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ABSTRACT

This research focused on the effects of soil salinity and climate variability on rice
cultivation and agricultural productivity in the Lower River Region (LRR) and Central
River Region South (CRRS) of The Gambia. The research employed a
multidisciplinary approach, utilizing machine learning models, satellite reflectance,
soil salinity (ECe) data, and statistical analyses to assess soil salinity dynamics, its
impact on rice yield, and potential adaptive strategies for sustainable agriculture. The
Random Forest model demonstrates strong predictive capability using Landsat 8
reflectance values. Results indicate significant changes in salinity-affected areas in
LRR from 66.34% of the total territory in 2014 to 72.15% in 2021, marking a
substantial 9.56% increase. The results indicated a contraction in the combined
salinity-affected area in CRRS, dropping from 93.46% of the region’s land in 2014 to
80.29% in 2021, translating to a significant percentage decrease of -13.94 % during
the same timeframe. The seasonal variability of root-zone salinity and its impact on
rice yield shows that the soils predominantly exhibit acidity, with pH values ranging
from 4.0 to 5.8. The GLM offers robust goodness of fit with an impressive R-squared
value of 0.98. Tonitaba and Kudang express opposing coefficients on soil ESP, with t
estimates (0.84994) and (-1.18268), respectively. The results indicated a statistically
significant negative relationship between ESP and sampling time in August, indicating
seasonality in salinity conditions. Sodium concentration (Na meq/100g) emerges as
the most influential predictor of ESP, soil pH (pHsoil), calcium (Ca*? meq/100g),
potassium (K meq/100), and magnesium (Mg meqg/100) manifest a negative
association with ESP. The results show a substantial variation in rice yield across these
study fields, with Mandina and Tonitaba yielding 30% less than Kudang. Maximum
temperature exhibited a robust negative correlation with rainfall in both regions, while
minimum temperature showed a medium to strong positive relationship with rain.
Linear regression models explained 67% of rice yield variability in LRR and 64% in
CRRS, highlighting the substantial influence of year-to-year changes. Random Forest
prediction models revealed a 24% change between predicted and actual historical yield
in LRR and a 54% change in CRRS. Maximum temperature significantly impacted
rice yield, followed by rainfall.

Keywords: ESP; Climate variability; Soil salinity; root-zone
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CHAPTER ONE

INTRODUCTION
1.1 Background
The agricultural industry and global food security are seriously threatened by climate
change, especially in developing countries (Rondhi et al., 2019). IPCC (2014)
identified climate change as a significant factor undermining food security, mainly
impacting agricultural productivity. According to projections, agricultural output
losses from the combined effects of temperature and precipitation might reach 32%
by 2100 (IPCC, 2022). Fitton et al. (2019) estimated that by 2050, 11 % of cropland

globally will be susceptible to climate-induced water scarcity.

Climate change directly affects precipitation and temperature, leading to water
shortages, altering soil and soil moisture conditions, and amplifying the incidence of
pests and diseases (Kawasaki and Herath, 2011; Krishnan et al., 2016). According to
Vogel et al. (2019), there was an estimated 25% yield loss globally between 1961 and
2006, with climate and climatic extremes being responsible for 20-49% of the
variation in yield anomalies and 18-45% of the variance being ascribed to drought
and heatwaves. lizumi et al. (2018) report that lower worldwide mean yields of maize
(4.1%), wheat (1.8%), and soybeans (4.5%) were caused by variations in precipitation

and temperature, with rice yield showing a global variability of almost 32%.

Ray et al. (2019) noted detrimental effects on essential crops owing to decreasing
precipitation without irrigation in semi-arid locations, including the Mediterranean,
Sub-Saharan Africa, South Asia, and Australia. According to Sultan et al. (2019),
between 2000 and 2009, drought and other climatic factors in West Africa caused
yield losses of 10-20% for millet and 5-15% for sorghum. Climate change impact
studies in The Gambia revealed yield reductions for millet (-15%), groundnut (-18%),
maize (-22%), and sorghum (-25 to -15%) (Njie and Corr, 2006; Sonko et al., 2019).

The 2007 IPCC report highlighted the projected rise in abnormally high sea levels as
a vital component contributing to the salinization of water used for agriculture at
estuaries, thereby reducing the availability of freshwater systems. Additionally,
Bayabil et al. (2021) reiterated that saltwater intrusion resulting from rising sea levels
leads to soil salinity, causing damage to soil health and agricultural productivity. Soil
salinity and alkalinity are significant forms of land degradation directly threatening

1



food security in many parts of the world, including The Gambia. Most lowland rice
ecosystems in The Gambia are adversely affected by salt intrusion caused by rising
sea levels and unprecedented fluctuations in river flow. In the lower saline stretches
of the River Gambia, rice cropping under tidal irrigation is currently encountering

notable disruptions due to elevated salinity levels (Mungai et al., 2019).

Soil salinity is a dominant form of land degradation that significantly impacts
vegetable and rice cultivation in different regions of The Gambia. A significant area
of alluvial soils is found in the floodplain of the River Gambia, which can be
permanently or intermittently influenced by saline water (Dunsmore et al., 1976; Peat
etal., 1979; Sylla et al., 2016). The saltwater influx and sulfur deposition from marine
sediments have significantly impacted the soil characteristics in the swampy
conditions of river floodplains (Jergensen et al., 2019).

Furthermore, sulfur deposition from marine sediments results in acid-sulfate soils with
low pH levels and high concentrations of toxic substances like aluminum and iron
(Virtasalo et al., 2023). This leads to the buildup of salts in the ground, increasing
salinity levels and reducing soil fertility. These conditions have negatively affected
plant growth and soil microbial activity, diminishing the potential for rice cultivation

in swampy conditions despite the soil’s inherent fertility (Sari et al., 2023).

The River Gambia is strategically important for the Gambia River Basin Organization
(OMVG) countries, including The Gambia, Guinea, Bissau, Guinea, and Senegal.
However, critical gaps in understanding the basin’s biophysical conditions and human
activities have been identified (Kramer et al., 2019). Specifically, there is a lack of
comprehensive soil surveys to determine the total area of the floodplain suitable for
vegetable and rice irrigation (Verkerk and Rens, 2005). There is also no systematic
assessment of the interactions between soil, surface, groundwater, and soil salinity

along the tidal swamps of the River Gambia.

Assessing and monitoring soil salinity degradation will be essential for effective
natural resource management and regional agricultural sustainability (Shahbaz and
Ashraf, 2013; Talat, 2020). Soil salinity maps play a critical role in decision-making
processes for managing salinity and water resources at various scales (Shahbaz and

Ashraf, 2013). By enabling early detection and mapping of soil salinity, stakeholders



can identify problem areas and understand temporal and spatial changes in salt
occurrence, ensuring efficient soil and water management, particularly in water-scarce

regions (Ravi et al., 2020).

Moreover, monitoring changes in soil salinity over time is of utmost importance to
assess the impact of management practices and optimize fertilizer and cropping inputs,
particularly for rice production (Ravi et al., 2020; Radanielson et al., 2018). Accurate
and timely soil salinity assessment is crucial for developing effective strategies to
mitigate the detrimental effects of soil salinization on rice production and overall

agricultural sustainability in The Gambia.

Establishing a systematic soil salinity monitoring framework provides valuable
evidence for decision-makers, farmers, and researchers, allowing for better
management of soil and water resources (Ravi et al., 2020; Talat, 2020). This
framework enables targeted soil amendments and appropriate soil management
techniques to improve soil structure and fertility, enhancing the region’s agricultural

potential (Shahbaz and Ashraf, 2013).

The Gambia faces increasing challenges from climate change, including a rise in
drought frequency, salinization, short growing seasons, variability in rainfall (GOTG,
2016), and the lack of short-duration rice varieties has adversely impacted rice
productivity, limiting the potential for rainfed rice production in The Gambia. As
climate change continues to intensify, implementing a comprehensive soil salinity
monitoring framework in The Gambia becomes increasingly critical to mitigate the
impacts of saltwater intrusion (Adger et al., 2011; Munns et al., 2010). The availability
of accurate soil salinity data supports informed policy-making and decision-support
systems at both national and regional levels, facilitating the development of
agricultural policies, water management strategies, and land-use planning (Shahbaz
and Ashraf, 2013; Talat, 2020). Integrating soil monitoring into policy frameworks
enhances The Gambia’s capacity to address agricultural challenges. It will promote
sustainable land and water management practices, contributing to achieving long-term

food security goals for the region.



1.2 Problem Statement

The two prominent threats to sustainable agriculture are population increase and the
decline in cultivable land (Shahbaz and Ashraf, 2013; Talat, 2020). The area ofitable
for farming in semi-arid regions is diminishing at an annual rate of 10%. It is expected
to cover 50% of the overall arable land by the year 2050, according to Jamil et al.
(2021). Soil salinity, a significant environmental challenge for crop production, affects
plant sensitivity and overall agricultural productivity (Tahir et al., 2019). Climate
change exacerbates salinization processes through alterations in precipitation,
temperature, rising sea levels, and evaporation patterns (Munns et al., 2010; Tahir et
al., 2019).

Climate-induced sea level rise, associated flooding risks, and saltwater intrusion have
aggravated soil salinity, particularly in coastal regions (Torres et al., 2016; Talat,
2020). This situation is worsened by alterations in precipitation patterns and rising
evaporation rates, which contribute to the elevation of soil salinity levels (Torres et
al., 2016; Talat, 2020). The collective impacts of sea level rise, alterations in land use,
and climate-related factors heighten the vulnerability to saltwater intrusion in coastal
regions, exacerbating the problems associated with soil salinity (Torres et al., 2016;
Talat, 2020).

Climate change is estimated to significantly impact river flows and freshwater
availability in West Africa, as indicated by a study conducted by Roudier et al. (2014)
that found considerable uncertainty in future streamflow developments. While the
overall uncertainty was reported to be 0%, suggesting a lack of clear direction, the

Gambia River showed a noteworthy negative change with a median of -4.5%.

Projections indicated that natural flows in the perennial freshwater section of the River
Gambia would decrease by 9% compared to historical flows at Kuntaur in the 1970s
and 1980s (168m?%/s) (GOTG, 2016). Furthermore, the downstream area of the Gambia
River basin is influenced by seasonal and annual rainfall variations over the Gambia,
Senegal, and Guinea (Adger et al., 2011), exacerbating the potential impacts of climate

change on freshwater resources.

Human activities, including deforestation, land cover change, upstream freshwater

diversions, inappropriate irrigation practices, and pollution, significantly contribute to



soil salinity globally (Mukhopadhyay et al., 2020). Within the Gambia River Basin
framework, the suggested development of the Trans-Gambia Bridge and the
Sambangalou Dam, endorsed by UNDP, is expected to yield various advantages.
These include enhanced water storage capacity, increased hydropower generation, and
expanded irrigation possibilities. These measures aim to strengthen agriculture, bolster
hydropower production, and augment water supply for the states along the river
(Bodian et al., 2018).

Nonetheless, it is crucial to consider the potential adverse consequences on the water
supply, which could affect the affected nations' energy production and agriculture
sectors (Bodian et al., 2018). Additionally, concerns regarding water resources in The
Gambia, linked to climate change, are projected to influence the River Gambia's water
flow due to heightened evaporation losses from the river. This could result in increased
evaporation rates and potential reductions in water availability, as previously
established at 11 m®/s (Kramer et al., 2019).

The increased level of climate-induced soil salinization of the floodplain of River
Gambia renders it unsuitable for irrigation practices, reducing water and land
availability for crop production (Adger et al., 2011). Rice, in particular, is susceptible
to salinity stress, affecting various aspects of plant growth and development, including
seedling growth, establishment, yield, and yield components (Asch & Wopereis, 2001;
Talat, 2020). Although tolerant rice varieties have been introduced, their potential
yield still needs to be realized due to the need to adopt suitable cropping seasons and

management technologies (Radanielson et al., 2018; Yadav et al., 2019).

1.3 Overall Aim of the Study

The main objective of the study was to assess the combined impacts of soil salinization
and climate change on rice production in the tidal floodplain of the River Gambia
within the Lower River Region (LRR) and Central River Region South (CRRS) of the
Gambia.

1.3.1 Specific Objectives of the Study

The specific objectives were:



i. To assess the spatio-temporal dynamics of soil salinity in the study area,
focusing on tidal swamps suitable for rice irrigation in the floodplain of the
River Gambia.

ii.  To investigate the seasonal variability of root-zone salinity under farmer-
managed fields and its impact on rice yield and overall crop productivity.

iii.  To assess the vulnerability of rice production to climate change in the Lower

Central River Regions of the Gambia

1.3.2 Research Question

i. What is the spatial distribution of soil salinity in the tidal swamp rice production
zones, and how does it vary across distinct land cover types within the floodplain
of the River Gambia?

ii. How does root-zone salinity vary with other soil physicochemical properties
throughout the rice-growing season, and what is its impact on rice yield under
the management practices of local farmers in the tidal floodplain of the River
Gambia?

iii. What are the historical trends in climate conditions within the Lower River
Region (LRR) and Central River Region South (CRRS) of The Gambia, and how

do these trends impact rice production over time?

1.4 Scope and Limitations

This research covers the enumeration of land degradation due to soil salinity, the
determination of the distribution of seasonal variability of saline conditions, and the
identification of suitable crop management practices for rice production along the
flood plains of river Gambia in LRR and CRRS. The research further estimates the
effect of soil salinity on rice production and productivity and assesses yield loss in the
study area. Additionally, the study focused on farmers’ technology adoption and
coping strategies, including alternative land use and sustainable livelihood of farmers

affected by soil salinity.

This research’s limitations arose from insufficient historical soil data and the absence
of daily meteorological records for the two regions under investigation. These
constraints impeded the comprehensive assessment of the historical influence of

climate factors, such as temperature and rainfall, on soil salinization. Furthermore, the
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unavailability of daily meteorological data hampered the precise determination of the
onset and conclusion of the rainy season, consequently restricting the ability to

thoroughly analyze the vulnerability of rice production in the study areas.

1.5 Description of the Study Area
The study was conducted in some selected districts of the Lower River Region (LRR)
and Central River Region South (CRRS) of the Gambia, shown in Figure 1.1.
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Figure 1.1 Map of the study area

Table 1.1 provides a comprehensive overview of land areas and the respective
geographical coordinates for the specific regions. It also highlights the floodplain areas
within these regions and the total floodplain area when combining both regions. The
two regions have a Sudan-Sahelian climate characterized by savannah woodland
vegetation interspersed with a tributary lowland valley systems network. These flood
plains serve as excellent rice-growing catchments under tidal swamps and pump

irrigation for rice production.



Table 1. 1 Geographical location and land areas (ha) of regions and floodplains

Region Location Area
g Longitude Latitude (ha)

-15.424459516829 ° W  13.453712190649° N
-15.1883353740675 ° W  13.543396912821° N

LRR -15.5115289962543 ° W  13.481189881367° N 149,064
-15.6310647985023 ° W  13.447324329627° N
-15.3296256260678° W  13.629899889957°N
-15.3652108421198° W  13.632079891759°N

CRRS -15.3649035842031° W  13.633169967804°N 145,190
-15.3646737634526° W  13.634305242712°N

Total 294.254.4

Area

Floodplain
-15.424459516829° W  13.4537121906487° N

LRR -15.1883353740675° W  13.5433969128207° N 41021
-15.5115289962543° W  13.4811898813669° N ’
-15.6310647985023° W  13.4473243296266° N
-15.3296256260678° W  13.602888488893° N
-15.2492807314256° W  13.589362379631° N

CRRS -15.0802336174757° W  13.633911618093° N 32,563
-14.8094297278412° W  13.467075039242° N

Total

Area 73,584

The zone has a short growing season from June/July to October, with mean annual
rainfall varying from 900 mm in the southwest to about 600 mm in the northeast. The
season is characterized by a few dry spells superimposed over fairly good rainfall
distribution. The mean annual temperature ranges from 25 °C to 28 °C, with a higher

mean in the eastern part of the country (Jarju, 2020).

