e & . *.
5 z I s
s 54 . 3 . g 5 . A .
o, ' ' ' ' ' . ' ' W, v . .
30 60 80 30 80 90 30 60 80 20 40 60 BD 100

LH_ERAS (w/m2)
m

LH_ERAS (w/m2)

100 F“- 044 RMSE=28

604 5

CSH (w/im2)

100" R _0.44 HMSE=28

0

0 40 60 80
SH_ERAS (w/m2)

Nazinga_BF (a)

0 60 8

SH_ERAS (w/m2)

LH_ERAS (w/m2)

SH_ERAS (w/m2)

80T RE =044 RMSE= 34

TRT=044

RMSE=34

£ . g7 . £ .,
EXE . L] E LI B . 2 2
L5 s . 5 . . z . i
o > Q |
4044 . - . 5
30 60 90 30 60 20 60 920 30 60 90 120
LH (w/m2) LH (w/m2) LH (w/m2) LH (w/m2)
e
80 R* — 0.036 RAMSE=51" {R*-0.03% RMSE=51 80{ R-0.036  RMSE=51 o R?-01% o RMSEZGE
£ g £’ z i )
ELER —o " = 604 « ** 3 . * * w0 . . .
Topl—r——— * T l—— s * [T l—— & + | F
7] 7] @ w, . .
ol - . > . 3] . -
T L] T 2 T T 2 T @ n. T L3 T T
2 0 2 4 0 2 4 0 2 4 2 0 2 4 6
SH (w/m2) SH (w/im2) SH (w/m2) SH (w/im2)

o

£ .

EXE .

S50 a g

=

404,*
%5 50 75 100
LH_ERAS (wim2)
m

CLH (w/m2)

{R*-046 RMSE=-34

50 75 100
LH_ERAS (wim2)

DLH (w/m2)
o

804 R* Z 0.030 RMSE= 30

3

VSH (wim2)
X
-

TRT=0039

CSH (w/m2)

RMSE= 30

0 4 60 80
SH_ERAS (w/m2)

Figure 4.4. Correlation between simulation land surface fluxes, ERA5-land and observe
(eddy covariance) data over the selected sites in (A) Kayoro station in Ghana and (B)
Nazinga in Burkina Faso. LH, latent heat flux form EC data, DLH, VLH, CLH, latent
heat flux from default, vegetated and crop land cover simulated output, LH_ERADJ5, latent
heat from ERAS land data. SH, sensible heat from eddy covariance station; DSH, VSH,
CSH, are sensible heat from default, vegetation and crop simulated vegetation types;

.
0 60 80
SH_ERAS (wim2)

T R*-046 RMSE=-34

75 100

50
LH_ERAS (w/m2)

SH_ERAD5, sensible heat from ERAS land dataset.

4 @

DSH (wim2)

R*-0039 RMSE-30

. . e,

.
g

v . o v T

20 40 60 g0 100

SH_ERAS (wim2)



4.1.3 Comparison of Lifting Condensation Level (LCL) with different PFT types

and current climate

The simulated land surface fluxes (latent and sensible heat) were significantly improved
with the three plant functional types in West Africa. The LCL pattern was computed for
each 3 hourly average monthly period and the minimum and maximum LCL value over
the study area is recorded in Table 4:1 as well as the comparison between simulation,
observation and ERAS. Figure 4.5 and Figure 4.6 show the variability of LCL height over
the three sites where eddy covariance data was collected (Figure 4.5) and the variability
over the eleven selected site in West Africa (Figure 4.6). We observe that the LCL is
higher above the crop PFT (4.5 km) and the minimum level simulated is 0.3 km above
the crop PFT. Over vegetation PFT, the maximum level of LCL height is recorded by 4.3
km and the minimum level (0.3 km). The comparison of the LCL between simulated,
ERAS land and observed datasets shows a good agreement in trend and amplitude
between simulated observed and ERAS. The relationship between each expressed LCL
PFTs with observed and ERA5-land are very strong and high (> > 80) over the selected
site for model evaluation (Figure 4.7). Evaluating the high of LCL in the West Africa
according to each land cover, we also observe a good agreement with a slight
overestimation of the LCL from the crop PFT in West Africa. In Nalolou, Niakhar,
Kayoro and Wankama EC sites characterised by crops (maize, groundnut, sorghum,
cassava, millet), the LCL value is higher (Figure 4.6) and in the EC sites (Agoufou,
Dahra, Kelma, Bellefoungou, Bontiola, Nazinga and Sumbrungu) (Quansah et al., 2015,
Rhaimi et al. 2021, Ago et al. 2016) characterised by vegetation PFT (forest, trees,
grassland, shrubland), we observe an underestimation of LCL estimated by vegetation
PFT ((Figure 4.6). When West Africa is covered only by vegetation land cover, the height

of the LCL level is slightly than when it is covered by cropland.
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Table 4:1 Statistical analysis result from simulation output and ERAS5 land: DLCL= lifting condensation level calculated from
default land cover; VLCL= lifting condensation level express from vegetation type; CLCL= lifting condensation level express

from crop vegetation type; LCL_ERAbS=Ilifted condensation level calculated from ERAS5 land dataset

Statistic DLCL (km) VLCL (km) CLCL (km) ERAS5 Land (km)
parameter Mean Mean Mean Mean

Max 4.4 4.3 4.5 4.5

Min 2.1 2.1 2.2 25

Lowes 0.3 0.3 0.3 0.1
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Figure 4.8 shows the minimum and maximum LCL pattern over West Africa for the
period 2000 to 2013. The minimum and maximum heights of the LCL level have been
calculated for different PFT land cover. For the minimum height of the LCL level, we
observe that the lowest level is observed along the coastline in the Guinean region
(longitude 15°W to 15°E and latitude 5 - 10°N) at 0.3km for the default (DLCL) and
vegetation (VLCL) PFT functional types and 0.25km for the crop (CLCL) PFT. This is
shown in dark blue. The red light colour indicates the maximum level and can be up to
2.1km for DLCL and VLCL and 2.2km for CLCL. The same applies to the maximum
height of the LCL level. For example, in the Sahelian zone (4.4 km, 4.3 km and 4.5 km)
the highest level height is observed for DLCL, VLCL and CLCL respectively (latitude
12°N to 22°N) and is observed in red light colour. For example, in the Soudanian zone
(latitude 9°N to 12°N), the height of the LCL level is in the middle (2.1 km for DLCL

and VLCL and 2.2 km for CLCL; Figure 4.8)

The climate of West Africa (WA) is determined by the West African monsoon circulation
and seasonality. The climatology of the region, with the exception of the coastal areas, is
dominated by two seasons: a rainy season with rainfall almost equal to the total annual
rainfall, and a dry season with little or no rainfall. The monsoon mechanism provides
most of the rainfall in summer. Rainfall generally begins in June, peaks in August and
decreases from September onwards. The Figure 4.9 shows the climatology of the LCL
level height for different land cover type. For example, for the urban/default land cover,
the LCL decreases steadily from over 4.1 km in April to less than 0.5 km from June to
October, corresponding to the rainy season and monsoon activity. From November to
March, the LCL increases to less than 0.5 km, reaching 3 km in December and more than
4 km in March (Figure 4.9(A)). A similar pattern is observed for the pure vegetation cover

over West Africa. The LCL steadily decreases from more than 4.1 km in April to less than
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Figure 4.9. The climatology pattern of 14 years average of lifting condensation level
(LCL) height from (A) default, (B) vegetation and (C) cropland land units over West
Africa
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0.5 km from June to October and starts to increase from less than 0.5 km (0.3 km) to 4
km in March (Figure 4.9(B), Figure 4.5(B,C)). For the Crop Land Unit, considering that
West Africa is covered by cropland only, the LCL decreases steadily from a level above
4.5 km in April to less than 0.3 km in the June to October period. When WA is covered
with cropland PFT, the model simulates a higher LCL level in April and a lower LCL
level in the dry and wet seasons except March-April-May (Figure 4.9(C), Figure 4.5(A))
while when WA is covered with vegetation or a default PFT parameterisation, we observe
a higher LCL level in the dry season (January-February) and during wet periods (March
to June) over the Sahelian region (> 3. 5 km) and a slightly higher LCL level over the
Sahelian and Sudanaen zone (<3 km) from September to December. However, for
vegetation and standard land cover, the height of the LCL level over the Sahelian zone
increases from January to June (> 3.5 km), while it is lower over the region from
September to December (< 2.5 km). A meaningful relationship between LCL and
precipitation and the interaction between cloud cover, precipitation and LCL is proposed

and investigated.

4.1.4 Difference between the different land cover for the express LCL

Figure 4.10 shows the difference in LCL from the different land cover changes over West
Africa. The change in difference is calculated to assess the significant level of LCL from
each land cover of the PFTs. The difference between the percentage vegetation PFT and
the percentage default PFT showed no change in significance. This is due to the
insignificant change between the two datasets. However, we observe a slight increase in
LCL over the WA region (Figure 4.10A). The difference between VLCL and CLCL has
been performed and the result shows a significant change compared to VLCL-DLCL.
Over WA (5°N - 17°N) we observe a high LCL, which implies more strong winds and

less precipitation associated with a lower albedo and more downward solar radiation at
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difference (VLCL-DLCL), (B) difference (VLCL-CLCL), (C) difference (CLCL-
DLCL)
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the surface. The high LCL is observed from March to December and of particular note is
the low LCL observed over the WA region in January and February (Figure 4.10B).
However, a lower LCL height is observed over the Sudanian and Sahelian region of WA
(17°N - 22°N) and is observed from January to December. Figure 4.10C shows the
significant change when cropland is extracted from the standard PFT, and this is in
contrast to the analysis above. A low LCL is observed from the Guinea to Soudan region
of WA (5°N - 17°N) and a high LCL is observed over the Sahelian region (17°N — 22°N)
with in January and February a high LCL is observed over the whole region of WA

(Guinea, Soudan and Sahel).

Vegetation PFT consists of trees, grass, broadleaf and crops. If the standard PFT is
subtracted from vegetation, then the WA landscape is dominated by vegetation
characterised by trees and some grass. However, if the standard is subtracted from Crop

Cover/PFT, the WA landscape is dominated by a crop cover (vegetated grassland).

415 Couple LCL and land surface fluxes

In this section, we investigate the relationship between land surface fluxes (sensible and
latent heat, solar radiation, relative humidity) and LCL height. The correlation coefficient
of the 14-year (2000-2013) mean value in JJA for the different land cover: default (DLC),
vegetation (VLC) and crop (CLC) was calculated to analyse the level of the relationship.
We also calculated the evaporative fraction (EF), which is the ratio of LH to the sum of
LH and SH. EF, defined as the ratio of latent heat flux to available energy at the land
surface, is an important parameter that reflects the distribution of available energy at the
surface and interprets the components of the energy budget, and is strongly related to soil
moisture (Liu et al., 2020). The left two columns of the Figure 4.11 show the LCL-LH
and LCL-SH correlations obtained from the simulation output and LCL estimation. The

correlation pattern of the default and vegetation and crop PFTs appears to be broadly
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similar. However, the default and vegetation PFTs have a more negative LCL-LH
correlation over the WA region than the crop PFT, while the LCL-SH correlation is
positive over the whole region with the crop PFT than with the default and vegetation

(over the Soudan and Sahel regions).

The last columns on the right of the figure show the correlation between LCL and
Evapotranspiration (EF). EF was estimated due to the unavailability of soil moisture data
and its close relationship with soil moisture. The relationship between LCL and EF is
almost positive over the entire Guinean and Sudan-Guinean region and negative over the
entire Sahelian region of WA. In WA, four stations (Bellefoungou, Kayoro, Nazinga-
Sumbrungu and Wankama, based on their specific ecosystem) were selected from the 11
EC stations as an example for detailed analysis. The four selected sites are located in the
transition zone between the Sudanian and the Sahelian in WA. The Bellefoungu
ecosystem in Benin is characterised by protected forest (trees and grass), the Kayoro
ecosystem in Ghana by cropland (sorghum, groundnut and millet), the Nazinga
ecosystem in Burkina Faso by pristine wood savannah (trees and grass) and the Wankama
ecosystem in Niger by cropland (millet). Based on the magnitude of the EF, we observe
from the scatterplots in Figure that the LCL-LH correlation remains negative over the
selected region and for the three land cover types, but is stronger during the rainy season
and lower during the dry season, while the LCL is stronger during the dry season and
lower during the rainy season. The LCL-SH correlation remains mostly positive

throughout the region.

Our results, along with the findings from previous studies (Betts, 2009; Kollias et al.,
2009; Romps, 2017; Sulis et al., 2014; Wei et al., 2021) illustrate the extent to which the
characterisation of the land surface change from one plant functional type to another
particularly vegetation to crop or crop to vegetation could influence climate simulations
in West Africa. According to Wei et al., (2021), The SH is found to be positively
correlated with LCL in general, while its negative correlation with soil moisture and EF,

the LCL-LH correlation is sensitive to the local climate and it is concluded that only
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correlations can account for a possible influence of LH on LCL. Betts (2004, 2009) found
a general positive correlation between LCL with land surface sensible heat fluxes (SH)
and 2 m temperature (T2M), and a negative correlation with precipitation, cloud albedo,
soil moisture, surface relative humidity, evaporative fraction (EF) and latent heat fluxes

(LH).

4.1.6 Relationship between LCL, precipitation and Cloud base

In this section, we were not able to set the crop and vegetation functional type
characteristics during model parameterisation to observe the specific difference in rainfall
pattern for each land cover or PFT type. Figure 4.12 shows the climatology of the rainfall
pattern from the simulation output over West Africa during the period 2000-2013. An
increase in rainfall during the June-July-August-September monsoon period is observed,
with a large increase over the Guinean and Soudan regions of WA specifically associated

with a southward shift of the monsoon core.

We also assess any relationship between the surface parameter and changes in
precipitation and LCL to see how changes in surface fluxes are reflected in the
atmosphere. The relationship between precipitation and LCL (PCP-LCL) is shown in
Figure 4.13. The correlation is calculated using the fourteen year averages of the JJA
correlation between land surface fluxes, LCL and precipitation. The first three columns
in each row are LCL-PCP. There is a strong relationship between the two variables for
the three land cover types DLC, VLC and CLC. The correlation pattern between LCL and
precipitation (Figure 4.13) is similar for all three land cover types. However, a positive
correlation is observed in the Soudan region (latitude 7°N to 11°N). This is consistent

with the below analysis (Figure 4.18 and Figure 4.19). The monsoon season,
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from May to September, is associated with convective clouds of varying depths that
produce rainfall of varying magnitude. The maximum ground rainfall is observed in
August and the highest daily rainfall rates are observed from July to September. During
this period, the LCL is observed to decrease as the monsoon progresses and there is a
strong correlation between the height of the LCL and rainfall (Figure 4.12) (Kollias et al.,

2009).

LCL height is related to cloud base height, so a high (low) LCL height implies more high
(low) clouds, which is usually associated with less (more) cloud moisture, less (more)
precipitation, lower (higher) cloud albedo, and more (less) solar radiation that reacts with
the ground (Wei et al. 2021). If West Africa is assumed to be covered only by crop PFT,
the LCL height will be higher, implying more very high clouds associated with very low
cloud moisture, resulting in very little precipitation over the region of West Africa. On
the other hand, if we assume that West Africa is covered only by vegetation, then the LCL
height will be lower than the crop PFT, implying fewer high clouds and therefore a slight
increase in cloud moisture associated with a slight increase in precipitation. According to
Boone et al. (2016), the change from vegetation land cover state to crop PFT mostly leads
to an increase in the Bowen ratio and a decrease in net radiation, and a significant
decrease in surface evaporation, especially over the Sahelian region. This in turn leads to
a decrease in the convergence of moisture and precipitation. Yu et al. (2021) show that
vegetation dynamics, through their interaction with climate, significantly increase
precipitation in the region around the expected vegetation growth limit. Thus, the
vegetation response affects the seasonal variation of precipitation changes, increasing
precipitation before and after the monsoon season and decreasing precipitation during the

peak of the monsoon season.
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The relationship between precipitation and latent heat flux (PCP-LH) is shown in Figure
4.13 (second row) in West Africa with water scarce conditions over the land surface. A
strong relationship between LH and EF is observed over the three land cover types,
indicating a strong correlation between LH and soil moisture. The reduction of LH can
significantly influence moisture convergence. PCP-LH have more positive correlation
over the Guinea cost and Sahel region, while we observe negative correlation in the
Sudanian zone (8°N-12°N) for default and vegetation plant functional type and positive
correlation for crop PFT. The pattern of PCP-SH correlation (Figure 4.13, third row) is
similar and negative but slightly positive over the coastal region, the same is observed

for solar radiation (PCP-SR) for the three land cover types (Figure 4.13, fourth row).