Soil suitability assessments for this agroecological zone (AEZ) indicate that unsuitable
land ranges between 28% and 58 %, while marginal land ranges between 7 % and 12%
(FAO 1997). The soils on the upper edges of these flood plains are similar in texture
and vary from friable clay to sandy loam, with distinctive crusting on the top that helps
with significant runoff after heavy rains. These soils become stiff when dry and
satisfiable but easy to cultivate when moist (FAO 1992; Gibba and Jallow, 2020). A
considerable portion of the nation (492,999 hectares) is covered by the AEZ, of which
76% is farmed and provides for more than 60% of the country's agricultural output.

The main grains produced in the region are primarily late varieties such as sorghum,



upland rice, and millet. Other important crops include vegetables, roots, tubers, and
fruit trees (FAO, 1992; Sienta et al., 2019).

The river floodplain in LRR covers an area of 41,021 ha, and CRRS has a floodplain
area of 32,563 ha. The combined floodplain area for both regions is approximately
73,584 ha. LRR covers an area of 149,064.1 ha, whereas CRRS encompasses an area
of 145,190.3 ha. The total land area for the two regions is approximately 294,254.4
ha. The floodplain is characterized by thick mangrove forests and low-lying swamps,
heavily influenced by tidal inundation. The mangrove forests provide vital ecosystem

services such as carbon sequestration, shoreline protection, and nutrient cycling.

A substantial portion of the world's mangroves, approximately 19 %, is found in West-
Central Africa, covering an area of around 20,410 km? (Feka and Ajonina, 2011; Feng
et al., 2017). These mangroves hold great importance for the local population along
the Atlantic Coast of Africa, particularly for the livelihoods of approximately five
million people who depend on small-scale fisheries and rely on fish as a primary
source of dietary protein(Boone & Bhomia, 2017). The site is rich in biodiversity and
provides essential habitat for various species, including fish, crustaceans, and

migratory birds.

The soil is primarily alluvial and colluvial, formed from the deposition of sediments
carried by rivers and streams from the surrounding uplands. The soil texture is
dominated by clay, with varying silt. As a result, the soil is generally rich in nutrients
and organic matter. This can lead to soil compaction and poor drainage in some areas.
However, the high clay content also means the soil has good water-holding capacity,

which can benefit crop production.

Soil associations in the tidal zone with natural mangrove or reed vegetation are
principally unripe and half-ripe gleys, basically grey or dark grey with very little
mottling. The unripe saline soils are always sulphidic with fine texture and
waterlogged. Their salinity decreases upstream and varies seasonally according to
river flushing (Dunsmore., et al., 1976). Soil occurring in the upper part of the inter-
tidal zone comprises nearly ripe saline gleys and almost mature acidic sulfate soils.
The vegetation cover ranges from mangrove and reed to sparse grass or reed-sedge
family beyond the saline limit (Peat et al., 1979). Under natural conditions, the ripe
and nearly ripe saline gleys have a pH < 5.1 within the typical profile but severe acidity



reducing pH < 4 following drainage or drying, and thus, they can be regarded as
potential acid sulfate soils (Dong-Jin et al., 2007).

The nearly ripe soils can be cultivated provided the farm operation does not expose
the sulphidic materials close to the surface and maintains a high water table. Soils
found on the flood plain and terraces opposite the tidal zone are subject to wet season
flooding. The saline association of this group of soil comprises ripe clays with slightly
salty subsoils and variable salinity in the topsoil. The ground is acidic, with pH values
<4 in the subsoil. They contain adequate levels of both calcium and magnesium, with
magnesium frequently serving as the primary cation in the exchange complex
(Dunsmore et al., 1976; Peat et al., 1979). However, high exchangeable sodium

concentrations could cause toxicity issues that precede other factors.

The soils are strongly acidic to neutral to within more than s50 cm of the surface, with
high base saturation (BS) of less than 90 % throughout, a predominance of Mg in the
exchange complex in the order of Mg> Ca > K but with ESP < 20 (Dunsmore et al.,
1976). These saline soils can be used for rice production, provided leaching and liming
requirements are met. The no-saline group comprises ripe soils of heavy texture and
moderately acid to calcareous profile. They are suitable for irrigated agriculture,
provided they are protected from wet season flooding. These soils are also
characterized as having a water table within 2 m of the surface at the end of the dry
season and are thus susceptible to salinization (Dunsmore et al., 1976).

Regions characterized by elevated water tables encounter issues related to soil
salinization due to heightened capillary rise and recharge from salty groundwater
sources (Bates et al., 2008; Fall, 2017; Talat, 2020). The area is also utilized for rain-
fed rice cultivation during the short rain that lasts 3 to 4 months following the long dry
season. However, the re-emergence of saline conditions as the rains cease poses a

challenge to rice cultivation in the area.

1.5.1 Organization of Thesis

The thesis is organized into six chapters. Chapter 1 gives the background, problem
statement, justification, objectives, and study area description. Chapter 2 presents the
literature review of the subject matter, and chapters 3 — 5 focus on specific objectives
1 — 3, respectively. Chapter 6 presents a general discussion, conclusion, and

recommendation based on the study findings for policy and future research.
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CHAPTER TWO

LITERATURE REVIEW
2.1 Impact of climate change on soil salinity
2.1.1 Climate change
According to WMO (2013), the world recorded the highest number of decadal extreme
climate events from 2001 — 2010 since the advent of modern measurement in 1850.
IPCC (2013) confidently stated that 1983 to 2012 was probably the warmest 30-year
period in 800 years. It was also probably the most generous 30-year period over 1400
years. The decade ending 2010 records an unprecedented era of extreme climate
events with evidence of heat waves in Humid regions (EU and Russia), drought in The
Amazon Basin, Australia, West Africa, and East Africa, and severe storms like
Tropical cyclone Nagris (2008) and Hurricane Katrina (2005).

Recent climate-related events, including heat wildfires, droughts, cyclones, waves,
and floods, have impacted many human systems and shown how vulnerable some
ecosystems are to present climatic variability (Bell et al., 2018). Lomborg (2020)
reported 15,000 weather-related loss events from 1980 to 2016, most of which were
storms and floods. Climate forecasts with the A1B emission scenario show a
substantial rise in temperature from 0.9 to 1.4 °C by 2035 to 2.0 to 2.9 °C by 2060,
with significantly drier summers (Fischer et al., 2013). The worldwide temperature
variations in 2016 demonstrate that temperatures in several regions in 2016 were 1 to
5 °C higher than in 1961 to 1990 (Adesina et al., 2016).

Dynamic crop growth models were used to simulate how climate change might affect
agricultural yields, and the results showed that productivity varied with temperature
variations (Webber et al., 2018). The expected changes in rainfall trends by the 2050s
are still being determined for large parts of the region. Climate models disagree on
whether rainfall will increase or decrease. Models frequently exhibit strong trends in
both directions, from -40% to +20% (Sylla et al., 2016). Despite this difference, more
than 80% of climate models predict less precipitation for various regions of southern
and northern Africa in the future (Bathiany et al., 2018; Rosenstock et al., 2019). In
West African countries, the IPCC 5th AR predicts that temperature increases will
likely produce particularly negative consequences for making cereals such as
sorghum, millet, and rice (Jones et al., 2014; Belle et al., 2016). In 2016, the UNDP

reported that a 2 °C could substantially impact African agriculture.
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2.2 Soil Salinization

Globally, more than 1,000 million ha of land is affected by the twin problems of
salinity and sodicity and waterlogging in lowland areas of arid and semi-arid regions
(Shrivastava and Kumar, 2015; Qureshi et al., 2019). According to Basak et al. (2020),
19 million acres of land in sub-Saharan Africa are affected by soil salinization. These
are mainly found in the countries of Eastern Africa, along the coast of Western Africa,
countries in the Lake Chad Basin, and sections of Southern Africa (Tully et al., 2019;
Qureshi et al., 2019).

Soil salinity is influenced by climate, and the topographic conditions of soil type,
water quality, and depth of the groundwater level affect salinity build-up (Akca et al.,
2020). Qureshi et al. (2019) identify rising sea levels, seawater intrusion into coastal
lands, and rising groundwater levels due to inefficient drainage combined with poor
irrigation and land management practices as the main drivers of salinity development.
Akca et al. (2020) studied the distribution and variability of soil salinity at the Akyatan
and Seyhan basins in Adana, the eastern Mediterranean part of Turkey. Their results
showed that distributions of salt-affected soils corresponded to the high electrical

conductivity of the groundwater.

Soil salinity affects the environment, agro-ecosystems, agricultural output, and
sustainability due to the compound degradation dynamics of soil and water resources,
which directly impact food security and livelihood, societal biophysical and
socioeconomic base (Gebremeskel et al., 2018). Salinization can change habitats,
resulting in considerable ecosystem changes, including migration or death of flora
(Rahman et al., 2019).

In The Gambia, salinization is anticipated to cause mangrove stands to move into
adjacent swamp-rice farming regions and the flooding of marginal croplands in tidal
floodplains on lower estuary areas by tides (GoGT, 2016). Salinization reduces
agricultural potentials through salt accumulation in the root zone, interfering with
several plant functions, including the decreased germination rate, shoot, and root

development, eventually resulting in low crop yield (Rahman et al., 2019).

A multifaceted array of alluvial and fluvial marine deposits exist in the floodplain of

the Gambia River and its significant streams. These wetland ecosystems cover almost
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20% of the total land area, comprising mangrove forests (64%), uncultivated swamps
(7.8%), and cultivated swamps (3.2%) (Sienta et al., 2019) principally. Mangrove tidal
swamplands boarded the tributaries and were within reach of wet-season freshwater
floods during the 4-6 months of the year. The freshwater zone adjacent to the river is
inundated by the daily tidal floods in reaches that have not been subject to saline water

for more than ten months.

These lands are essential to the country’s food basket, where salinization has forced
many small-scale farmers to terminate rice cultivation. The dominant soil types are
heavy clays with acid-sulfate conditions and are predominant in the Gambia River
Basin floodplain and other lowlands. The combination of tidal brackish water,
geography, climate, and soil-vegetation elements creates the salinity gradient in the
marsh (Rahman et al., 2019).

The continual silt deposits from floods make the soils in the mangrove zone
significantly more productive than those in other rice ecologies, such as the upland
and interior valley irrigated marshes. During the dry season, these soils are enhanced
by the daily deposit of silt from the ocean and microbial activity inside the root zone
(YYang et al., 2020). However, changes in soil salinity due to land elevation, capillary
rise, and evaporation from the shallow saline groundwater table are the critical factors

affecting their micro-scale and farm-level management.

In the Gambia, the increasing prevalence of salinization affects the functionality and
sustainability of land and water quality (rivers and groundwater), the reduction of
biodiversity, lowland irrigated agriculture and livestock productivity. During the
reduced streamflows, the wet rice ecozone was also severely stressed. Downstream
river Gambia, the elevated saline concentrations of root-zone influence by several
interrelated macro-climactic and edaphic factors made rice production a marginal
option. Lower streamflows meant the swamp rice yields would decrease due to saline
water inundation (Chakroff and DuBois, 1982; Njie and Corr, 2006).

The productivity of rice is controlled by natural mechanisms, and cropping season in
the mangrove swamps is highly dependent on rainfall to leach out the extra salt
concentration to non-harmful levels (Baggie et al., 2018; Yang et al., 2020). In

addition, the spatial extent of the saline area increases over time due to a decrease in
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freshwater inflow into the rivers from the upstream increase in high tidal water level
(Mondal and Bhat, 2021).

Population growth, food security, and rural livelihood improvement remain
challenging in the Gambia. Food insecurity is especially true for LRR and CRRS,
which are regarded as the most vulnerable communities with widespread malnutrition
records of over 10% and specific deficiency of vitamins C and A (Sienta et al., 2019).
The government deployed several attempts to mitigate and adapt to salinity through
projects and development programs. These include land development in the form of
anti-salt intrusion dams, spillways, and dikes.

The introduction, dissemination, and adoption of salt-tolerant varieties develop
through the collaboration of NARS with AfricaRice and other regional and
international partners. At the farm level, salinity management relied mainly on the
farmer’s decision and ability to adopt adaptation practices such as bounding and

incorporating organic residues and water management practices.

2.2.1 Modeling Approaches in Soil Salinity Studies

The modeling of solute movement in soil has gained growing importance as it aids in
comprehending the dynamics of salt within the soil. Similarly, evaluating the effects
of salt build-up and forecasting the behavior of soluble salts under diverse natural and
management circumstances in crop cultivation is crucial for ensuring sustainable crop
production (Li et al., 2013; Radanielson et al., 2018; Gonzélez-Gomez et al., 2021).
These modeling endeavors have also integrated plant reactions to salinity on a crop-
specific basis, encompassing crops such as wheat, beans, tomatoes, and rice (Corwin
et al., 2007; Webber et al., 2010; Mondal et al., 2015). Most of these models rely on
empirical descriptions of salinity effects, offering simplicity and reliability in
estimating yield losses (Mondal et al., 2015).

Li et al. (2017) reported that among rice models, ORYZA v3 stands out as a
comprehensive representation of rice knowledge and is extensively used to explore
rice production challenges and opportunities in diverse environmental conditions and
regions (Li et al., 2013; Feng et al., 2017). This model has been employed for
physiological analysis, spatial and temporal simulations, and management

optimization in the rice-growing sector.
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Mondal and Bhat (2021) applied the AquaCrop model to simulate rice yield responses
to salinity in Gazipur, Bangladesh. They parameterized and validated the model using
data from field experiments and local climate information. The model exhibited good
performance, with simulations closely matching observed parameters, indicating its

potential for predicting the impact of salinity and climate changes on rice crops.

Radanielson et al. (2018) enhanced rice models, specifically ORYZA v3 and APSIM,
to evaluate osmotic stress on rice due to salinity. Their results demonstrated the
models’ ability to characterize rice biomass and yield under salt-affected conditions
despite slightly overestimating crop yield under severe salinity. Kumar et al. (2014)
assessed the efficacy of the SAWAP model in modeling salt dynamics and yield for
several wheat cultivars under differing saline water irrigation regimes. Their findings
showed that the model predicted salt dynamics in the crop root zone and relative wheat

yields under saline conditions, particularly for salt-tolerant varieties.

Other modeling approaches, such as support vector regression and fuzzy logic, have
also been used to estimate soil moisture and surface parameters (Saleh et al., 2006;
Singh, 2005). Gupta et al. (2014) explored the potential of the radial basis function
artificial neural network (RBFANN) model for estimating soil moisture on irregular
surfaces using biostatic scatter meter data. The RBFANN model showed promise in
estimating soil moisture, particularly at VV-polarization. Kasim et al. (2018) utilized
remote sensing and statistical methods to establish Partial Least Squares Regression
(PLSR) models for evaluating soil salinity based on remotely sensed data and field-
measured salinity (ECa). Their results indicated strong correlations between EC, and
various indices derived from satellite images, with the PLSR model-D performing
exceptionally well predicting ECa..