The PCP-EF plot shows a strong and positive correlation across the WA region. In this
study, vegetation types are grouped into ten natural plant functional types (PFTs) such as
evergreen and deciduous trees, C4 and C3 grasses, and crop PFTs are grouped into two
super-grasslands, bare soil, plant C3 and C4. Crop PFTs differ from natural grasses only
in their specified height carboxylation and Rubisco replenishment rates. A number of
PFTs can be found in the same grid (mosaic vegetation). These PFTs share the same
climate forcing, but land surface fluxes are calculated according to their own properties
(de Noblet-Ducoudré et al. 2004). Vegetation and crop parameterisation in the eCLM
model is static, not dynamic. The conversion of 'vegetation (forest) PFT to cropland
(agriculture) changes the distribution of net radiation between latent and sensible heat
fluxes (Pielke et al. 2002). The decrease in transpiration from cropland leads to a decrease

in cloud formation over the WA and, in contrast, an increase in the height of the LCL.
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4.1.7 Relationship between LCL height, the monsoon seasonal cycle and

convective cloud

Figure 4.14 shows the climatology of average minimum daily of LCL for wet and dry
season from the simulation output over West Africa during the period 2000-2013. We
observe a low high of LCL height during the wet season JJA covering the Guinea and
Sudanian zone and can reach 0.3 km of high, while over the Sahelian region, the high of
LCL height range between 1 km to 2km. This LCL pattern is observe with the three
vegetation types. In the dry season DJF, a high LCL height is observe over the Sudano-
Sahelian and Sahelian region with a high reaching 2.5 km for vegetation and default land
cover. Over the region with crop land cover, the coverage of LCL height is less that the
one observe with vegetation and default but with a high reaching 3 km. Nevertheless, we
observe a very low high of LCL height (0.3 km) through the coastal zone, while over the

Sudanian zone the LCL height for the three land cover range between 1 km and 2 km.

Figure 4.15 show the climatology of average maximum of daily LCL height for wet and
dry season over WA. During the wet season JJA, the le LCL height is low over the Guinea
and Sudanian zone and can reach 1 km high from the land surface while over the Sahelian
zone the LCL height reach a high range between 3 km to 4 km. We observe during the
DIJF dry season, an elevated LCL height from the coastal through the Sahelian region.
Over the coastal zone the high of LCL height is lower over the ocean as show in Figure
4.15 last line where its reach a high of 1 km, while from Guinea to Guineo-Sudanian, it

reach 3 km and from Sudano-Sahelian and Sahelian zone it reach 4.5 km of high.

The subtract method between different vegetation types have been apply in order to
evaluate the dominant land cover and the associated LCL height. Figure 4.16 show the
difference daily average of minimum LCL over JJA and DJF season between vegetation

(Veg) and default (Def), and between crop (Crop) and default (Def). The result
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observation show during JJA a low LCL over the whole of West Africa except over the
Sudanian region (7°N-15°N) where we observe a high of LCL in the northern part of
Nigeria, Togo and in the southern part of Niger. In the southern part of Niger we also
observe a very concentrate low LCL high. However, in DJF, we observe a high LCL
height with a very concentrate high in some particular place (northern of Nigeria and
Southern of Mali and Senegal) over the Sudanian zone of West Africa. When subtracting
default from crop vegetation type, we observe during the JJA and DJF a high of LCL
height. The LCL is more higher over the Sahelian zone than the two others climatical
zone Guinean and Sudanian. Nevertheless, very low LCL height is observe over Guinea,

Senegal and Southern part of Mali.

Figure 4.17 show the difference daily average of maximum LCL over JJA and DJF season
between vegetation (Veg) and default (Def), and between crop (Crop) and default (Def).
When subtracting default from vegetation land cover type, we in JJA a high LCL height
over West Africa, but more higher over the Guinea and Sudanian region with except in
Niger where it observe that the high of LCL height is lower in the southern part of the
country. In DJF, we observe a medium high of LCL height with a very high in some
particular place over the Sudanian region of West Africa. The subtraction of default land
cover from crop vegetation type show during the seasonal JJA period, a high LCL height
over the Sahelian zone and low high of LCL height from the coastal region (Guinea) to
Sudanian zone and Sudano-Sahelian. In DJF seasonal period, we observe a very high
LCL height over the Sahelian zone and a medium high of LCL height over the Guinea
and Sudanian zone. However, a particular observation is made in Liberia, Mali, Guinea,

and Guinea-Bissau.
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Figure 4.14 : Climatology of average minimum daily LCL for wet and dry season over West Africa. JJIA, June-July-
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Figure 4.15 : Climatology of average maximum daily LCL for wet and dry season over West Africa. JJA, June-July-August,
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The next step in this study is to assess the relationship between the lifting condensation
level height, the cloud base and the monsoon cycle over the West Africa. There are several
unique features of the climate over West Africa. Annual rainfall is almost constant at all
latitudes. However, from about 1500 mm near the coast at 5°N to about 20°N, annual
rainfall decreases sharply from south to north, with a gradient of about 1 mm per km. The
months of June, July, August and September (JJAS) are roughly the rainy season. As a
result, the length of the dry season, although variable, is generally longer than that of the
rainy season. Figure 4.12 show the rainfall pattern during the monsoon cycle. During that
Period JJAS, the high of LCL is observe to decrease as the monsoon progresses. During
the dry season December, January and February (DJF), the high of LCL height is higher.
The LCL height is related to the cloud base height, so a high (low) LCL height implies
more high (low) clouds, which is usually associated with less (more) cloud moisture, less
(more) precipitation, lower (higher) cloud albedo, and more (less) solar radiation that

reacts with the ground (Wei et al. 2021).

In this study, vegetation types are grouped into ten natural plant functional types (PFTs),
such as evergreen and deciduous trees, C4 and C3 grasses, and crop PFTs are grouped
into two super-grasslands, bare soil, plant C3 and C4. Crop PFTs differ from natural
grasses only in their specified height carboxylation and Rubisco replenishment rates. A
number of PFTs can be found in the same grid (mosaic vegetation). These PFTs share the
same climate forcing, but land surface fluxes are calculated according to their own
properties (de Noblet-Ducoudré et al., 2004). Vegetation and crop parameterisation in the
eCLM model is static, not dynamic. The conversion of vegetation (forest) PFT to
cropland (agriculture) changes the distribution of net radiation between latent and

sensible heat fluxes (Pielke et al., 2002). The decrease in transpiration from cropland
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leads to a decrease in cloud formation over the WA and, in contrast, an increase in the

height of the LCL.

When West Africa default land cover is change and covered only by crop PFT, the LCL
height will be higher, implying more very high clouds associated with very low cloud
moisture, resulting in very little precipitation over the region of West Africa. On the other
hand, when WA land cover landscape is change and covered only by vegetation, then the
LCL height will be lower than the crop PFT, implying fewer high clouds and therefore a
slight increase in cloud moisture associated with a slight increase in precipitation.
According to Boone et al. (2016), the change from vegetation land cover state to crop
PFT mostly leads to an increase in the Bowen ratio and a decrease in net radiation, and a
significant decrease in surface evaporation especially over the Sahelian region. This in
turn leads to a decrease in the convergence of moisture and precipitation. Yu et al. (2021)
show that vegetation dynamics, through their interaction with climate, significantly
increase precipitation in the region around the expected vegetation growth limit. Thus,
the vegetation response affects the seasonal variation of precipitation changes, increasing
precipitation before and after the monsoon season and decreasing precipitation during the

peak of the monsoon season.

4.1.8 Role of Plant functional type (PFTs) on LCL height and present day climate

Figure 4.18 and Figure 4.19 show the correlation diagram plot of the major impacts
linking the LCL height sensible, latent heat, net solar radiation, relative humidity and
evaporative fractional over Kayoro in Ghana (Figure 4.18) characterise of crop land and
Nazinga in Burkina Faso (Figure 4.19) characterise of trees, woodland and grassland. The
circle symbol define the positive /negative and the strength of correlation. The red circle
mean a negative correlation, and the blue a positive correlation. The red dark and blue

dark design the strength of correlation (negative and positive).
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The study assesses the contribution of three PFTs (default, vegetation and cropland) to
lifting condensation level (LCL) height, cloud base formation and precipitation events
over West Africa. LCL has long been used to express cloud base height (Stackpole 1967).
Cloud formation is responsible for the current climate event. Pielke (2001) examines the
various links between surface moisture, surface heat fluxes and convective cloud
precipitation. They found a significant decrease in the sensible heat flux to the atmosphere
during the cold winter and spring, which may be related to the decrease in winter
precipitation observed across the agricultural region. The role of land cover type or plant
functional type cannot be ignored. Based on the above analysis, the contribution of
vegetation land cover to the formation of cloud base height is different from that of
cropland and the default (urban PFT) over West Africa. Chase et al. (2000) simulate the
General Circulation Model (GCM) and show that a change in land cover type, from
cropland to vegetation PFT or from vegetation to cropland PFT, can lead to a change in
surface fluxes elsewhere in the region. Changing the West African landscape from default
(urban PFTs) or vegetation (forest PFTs) to cropland changes the partitioning of net
radiation into the corresponding latent and sensible heat fluxes. There is a strong
correlation between land surface fluxes, soil moisture and LCL height (LCL-LH, LCL-

SH, LCL-EF) (Figure ).