2.2.2 Mapping of Soil Salinity Using Remote Sensing

Remote sensing techniques, particularly multispectral satellite sensors, have emerged
as valuable tools for assessing and mapping soil salinity (Fernandez-Buces et al., 2006;
Fan et al., 2012). These methods, often combined with Geographic Information
Systems (GIS), offer fast and reliable approaches for regional and global scale
applications (Dewitte et al., 2012; Gorji et al., 2015). Remote sensing, including
geostatistics and modeling, has proven effective in evaluating soil salinity, creating

maps, and enabling continuous monitoring (Gorji et al., 2015).
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One significant advantage of remote sensing is its ability to capture soil properties
through reflectance measurements, such as particle size distribution, moisture content,
organic matter composition, and surface conditions (Nanni & Dematté, 2006; Gorji et
al., 2015). This capability enhances our understanding of the spatiotemporal variation
in soil physicochemical properties. Abuelgasim et al. (2018) developed a soil salinity
index and model utilizing Landsat 8 OLI imagery data, particularly near-infrared and
shortwave infrared spectral information in non-agricultural desert arid and semi-arid
areas. The model displayed outstanding precision in mapping, outperforming other
models based on salinity indexes, achieving an impressive accuracy rate of 60%. It

efficiently pinpointed regions with elevated salinity and highly saline soils.

Wei et al. (2020) adopted a mixed data approach, incorporating multiple Landsat OLI
datasets, vegetation type, land use, and terrain factors. They used the Random Forest
(RF) and Cubist algorithms to predict soil salinity, accounting for 78.19% and 78.42%
of the variation, respectively. The models exhibited predictive solid performance, with
reasonable accuracy metrics, indicating the effectiveness of both algorithms.
However, the Cubist model outperformed the RF model regarding prediction

accuracy.

2.2.3 Limitations of Mapping Soil Salinity

The utilization of remote sensing for soil salinity assessment faces several significant
challenges. These limitations stem from the soil profile's spatial, temporal, and vertical
variability (Allbed and Kumar, 2013). Spectral reflectance sensors employed in
remote sensing can only capture information from the soil’s surface, lacking the
capacity to observe the entire soil profile (Engman, 1998; Schmugge et al., 2002; Negi
et al., 2010). This poses difficulties in accurately measuring salt concentration,
especially when it falls below 10-15% (Allbed and Kumar, 2013). Furthermore, when
halophytic plants dominate the vegetation cover, relying on proxies like remotely
sensed vegetation reflectance becomes less reliable (Allbed & Kumar, 2013).
Distinguishing between barren and severely saline land can also be problematic using
multispectral imagery. Fraser (2009) noted that Landsat’s spectral resolution is
inadequate for determining the difference between saline and waterlogged ground.
Despite these challenges, multispectral satellite sensors have recently been widely
employed to assess and map soil salinity (Akbarzadeh and Mehrijardi, 2010). These
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sensors encompass a range of systems, including Landsat Thematic Mapper (TM),
Landsat Multispectral Scanner System (MSS), Landsat 7, Landsat 8, Landsat
Enhanced Thematic Mapper (ETM), Spot, Advanced Spaceborne Thematic Emission
and Reflectance Radiometer (ASTER), IKONOS, MODIS, and IRS (Gorji et al.,
2015). Due to their affordability and ability to detect prominent surface indicators of
salt, multispectral satellite sensors are the favored option for monitoring and mapping
soil salinity (Allbed and Kumar, 2013; Gorji et al., 2015). However, they must work
on discerning salt concentrations within the soil profile and distinguishing between

saline and waterlogged areas (Allbed and Kumar, 2013; Fraser, 2009).

Conversely, hyperspectral imagery, characterized by its greater spatial and spectral
resolutions, provides enhanced detailed soil salinity mapping capabilities.
Hyperspectral modeling has proven to be effective in this context. Nevertheless, the
limited accessibility of hyperspectral satellite imagery constrains its extensive

utilization for salinity mapping (Kumar et al., 2020).

2.3 Agricultural Production

Recent climate trends indicated adverse effects on global yield levels of the six most
widely grown crops (sorghum, maize, soybeans, barley, wheat, and rice) (Lobell and
Field, 2007). Guo., et al. (2021) identified north of 30 °N and included southwestern
Europe, Eastern Europe, Central Asia, and West Asia as major high-risk rice drought
areas. Maize and beans growing areas are estimated to experience 12-40% yield
reductions by the 2050s.

Rippke et al. (2016) reported that Africa’s two staple crops, beans and maize, are
anticipated to decline. The climate suitability of most significant crops is also
projected to shift as climate warms (Zabel et al., 2014; Rippke et al., 2016). Wheat,
rice, maize, and soybean are the four essential crops capable of attaining global food
security. These crops account for 85% of the world’s cereal exports. This has resulted
in adverse effects on significant crops across Africa, with regional yield variability

estimates of a 19% reduction in maize yield and 68% in bean yields.

Maize yields in southern Africa are expected to fall by 18% on average, with the total
crop output falling by as much as 30% (Schlenker and Lobell, 2010; Zinyengere et al.,
2014). According to Lal (2017), crop reaction to rising temperatures can affect grain

17



output by up to 10% in rice for every 1oC increase in night-time temperature.

Furthermore, vegetables are relatively sensitive to high temperatures.

Several conflicting precipitation projections concern the severity, timing, and
geographical dissemination of future wetting and drying in Africa (Hoerling et al.,
2010; Biasultti et al., 2019). Projections for precipitation are complex partly due to
gaps in observed historical climate data and high variability at the local level across
the continent (Rosenstock et al., 2019). For example, under a higher emission scenario
(RCP 8.5), amedian of the CMIP5 models indicates that by 2050, annual precipitation
will rise in much of eastern and central Africa while falling in southern, western, and
northern Africa (Sillmann et al., 2013; Rippke et al., 2016; Rosenstock et al., 2019).
Overall agricultural production changes in West Africa are similarly predicted to be
regional, with median yield losses of -11 % by the end of the 21st century (Roudier et
al., 2011).

Global model results within the context of IPCC AR5 over West Africa show a
significant increase and decrease in rainfall. As a result, the yield of several critical
crops and animals is expected to fall, threatening food security (Solomon et al., 2007).
Reduced crop-growing seasons will likely result in a shift from mixed-crop-livestock
production systems to systems that are dominated by livestock (Thornton, 2010). This
change will probably occur in transition zones in the West African Sahel and
midaltitude regions of eastern and southern Africa by 2050 (Gebreyes et al., 2017).
The increased occurrence of extreme temperatures is probably to surpass the comfort
threshold of livestock, reducing feed intake (Gebreyes et al., 2017) and with the
possibility of an increase in diseases and pests in the future to adding extra limitations
on livestock production (IPCC, 2014).

Reduced growing season duration and a rise in the chance of failed seasons will almost
certainly be an essential aspect of future climate. As a result, agricultural production
systems face increased strain and have a significant negative impact (Thornton 2010).
In Mali, Lacy et al. (2006) found a propensity for farmers to switch some of their
sorghum production to a variety with a shorter cycle than the conventional one due to
the shortening of the rainy season. Nielsen and Reenberg (2010) reported that the
amount of rain-fed grain produced in Burkina Faso is decreasing due to climate change

and the country's reliance on migration, livestock, small-scale trade, and gardening.
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Seasonal rainfall patterns significantly impacted the productivity of rain-fed
agricultural production in the Gambia. Notably, due to a shortened rainy season, it
continues to have a very harmful duction of rice, maize, and groundnuts (Sienta et al.,
2019). For example, based on estimates of historical annual precipitation minimum
and maximum temperatures, Sonko et al. (2019) noted decreasing patterns in the
cultivation of two primary cereal crops, which they attributed to fluctuations in
rainfall. They reported an estimated decrease in maize yield of 19% and a substantial
reduction in rice yield, possibly reaching as high as 50%, covering the period from
1987 to 2016 within the Lower River. These changes in production are reflected in the
cereal supply/demand equilibrium for the 2021 marketing year for sub-Saharan

African countries.

Domestic production in these countries shows a negative trend against increasing food
utilization, mainly dependent on high import requirements (FAO, 2020). Food security
challenges remain high on the agenda for governments, international and national
development agencies, and professionals to confront the negative impact of climate
change on livelihood and help farmers adapt (Shackleton et al., 2015).

2.3.1 Vulnerability of Agriculture to climate change

In Sub-Saharan Africa (SSA), agriculture faces significant vulnerability to climate
change due to its heavy dependence on rainfed crop production and the region’s
susceptibility to climate hazards (Kamali et al., 2018). This vulnerability results from
exposure, sensitivity, and limited adaptive capacity. Exposure represents the degree to
which the agricultural system is exposed to climate hazards, sensitivity reflects how
sensitive the system is to changes in climate, and adaptive capacity signifies the ability
to respond and adapt to these changes (IPCC, 2014).

The dependence on rainfed agriculture in SSA makes the region highly vulnerable to
the inherent rainfall variability. Approximately 90% of SSA relies on rainfall for food
production, with over 79% of the population depending on agriculture for their
livelihoods. Climate change introduces additional stressors, including increased
temperatures, extreme weather events, and changes in precipitation patterns, all of

which impact crop yields and food security (Morgan, 2011).
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Climate variability, characterized by unpredictable rainfall patterns, poses a
significant challenge to agriculture in SSA. Droughts and floods are frequent, leading
to crop loss and yield instability and making certain regions less appropriate for
traditional crops (Bhavnani et al., 2008). The scheduling of agricultural activities, such
as planting and harvesting, becomes uncertain, affecting crop management practices
and food production. Poverty exacerbates vulnerability, limiting the capacity of

communities to cope with these climate-related challenges (Shiferaw et al., 2014).

Unsustainable land use and resource management practices further contribute to
vulnerability. Smallholder farmers in degraded areas are particularly at risk, with
limited resources and exposure to multiple risks (Shiferaw et al., 2014). Changes in
land use and policies, along with unstable commodity prices, reduce adaptive capacity
and hinder efforts to mitigate climate-induced challenges (Morton, 2007). Alterations
in temperature and precipitation directly impact food production and security in Sub-
Saharan Africa (SSA). Rainfed crop cultivation, widespread in this area, becomes
highly susceptible to even minor fluctuations in climate conditions (Bathiany et al.,
2018). Increasing temperatures, rainfall shifts, and weather variability exacerbate

smallholder farmers' challenges (Sivakumar et al., 2014).

Rainfall variability, in particular, significantly impacts food production and
livelihoods. Droughts and floods account for a substantial portion of loss of life and
economic losses in SSA (Bhavnani et al., 2008). Changes in rainfall patterns lead to
alterations in the timing of the growing season, affecting agricultural decisions, input

use, and crop management practices (Rosenstock et al., 2019).

Various studies have explored agricultural vulnerability to climate change using
different approaches, including socioeconomic, biophysical, and integrated
assessments (Kamali et al., 2018). These studies emphasize that new agricultural
investment alternatives, legislative reforms, and institutional innovations are required
to manage climate risks effectively. However, the inability to compare data from
various researchers is hindered by the need for standardized assessment criteria or
indicator systems (Wilhelmi and Wilhite, 2002).
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2.3.2 Model Application in Agriculture and Climate Change
Understanding the impact of climate change on agriculture is a complex task, partly
due to the variability in climate modeling projections (Jones et al., 2014). While
controlled field experiments provide valuable data for calibrating crop models, their
availability is limited due to resource constraints and inconsistent results stemming
from various factors (Hunt and Boote, 1998; Kephe et al., 2021).

Researchers gain insights into how crops respond physiologically to environmental
variables in controlled environments, but translating these findings into real-world
simulations remains challenging. This is because crop growth is influenced by
numerous complex factors, including weather events, soil conditions, water stress, and
localized climate variations (Lamichhane et al., 2018; Liliane and Charles, 2020;
NKkurunziza et al., 2020).

Crop models are crucial in assessing climate change’s impact on agriculture,
especially when conducting extensive scale assessments. These models, taking into
account factors such as weather conditions, soil composition, genetic makeup, and
management practices, can replicate the growth of crops, the dynamics of soil
moisture, and nutrient-related processes on a daily or even more frequent basis,
offering different levels of precision (Webber et al., 2010; Adesina et al., 2016).

One of the primary applications of crop models is exploring adaptation approaches to
mitigate climate-related challenges in agriculture. They enable the evaluation of
various management approaches for their effectiveness in addressing climate impacts
(Beveridge et al., 2018; Corbeels et al., 2018; Peng et al., 2020). These models are
broadly categorized into statistical and process models, offering insights into how
crops respond to environmental conditions (Lambin et al., 2000; Jones et al., 2017;
Peng et al., 2020).

2.4 The climate of The Gambia

2.4.1 Rainfall

The climate in West Africa is significantly influenced by the interface between the
Inter-Tropical Convergence Zone (ITCZ) and the West African Monsoon (WAM).
This climate is characterized by alternating wet and dry periods, and in some areas,
two wet seasons are driven by the movements of the ITCZ and WAM. Oceanic
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moisture transfer is governed by trade winds in the southern hemisphere and the
ITCZ’s low-pressure corridor, which moves northward as temperatures increase at the

beginning of summer. This movement creates conditions favorable for rainfall.

The Gambia, located in the Sudan-bioclimatic zone driven by the WAM, experiences
its rainy season from June to November, with most precipitation between July and
September. The rain is often associated with squall lines and systems from the
Ethiopian Highlands and influenced by the Indian monsoon’s sub-tropical jet stream.

These systems form hurricanes in the Atlantic Ocean (Giannini et al., 2001).

Variability in tropical sea surface temperatures in different ocean basins, including the
El Nifio/Southern Oscillation (ENSQO), is a crucial factor influencing inter-annual
rainfall variations in The Gambia. Changes in the high-pressure regions that control
the weather system can lead to deviations from standard rainfall patterns, resulting in

either insufficient or excess rainfall in the country (Gianini et al., 2001).

Climate-related studies conducted in The Gambia’s Second National Communication
(SNC) and Third National Communication (TNC) under the UNFCCC have analyzed
temperature, precipitation, and evapotranspiration trends. This research produced an
ensemble time series up to 2100 at decade intervals using three global circulation
models (GCMs), CCC199, BMRC98, and GDFL90, with different radiative forcing.
Using these models, projections for annual rainfall in The Gambia indicated a
decreasing trend ranging from less than 1 % in 2020 to approximately 54 % by 2100
under the warm climate change scenario of MBRC98. Meanwhile, the estimate from
CCM199 did not significantly differ from the current inter-annual rainfall variability,

suggesting only a 2% reduction in rainfall by 2100 (McConnell & Jallow, 2022).

The annual rainfall pattern gradually declines from around 1,000 mm in the South and
Southeast to 700 mm in the northernmost part of the country. However, considering
the substantial variability in rainfall projections from different models, the possibility
of a reverse climatological trend cannot be ruled out (GoTG, 2016). Regional climate
models (RCMs) with complex orographic characteristics, according to predictions
made by Sylla et al. (2016), may affect the direction of rainfall change. Additionally,
research by Sanogo (2015) using climate simulations from HadGEM2 has shown an

indication of optimistic trends in annual precipitation totals in most Sahel stations,
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where yearly precipitation variability is significantly influenced by sea and land-
surface interactions with the atmospheric boundary layer (Wei et al. 2014; Sanogo et
al., 2015).