Higher LH usually leads to low LCL during JJA and low LH leads to higher LCL during
DIJF. Higher LH provides more moisture to the atmosphere and lowers LCL, whereas
higher SH leads to higher LCL during the JJA wet season and lower LCL during the DJF
dry season and lower near-surface humidity (Santanello et al., 2011; Wei et al., 2021).
Thus, changes in water and energy fluxes may directly affect soil moisture and surface
fluxes, which may also affect LCL height (Wei et al., 2021). Changes in the WA landscape

from vegetation to cropland are associated with reduced transpiration, resulting in
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reduced storm activity over the region (Pielke et al., 2002). The mean minimum LCL
height is 2.2 km and the mean maximum LCL height is 4.5 km. The change in standard
PFTs to cropland may lead to a reduction in rainfall over the Guinea and Soudan region
of West Africa, which is already characterised by forest, savannah and grassland, and an
increase in humidity and mean precipitation over the Sahel region. Research by Charney
(1975) shows that the reduction of vegetation in the Sahel could lead to an increase in
albedo and a decrease in precipitation, which could then trigger a positive feedback with
drought in the region. As the region is transformed with irrigated cropland, this will

reduce albedo and LCL and increase precipitation over the region.

The natural vegetation of West Africa varies from rough grass on the desert border
(Sahelian region) to humid rainforest on the southern border of the region near the
Atlantic coast (Guinean region). The intermediate zone (Sudan region) is occupied by
several vegetation zones, ranging from tropical forest to woodland, savannah, scrub and
short grass. Change of WA landscape from default (urban) or cropland to vegetation PFTs
by assuming the vegetation to be static in the eCLM model simulation. Zheng and Eltahir
(1998) study the role of vegetation in the dynamics of the West African monsoon and
their results show the development of a robust monsoon circulation and that vegetation
cover on the coast of West Africa has a significantly greater influence on the simulated
monsoon than vegetation cover near the desert margin. Vegetation in the form of dense
forests increases net surface radiation and sensible and latent heat fluxes. These fluxes
are strongly correlated with the lifting condensation level (LCL) (Figure 4.18 and Figure

4.19).
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Figure 4.18. Correlation plot of the 14 years averages surface fluxes (latent LH and
sensible SH heat), net radiation (SR), relative humidity (RH), evaporative fraction (EF),
and LCL height in West Africa during the periods 2000-2013 in Kayoro, Ghana
characterise with cropland (Dark blue colour reveal a strong positive correlation, medium
light blue show a low positive correlation, light blue show a low positive correlation while

the contrast in red colour
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Figure 4.19. Correlation plot of the 14 years averages surface fluxes (latent LH and
sensible SH heat), net radiation (SR), relative humidity (RH), evaporative fraction (EF),
and LCL height in West Africa during the periods 2000-2013 in Bontioli, Burkina-Faso
characterise with trees and grassland. Dark blue colour reveal a strong positive
correlation, medium light blue show a low positive correlation, light blue show a low

positive correlation while the contrast in red colour
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A high SH generally results in a higher LCL due to the entrainment of warm, dry air and
lower humidity near the surface, while a high LH provides more latent heat. atmospheric
moisture and lowers the LCL (Wei et al., 2021). These fluxes supply energy and entropy
to the boundary layer and generate a significant gradient of entropy between the land and

the ocean, which is the driving factor in the monsoon circulation.

Due to many positive and negative feedbacks, changes in vegetation composition can
have significant effects on climate, not only at regional but also at global scales. In par-
ticular, conversion of WA vegetation PFT landscape to cropland PFT landscape can in-
crease surface albedo (Myhre and Myhre, 2003) and reduce evapotranspiration because
grasses and annual crops do not have access to as much soil water for transpiration as
native vegetation/trees. The increase in albedo leads to a reduction in surface shortwave
radiation (SSR) and hence surface temperatures. In a negative feedback loop, lower sur-
face temperatures further reduce evapotranspiration, resulting in less latent cooling and
more sensible heat to rewarm the surface. In temperate and boreal regions, albedo-driven
cooling is often considered to be the dominant factor (Govindasamy et al., 2001; Bounoua
et al., 2002; Matthews et al., 2004; Brovkin et al., 2006; Bala et al., 2007). Reduced
evapotranspiration is particularly important in the (sub)tropics. This is partly because it
reduces convective cloud formation and hence convective precipitation. The LCL height
is similar to the cloud base height, so a higher (lower) LCL height implies more high
(low) clouds, which is usually associated with less (more) cloud moisture, less (more)
precipitation, lower (higher) cloud albedo and more (less) downward solar radiation at
the surface. Conversely, a lower LCL height implies more low clouds, which is usually
associated with more cloud moisture, more precipitation, higher cloud albedo and less

downward solar radiation at the surface.
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4.2 Parameterisation of APSIM-ORYZA model
4.2.1 Model calibration output

APSIM-Oryza was calibrated for rice varieties during production in the 2019 season
using data collected from selected farmers during the visit. Calibrating APSIM-Oryza
allows accurate prediction of anthesis and maturity of rice varieties. Specific parameters,
such as sowing date, plant density per hill and observation of initial soil water and soil
nitrogen conditions, were used to initialise APSIM-Oryza. Phenology parameters to
match simulated development stages and maturity dates with observed conditions were
then derived by trial and error. In order to obtain accurate leaf area expansion and biomass
production under different climatic conditions, it is very important to adjust the
parameters of minimum relative leaf area growth rate and maximum relative leaf area
growth rate. The observed and simulated crop characteristics after calibrating are shown
below in Figure 4.20(Calibration a,b) which shows good agreement correlation between

observed and simulated values.
4.2.2 Model validation output

Data collected from farmers in Lokakpli during the 2019 growing season, which were not
used for model calibration, were used to validate the performance of the APSIM-Oryza
model. Crop variables were used to validate crop phenology and grain yield. During the
2019 growing season, which was used for model validation, the phenology of rice varie-
ties ranged from 103 to 130 days after sowing (DAS). Observed rice physiological ma-
turity ranged from 104-143 DAS. As shown in Figure 3, the model simulated the anthesis
date with good accuracy and model efficiency (ME > 97%). The RMSE (5 days), nor-
malised RMSE (5%), ME (97.91%), R? (0.85) and PBIAS (2) values confirm the model

robustness (Figure 4.20 validation a).
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Table 4:2. Model evaluation statistics after calibration and validation showing Model
efficiency (ME), root-mean-square error percentage (RMSE), and percent bias (PBIAS)

for yield and phenology, and the coefficient of determination R?.

Observed Simulated

Model ME RMSE  PBIAS R?
mean mean
Calibration
Rice grain Yield
5.7 5.8 1 0 1 0.99
(tha')
Rice Phenology
127 123 0.83 7 -3 0.89
(day)
Validation
Rice phenology
120 117 97.91 5 2 0.85
(day)
Rice yield (tha')  6.84 6.89 100 3 3 0.86
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APSIM-Oryza is a very good simulator of rice yield. Simulated grain yield ranged from
5.2 to 8.9 t/ha, close to observed yield (5.2 to 8.7 t/ha) in crop year 2019. The observed
and simulated rice yields were in good agreement. The robustness of the APSIM-Oryza
model to simulate grain yield with high accuracy is confirmed by the model evaluation
metrics RMSE (0 t/ha), normalised RMSE (8%), PBIAS (1) and ME (100%), R2 (0.99)

(Figure 4.20 validation b).

Several work have been done calibrating and validating APSIM-Oryza in different cli-
mate condition. However, none were done calibrating and validating APSIM-Oryza un-
der West Africa climate and soil condition using farmers’ rice production dataset. Simu-
lation outcomes from APSIM-Oryza in our findings showed that the model can be used
as suitable tool in the selection of appropriate cultivars and to investigate the effect of
climate change on rice growth and yield, and set up a model base approach to propose
the best alternative management practices to farmers to mitigate climate change impact.
Phenology of rice parameterised in Oryza rice module has a strong influence on devel-
opment and grain yield of the cultivar. In our case studies, APSIM-Oryza predicted phe-
nology stages close to the observed values (Gaydon et al., 2017). Model evaluation metric
confirmed the robustness of APSIM-Oryza to simulate the phenology of rice (Figure 3C).
Therefore, to calibrate the phenology of rice in APSIM-Oryza, a particular parameters s
(DVRJ, DVRI, DVRP, DVRR) are very important to be considered (Liu et al., 2019).
Calibration and validation of APSIM-Oryza (Liu et al., 2019; Ahmed et al., 2017; Gaydon
et al., 2017; Gaydon, 2014) simulation indicated good to fair predictions of development
and maturity time of rice cultivar as indicated by the different validation metrics scores.
The results of the validation were used to project rice yield under climate condition in

Cote d’Ivoire, which will be discuss in the next section
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4.2.3 Performance of Bias-Correction Methods

4.2.3.1 Precipitation

For the evaluation of the capability of the CORDEX data in crop model simulations,
precipitation and maximum and minimum temperatures from the GCM output are used
in APSIM-Oryza. Only the delta change has the best performance when applying the
different bias correction methods. It is assumed that if the original GCM output
simulation is close to the observed one, the GCM results have small biases that can be
overcome by calibrating the model. For the four models (CNRM-CMS5, HadGEM2-ES,
MPI and NOAA), the statistics resulting from the bias correction show an overall good
result. Generally, there is a significant correlation between the simulated GCM and the
site observations. Similarly, the GCM simulations are in line with the observations. The
statistical outcome during the model simulation, in Mbe, the R? value gives 0.99, the NSE

value gives 0.99, the RMSE value gives 0 and the PBIAS value gives 0.