2.4.2 Temperature

Projections for temperature using GCMs indicate a warming trend in all parts of the
country, with an estimated increase from 2000 by an annual mean increment of 1.7 to
2.1°C in 2050 and by 3.1 to 3.9 °C in 2100 (McConnell & Jallow, 2022). Results of
CCCM199 and GFDL90 estimated more substantial warming in the winter compared
to the summer months (June, August, and September) over the following decades.
During the dry season, average temperatures range between 18°C and 30°C and
between 23°C and 33°C during the rainy season. The fastest and most significant
increase in temperature was produced by BMRC98, indicating more substantial

warming in the summer months.

The ocean and vast stretches of swamp/wetland have a role in regulating summertime
temperatures, which can range from 13 °C to 43 °C. These have a similar moderating
effect on winter temperatures ranging from 13 °C to 37 °C. Jenoi (Lower River
Region) had the lowest daily temperature of 4 °C in 2003 and the maximum day
temperature of 49.0 °C in 2001 (Barry et al., 2018). The combined effects of
interplanetary, landscape, and pluviometric factors govern the spatial distribution of
temperature. The distribution pattern generally exhibits an increasing temperature
gradient landwards from the coastline. Routine observation also indicates an increase
in minimum temperatures at a constant rate of 0.4 to 0.67 °C per decade across the
country since 1950 (GOTG, 2012). During the dry season, the relative humidity is
around 68% near the coast, 41% inland, and often exceeds 70% throughout the country

during the rainy seasons.

Seasonal Northeast trade winds, commonly referred to as "Harmattan," are famous for
their cold effect and have an associated impact on atmospheric circulations.
Substantial quantities of dust are picked up from the boundaries of the Sahara Desert.
The sunshine hours during the dry season drift around 8 hours a day, falling abruptly
to around 6 hours during the summer (Barry et al., 2018). Average ultraviolet (UV)
indices are much higher (UV index = 12) between February and September and
significantly lower (UV index = 9) around December.

23



2.4.3 Potential evapotranspiration (PET)

GFDL90 and BMRC98 simulations predict that PET will rise to 2% and 45% over
historical levels annually (GOTG, 2012). Verkerk and van Rens (2005) projected PET
based on Thornthwaite’s methods, involving calibrated 24 years of observational data
with an error estimate of 4% indicating PET at 2,400 mm. All scenarios projected
estimated PET to be between 1,460 mm and 2,260 mm/year by 2050. VVan Vuuren et
al. (2011) projected sea level rise between 19 cm and 43 cm in The Gambia by 2050.
Church et al. (2013) reported similar findings that estimate mean sea level changes
generated from a process-based model under different greenhouse gas concentration
scenarios.

In the coastal region of the Gambia, estimates of mean sea levels are expected to be
within 20% of the worldwide mean sea level increase of 26 cm to 98 cm by 2100.
However, the usage restrictions and uncertainties associated with these estimations are
primarily due to our lack of a thorough knowledge of the underlying biophysical
processes. In addition, because of their unpredictability, rainfall estimates may need a
sensitivity analysis in contrast to temperature changes.

2.5 Soil and Water Resources of The Gambia

Good agricultural land has been a limited factor of production in The Gambia since
post-World War 11. Long-term agricultural processes have resulted in land use patterns
characterized by upland fields in a rainfed or dry ecology for producing coarse grains,
legumes, and oils seeds and the lowland fields in a riverain plain or wet swamp
ecology typically for rice production. The twin problems of desertification and salinity
confront the land resources. Frequent drought magnified by unsustainable farming
practices and degradation of native vegetation in the upland rainfed crop production
areas, soil salinity, and acidification of the lowland riverain agricultural are threats to
land resources. The nation is primarily lowland with four important topographic
landscapes that correlate to diverse soil types: the floodplain, colluvial slope, lower

plateau, and upper plateau (Mcconnell & Jallow, 2022).

2.5.1 Upland Sandy Soils
The Continental terminal soils found in the uplands are made from the weathering
products of the continental terminal acid complex parent material. The soils are well

drained with low chemical fertility and cation exchange capacity (CEC) and have a
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hard-to-tough consistency when dry. Most soils are ferralitic and ferruginous
weathered tropical soils with medium to high base saturation, low cation exchange
capacity, low intrinsic fertility, strong textures, and poorly formed structures (Silliman
and James, 1980).

Short-duration rains, low inherent fertility, and poor water-holding capacity have
significantly reduced the productivity of upland soils (FAO, 1997). Insufficient soil
management practices additionally contributed to their impoverishment and loss of
fertility. Consequently, obtaining accurate data on local soil classification through an
updated soil map is required. This will enable the implementation of appropriate soil
cultivation practices tailored to each soil type. Furthermore, promoting structural
development by encouraging the widespread use of organic matter in soil management

is essential.

2.5.2 Alluvial soil

Alluvial soil, deposited by the River Gambia and its tributaries, is often affected by
temporary or permanent wet conditions. It covers around 30% of The Gambia, with
the extent decreasing gradually from west to east, roughly corresponding to the limit
of salty water incursion in the Gambia River during the dry season (Peat et al., 1979).
These alluvial soils are typically hydromorphic, containing over 80% silt and clay
throughout the profile, and they can also be saline due to inundation by salty water
during high tide.

Mangrove species often colonize them, although some higher-lying areas remain
unflooded by the tide and are devoid of vegetation, known as barren flats. These soils
are primarily young, forming on recent fluvio-marine sediments. Within the mangrove
area, a variety of soil conditions can be found. The river terrace consists of flat, low-
lying extensions of the valley floor, featuring a complex network of temporary and
permanent drainage depressions. These areas are periodically inundated and support

sparse grassland vegetation, including halophytic species.

Clayey soils in upland depressions are suitable for rain-fed rice, while colluvial slopes
and similar soils are ideal for rainfed crops like groundnut, upland cereals, and other
fields. These inferior grey and ochre-brown upland soils are extensively used, and

more intensive cultivation methods will, therefore, be increasingly required to increase
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their productivity. Between the river swamps and upland are transitional lands
comprising colluvial and alluvial soils suitable for irrigated crop production and as

pasture land for livestock.

The transitional zone between the wetland and upland is inundated only during the
season of high river flows, which are bunded to capture direct rainfall and runoffs from
the uplands. These soils are prone to several climate-induced limiting factors, notably
salinization and acidification. Progressive reduction in arable lowland for rice
production due to climate-induced changes in precipitation and temperature and
increased evapotranspiration, creating drier soil conditions and increasing soil salinity,
is a significant threat to food security. These have an enormous socioeconomic impact
on rural communities depending on subsistence rice-based production systems in tidal

irrigated mangrove swamps.

2.5.3 Hydrology of the Gambia River Basin

Three significant West African rivers originating in Guinea’s Futa Djalon constitute
the Gambia River basin, including the Gambia River (Webb, 1992; Carney, 2017).
The Gambia basin, which includes the nations of Guinea, Senegal, and The Gambia,
stretches from 11° 22 North to 14° 40 North in latitude and from 11° 13 West to 16°
42 West (Banjul, mouth) in longitude (Carney, 2017). Three countries—Guinea,
Senegal, and Gambia—share the roughly 77,100 km? region of the Gambia Basin. The
Gambia Basin is located in the isohyet band 1700-700 mm. The marine section is
below the isohyet 1000 mm. North of this isohyet, the river's contributions regarding
water balance are meager and almost insignificant. The river system comprises the
River Gambia, related freshwater and estuarine ecosystems, and marine and coastal

zones along the western coast.

Within The Gambia, there are no notable tributaries; the majority of the wet season
flow comes from Guinea, with substantial contributions from Senegal and minimal
input from The Gambia itself. Similar to numerous river basins in West Africa, the
Gambia River basin is anticipated to undergo transformations driven primarily by
climate-related factors, alongside other elements like alterations in land use, human
activities, and hydraulic infrastructure developments (Mbaye et al., 2020). Bodian et
al. (2018) underlined a decrease in river discharge over The Gambia and the upper
Senegal basins. According to Stanzel et al. (2018), there is a projected significant
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decrease of over -10% in runoff for Senegal, Gambia, and Guinea-Bissau, while
substantial increases of more than +10% are expected in the region bordering Liberia
and Cote d’Ivoire. Similarly, Mbaye et al. (2020) found possible streamflow and soil
moisture decreases over the Senegal River Basin.

On the other hand, findings from Stanzel et al. (2018) suggested that in a significant
portion of West Africa, the anticipated effects of climate change do not lead to a
considerable reduction in river discharge. However, there is a notable forecasted
decrease in release for northern, eastern, and western regions of Africa, alongside a
prominent increase in the southwest. The authors stated that the prediction model
ensemble had a margin of error of approximately + 50%. Nonetheless, their study's
outcomes revealed that employing a substantial ensemble of climate models
introduces significant uncertainty in the projections. However, it also highlights
regions with considerable agreement among the results of various models. Prior
research has shown a comparable pattern. However, most of these studies primarily
examine individual river basins using climate change projections from Global Climate
Models (GCMs) characterized by coarse spatial resolution or early iterations of
dynamical downscaling with Regional Climate Models. (RCMs) (Roudier et al., 2014;
Oyerinde et al.; 2016; Yira et al., 2017).

Most streams that feed The Gambia Basin have a tropical climate with lengthy, dry,
and short rainy seasons. It is mainly in the Sudano-Guinean zone (Njie and Corr,
2006). From June to late October, the salt front is forced towards Banjul by heavy
flows during and after the rainy season and then rises back up the river eastward by
32 - 60 km, depending on the surface area of the farmed tidal marsh from November
to June (Verkerk and van Rens, 2005; Njie and Corr, 2006). Similarly, Mbaye et al.
(2020) observed a decline in flow rate at both gauging stations throughout the peak

flow season.

During the dry season in the Gambia River, spanning from kilometers 110 to 180, the
freshwater flow remains relatively stable. Still, its presence is seasonal and influenced
by rainfall in the broader watershed, extending from Guinea downstream. The river
lowers barely one meter in gradient throughout the remaining 500 km to the sea from

The Gambia's easternmost extremity to the river's mouth at Banjul. Due to the
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extraordinarily flat nature of the river, tidal movements from the Atlantic Ocean are

conveyed up the river as far as between Kaur and Kuntaur.

The upstream hydrological degradation has resulted in a reduced amount of freshwater
flow toward the coastal estuaries of the Gambia River basin. Erosion and siltation in
the Gambia River have diminished water flow and heightened saltwater intrusion into
peripheral areas. Siltation and sedimentation persistently erode the feature agricultural
feasibility and long-term prospects (National Rice Development Strategy (NRDS),
2014). This seriously affects the agricultural production systems of the country to meet

the prerequisite demand for water and food under varying climate scenarios.

The significant uncertainty of the functionality of The Gambia River basin is the
development of Sambangalo, a hydroelectrical dam. Such major engineering works
planned for the River Gambia basin are projected to impact water resource regimes
differently in the basins across the region, according to the Gambia River Basin
Hydraulic Master Plan published in 1999 by The Gambia River Basin Development
Organisation (OMVG). The project will impact the physical environment, the various
water uses and demands, and socio-environmental (Verkerk and van Rens, 2005).
These impacts are linked to the modification of water balance in the Senegalese and
Gambian basins, loss of soil and vegetation, modification of topography and

physicochemical characteristics of water, and erosion of segments of river banks.

Degradation of water quality in the reservoir and loss of biodiversity for aquatic fauna
upstream of the dam will result in more significant saline intrusion, especially during
the dry season in The Gambian reach, with irreversible consequences (OMVG, 2014).
For example, Verkerk and van Rens (2005) projected salinity intrusion in river
Gambia using the 1-D numerical model SALNST for three projected dam release
scenarios. The study aims to keep saline intrusion downstream of Kilometre point
(KP) 170 derived from the Gambia River Basin Hydraulic Master Plan.

The result of the study indicated that under scenario A, the maximum salt front would
be between KP190 and KP243 and between KP176 and KP230 under scenario B,
subjective to rainfall and the total area of tidal swamp cultivated. The results further
indicated that combining all scenarios and accounting for future precipitation and

evaporation shows that the salt front cannot be kept downstream of KP170. Similarly,
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Mbaye et al. (2020) reported that these activities would likely significantly impact the

availability of water resources and the river over the Faleme River basin in Senegal.

2.5.4 Agricultural Production in The Gambia

The Gambia's economy relies heavily on agriculture, contributing approximately 24-
32% of the country's GDP and generating 30-40% of foreign exchange earnings
(Mungai etal., 2019; Sienta et al., 2019). This sector provides employment and income
for at least 75-80% of the rural population, significantly contributing to food security
and nutrition (GBOS, 2017; Sienta et al., 2019; Mungai et al., 2019; Gibba and Jallow.,
2020). With an estimated 69,100 farm households engaging in subsistence crop
production and traditional livestock rearing, The Gambia's agriculture sector faces
challenges related to underutilized irrigation potential (GoTG, 2012; Mungai et al.,
2019).

Agricultural output in The Gambia can satisfy only half of the nation's domestic
consumption requirements, resulting in importing about 50% of its essential agrarian
products, including rice (Sienta et al., 2019). For instance, imported milled rice
amounted to US$35.7 million in 2016, accounting for 3.7% of the GDP (FAO 2019).
The agriculture sector primarily relies on small-scale subsistence rain-fed crop
production, which is heavily dependent on a single rainy season from June to October
(Sienta et al., 2019).

The country's arable land is approximately 188,000 hectares, with less than 2,000
hectares under irrigation (FAO/AQUASTAT, 2014; GoTG, 2016). Cereal crops,
including rice, early and late millet, sorghum, and maize, occupy about 51.6% of the
cultivated area. In contrast, cash crops such as groundnut, sesame, and other grains
and oilseeds occupy the remaining 48.4%. Horticultural production, engaging over
65% of the agricultural labor force, significantly contributes to rural income.
Groundnut is the most extensively produced cash crop, covering about 44 % of the
cultivated area and generating 60-80% of income for many farm households. In 2017,
the total groundnut harvest was estimated at 405,200 hectares, with a gross production
value of $100.8 million US (FAOSTAT, 2019).

However, low soil fertility and increasingly drier climatic conditions in the form of
decreased rainfall and increased evapotranspiration significantly influence the
production of upland crops, especially groundnuts. Other problems, including
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inadequate water supply and low plant-available nitrogen and phosphorus, contribute
to yield levels 20-50% below their potential (Ceesay, 2004).

The agriculture sector in The Gambia is highly vulnerable to rainfall variability, with
yields varying by as much as 100% from year to year based on rainfall patterns (GoTG,
2016). Over the years, crop yields have experienced declines, including a 36%
decrease in rice yields, a 26% decrease in maize yields, a 17.7% decrease in millet
yields, and an 8.7% decrease in groundnut yields between 2010 and 2016 (Mungai et
al., 2019). These declines are attributed to reductions in rainfall, limited adoption of

improved technologies, and widespread soil degradation (GOTG, 2003).

The Gambia's rice yields, for example, are only 35.6% of the average rice yield for
West Africa, underscoring the sector's challenges (FAOSTAT, 2019). Soil fertility
decline, inadequate crop responses to fertilizers, and increased soil salinity contribute
to declining yields (Mungai et al., 2019). Agriculture is vulnerable to weather-related
extremes and grown salinization in lowland rice-producing areas, reducing food
production (GOTG, 2013).

Climate change projections, including increased drought frequency, pose additional
uncertainties for crop production in The Gambia, except for developing suitable
irrigation technologies and climate-focused agricultural interventions (GoTG, 2016).
Despite these challenges, the agriculture sector has the potential to achieve food self-
sufficiency and reduce poverty among a significant portion of the population (GoTG,
2016).

Realizing this potential requires addressing constraints through policy frameworks
transforming agriculture from subsistence to commercially oriented production
systems. Improvements in agricultural value chains, the development of social capital,
more efficient extension services, stronger research-farmer-extension linkages, and
the adoption of improved farming practices such as integrated soil fertility
management and sustainable natural resources management are crucial to enhancing

the sector’s productivity and resilience (Mungai et al., 2019).
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2.5.5 Rice Production in The Gambia

Rice is the staple food and the most important agricultural commodity in The Gambia,
particularly in national development strategies (Mungai et al., 2019). The National
Poverty Reduction Strategy Paper (2007-2011) identified rice as the primary food crop
in the drive to attain food security (NRDS 2014). The projected national rice demand
for 2024 in The Gambia was estimated to be 273,800 tonnes based on population
census, per capita rice consumption, national need, and population growth rate (NRDS
2014). However, the country's crop sector meets only half of the need for basic staples,
leading to increased reliance on imported rice and persistent food insecurity (Mungai
et al., 2019). The drop in national rice production substantially impacted the rural
population, reduced income and savings, and further exacerbated food security (NRDS
2014).

Different approaches have been used to characterize rice production zones in West
Africa, primarily based on climatic or agroecological zones and edaphic features. For
example, Balasubramanian et al. (2007) differentiated rice-growing agroecological
zones across SSA into four (3) groups based on the growing period's length. These
agroecological zones include the Sahel, which has an increasing duration of 65-90
days and is classified as arid and semi-arid. The dry savanna has a growing time of
90-180 days, the wet savanna has an increasing period of 180-270 days, corresponding
to the sub-humid zone, and the forest has a growing period of more than 270 days,

referred to as the humid zone.

Rice production systems comprise diverse ecologies of uplands, rainfed lowlands,
irrigated lowlands, deep water, and mangroves (Balasubramanian et al., 2007). Niang
et al. (2017) distinguish rice production based on climatic zones into arid, semi-arid,
and humid areas across 14 West African countries. Rice is cultivated as a sole crop
across all agroecologies (AEZs), including upland, rainfed hydromorphic soils, and
seasonal saline mangrove swamps ecology in The Gambia (Ceesay, 2004). Rice
production in the upland ecosystem is done in free-draining soil, entirely dependent
on rainfall, with a water table permanently below the plant's root zone. In this rice-
growing ecology, drought, caused by erratic and insufficient rainfall, leads to a shorter
growing season. Additionally, limited utilization of mineral and organic fertilizers

within a context characterized by declining soil fertility, pests, diseases, and weeds are
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identified as significant production challenges (Manneh, 2004; Ceesay, 2004; Mungai
etal., 2019).

Because of the variable nature of rainfall, upland rainfed systems have more
significant production risk factors (Ceesay 2004). The rice self-sufficiency ratio was
unaffected despite considerable increases in planted acreage and production
throughout the 2001/02 to 2010/11 decade. The growth in developed areas can be
attributed to the expansion of upland rice farming, which was made possible by
introducing NERICA rice varieties (NRDS, 2014). The introduction of suitable rice
varieties by the National Agricultural Research Institute (NARI) under the sub-
regional NERICA Project supported by the Africa Rice Initiative (ARI) of Africa Rice
Centre launched in 2004 has revived the production potential of the upland rice
ecosystem in West Africa. Similar efforts to save rice production include the

Taiwanese Mission's recently terminated four-year Upland Rice Expansion Project.

An upland rice expansion program to cultivate 8000 hectares each year for four years,
with a projected output of up to 32,000 metric tonnes of paddy rice, was implemented
as part of coordinated efforts to close the gap between domestic supply and demand.
These endeavors reflected a progress yield increase to 1,400 in 2007 and a peak upland
cultivation of 50,000 ha by 2013 (NRDS, 2014). Lowland rice cultivation for local
consumption in The Gambia dates back to the pre-colonial era. The flat topography of
the Gambia River Basin offers the country the advantage of developing more tidal
swamps with much less expanse for irrigation through dependence on the gravitational
flow of river floodplains (Webb, 1992). The Gambia River Basin also allows for more
tidal irrigation schemes in the lowlands. Irrigated rice is generally produced in bunded
paddy fields with tidal/pump irrigation, allowing for more than one crop per year in
the river's freshwater zones, offering a reasonable security measure against erratic

local rainfalls.

The swamp rice agriculture system inside the mangrove ecosystem's tidal wetlands
provides approximately 10% of the total domestic rice output in West Africa (Adefurin
and Zwart, 2017; Yang et al., 2020). Over the past 30 years, rice production in the
lowland ecology, including mangrove swamps, comprises a significant fraction of rice
production, accounting for about 52% of rice-growing ecologies in the Gambia
(Manneh, 2004; Ceesay, 2011). Rice production occurs in three ecologies in the tidal
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swamps: tidal mangrove swamps, tidal freshwater swamps, and pump-irrigated
freshwater swamps. Water-controlled irrigation includes two sub-systems: pump

irrigation and tidal irrigation.

The former is located in the alluvial levees and sloughs, which generally remain
beyond the reach of tidal flooding. This technology is mainly found in the middle and
Upper River regions. Tidal irrigation, in contrast, consists of controlling the tidal
waves of the river water utilizing earthen dykes, with gates and conveyance
distribution networks in low, riverine areas which are generally flooded by the tide.
According to the National Agricultural Sample Survey (NASS) report (2013), the
country has an estimated 216,121 ha of lowland ecologies suitable for rice production,
of which 17,434 ha lowland with only 2332 ha irrigated area under rice production in
2013. These figures indicated an untapped lowland potential of 196,355 ha for rice

production.

Lowland paddy rice production increased steadily from 5,000 tonnes in 2006 to a peak
of around 17,500 tones in 2010, dipped to 12,500 tonnes in 2010, and soared to around
18,000 tones in 2013, whereas the corresponding yield per hectare fluctuated
somewhat (NRDS, 2014; GoGT, 2020). Lowland ecologies have more potential for
rice production, with irrigated rice yields between 2—4 metric tons per hectare (Segnon
et al., 2020). Similarly, rice yields are expected to remain constant in lowland
ecologies, provided crop cycle water demands are not well appraised or adoption of
climate coping strategies and sustainable management of degraded land by soil salinity
or acidification (NRDS, 2014). Increasing vegetable production and swamp rice yields
depend on increased river flows to push back the salt tongue for a substantial increase
in swamp rice cultivation, particularly in the Middle Eastern half-country. Salinity is
a significant abiotic stress, devastating rice production in saline soils, including the

mangrove ecology (Yang et al., 2020).

The mangrove soils in the Gambia are anaerobic and heavily impregnated with iron
sulfates. Manneh et al. (2004) reported that low-temperature stress usually occurs in
the irrigated lowland when rice is grown during the relatively cooler months from
November to March in the dry season, adversely affecting yield. However, the author
indicated that low soil fertility is rice's most widespread and endemic problem. In
addition to these meteorological and edaphic characteristics and the production
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systems, agricultural practices also impact farmers' rice yields. These practices are
controlled by the farmers' resource endowment, which influences the production
orientation, cropping intensity, and input utilization (Angulo et al., 2012).

Regional research efforts in rice varietal screening and selection for adaptability and
yield in the mangrove ecologies and agronomic practices and subsequent
dissemination of results are headed by NARI in collaboration with AfricaRice and
International Rice Research Institute (IRRI) (NRDS, 2014). The newly developed
Rice Sector Development Hubs provide a promising source of innovative technology,

such as high-yielding and adaptable rice varieties.

2.6 Sustainability of Natural Resources, Climate Change, and Food Security
Nexus

Natural resources, soil, water, vegetation, and the weather form the essence of all kinds
of life and support its varied activities. Rapid growth in the global population over the
last century has increased pressure on limited and fragile land resources. It leads to
unsustainable resource exploitation and environmental degradation (Coser et al.,
2020). Global food security and sustainability of the food system might be threatened
due to the increasing pressure on natural resources and climate change (Sivakumar,
2017; FAO, 2015). Shrinking natural resources based on land and water, declining
quality of water resources, and environmental degradation issues imply increased
threats to our ability to meet the basic needs of the growing population. Conijn et al.
(2018) state that current approximations predict global food demand will double
within three decades. Therefore, meeting societal food needs is a worldwide challenge
(Berners-Lee et al., 2018).

Food security is a persistent global challenge influenced by various factors, including
land degradation, diminishing freshwater resources, population growth, insufficient
agricultural infrastructure, and adverse climate conditions (Shepherd et al., 2016).
The combination of environmental degradation and the effects of climate change poses
dual challenges to the sustainability of natural resources essential for agricultural
production and food security. Soil losses from global cropland are currently occurring
at a rate of over 6-ton ha/year, 15 times the average loss rate of 0.4-ton ha/ year over
the earth's geological history (Shepherd et al., 2016). Agricultural land formerly

productive has been lost to urbanization and other human uses, as well as to
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desertification, salinity, soil erosion, and other consequences of unsustainable land
management (Anwar, 2013). Land use and land cover change (LULC) are critical due
to their significant influence on global warming, loss of biodiversity, and impact on
human life (Anwar, 2013).

LULC has reduced the ability of the land to provide ecosystem services globally
(Pontius and Petrova, 2010; Coser et al., 2020). LULCs are critical drivers of
anthropogenic environmental changes through the expansion of agriculture,
urbanization, and industrial development (Liu et al., 2017). Furthermore, land
management methods and land use intensity alter the mix of ecosystem functions and
services (Petz, 2014).

The IPCC (2013) reported with high confidence that many semi-arid regions of the
world would suffer a reduction in water resources due to climate change. Global
climate change is expected to reduce crop yield and freshwater resources by the end
of the 21st century (Talat, 2020). Globally, freshwater resources are depleting quickly
due to the confounding effects of climate change and unparalleled growth in water
demand for local, irrigation, and industrial sectors (John et al., 2020).

The effects of climate change heighten competition for progressively limited resources
like fresh water and cultivable land (Niang et al., 2017). Climate change-induced sea
level rise is recognized as one of the most severe dangers to coastal populations and
ecosystems (Mengel et al., 2016). Coastal areas are regularly confronted by seawater
intrusion in the groundwater aquifers, increasing the salinity of soil and thus reducing

arable land (Panagea et al., 2016).

2.6.1 Sustainable Land Management

“Sustainable development” is defined as development that satisfies current needs
without compromising the capacity of future generations to meet meetings"” (Cavallaro
and Dansero, 1998). Environmental sustainability focuses on preserving
environmental capital to pass it on to future generations (Verbruggen and Kuik.,
1991). Sustainability entails managing environmental, socioeconomic, and economic
interactions among different groups. Achieving sustainability involves evaluating the
quality of resource stocks and developing relevant processes, institutions, policies, and

public support (Petz, 2014). Changes in land management practices can alter the
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balance of ecosystem services, creating trade-offs between them (Rodriguez et al.,
2006; Petz, 2014).

Adapting to climate change, including declining water resources, can involve changes
in land management (Vigerstol and Aukema, 2011). Sustainable land management
protects ecosystems and their services (Coser et al., 2020). Developing modeling and
mapping tools and conducting impact assessments considering multiple functions are

essential to sustainable land management (Vigerstol and Aukema, 2011).

Agriculture’s multifunctionality extends beyond food and fiber production, including
carbon sequestration, natural resource management, biodiversity conservation, and
rural socioeconomic viability (Klein, 2012). Policy-making should consider
agriculture’s multifunctional role and balance economic, environmental, and social
functions (Olesen and Bindi, 2002; Traerup, 2010). Therefore, to evaluate adaptation
options, development frameworks should link sustainable development with climate

change, accounting for costs and benefits.

2.6.2 Drivers of Land and Water Quality Degradation

Global climate change transforms land and water resources and the functions of
ecosystems, leading to soil systems being affected by physical, biological,
biochemical, and chemical deterioration (Adesina et al., 2016; Rosenstock et al.,
2019). Climate change leads to land degradation, characterized by long-term loss of
productivity, ecological integrity, or value to humans (IPCC, 2020). It exacerbates
ongoing land degradation processes and introduces new patterns (Mishra, 2023).
Rising global temperatures intensify the hydrological cycle, affecting land
precipitation patterns (IPCC, 2007; Kadykalo et al., 2019). Climate change plays a
role in extreme events such as droughts, floods, erosion, saltwater intrusion, soil
structure degradation, biodiversity reduction, and disruptions to biochemical cycles
(Adesina, 2016; Rosenstock et al., 2019).

Agriculture, the dominant land use globally, significantly influences climate and
atmospheric gas composition (Shiferawa et al., 2014). Agricultural activities and
forest degradation increase atmospheric carbon dioxide (IPCC, 2014). Unsustainable

farming practices and land-use changes contribute to land degradation (Shiferaw et
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al., 2011). Soil erosion and siltation result from these practices, leading to habitat loss,

diminished soil productivity, and sedimentation in river basins (Markhi et al., 2019).

Due to changing rainfall and evapotranspiration patterns, climate change reduces
water resources, especially in semi-arid regions (IPCC, 2007). This affects agricultural
production and competition for land and water resources (Lotze-Campen et al., 2008).
Water scarcity, extreme temperatures, droughts, soil salinity, and acidity impact arid

and semi-arid regions (Calanca, 2007; Lotze-Campen et al., 2008).

Rising sea levels increase coastal erosion and flooding (Mclnnes et al., 2011; Thomson
and Rogers, 2014; Day and Hodges, 2018). Coastal inundation, erosion, and increased
salinity affect low-lying lands (Sarak, 2010; Dasgupta et al., 2016). Land degradation
has complex social, political, cultural, and economic implications, with knowledge
gaps in understanding its cumulative impacts on ecosystems and human societies
(Kadykalo et al., 2019). Climate information is valuable for developing sustainable

practices in the context of climate-induced soil and water quality degradation.
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CHAPTER THREE
SPATIO-TEMPORAL DYNAMICS OF SOIL SALINITY IN THE
FLOODPLAIN OF RIVER GAMBIA!
ABSTRACT
Land degradation due to soil salinity has become a critical challenge for African small-
scale agriculture. With rising sea levels and climate-induced variability, ecological
functions such as storm surges, flooding, and soil salinization are being altered. This
research endeavors to compare machine learning models, analyze satellite reflectance
data and quantify salt-degraded land in the Gambia River floodplain. The Super grid
sampling approach at a minimum 50 -100 m2 scale was used to obtain soil samples.
Through a stepwise AIC procedure, Landsat 8 OLI image bands 2-5 were processed
into TOA planetary reflectance using rescaling coefficients alongside eight Salinity
Indices (SI) and the Normalized Vegetation Index to map soil salinity. Integrating OLI
8-band and SI reflectance values into a multilevel model facilitated evaluating and
comparing soil ECe (d/Sm) based on the study regions' 2014 and 2021 soil data. RF
and SVM machine learning models predicted soil salinity, with an 80% training set
and a test set used for model training and evaluation. Model selection was guided by
cross-validation, ranking models based on performance metrics. There were strong
correlations between ECe, individual bands, and Sl reflectance values, particularly
with Landsat 8 bands 2-5 and Sl 1I-VI. Model validation demonstrated good
concordance between estimated and predicted ECe values for RF and SVM models in
2014, with R2 values of 0.94 and 0.74 and RMSE values of 0.26 and 0.52,
respectively. In 2021, the RF model exhibited higher R? values (0.79 and 0.78) for
LRR and CRR than the SVM model. The study revealed a slight reduction in the
floodplain's total area from 41,021 ha in 2014 to 40,541 ha in 2021. Notably, a
significant decrease of -51.09% was observed in the non-saline and very slightly saline
classes, respectively, while CRRS saw marginal changes of -1.26% and -2.24% in
these classes. However, the slightly saline class expanded by 9.82% in CRRS. The RF
model demonstrated superior predictive capability using Landsat 8 reflectance values.
The study's recommendations include incorporating ecosystem risk assessments,
innovative soil reclamation techniques, and efficient utilization of saline water for

agricultural purposes.