In this study, 8 bias-corrected methods were applied and only the delta change map
significantly improved the simulated precipitation time series, as confirmed by the fit.
This is also the case for the statistics based on the frequency and the time series. Figure
4.22 shows the graphical comparison plot for the seasonal cycle between the observed,
raw and bias-corrected forecast statistics for precipitation. The mean precipitation for
both seasons is significantly underestimated by the raw historical data for the four
models. The mean precipitation varies from 0.14 mm to 2.3 mm for the dry season and
from 5.57 mm to 6.14 mm for the rainy season. The standard deviation is higher for the
wet season, at 9.14, compared to 7.39 for the dry season. The historical data are strongly
underestimates of the observations for the for model. The role of the variability

coefficient is to measure the level of distribution around the mean, indicating the higher
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value for historical series compared to observed data for dry and wet seasons. In a similar
way to the mean, the 90th percentiles show the same distribution for both the dry and the

wet seasons (Figure 4.21).

4.2.3.2 Minimum and maximum temperature

Figure 4.24 graphically compares the observations, historical raw and bias-corrected
daily minimum temperatures for the dry/wet periods for the four GCMs. For the dry
(March) and wet (August) seasons, the biased corrected value is almost similar to the
observed data, while the opposite is observed for the historical raw value. The average
(26.68 in March, 20.76 in August) of the historical raw values tends to overestimate the
average of the observations for each season (23.14 in March, 22.61 in August). The same
can be seen for the SD, where the historical raw SD for the dry period is 2.29,
overestimating the SD of the observations, which is 1.18, while for the wet period in
August, both the observations and the historical raw SD have the same SD. Nevertheless,
during dry March, historical CVs are slightly higher at 23.94 than observed CVs at 21.83.
Similar results are found for 90th percentile for both seasons, where calculated historical
raw values overestimate observations. However, all historical raw values are found to
agree with the observed data (Figure 4.23). The R2, NSE, RMSE and PBIAS values for
the observed and historical raw data are identical for the four models from a time series
based statistics point of view, unlike for precipitation. After applying the bias correction
method to the delta change map, the performance of all four models was generally very

good.
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Figure 4.21. Relationship between the ensemble of the raw simulation, observed and
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season).
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The comparison between the historical raw values of the GCM maximum temperature
simulations and the observed data is shown in Figure 4.26. The historical raw values are
for the most part lower than the observed maximum temperature values. The bias-
corrected statistics based on the time series for the maximum temperature perform very
well and the result is identical to the statistics based on the time series for the
precipitation. Furthermore, in terms of statistical and graphical output, the bias-corrected
and observed data are similar. The bias-corrected historical mean (39.8 °C) slightly
overestimates the observed mean (38.36 °C) for the dry season (March), while our
observed mean (28.53 °C) slightly overestimates the bias-corrected mean (27.14 °C) for

the wet season.

4.2.3.3 Projected changes in the main precipitation parameters

Projected changes in annual rainfall over this century (2021 - 2100) relative to baseline
(2019) under RCP4.5 and RCP8.5 emission scenarios are shown in Table 5. It seems that
Bouake, Cote d’Ivoire is likely to feature increased rainfalls during the current century
under both RCP 4.5 and RCP 8.5 emission scenarios. The projected change in rainfall
during the century depend of the different GCMs over the study area. During the period
0f2021-2100, the annual rainfall is feature to decreased by 50.95%, 58.53% and 53.32%
with the models CNRM-CMS5, HadGEM2-ES, and MPI respectively, while it projected
to increase by 7.97% with the model NOAA compare to the baseline (2019) under the
RCP 4.5 emission scenarios (Figure 4.27). The projected changes in the annual and
seasonal rainfall for the periods 2021-2100 under the RCP 8.5 emission scenarios
compare to the baseline are largely similar. Thus, the annual rainfall is projected to
decrease by 28.77%, 30.95% and 66.29% with the model CNRM-CM5, HadGEM2-ES,
and MPI respectively, while it projected to increase by 17.55% with the model NOAA

under the same RCP 8.5 emission scenarios (Table 4:4).
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Projection of the future climate changes is of paramount importance inasmuch as it
contributes to provide useful information for adaptation planning worldwide to local
scales. This study investigate the future change of climate in rice yield using CORDEX-
Africa (historical and forecast dataset) ensemble simulation under the RCP 4.5 and RCP
8.5 emission scenarios. Prior of this study, the bias correction methos was apply to the
dataset using the delta change method among the eight method using which give good
statistical results. During the period of 2021-2100, the annual rainfall is feature to
decreased with the models CNRM-CMS5, HadGEM2-ES, and MPI, while it projected to
increase with the model NOAA compare to the baseline (2019) under both RCP 4.5 and
RCP 8.5 emission scenarios. This result is agree the founding of Ardoin-Bardin et al.
(2009) ; Kouakou et al. (2012); Soro et al. (2017); Bamba et al. (2023), whose studies

focus on the variability of projected climate in Cote d’Ivoire and West Africa.

Bamba et al. (2023) result project an increase of rainfall under the both RCP 4.5 and RCP
8.5 climate scenarios. Kouakou et al. (2012), using RegCM3 regional climate model
show an downward of precipitation with a percentage change ranging from 2.50% to
4.90% on 2031-2040 and 2091-2100 horizon in Cote d’Ivoire. However, Soro et al.
(2017) assess the future trends in monthly rainfall and temperature and its impact on
surface groundwater resources using HadGEMZ2-ES future climate under RCP 4.5 and
RCP 8.5 emission scenarios and found under the RCP 4.5 and RCP 8.5 emission
scenarios, the rainfall is projected to decrease from December to April by 3% to 42% at
all horizons under RCP 4.5 and by 5% to 47% under RCP 8.5. Nevertheless, seasonal
rainfall in West Africa is projected to delayed and also remaining wetter by the end of the
of 21st century (Serdeczny et al., 2015), but research conducted over West Africa show a
good reproduction of rainfall except for HadCM3, which have real difficulty in accurately

simulating rainfall (Kouakou et al., 2011). This confirmed our finding that project a
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decrease in rainfall over the study area with the three models CNRM-CMS5, HadGEM2-

ES, and MPI.

4.2.3.4 Projected changes in the main parameters for maximum and minimum

temperature under scenarios RCP 4.5 and 8.5

In the 2021-2100 periods, the projected changes in the mean annual maximum (Tmax)
and minimum (Tmin) temperature vary across both RCP 4.5 and RCP 8.5 emission
scenarios as shown in Table 4:3. By 2012-2100 century, the mean annual minimum
temperature will experience increase by 15,57% (3.13°C), 15,87% (3.19°C), 15,92%
(3.20°C) and 14,73% (2.96°C) for the four model CNRM-CM5, HadGEM2-ES, MPI and
NOAA respectively under the RCP 4.5 emission scenarios. The projected change in
minimum temperature under RCP 8.5 emission scenarios compare to the baseline are
largely the same (Table 4:3). Therefore, the projected annual average minimum
temperature will increase throughout the study area by about 18,89% (4.31 °C), 21,44%
(4.31°C), 22,13% (4.45 °C), and 17,55% (3.53 °C) for the four GCMs respectively (Table
4:3, Figure 4.28). By 2021-2100 period century, the mean annual maximum temperature
will increase by about 22,08% (6.91 °C), 13,45% (4.21 °C), 17,92% (5.61 °C) and 17,92%
(4.6 °C) for the four GCMs respectively under the RCP 4.5 emission scenario, while under
the RCP 8.5 emission scenarios, the mean maximum temperature will increase by 25,27%
(7.91 °C), 17,1% (5.35 °C), 23,78% (7.44 °C) and 20,13% (6.3 °C) for CNRM-CMS5,

HadGEM2-ES, MPI and NOAA respectively (Table 4:3, Figure 4.29).