1 A manuscript has been developed from this chapter to be publish in a journal
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3.1 INTRODUCTION

Soil salinization is a global phenomenon that occurs on all continents and under almost
all climatic conditions due to natural or human-induced processes causing a significant
environmental hazard (Dehni et al., 2012; Zaman et al., 2018). In 2010, FAO reported
that nearly 3% of the world's soil resources are salt-affected. Similarly, Wicke et al.
(2011) mapped the global dispersal of soil salinity using a Geographic Information
System and the Harmonised World Soil Database. According to their estimates, about
1100 m ha of land worldwide—of which salty, sodic, and saline-sodic soils make up
around 60%, 26%, and 14%, respectively—have reduced productivity due to salt

stress.

Ivushkin et al. (2019) estimated around 1 billion hectares of salt-affected grounds in
2016, with a clear increasing trend. Roughly 2000 ha of productive soil gets degraded
daily due to extreme salts across 75 states of arid and semi-arid regions (Srivastava et
al., 2019). Salinity in the soil renders over 6-7% of the Earth's surface unfit for
agricultural purposes (Metternicht and Zinck, 2003; Yensen, 2008; Bado et al., 2016;
Talat, 2020). Zaman et al. (2018) indicated that globally, salt-affected soils are divided
into saline (412 million hectares) and sodic (618 million hectares), totaling 1030
million hectares. Recent reports indicated that saline and sodic soils cover about 10%
of the world's total arable land (Li and Kang, 2020), affecting nearly 1 billion hectares
worldwide and causing a substantial threat to ecosystems (Gorji et al., 2015; Tan et
al., 2023).

Land degradation attributed to soil salinity problems has posed a significant threat to
African small-scale agriculture. Reports indicate that approximately 1,899 million
hectares of African land are affected by salinity, highlighting the extensive reach of
the issue (Aredehey et al., 2018; Bannari et al., 2021). In Africa, 80 million hectares,
particularly in the Sahel region of West Africa, are reported to be saline, sodic, or
saline-sodic, making it the most affected area (Zaman et al., 2018). The salinization of
water and soils affects freshwater availability and diminishes arable land's suitability

for crop production (IPCC, 2007; Bayabil et al., 2021). Climate change and variability
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drive rising sea levels, modifying several ecological functions in storm surges,

flooding, and salinization of water and soils (Awal et al., 2016).

Soil salinization presents challenges in accurate mapping and monitoring its extent
compared to other soil properties due to its dynamic nature and variations in affected
areas. Traditional field surveys and laboratory methods for monitoring salinity are
precise but labor-intensive, time-consuming, and expensive, leading to rough
estimates and scattered information on the extent of salt-affected areas (Nanni &
Dematte, 2006; Fan, 2016; Allbed & Kumar, 2013; Gorji et al., 2015). The limited
accessibility of inhabitable areas and the massive coverage of salinity make it

challenging to obtain accurate sampling distributions (Gorji et al., 2015).

In recent years, satellite remote sensing has emerged as an inexpensive and effective
tool for mapping soil salinity at various spatiotemporal scales (Metternicht and Zinck,
2003; Gunal et al., 2021). By analyzing surface reflectance characteristics and
vegetation patterns influenced by salinity, remote sensing techniques, such as satellite
imagery, can help identify and map salt-affected areas (Gunal et al., 2021). Integrating
remote sensing with statistical models, such as linear regression, offers a practical and
cost-effective approach to modeling soil salinity (Allbed et al., 2014). Predictive
algorithms can be developed, incorporating spectral bands, indices, image
transformations, and various soil-related variables, to map soil salinity using electrical
conductivity (ECe) as a salinity indicator (Ekercin & Ormeci, 2008; Bannari et al.,
2021; Nawar et al., 2014; Masoud et al., 2019; Kumar et al., 2020).

Acquiring up-to-date information on soil salinity's spatial distributions and severity is
crucial for agricultural development and precision soil resource management
(Ivushkinetal., 2019; Duan & Zhang, 2021). Therefore, this study proposes to develop
a predictive model for soil salinity in the floodplain of CRRS and LRR in The Gambia
by integrating satellite remote sensing and soil electrical conductivity (EC)
measurements. The study aims to compare machine learning models, analyze satellite
reflectance values, and quantify the magnitude of salt-degraded land in the Gambia
River floodplain. The findings of this study will contribute to improved natural
resource management by identifying and monitoring salinity-prone sites and
recommending appropriate soil salinity management practices for sustainable

agriculture and environmental protection.
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3.2 Materials and Methods
3.2.1 Soil Sampling

The Super grid sampling approach was adopted for good spatial and feature space

coverage.
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The super grid sampling method effectively achieves more precise spatial variability
of farm field-level target variables with limited sample sizes (Wang et al., 2019).
Using Data Management Tools in a GIS environment, a fishnet was created with a
minimum sampling scale (50-100 m2). The centroid of each fishnet was determined
as the sampling point for collecting soil samples across six community rice fields
within the study regions. A portable global positioning “Garmin etrex 10” device was
used to navigate the identified sampling points, and coordinates were entered at the
field level. Composite soil samples for each sampling unit were obtained from 3
additional discrete subsamples collected at 3-5 feet adjacent to sampling points on a
homogeneous physiographic land unit. Soil samples were obtained at a depth of 30 cm
using a 15 cm graduated soil auger. In total, 196 composites (0.5 kg of soil per
sampling point) of geo-referenced soil samples were packed in double plastic bags
with internal and external labels for transportation to the laboratory. Soil samples were
dried at room temperature, ground, and passed through a 2 mm sieve before laboratory
analysis. Soil samples were analyzed for electrical conductivity (ECe) measured in

deciSiemens per meter (dS/m).

3.2.2 Soil Salinity Classification

Richards (1954) defines saline soils as exhibiting electrical conductivity of more than
4 dS/m saturation extracts at 25 °C and uses measurable soil properties to quantify
further characteristics of salt-affected soils, which have been widely applied for

general classification of salt-affected soils.

Table 3. 1 Characteristics of salt-affected soils

Type of soil pH ( dES(/:r;) I(:‘OZF)) SAR
Saline <85 >4.0 <15 <13
Sodic >8.5 <4.0 > 15 >13
Saline-sodic > 8.5 >4.0 > 15 >13

Salt-affected soils with a high content of soluble ions and an appreciable amount of
sodium ions are known as saline-sodic soils. The high content of sodium ions in these
soils causes the dispersion of clay and organic matter, which settles on the surfaces of
soil particles to give them a brownish-black appearance. When sodium salts in these
soils hydrolyze, the pH of the soil increases, and the soil changes to sodic soil (Zaman
etal., 2018).
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Sodic soils, salt-affected soils with high amounts of sodium ions, are sometimes called
saline soils capable of alkaline hydrolysis(Rangesamy and Marchuk 2011). When the
soluble salts remain high in the saline-sodic soils, the characteristics of the soils are
like those of the saline soils. The dominant cations in salt-affected soils are Sodium
(Na"), Calcium (Ca?*), Magnesium (Mg?*), Potassium (K*), and dominant anions are
Chloride (CI), Sulphate (SO?), Carbonate (CO), Bicarbonate (HCo"), and Nitrates
(NO) (Richards, 1954; Omuto et al, 2020).

Soil salinity classes in the scientific literature concerned with plant growth and
agricultural importance are soils containing sufficiently high soluble salts in the root
zone that negatively impact most crops' growth and development have been
adequately reported (Lamond and Whitney 1992; Abd-elwahed, 2014). However, due
to the difference in the degree of salt injury among plant species, the physiological
growth stage, type and nature of salts, edaphic, and other environmental factors, saline
soils are difficult to define precisely. For example, Kissell and Sonon (2008) identify

six essential salinity ranges for plant growth and development.

Table 3. 2 Agronomic classification of soil salinity based on EC

EC

Classification (dS/m) Crop yield
Non-saline soils 0-2 Not affected
Very slightly saline 2-4 Sensitive crop affected
Slightly saline soils 4-8 Yields of many crops are restricted

] ] Only tolerant crops exhibit satisfactory
Moderately saline soil 8-16 )

yields

Strongly saline soils >16 Few very tolerant crops can grow

Source: FAO and ICBA (2023)
Barrett-Lennard et al. (2008) propose classifying soil salinity into non-saline, low

salinity, moderate salinity, high salinity, severe salinity, and extreme salinity to create

a standardized classification system for soil salinity, consistency in research on the
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salinity tolerance of potential salt-affected land fodder plants, and easily extrapolated

results across Australia.

Similarly, Asfaw et al. (2018) identified classes of salinity with varying degrees based
on the spatial overly salinity model result. Tian et al. (2020) suggest classifying
salinity levels using remote sensing into non-saline (ECe = 0-2 dS m1), slightly saline
(ECe=2-4 dS m-1), moderately salty (ECe= 4-8 dS m-1), intensely saline (ECe= 8-16
dS m-1), and highly saline (ECe > 16 dS m-1) groups.

Bannari et al. (2021) group salt-affected soils into three classes based on their EC
values: non-saline, low, moderate, high, very high, and extreme salinity. In this study,
soils are classified as salt-affected soils according to the agronomic category of soil
salinity (Hammam & Mohamed, 2020; FAO and ICBA, 2023)

3.2.3 Spatial Characteristics of Soil Salinity

A geo-database of study fields (shape files, coordinate of grid sampling points, and
soil properties of physicochemical analysis and soil-water relationship) was created in
a GIS environment for geo-statistical analysis. The inverse distance weighted (IDW)
interpolation method with a stable semi-variogram was used to generate interpolation
of soil salinity distribution across the study fields. The IDW method assumes that the
interpolated surface should be influenced mainly by the nearby points and less by the
more distanced points (Juglea et al., 2010).

The equation for the IDW method is given in Equations 1 and 2.

N owk (x)uk

u(x)= ...equation(3.1)
o wk (%)
where the weight function is:
1 :
wk(x)= Al ...equation(3.2)

According to Juglea et al. (2010), x denotes an interpolated, xk is the interpolated
point, d is a given distance from the known point xk to the unknown point x, and N is

the total number of known geographic reference points.

3.2.4 Remote sensing data and processing

The study uses multispectral Landsat 8 OLI satellite imageries of April (2014-2021)
to map soil salinity. The images cover (Path/Row: 204/51, UTM WGS1984 Zone: 28
and were collected on (April 4", 2014, April 15" and April 26", 2021).
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April imageries are beneficial for recognizing soil types due to their low cloud
coverage and high surface exposure in the dry season. For example, Kumar et al.
(2020) reported that satellite images of March or April offer the maximum contrast
between SAS and cropland when the salt appearance on the surface is highest, unlike

the images of May and June.
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Figure 3. 2 FCC image of Landsat 8 OLI composite band over the study area

The Landsat 8 OLI (Operational Land Imager) consists of 11 spectral bands with a 30
m resolution. This study used Landsat 8 OLI bands 2-5 to generate various salinity
and vegetation indices. These images provide information about the electromagnetic
radiation reflected by the Earth's surface at different wavelengths. In this study, the
visible bands selected for extraction of Reflectance values and salinity mapping are

obtained from multispectral bands (2-5).

The acquired Landsat 8 OLI image data were converted to TOA planetary reflectance

using reflectance rescaling coefficients provided in the remote sensing imageries'
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product metadata file (MTL). Equations 3.1 and 3.2 equation were used to convert DN

values to TOA reflectance for OLI data sets as follows:

pAN= MpQcal + Ap ...equation(3.1)
where:
pA' = TOA planetary reflectance, without correction for solar angle
Mp = Band-specific multiplicative rescaling factor (Reflectance Mult Band x, where
X is the band number)
Ap = Band-specific additive rescaling (Reflectance Add Band x, where x is the band
number)
Qcal = Quantized and calibrated standard product pixel values (DN)
TOA reflectance with a correction for the sun angle is then:

pr pA

"= B tion (3.2
P cos(0sz) sin(Bse) equation(3.2)

where:

pA = TOA planetary reflectance

Ose = Local sun elevation angle

0sz = Local solar zenith angle; 0sz = 90° - Ose

The reflectance values of the salinity and vegetation indices were calculated using the
point database of EC values obtained during fieldwork using satellite image bands and
band combinations. The Extract Values to Points tool from the 'raster' package in R

statistical software (version 4.2.3) was utilized for this analysis.

Composite band imagery consisting of the band (2-5) was developed and visualized
using False Color Composite (FCC) in RGB color code. Based on some salinity and
vegetation indicators in the literature, eight salinity indicators were selected and
utilized to map soil salinity regularly (Table 3.1). Salinity and vegetation indices were
calculated from various band combinations using the raster calculator in the map
algebra of Arc Toolbox of ArcGIS 10.6.
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Table 3. 3 Salinity indices used for the delineation of soil

Salinity Indices (SI) Band Ratios References
?;fmi‘;'fﬁgex Difference NDSI=% Dehni et al., 2012
Sl SIVGXR Khan et al., 2001
SHII SI=VG R + NIR Douaoui et al., 2005
St g GXR Khan et al., 2001
SIV Sl= B'% Khan et al., 2001
SIVI SI=(R X NIR) = G Khan et al, 2007
Brightness Index (V11) BI= VR2ANIRZ Dehni et al., 2012

i ' [ - +
ol Aol Vgeaion g OUOX (D) oo, 201
Normalized NIR-R Rouse et al., 1974
Vegetation Index NDVI= SR

R = Red Band, B= Blue Band, G=Green Band, NIR=Near Infrared, Band,
L=0.5
Finally, images of floodplains with a spatial resolution of 30 m were clipped in ArcGIS

10.6.

3.3 Statistical Analysis

3.3.1 Data Preprocessing

The dataset analysis underwent several rigorous steps to ensure the integrity of the
regression model in climate science. Outlier detection and removal of non-significant
variables were performed. Collinearity detection involved examining variables with
high correlation coefficients, and any aliased coefficients were subsequently
eliminated from the model (Daoud et al., 2017). Multicollinearity was assessed to
guarantee the stability and reliability of the regression model by calculating the
variance inflation factor (VIF) for each independent variable. Variables with high VIF
values were considered potential indicators of multicollinearity (Daoud et al., 2017).
Non-significant variables were identified through high p-values in the model's sum.

This refinement process aimed to retain only the independent variables that
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significantly influenced soil ECe based on a pre-defined threshold (p > 0.05).
Furthermore, a Pearson correlation coefficient analysis was conducted between soil
EC values and remote sensing data to compare the relationships and identify
significant variables associated with increasing soil salinity.

3.3.2 Stepwise Variable Selection

In predictive modeling, selecting relevant predictors is crucial for accurate predictions
in climate science (Kano & Harada, 2000). The choice of predictors directly impacts
the model's performance and ability to capture the underlying relationships within the
data. Stepwise variable selection is a systematic technique employed to select a subset
of predictors from a larger pool of candidate predictors, resulting in improved
goodness-of-fit statistics for the model (Yoshida, 2023).

Stepwise variable selection typically involves two main steps: forward selection and
backward elimination. In the forward selection, variables are sequentially added to the
model one at a time, starting from an empty model. At each step, the variable that
provides the most significant improvement in the model's performance, as determined
by the Akaike Information Criterion (AIC), is selected and included. In backward
elimination, the model begins with all potential predictors included.

At each step, the variable with the least significant contribution or significant impact,
as determined by a specified criterion, is removed from the model. This process
continues until no further improvement is observed, or removing any remaining
variables would significantly decrease the model's performance. Stepwise variable
selection has been widely used in soil characteristics studies to refine models by
selecting the best set of variables (Khaledian et al., 2017). Based on the stepwise AIC
procedure, the OLI 8-band and Sl reflectance values were incorporated into the
multilevel model evaluation and comparison to predict soil ECe (d/Sm) in the two

study regions.

3.4 Prediction of Soil Salinity

Accurate prediction of soil salinity plays a vital role in understanding and managing
soil health in agricultural areas. This study aimed to develop a predictive model for
soil salinity in the floodplain of CRRS and LRR in The Gambia by leveraging satellite
reflectance values and soil electrical conductivity (EC) measurements (Tan et al.,
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2023). The satellite reflectance data encompassed multiple spectral bands obtained
from remote sensing imagery, enabling the capture of electromagnetic radiation
reflected from the Earth's surface. The satellite reflectance data and soil EC
measurements spanned from 2014 to 2021 in the floodplain of CRRS and LRR in The
Gambia. The soil EC measurements provided quantitative information on soil salinity
levels. Two machine learning models, Random Forest (RF) and Support Vector

Machine (SVM), were used to predict soil salinity reliably.

3.4.1 Cross-Validation Settings:

The cross-validation approach was employed to assess the performance of various
machine learning models. Cross-validation serves a dual purpose of parameter tuning
and performance evaluation. The dataset is divided into k (in this case, 10) folds. Each
fold functions as a validation set, while the remaining folds are used for model
training. This systematic testing over several data sections reduces the danger of
overfitting and assesses the model's capacity for generalization. Results from every
iteration are averaged to give a reliable performance assessment across various data
subsets. Cross-validation ensures a trustworthy evaluation of the model's forecasting

ability while preventing overfitting and obtaining reliable model performance metrics.

3.4.2 Model Training and Development

The dataset was divided into a training set and a test set using a stratified random
sampling approach. The training set comprised 80 % of the model training and
development data. The selected predictor variables (OLI bands and SI reflectance
values) and the target variable, soil salinity represented by ECe dS/m, were used to fit
each model. The aim was to capture the relationship between satellite reflectance
values and soil EC to predict soil salinity in the floodplain.

3.4.3 Model Evaluation and Comparison

After training the models, they were evaluated using the test set to assess their
performance in predicting soil salinity. Evaluation metrics, including root mean
squared error (RMSE), mean absolute error (MAE), Mean Absolute Percentage Error
(MAPE), and R-squared (R?), were calculated. These metrics provided insights into
the accuracy and precision of the model's predictions. The models were compared

based on their performance, and the best-performing model was selected based on R?
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and RMSE values for predicting soil salinity in the floodplain of CRRS and LRR in
The Gambia.

3.4.5 Model Selection

A comprehensive comparison was conducted using the cross-validation method to
identify the best-performing model. Cross-validation is a statistical procedure used to
evaluate the performance of machine learning models by partitioning the available
data into multiple subsets for training and testing. The method assesses a predictive
model's performance and generalization ability and detects potential overfitting or

underfitting.

Cross-validation enables tuning model hyperparameters effectively and evaluates the
model's performance on different subsets of the data. The data was divided into k folds
of 10, each serving as the validation set, while the remaining folds were used for
training. This process was repeated multiple times, with each fold taking turns as the
validation set. The performance metrics from each iteration were averaged to obtain a

reliable estimate of the model's performance.

The models were ranked based on their average performance metrics across all
iterations. The trained model was evaluated on the validation set using metrics such
as R-squared, RMSE, MAE, or MAPE. The evaluation metrics, particularly the R-
squared value, were carefully analyzed to determine the model's ability to explain the
variance in soil salinity. The model with the lowest RMSE and the highest R? was

identified as the best for predicting soil salinity.

The models were then used to analyze an independent dataset from 2014 to 2021 for
validation and performance monitoring. These datasets served as test or validation
sets. They were deliberately excluded from the model development process to evaluate
the model's capacity to generalize and provide precise predictions throughout the study

period.

3.4.5 Mapping of soil salinity
The selected models were used to map and quantify historical salinity levels in 2014
and compare them with the current conditions in 2021 for both study areas. The

reflectance images of the independent variables were combined with the normalized
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variable importance derived from the chosen model. Variable importance values
quantify the contribution or relevance of each reflectance band in predicting or

explaining soil EC. (dS/m).

A weighted combination of reflectance images and variable importance values were
used to obtain the predicted soil salinity values. The weighted combination involves
assigning weights or importance values to each reflectance band based on their
respective variable importance values, multiplying each reflectance value by its
corresponding weight, and summing the results across all bands. The higher the
importance value of a reflectance band, the more weight it receives in the combination
process. This process was conducted pixel-wise across the study area, resulting in a
raster dataset to generate soil salinity maps that produce a single continuous value for
each pixel, representing the estimated EC. (dS/m) level.

The final maps of soil salinity predictions provided a continuous spatial distribution
of soil salinity across the study area, with higher values demonstrating higher salinity
levels and lower values indicating lower salinity levels. A comparative map analysis
was done to estimate the changes in salinity and visualize the extent of salinity in the
study areas for the periods under review (2014 — 2021).

3.5 RESULTS AND DISCUSSION

3.5.1 Spatial Distribution of Soil Salinity

The spatial distribution of soil salinity of five surveyed fields within the floodplains
of LRR and CRRS shows the characteristics and extent of soil salinization processes
(Figure 3.3).

o1



Tonitaba

y

Legend
EC

High 103 ||
Lows1 ||€

Pakaliba

Legend
EC

High 8.5
el Low 6.4

Kudang

w

B/

Legend

EC

wm High 10.0
Low 7.6

Figure 3. 3 Spatial distribution of soil salinity across the study fields based on
ECe

The maps indicate the degrees or intensity of soil salinity across the surface of study
fields. The visual interpretation shows that (Mandina, Tonitaba, Buiba, and Pakaliba)

have more than 70 % of the total area classified as slightly saline (ECe 4 - 8 dS/m) and

strongly saline (ECe 4 - 16 dS/m).

Table 3. 4 Summary statistics of electrical conductivity (EC dS/m)

Region LRR CRRS
Min. 6.2 0.3
Max. 10.3 4.1
Mean 8.34 2.1
Std. Error 0.11 0.23

The spatial distribution further suggests that surface salinity levels decrease toward
the eastern parts of the country, where ECe values range between 0.3 and 4.0 dS/m,
except for some patches where more than > 4 dS/m are reached. The highest salinity
values were observed in fields in the western part of the study area, which is influenced
by seawater intrusion from the Atlantic Ocean. Other factors, such as soil high SO2*

and CI content, were observed, specifically in Mandina, Tonitaba, and Buiba.
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3.5.2 Variable Selection for Regression Model

Figure 4 shows the Pearson correlations of ECe (dS/m) of the soil data with individual
band data, band combinations, and designated salinity spectral indices of Landsat 8
OLI image. Comparatively, more significant and positive correlation coefficients were

observed between ECe, individual bands, and Sl reflectance values.

Table 3. 5 Correlation matrix of soil ECe, OLI 8 reflectance, and salinity indices

spectral reflectance values

Visible Bands LRR CRRS
Band 2 Blue -0.15 0.53
Band 3 Green -0.22 0.53
Band 4 Red -0.33 0.55
Band 5 Near Infrared (NIR) -0.46 0.57
Indices Indices

NDSI 0.44 -0.42
S 1 -0.28 0.54
SL N -04 0.62
SIIV -0.35 0.56
SILV -0.29 0.55
SI_ VI -0.33 0.57
SAVI -0.53 0.34
NDVI -0.51 0.26

The ECe has a strong positive correlation with Landsat 8 band 2 — 5 (r > 0.54) and Sl
Il (r = 0.54), SI Il (r=0.62), SI IV (r=0.56), SI V (r=0.55), and SI VI (0.57). The
highest positive correlation coefficient was obtained between ECe, the Near Infrared
Band (NIR) (r=57), the Red Band, the Green Band, and Sl Il. A lower correlation
coefficient was observed between OLI reflectance Bands (2-5), NDVI, NDSI, and
SAVI, whereas a robust negative relationship was between NDSI and SAVI (r= -
0.80), and NDSI and NDVI (r=- 0.78).

Based on the strength of the association between ECe and the indices for the two
regions (LRR and CRRS), Band 5, SI Ill, SI IV, and SI VI all indicate coefficient
correlation values (r > 0.55) and could be considered suitable for determining the soil
salinity, respectively. However, R-square (R?) and Adjusted R-square (Adj. R?) values
of the linear regression between soil ECe and spectral reflectance of individual salinity
indices were low despite having significant p-values. The highest R? = 0.39, and Adj.
R? = 0.28 was obtained for SAVI. This result is similar to the finding of Giinal et al.
(2021), who reported an equal correlation coefficient (R?) for the SAVI index using
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soil ECe values as the dependent variable for salinity modeling. Therefore,
incorporating multiple variables into the modeling and using the stepwise selection
process will enhance the explanatory capacity of the models in assessing soil salinity
in the floodplain of LRR and CRRS, The Gambia.

Equation 3.2 shows the results of the stepwise variable selection process using the AIC
criterion for choosing the best model for modeling soil salinity. The models with the
lowest AIC= (-58.06) and AIC value (-12.83) are selected as the best predictor
outcome variable for LRR and CRRS, respectively. The equations of the best-fitted
model for LRR and CRRS are shown in equations 3.3 and 3.4. These regression
models demonstrated superior predictive performance and effectively captured the
complex relationships between the predictor variables derived from satellite
reflectance data and soil ECe (dS/m).

ECe = —2462.58 X Band, — 9246.70 x Band; — 4206.68 X Band, —
28.49 X Bands + 29056.61 x NDSI + 13533.26 X SIj; —
149.08 X Sly —2310.45 X Sly —29137.09 X Sl +
€ ...equation (3.3)
ECe = —32675.77 + 2341.49 x Band_2 —9084.79 X Band_3 —
4387.11 x Band_4 —29.84 x Band_5 —126513.59 x RF_NDSI +
13420.79 x RF_SI_II —85.18 X RF_SI.IV —2121.47 X RF_SI.V —
17352994 x RFSIIX + ¢ ...equation(3.4)
where:
ECe (dS/m) is the predicted soil electrical conductivity

The R-square metric measures the proportion of the variance in the target variable that
is predictable from the predictor variables. RMSE measures the average deviation
between predicted and actual values, with lower values indicating better model
performance. The precision of the model fitting increases as R? gets closer to 1. The
model's accuracy is inversely correlated with the RMSE value.

The more closely this value approaches 0, the less difference between the measured
value and the value projected by the model, and the more accurate the prediction
(Wang et al., 2021). The Stepwise variable selection for multiple linear models shows
R? values of 0.67 and 0.62 and RMSE of 0.5769 dS/m. This suggests that the model
explains a significant portion of the variance, indicating that the indicates that the
model explains 67 and 62 % of the variance in the dependent variable of LRR and

CRRS, respectively.

54



3.5.3 Model Evaluation and Comparison Based on Predicted Values

Figure 3.5 presents model performance results on the training dataset for predicting
soil salinity (ECe) in LRR and CRRS of The Gambia. Two models use reflectance
values from Landsat 8 as predictor variables. The SVM model has the highest
coefficient of determination (R?) value of 0.77 and RMSE value of 0.51, meaning that
approximately 0.77 of the dependent variable ECe variance is explained by the
independent variables in the SVM model for LRR.

The RF and SVM models have RMSE values of 0.63 and 0.51, which suggests that,
on average, the predictions of the RF and SVM models deviate from the actual values
by approximately 0.63 and 0.51 EC. (dS/m) for LRR (Figure 3.4b). This result is
higher than those reported by Hihi et al. (2019), who use a linear regression model to
predict EC from Sentinel 2 bands and spectral indices of soil salinity. Their results
indicated that a combination of predictor variables from Sentinel 2 bands and soil
salinity indices produced a significant coefficient of determination R? 0.48 and an
estimated RMSE of about 4.8 dS/m.

The models predict salinity content per the observed truth in the field. For example,
the measured ECe (dS/m) values in CRRS indicate non-saline to saline soils within
the ranges of 0.3 to 4.1 (Table 3.3). The model-predicted estimated values of salt
content in the soil of CRRS are categorized into non-saline and saline classes, which

concurs with the region's logical sense of the minimal problem of soil salinity.

Nawar et al. (2014) reported similar minimum and maximum estimated ECe values
with measured laboratory spectral data for predicting soil salinity from Landsat images
using PLSR and Multivariate Adaptive Regression Splines (MARS) models. Linear
and PR have the same R? values (0.24), lower than RF. Despite recording the lowest
RSME, RF has the lowest R? value, suggesting that it explains the least variance in
ECe. Overall, the two models have similar R?and RMSE, MAE (0.44), MAPE (5.0),
and RSS (0.62).
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Figure 3. 4 Evaluation of the two predictive models on the trainset for Soil salinity

a) CRRS b) LRRS

Therefore, using the minimum RMSE with the highest coefficient of determination
(R?) as the decision criterion, the Random Forest and SVM models offered promising

results on the training dataset and are thus considered suitable for model validation on

the test dataset.

3.5.4 Model validation

Model validation was conducted to assess the performance of the RF and SVM models

on the test dataset for LRR and CRRS, respectively.
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Figure 3. 5 Validation of the Random Forest and SVM model on the test dataset
a) LRR and b) CRRS.

Figures 3.5a and 3.5b depict the expected and measured values, demonstrating a good
relationship between the estimated data. In LRR, the RF model predicted soil salinity
with an R? of 0.93, and the SVM model achieved an R? of 0.78 and an RMSE of 0.48
(Figure 3.8a). Similarly, in CRRS, the RF model achieved an R? of 0.89 and RMSE
of 0.34, while the SVM model achieved an R? of 0.81 and RMSE of 0.42 (Figure
3.5h).

The validation results confirmed the strong association between the estimated data and
estimated ECe values, as indicated by high R? values and relatively low RMSE values
for both LRR and CRRS. Like the model evaluation, the RF model outperformed the
SVM model in terms of accuracy, with R? values of 0.93 and 0.88 for LRR and CRRS,
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respectively. The RF model captured 93 % and 88 % of the variance in ECe, with a

lower prediction error of 0.27 and 0.34 dS/m from the actual values.

Contrary to the model evaluation results, the validation results demonstrated that the
RF model exhibited higher accuracy and lower prediction errors for both regions.
These findings align with previous studies that have utilized reflectance values from
Landsat imageries to estimate and map soil salinity in arid and semiarid environments
(Nawar et al., 2014; Bannari et al., 2021). The results suggest that the RF model,
employing Landsat reflectance data, is stable and slightly superior to the SVM model

for estimating soil salinity in the study area.