Result from our findings projected an increase in minimum and maximum temperature
over the projected period 2021-2100 horizon under both RCP 4.5 and RCP 8.5 emission
scenarios. This confirmed the report from ICPP which projected an increase of

temperature by the future horizon. Finding from Soro et al. (2017) study show an increase
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of temperature in all the month under the RCP 4.5 and RCP 8.5 and a higher crease in
temperature under the RCP 8.5. Research work from Diffenbaugh and Giorgi (2012) base
on climate change hotspots in the CMIP5 global climate model ensemble under both RCP
4.5 and RCP 8.5. the region will experience an increase of 1.2 in minimum temperature
and a maximum temperature of about 1.7 oC by in 2025s. Work from Meehl et al. (2017);
Diallo et al. (2012); Monerie et al. (2012) and Niang et al. (2014) base on change in the
African monsoon using CMIP3 and CMIP5 models under climate scenarios emission in
West Africa projected an increase in temperature ranging from 3 to 6 oC above the late
20th Century baseline. This confirm our finding where higher increase in minimum and
maximum temperature is projected under both RCP 4.5 and RCP 8.5 in 2021-2100
Century (Table 6). The temperature is projected to increase more under RCP 8.5 than
RCP 4.5 emission scenarios, and is in agreement with the finding from Ayele et al. (2016)
Who has shown that the magnitude of temperature is higher for the higher emission

scenarios of RCP 8.5 than for the medium—low emission scenarios of RCP 4.5.

Result from our findings projected an increase in minimum and maximum temperature
over the projected period 2021-2100 horizon under both RCP 4.5 and RCP 8.5 emission
scenarios. This confirmed the report from ICPP which projected an increase of
temperature by the future horizon. Finding from Soro et al. (2017) study show an increase
of temperature in all the month under the RCP 4.5 and RCP 8.5 and a higher crease in
temperature under the RCP 8.5. Research work from Diffenbaugh and Giorgi (2012) base
on climate change hotspots in the CMIP5 global climate model ensemble under both RCP
4.5 and RCP 8.5. the region will experience an increase of 1.2 in minimum temperature
and a maximum temperature of about 1.7 oC by in 2025s. Work from Meehl et al. (2017);
Diallo et al. (2012); Monerie et al. (2012) and Niang et al. (2014) base on change in the

African monsoon using CMIP3 and CMIP5 models under climate scenarios emission in
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Table 4:3. Changes (%) in precipitation, minimum and maximum temperatures during

the growing season under the future climate scenarios compared to the baseline. The

difference in temperature compare to the baseline is showing in parenthesis.

RCP 4.5 RCP 8.5
Models Precipitatio Minimum Maximum Precipitatio Minimum Maximum
n (mm) temperatur temperatur n (mm) temperatur temperatur
e(°C) e(°C) e(°C) e (°C)
CNRM- 15,57 22,08 18,89 25,27
_ ) H _2 77 El 1
CM5 50,95 (3.13) (6.91) 8, (4.31) (7.91)
HadGEM 15,87 13,45 21,44 17,1
2-ES 98,53 (3.19) (4.21) 30,95 (4.31) (5.35)
MPI 15,92 17,92 22,13 23,78
53,82 (3.20) (5.61) 66,29 (4.45) (7.44)
NOAA 14,73 17,92 17,55 20,13
797 (2.96) (4.6) 560 (3.53) (6.3)
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Figure 4.28. Mean monthly change of minimum temperature over the periods 2020s (2010-2040), 2050s (2041-2070) and
2080s (2071-2100) for the four GCMs under the RCP 4.5 (above) and RCP 8.5 (below) scenarios
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Figure 4.29. Mean monthly change of maximum temperature over the periods 2020s (2010-2040), 2050s (2041—
2070) and 2080s (2071-2100) for the four GCMs under the RCP 4.5 (above) and RCP 8.5 (below) scenarios



West Africa projected an increase in temperature ranging from 3 to 6 oC above the late
20th Century baseline. This confirm our finding where higher increase in minimum and
maximum temperature is projected under both RCP 4.5 and RCP 8.5 in 2021-2100
Century (Table 6). The temperature is projected to increase more under RCP 8.5 than
RCP 4.5 emission scenarios, and is in agreement with the finding from Ayele et al. (2016)
Who has shown that the magnitude of temperature is higher for the higher emission

scenarios of RCP 8.5 than for the medium—low emission scenarios of RCP 4.5.

4.2.3.5 Climate change impacts on rice yield under RCP 4.5 and 8.5 scenarios

Under climate change projections, APSIM-Oryza predicted more rice yield with the
NOAA model under both RCP 4.5 and RCP 8.5 emission scenarios in the 2050s and
2080s than the three other GCMs, CNRM-CMS5, HadGEM2-ES and MPI. APSIM-Oryza
projected a consistent decrease in rice yield with a relative change varying between 75%
and 97% with the CNRM-CMS5, HadGEM2-ES and MPI models (Table 4:4) under the
RCP 4.5 and RCP 8.5 emission scenarios. The baseline (2019) average farmer rice yield
was estimated to be 6.2 t/ha in Mbe and 6.01 in Lokakpli. Compared to the baseline, the
APSIM-Oryza model was able to simulate a rice yield close to 4.1 t/ha and 3.2 t/ha in the
2050s and 2080s under the RCP 4.5 emission scenarios, while a rice yield of 4.1 t/ha and
3.9 t/ha was recorded in the 2050s and 2080s under the RCP 8.5 emission scenarios. For
the NOAA model, which shows an increase in yield, the relative change between the
projected yield and the baseline (Table 4:4) shows a decrease in rice yield of 32.8% and
47.54% in the 2050s and 2080s, respectively, under the RCP 4.5 climate scenarios. A
similar decrease trend of 32.8% and 36.1% in the 2050s and 2080s, respectively, was

observed under the RCP 8.5 emission scenario.
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Few studies have simulated the impact of climate change on rice production in farmer
trials in West Africa (Van Oort and Zwart 2018; Onyeneke 2021). Therefore, the study
by Onyeneke (2021) analyses the impact of farmers' climate change adaptation decisions
on rice profitability in Nigeria. Van Oort and Zwart (2018) simulated the impact of
climate change on rice in irrigated and rainfed systems for four RCP climate change
scenarios, by identifying the sources of yield reduction. Their results show that higher
temperatures have a negative impact on yields (24% in RCP 8.5 in 2070 compared to the
base year 2000). Specifically for West Africa, the authors find that wet season irrigated
rice yields are projected to decrease by 21% with adaptation and increase by 7% without
adaptation. Without adaptation, dry season irrigated rice yields in West Africa would
decrease by 45%, with adaptation they would decrease significantly less (15%), and this
decrease may be due to the high temperatures projected. This finding is consistent with
our result, as temperatures are projected to increase under both RCP 4.5 and RCP 8.5
emission scenarios. Knox et al. (2012) assess the impact of climate change on crop
productivity in Africa and South Asia and find a change in mean yield across Africa, but
no change in rice yield. However, to mitigate the impact of climate change on farmers'
rice production, some model-based approaches to scenario adaptation methods have been

developed using APSIM-Oryza.

4.2.3.6 Effect of alternative management practices to mitigate climate change

impact on rice yield

4.2.3.6.1 Crop establishment

The two methods of rice establishment are either direct seeding or transplanting. The
baseline adoption method by farmers is rice transplanting. However, we simulate the

scenarios of rice transplanting methods again as scenarios of rice direct seeding.
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Table 4:4. Percentage Changes (%) in simulated projected rice yield under the future climate

scenarios compared to the baseline

RCP 45 RCP 85
RCMs
2021-2069 2070-2100  2021-2060  2070-2100
Rice Yield (t/ha) and change (%)
m__u_\_m_,\_- 13(-78.69%) 13 (-78.69%) 11(-81.97) 15 (-75.41%)
m_mo_om_,\_m- 09 (-85.25%)  0.2(-96.72%) 1.4 (-96.72%) 0.3 (-95.08%)
MPI 0.9 (-85.25%) 0.2 (-96.72%) 1.2(-80.33%) 0.5 (-91.80%)

NOAA 41(-32.8%)  3.2(-47.54%) 4.1(-32.8%)  3.9(-36.1%)
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The result shows that the average rice yield from the transplanting scenarios is higher
(5.1 t/ha) than the yield from the direct seeding scenarios (4 t/ha). The difference in yield
and the absolute change between direct seeding and transplanting show a reduction in
rice yield of 1.7 t/ha (29.82%). This suggests to the farmers that transplanting is the
method they are practising at the two sites in Bouake (Table 4:5). Although this method
is good for yield improvement, it is also a popular method of planting that requires more

labour, increases production costs and delays planting due to labour shortages.

Rice production is highly sensitive to the impacts of climate change, and adaptation
strategies cannot be overemphasised as an important tool in climate management.
However, the vulnerability of rice production to climate change has attracted the attention
of researchers (Terdoo and Feola 2016; Onyeneke 2021). Rice production in sub-Saharan
Africa is highly sensitive to climate change. There is therefore an urgent need to reduce
the vulnerability of the rice sector to climate change. Adapting rice production to climate
change is critical to increasing farmers' yields and food security. In sub-Saharan Africa,
there are several local adaptation practices that farmers use to manage climate risks. Local
adaptation practices include minimum tillage, drainage and consolidation, combined use
of organic and inorganic fertiliser, crop diversification, improved rice varieties, use of
nursery systems, use of crop protection products, diversification of income sources, and
changes in planting and harvesting dates (Onyeneke 2021; Teklewold et al., 2019; Quan

et al., 2019; Oselebe et al., 2016).

In this section, the six selected best alternative management practices for climate
adaptation and mitigation are developed. For crop establishment, farmers used the rice
transplanting method (5.7 t/ha), which is the best result compared to direct seeding (4
t/ha). However, although this method is good for yield improvement, it is also a popular

method of crop establishment that requires more labour, increases production costs and
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delays planting due to labour shortages. This has been studied by many authors
(Johnkutty et al, 2006; Xu et al, 2019). However, direct seeding, which is recommended
by many authors, suggests optimised management practices to improve the vyield
performance of direct seeding and limit the yield gap between direct seeding and rice

transplanting (Xu et al, 2019).

4.2.3.6.2 Soil organic matter (SOM) scenarios

Table 4:5 shows the result of the different SOM application rates 15 days after
transplanting. On both sites the farmers applied 114 kg N/ha at once as a baseline. The
results show no improvement with the 30 kg/ha application. The change in rice yield
compared to the baseline shows a decrease of 0.01 t/ha (0.20%). However, the 60 kg/ha
application shows an improvement in rice yield of 0.01 t/ha (0.20%) compared to the
baseline, while the 100 kg/ha application shows no change. Therefore, for the best
alternative management of soil organic matter, the 60 and 100 kg/ha could be

recommended to farmers to improve rice yield.

Simulation of soil organic matter scenarios in our finding show an improvement of rice
with the level of 60 kg/ha. This result confirms the findings of XU et al. (2008), Igbal et
al. (2020) and Shrestha et al. (2020). Research by Shrestha et al. (2020) shows that soil
organic matter provides an important amount of nitrogen to the plant, which is essential
for rice growth and optimum yield and is a major component of amino acids and the
building blocks of protein and chlorophyll. So far, results from Igbal et al. (2020) show
that a combination of 30% poultry manure and 70% chemical fertiliser increases rice

grain yield by 11% and 15% in the early and late seasons, respectively.
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Table 4:5. Absolute difference (t/ha) and relative (%) changes in rice yield under

alternative management practices compared to the farmers practices under future climate

conditions.

Alternative management Riceyield  Absolute difference  Change in rice
practices (t/ha) (t/ha) yield (%)
Crop establishment
Direct seeding 4 -1,7 -29,82
Manure application (kg/ha)
30 5,06 -0,01 -0,20
60 5,08 0,01 0,20
100 5,07 0 0
Mulch application (Mg/ha)
0,5 55 0,43 8,5
10 5,8 0,73 14,4
Seedling age (days old)
10 4,73 -0,32 -6,3
14 4,4 -0,65 -12,9
35 5,07 0,02 0,4
Nitrogen fertilizer
application (kg N/ha)
45 3 -1,5 -33,3
90 4,1 -0,4 -8,9
120 4,8 0,3 6,7
150 4,9 0,4 8,9
180 51 0,6 13,3
Sowing date
1 Feb 3,8 -1,4 -26,9
15 Feb 4,7 -0,5 -9,6
1 Mar 5,13 -0,07 -1,3
15 Mar 51 -0,1 -1,9
15 Apr 5,2 0 0
1 May 5,2 0 0
15 May 52 0 0
1 Jun 52 0 0
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4.2.3.6.3 Scenario Mulch Management

Different levels of rice straw mulch application (5 Mg/ha, mean 5 Mg/ha mulch
application and 10 Mg/ha, mean 10 Mg/ha mulch treatment) were set in the scenarios
compared to the baseline of 0 Mg/ha, i.e. no rice straw mulch application. Comparing the
baseline with the scenario results, rice yield increased significantly more with 0.5 and 10
Mg/ha. We observe a more significant increase with 10 Mg/ha than with 0.5 Mg/ha. The
difference in rice yield and the absolute change compared to the baseline increase by 0.43
t/ha (8.5%) and 0.73 t/ha (14.4%) for 0.5 and 10 Mg/ha rice straw mulch application,
respectively (Table 4:5). The baseline application of 0 Mg/ha yields 5.07 t/ha. The
purpose of this study is to establish a model simulation approach by identifying the best
alternative management practices to mitigate climate change. In this case of rice straw
mulch, we recommend that farmers apply 0.5 and 10 Mg/ha to improve rice yield in order

to mitigate the impact of climate change on rice production in Céte d'Ivoire.

The ability to APSIM-Oryza to simulate rice straw mulch management show a good result
wilt an improvement of rice grain yield. The difference in rice grain yield due to rice
straw mulch treatment found in our finding are similar to those from (Dosso-Yovou et al.
2016; Akhtar et al. 2018; Jabran et al. 2016). Dosso-Yovo et al. (2016) finding show that
with rice straw mulch at 3 Mg/ha have increased rice grain yield and result from Akhtar
et al. (2018) with 5 Mg/ha wheat straw mulch treatment had increased grain yield (7%).
Similarly, result from Jabran et al. (2016) shows that water-saving rice production
systems (consisting of aerobic rice and transplanted rice with intermittent irrigation) save
water (18-27%) with improved water productivity, but cause rice yield loss of 22-37%.
However, when mulch is applied to the system, rice yield is increased (0.18 to 0.29 kg

grain). Overall, our results suggest that the 10 Mg/ha and 5 Mg/ha rice straw mulch
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treatments could be used to maintain rice grain yield productivity and promote better

adaptation to the effects of climate change in West Africa.

4.2.3.6.4 Scenario seedling age

Three levels of seedling age of 10, 14 and 35 days were applied in these scenarios. The
result showed that seedlings at 35 days produced significantly higher rice grain yield
(5.07 t/ha) compared to the other two seedlings. Transplanting rice at 35 days after sowing
then gave a more promising result than transplanting at 10 and 14 days after sowing
compared to the baseline. The difference in yield and the relative change from baseline
show an increase of about 0.02 t/ha (0.4%) for 35-day-old seedlings and a decrease of
about 0.32 t/ha (6.3%) and 0.65 t/ha (12.9%) for 10 and 14-day-old seedlings,
respectively, after transplanting rice (Table 4:5). The best alternative management advice

for farmers is to use 35 days old and baseline.

The seedling age scenarios were well performed, and the result of the proposed seedling
age at 35 days is more promising compared to the baseline. This result is consistent with
the findings of Koudjega et al. (2019), Kirttania et al. (2013), and Rahimpour et al.
(2013), who found that the seedling age of rice at transplanting significantly affects
panicle length. Transplanting rice at a young seedling age with soil ensures that the roots
are not damaged, allowing them to adapt quickly to soil and climatic conditions, resulting
in better yield growth (Uphoft, 2002). Similarly, Makarim et al. (2002) showed that rice
plant components and yield can be increased by transplanting seedlings at 14 days instead
of older seedlings at 21-23 days. Similarly, Ali et al. (2008) found that young seedlings

have a significant effect on rice development and grain yield.

4.2.3.6.5 Scenario mineral fertilizer
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Five nitrogen fertiliser rates of 45, 90, 120, 150 and 180 kg N/ha were applied and
included in the model scenarios. The results show a significant increase in rice yield with
120, 150 and 180 kg N/ha nitrogen fertiliser than the other N application rates. It should
be noted that as the N application rate increases, so does the rice yield. Table 4:5 show
the recorded vyield, the change in rice yield and the relative percentage change for the
different N application rates. Compared to the baseline N application of 114 kg N/ha, the
change in rice yield and the relative change increase by 0.3 t/ha (6.7%), 0.4 t/ha (8.9%)
and 0.6 t/ha (13.3%) for the 120, 150 and 180 kg N/ha N application rates, while they
decrease by about 1.5 (33.3%) and 0.4 t/ha (8.9%) for the 45 and 90 kg N/ha N application
rates. The 120, 150 and 150 kg N/ha rates are the best alternative management of nitrogen
application to mitigate the effects of climate change on the farmers' rice production

system.

Several studies have assess mineral fertiliser role in rice development and yield
production (Peng et al., 1999; Harrell et al., 2011). Different level of mineral fertiliser
(45, 90, 120, 150, 180) have been used, setup and simulate the scenarios. The 180 kg N
hal increases the rice grain yield by 5.1 t/ha (Table 4:5), while the baseline rice yield is
4.5 t/ha (114 kg N/ha). The results of this study agree with the findings of Djaman et al.
(2018), who reported that the nitrogen application rate of 150 kg/ha was found to be the
best with improved performance of the specific rice variety. Peng et al. (1999) showed a
linear response of rice grain yield to nitrogen, while Harrell et al. (2011) reported a linear
response of rice yield to N application below 150 kg N ha-1 and a flattening when the N
application rate is higher than 150 kg N ha-1. Therefore, a N application rate of 150 kg/ha
under mineral fertiliser scenarios could be recommended to improve rice yields for

farmers and food security to achieve rice self-sufficiency as desired in West Africa.
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4.2.3.6.6 Scenario change in sowing date

In this step, we used a cropping system model (APSIM-Oryza) to set up scenarios and
compare a range of rice sowing dates (1 February to 15 June) for all selected farmers in
both sites with the reference baseline using rice variety WITA9. The result suggests that
changing from a short to a long rice sowing date would increase or decrease rice yield
over the historical period. Rice yield would decrease from 1 February to 15 March and
increase from 15 April to 15 May. The change in rice yield and the observed percentage
change show a decrease of about 1.4 t/ha (26.9%), 0.5 t/ha (9.6%), 0.07 t/ha (1.3%) and
0.1 t/ha (1.9%) for 1 February, 15 February, 1 March and 15 March, respectively,
compared to the baseline of 5.2 t/ha on 1 April. However, no change in rice yield was
observed for the sowing dates of 1 May, 15 May and 1 June compared to the baseline

(Table 4:5).

APSIM-Oryza simulation results showed that the effect of sowing date on rice grain yield
varied greatly with the time of transplanting (Dharmarathna et al. 2014; Ding et al. 2020;
Balwinder et al. 2014). Ding et al. (2020) analysed the impact of climate change on rice
yield in China and the effects of shifting the sowing date on rice yield and irrigation water
requirements, and showed that the average rice yield will decrease and that the application
of the optimised sowing date will compensate for the average rice yield losses. The results
of our study confirmed these earlier findings (Table 4:5). The results of Balwinder et al.
(2014) showed that the long-duration varieties delayed the sowing date to late June,
implying a consistency penalty on rice yield, and the subsequent shift to 15 July resulted
in low yields (0-3.5 t ha-1). Rice grain yield is relatively stable over a period of
transplanting dates from early May to mid-June, with a reduction in yield for
transplanting after about mid-June for medium and long duration varieties (Jalota et al.,

2009; Balwinder et al. 2014).
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Chapter Five

5.0 Conclusion and Recommendations

5.1 Conclusion and Recommendation

During my PhD, I studied the land-atmosphere interaction and its impact on rice
production in West Africa to better understand the importance of large-scale land cover
types or plant functional type drivers such as vegetation (vegetation PFT, crop PFT and
standard PFT) and climate interaction on condensational and convective cloudiness and
rainfall. Although our study area is limited to West Africa, which is divided into four
zones such as Guinean zone (rainfall > 1100 mm), Sudanian zone (rainfall range between
900 - 1100 mm), Sudano-Sahelian zone (rainfall range between 500 - 900 mm) and
Sahelian zone (rainfall 250 - 500 mm). WA 1is also characterised by different land cover
types, which can contribute significantly to climate variability. The datasets include
observations from three eddy covariance stations, ERAS land reanalysis data and GSWP
version 3 used for parameterisation of the eCLM land surface model. The effect of the
vegetation-atmosphere interaction over West Africa was investigated by comparing the
simulation output with the observations and with ERAS5 land and by expressing the lifting

condensation level height (LCL).

When comparing the simulation with observations, the eCLM model performed very well
when comparing the output of land surface fluxes with observation and ERAS land. The
expression of LCL from eCLM simulation output compared with the expression from
observation and ERAS land are in good agreement, showing the robustness and good
performance of the model. However, the LCL height over crop land cover is larger than
that over vegetation and standard land cover. We also compare the land surface fluxes
with the LCL height for each different land cover. We observe that the correlation between

latent heat (LH) and LCL (LH-LCL) is negative over the three land cover types, while
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the relationship between sensible heat and LCL (SH-LCL) is positive over the three land
cover types. LH-LCL have a mutual negative correlation, which is negatively influenced
by water and energy fluxes, forming positive feedback loops and leading to a negative
LH-LCL relationship. The negative correlation between LH-LCL indicates a possible

influence of LH on LCL height.

We also evaluate the relationship between precipitation, LCL and energy and momentum
to assess the link between LCL and convective clouds. During the dry season (October
to April), we observe that the lowest atmosphere of WA has a high LCL due to low cloud
cover and high aridity over the Sahel, as well as aerosol. Between May and September
(rainy season), the onset and cessation of the rain cycle is observed with low levels of
LCL due to high levels of convective cloud and precipitation. Due to many positive and
negative feedbacks, changes in vegetation composition can have significant effects on
climate, not only at regional but also at global scales. In particular, conversion of the WA
vegetation PFT landscape to cropland PFT landscape can increase surface albedo (Myhre
and Myhre, 2003) and reduce evapotranspiration because grasses and annual crops do not
have access to as much soil water for transpiration as native vegetation/trees. The increase
in albedo leads to a reduction in surface shortwave radiation (SSR) and hence surface
temperatures. In a negative feedback loop, lower surface temperatures further reduce
evapotranspiration, resulting in less latent cooling and more sensible heat to rewarm the
surface. The LCL height is related to the cloud base height, so a high (low) LCL height
is associated with more high (low) clouds, which is usually associated with less (more)
moisture in the clouds, less (more) precipitation, a lower (higher) cloud albedo and more

(less) solar radiation reaching the ground.

On the other hand, this study evaluated the performance of APSIM-ORYZA in simulating

rice, the effects of climate change on rice yield, and how the use of alternative
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management practices can mitigate the effects of climate change on rice yield. Data were
collected from two years of experiments in farmers' fields in the Bouake region of central
Cote d'Ivoire and used to calibrate and validate the APSIM-ORYZA model. Once
validated, future bias-corrected climate data from Representation Concentration
Pathways (RCPs) climate scenarios RCP4.5 and RCP 8.5 were used to assess the impact
of climate change on rice yield. Seven adaptation strategies were set up to assess their
potential to mitigate the impacts of climate change on rice yield. The results showed that
APSIM-ORYZA simulated irrigated rice satisfactorily with R? values ranging from 0.8
to 1. The impact of climate change on rice yield showed that rice yield will under climate
scenarios RCP 4.5 and RCP 8.5 compared to the reference rice yield. Rice yield is
projected to increase under climate change when alternative management practices such
as rice start mulching, alternate wetting and drying, seedling age at 35 days before
transplanting, organic fertiliser application at 120 kg N ha'! and rice sowing after 1 April
are applied. The adoption of AWD combined with rice straw mulching, appropriate
sowing dates and organic fertiliser application could be recommended to smallholder
farmers to improve rice yield under climate change in the irrigated lowlands of central

Cote d'Ivoire.

5.2  Limitation of the study

This research study was limited by, firstly, the issue of time to perform a spin-up to
simulate the dynamics of each land cover and evaluate the lifting condensation height
over the whole process. Secondly, we were not able to parameterise the model to calculate
the leaf area index and evaluate the precipitation over each land cover and assess the

contribution to surface runoff and the hydrological system in West Africa.
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5.3 Recommendation

We recommended for future research that a simulation should be carried on the dynamic
aspect of each land cover types (vegetation, crop and urban) using eCLM model to enable
assessing its robustness over the West Africa. We also recommended that an evaluation
should be carried through the simulation of the three land cover types dynamic the level
of cloud base and assess the precipitation event over each specific land cover and identify
their contribution to groundwater stock using the couple eCLM-ParFlow already
available. We recommend that political decision-makers and international institutions
involved in the fight against climate change to use strategies afforestation at some level
as resilience with climate extreme events. We recommend for stockholder farmers and
policy maker: transplanting as crop establishment, 60 and 100 kg/ha level for manure
application, the amount of 0.5 and 10 Mg/ha were recommended and for mulch level
application, for Nitrogen fertilizer application we recommended 120, 150 and 180 kg

N/ha level and sowing date for 15 February, 1st and 15 March.
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