3.5.5 Application RF and SVM Model for Mapping Soil Salinity in LRR and
CRRS

The RF and SVM models' were applied to 60 and 40 independent soil samples
obtained in 2014 and 2021 for mapping soil salinity in LRR and CRRS, respectively.
The predicted and measured values are plotted in Figures 3.6 a, b, and 3.7a, b. The
results indicated a good association between the estimated data and predicted ECe
values (R? = 0.94 and 0.74 and RMSE = 02.6 and 0.52) for RF and SVM models in
2014, respectively (Figure 3.7 a, b). Applying the RF and SVM model on the
independent dataset was slightly better in predicting ECe (d/Sm) than the 2014
validation results for RF (R? = 0.93 and RMSE = 0.27). In contrast, SVM explains a
high variance (79 %) of soil ECe for the validation dataset, although with a relatively
high RMSE value (0.48) compared to the independent validation set of 2014 for LRR
respectively. Comparatively, the application of RF and SVM models performs better

for estimating soil salinity in CRRS than LRR from the 2014 independent dataset.
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Figure 3. 6 Application of RF and SVM model of the Random Forest and SVM
model on the 2014 independent dataset a) LRR and b) CRRS

The values obtained in this study are high than those reported by Wang et al. (2020),
who identified the RF model as the best regression model (R? = 0.75) for revealing the
spatial characteristics of salt dispersal in Southern Xinjiang, China. Both models
explain more than 80 % of the variance in soil salinity, with the RF having high R?
values (0.89) and lower RMSE (0.34) compared to the SVM model (R? = 8.1) and
RMSE value of 0.42 (Figure 6b).
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Figure 3. 7 Application of RF and SVM model of the Random Forest and SVM
model on the 2021 independent dataset a) LRR and b) CRRS

The 2021 independent set shows a similar quality of model performance in estimating
soil salinity for both regions (Figure 3.6 a, b). The RF model shows high R? values
(0.79 and 0.78) for LRR and CRRS compared to the SVM model for 2021. However,

both models show high accuracy (R? > 0.70) for predicting soil salinity in the two

This result is contrary to the findings of Wang et al. (2021), who compare three
machine learning algorithm estimation models (ANN, RF, and SVM) to map soil

salinity using sentinel-2 MSI and soil electrical conductivity (EC) in arid areas in



China. Their results indicated that the SVM model estimation soil EC attained a higher
performance and accuracy (R? = 0.88) than those achieved with the soil EC estimation
models established with the RF and ANN models. The empirical relationship between
measured and predicted ECe values is a reasonable estimation of the predicted
electrical conductivity values. The result obtained from this study indicates that both
the Random Forest and SVM models are suitable for mapping, monitoring, and
predicting soil salinity in the floodplain of CRRS and LRR in The Gambia regions
(LRR and CRRS). The two perform relatively similarly in predicting soil salinity
(ECe) using reflectance values from Landsat 8 OLI bands as predictors of The

Gambia's Lower and Central River Region.

3.5.6 Map of Soil Salinity in LRR and CRRS

Originating in a mountainous region in Guinea, the River Gambia winds its way
through Senegal, ultimately emptying into the Atlantic Ocean at Banjul, traversing the
Gambia's entire length. The floodplains, extending from the sources of the river in the
FUTA Jallon Highland to its mouth at the Atlantic Ocean, exhibit a noticeable increase

in surface salinity towards the western regions.

This pattern suggests a westward trend of increasing salinity levels along the river
basin. The salinization process in the floodplains follows a continuous uniform
distribution, characterized by a gradual increase in soil salinity levels from the eastern
to the western part of The Gambia, particularly in the coastal areas. This pattern is
primarily driven by saltwater intrusion resulting from seepage from the Atlantic
Ocean. Similar observations have been made in other river basin floodplain systems,
supporting the influence of saltwater intrusion on soil salinity levels (Arslan & Demir,
2013; Bayabil et al., 2021).

The unique characteristics of the floodplain, including its relatively flat topography,
shallow groundwater table, and high ratio of evaporation to precipitation, contribute
to the accumulation of salt on the surface and subsequent soil salinization. The analysis
reveals an increase in soil salinity levels in all categories in LRR, particularly in the

upper slope of the floodplain.
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Figure 3. 8 Continuous spatial distribution of Soil Salinity in LRR using Random
Forest a) 2014, b) 2021
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Figure 3. 9 Continuous spatial distribution of Soil Salinity in LRR using Random
Forest a) 2014, b) 2021

Hotspot areas characterized by strongly saline soils (ECe dS/m >16) are found in the
lower southern parts of LRR, farther away from the river channels, tributaries, and

areas that experience regular flooding. The increasing trend of salinity upslope can be
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attributed to the high evaporative effect in these areas. During the period of analysis
within the CRRS, a predominant and continuous spatial distribution of the Very
Slightly Saline salinity class was observed. Additionally, isolated hotspots featuring
salinity classes ranging from slightly to moderately saline were detected in various
parts of the region. Further investigations are required to ascertain whether these
hotspots result from specific land management practices. Overall, there has been a
noticeable reduction in salinization across all salinity classes in the CRRS region from
2014 to 2021. This trend might be attributed to an increase in rainfall patterns, as

indicated by the findings of the Man-Kendall trend analysis.

The lower reaches of The Gambia River Basin experience high temperatures and a
long dry season, leading to enhanced evaporation rates. Consequently, surface water
in river channels, estuaries, and flooded areas evaporates rapidly, leaving behind
concentrated salts and higher salinity levels. The absence of significant vegetation
cover exacerbates the evaporative effect, contributing to the concentration of salts in
the remaining water and the subsequent increase in salinity levels on the broader
upslope of the floodplain.

The intensive and prolonged dry season in the Sudano-Sahelian climatic zone of the
study area further limits vegetation cover. Although transpiration is reduced in areas
with minimal vegetation, vegetation's absence allows direct and intense solar radiation
to reach the surface, leading to heightened evaporation rates. This absence of
significant vegetation cover further exacerbates the evaporative effect and contributes

to the concentration of salts in the remaining water.

The combination of high temperatures, limited vegetation cover, and high evaporation
rates results in unique surface features, such as salt entrustments, salt marshes, and
wet desert islands. Increasing land surface temperature enhances evapotranspiration
and rapidly accumulating salt in flat areas (Zhang et al., 2019). Masoud et al. (2014)
pointed out that elevated land surface temperatures increase evaporation and
evapotranspiration, accelerating salt accumulation in flat regions. This is per the
conclusions drawn by Masoud et al. (2019), who investigated the factors influencing
salinization in arid areas. They noted a consistent rise in high land surface

temperatures near heavily salinized areas within flat depressions from 2001 to 2014.
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As water evaporates, it leaves behind salt deposits, causing salt encrustment on the
surface. Wet-desert islands refer to areas where the water table remains high due to
limited drainage, resulting in localized wet areas surrounded by drier surroundings.
These unique surface features are often characterized by high radiometric reflectance
values, indicating the presence of salts at higher salinity levels. Tables 3.5 and 3.6
provide the distribution of salinity classes and their corresponding areas in hectares
(ha) for the Lower River Region (LRR) and Central River Region (CRRS).

In the Lower River Region (LRR) floodplain, salinity classes with their corresponding
areas for 2014 and 2021 show a total land area slightly decreased from 41,021 ha in
2014 to 40,541 ha in 2021, indicating a subtle shift in land cover or other regional
factors such as climate. Similarly, for the periods under review, changes in soil salinity
levels have led to significant shifts in land use and potential implications for
agricultural practices. The water bodies within the region experienced a minor increase
in area, growing from 220 ha (0.54 % of the total area) in 2014 to 375 ha (0.92 % of
the total area) in 2021.

This change represents a 70.45 % expansion of open water bodies, likely influenced
by hydrological variations, as indicated by the significant trend in rainfall observed in
both regions (Figure 5.4). A substantial reduction was observed in the non-saline class,
with the area decreasing from 5,159 ha (12.64 % of the total area) in 2014 to 3,786 ha
(9.34 % of the total area) in 2021. This substantial decline of -26.67 % suggests a
significant transition within this class, possibly due to changes in land use or shifts in
hydrological regimes. In contrast, a remarkable increase occurred in the slightly saline
category, growing from 10,618 ha (26.01 % of the total area) in 2014 to 13,446 ha
(33.17 % of the total area) in 2021.

This change reflects a substantial percentage increase of 26.62 %, suggesting potential
land usage shifts or adaptive agricultural practices in response to changing conditions.
Moreover, the strongly saline areas exhibited growth, from 3,703 ha (9.07 % of the
total area) in 2014 to 5,630 ha (13.89 %) in 2021. This change indicates a percentage

increase of 51.94 %, suggesting ongoing dynamics within this highly saline range.
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Table 3. 6 Dynamics of soil salinity in LRR for two periods (2014 and 2021)

Year 2014 2021 %
Soil Salinity BCe  Area % Area 7o~ Change
Class (dS/m) (ha) Land (ha) Land

Area Area
Open Water NA 220 0.54 375 0.92 70.45
Non-Saline 0-2 5159 12.64 3,786 9.34 -26.67
Very Slightly Saline 2-4 16,349 40.05 8,443 20.83 -48.32
Slightly Saline 4-8 10,618 26.01 13,446 33.17 26.62
Moderately Saline 8-16 4,312 10.56 8,093 19.96 87.56
Strongly Saline >16 3,703 9.07 5630 13.89 51.94
Masked Area NA 660 1.62 768 1.89 16.36

The regions categorized as Masked areas, which include non-cultivable lands such as
rock outcrops or hardpans, access roads, and farmhouses, saw an expansion from 660
ha (1.62 % of the total area) in 2014 to 768 ha (1.89 % of the total area) in 2021. This
represents a 16.36 % increase in the area of these masked areas, where no salinity

measurements were taken.

Table 3.5 presents the changing soil salinity characteristics within the Central River
Region (CRRS) between 2014 and 2021. The results highlight shifts in salinity levels
and their potential implications for land use and agricultural productivity. As in LRR,
open surface water bodies within the CRRS displayed notable changes, expanding
from 484 ha (1.49 % of total area) in 2014 to 571 ha (1.80 % of total area) in 2021.
This considerable increase of 17.98 % suggests hydrological dynamics that have
influenced the distribution of open water areas.

The Non-saline areas in the CRRS saw a minor increase, growing from 6,648 ha
(20.41 % of total area) in 2014 to 6,910 ha (21.73 % of total area) in 2021. This change
corresponds to a moderate percentage increase of 3.94 %, indicating stability within
this class. Similarly, the very slightly saline areas experienced a small expansion,
increasing from 8,221 ha (27.62 % of the total area) in 2014 to 8,408 ha (26.53 % of
the total area) in 2021. This shift reflects a modest percentage increase of 2.27 %,
suggesting relative stability within this salinity range. Similarly, the very slightly
saline areas experienced a slight expansion, increasing from 8,221 ha (27.62 % of total
area) in 2014 to 8,408 ha (26.53 % of total area) in 2021.
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Table 3. 7 Soil salinity dynamic in CRRS for two periods (2014 and 2021)

Year 2014 2021
- - % %

Salinity Ece Area Area %
Land Land

Class (dS/m)  (ha) (ha) Change
Area Area

Open Water NA 484 1.49 o71 1.80 17.98

Non-Saline 0-2 6648 20.41 6910 21.73 3.94

Very Slightly Saline 2 -4 8221 25.25 8408 26.53 2.27

Slightly Saline 4-8 8995 27.62 8193 25.76 -8.92
Moderately Saline 8-16 5349 16.43 4212 13.24 -21.26
Strongly Saline >16 927 2.85 1050 3.30 13.27

Masked Area NA 1939  5.95 2460 7.73 26.87

This shift reflects a modest percentage increase of 2.27 %, suggesting relative stability
within this salinity range. The moderately saline regions experienced a significant
reduction, decreasing from 5,349 ha (2.85 % of total area) in 2014 to 4,212 ha (13.24
% of total area) in 2021. This substantial change reflects a percentage decrease of -
21.26 %, indicative of pronounced differences within this class. The strongly saline
areas exhibited a modest increase, growing from 927 ha (5.95 % of total area) in 2014
to 1,050 ha (3.30 % of total area) in 2021. This change signifies a percentage increase
of 13.27 %, suggesting ongoing dynamics within this highly saline range. The masked
areas of CRRS expanded from 1,939 ha (19.25 % of total area) in 2014 to 2,460 ha
(7.73 % of total area) in 2021. This change represents a 26.87 % increase in these
areas, underscoring the importance of understanding and managing these regions for

sustainable land utilization.

In both the Lower River Region (LRR) and the Central River Region South (CRRS),
the analysis of combined salinity classes reveals varying patterns of salinity
distribution and their implications for land use. However, these two regions exhibit

different trends in how salinity has changed. In the Lower River Region (LRR), the
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combined area covered by all saline categories was 27,078 hectares in 2014,
constituting approximately 66.34 % of the entire region. By 2021, this combined area
had expanded to 29,669 hectares, representing around 72.15 % of the territory. This
indicates a percentage change of 9.56 % over the analyzed period.

In contrast, the Central River Region South (CRRS) exhibited a different pattern. In
2014, the combined area covered by these salinity classes accounted for 29,572
hectares, constituting about 93.46 % of the total region. However, by 2021, this
combined area had contracted to 25,455 hectares, representing approximately 80.29
% of the region. This indicates a percentage change of -13.94 % over the analyzed

period.

3.6 SUMMARY

The study successfully utilized regression models and Landsat OLI 8 reflectance data,
along with Salinity Indices (SI) reflectance, to predict and delineate spatiotemporal
variation of soil salinity in Lower River Region (LRR) and Central River Region
South (CRRS), The Gambia. The Random Forest (RF) model emerged as the most
effective predictor, demonstrating high accuracy and reliability in estimating soil

salinity based on Landsat 8 reflectance values.

LRR faces potential ecosystem degradation and agricultural impacts from declining
non-saline areas (-26.67 %), while the expansion of slightly saline soils (26.62 %)
challenges agricultural diversification. The contraction in Slightly Saline (-8.92%) and
Moderately Saline (-21.26%) areas in CRRS presents distinct challenges and

opportunities for agricultural productivity and ecosystem preservation.

For the period under review (2014 -2021), LRR indicates a percentage % increase in
salt-affected areas of 9.56 %. The noticeable expansion of these salinity classes
underscores the evolving nature of cover and ecosystem dynamics in the LRR,
potentially influencing agricultural practices and the ecological balance. In contrast,
the results show a percentage contraction of 15.54 % in the salt-affected area in CRRS.
The shift in these salinity class distributions highlights potential changes in land
management practices and ecosystem health in the CRRS, which may affect

agricultural productivity and sustainable land utilization.
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CHAPTER FOUR
VARIABILITY OF ROOT-ZONE SALINITY ON RICE YIELD?
ABSTRACT

Rice cultivation in the floodplain of the River Gambia in The Gambia faces significant
challenges due to soil salinity, resulting in grain yield reduction. Soil salinity poses
substantial obstacles to agricultural production in this region. This study aimed to
analyze the impact of seasonal variability in root-zone salinity on rice yield under
farmer-managed fields in CRRS and LRR, The Gambia. The research focused on soil
properties, groundwater level and quality, and their influence on soil salinity. The
initial physicochemical characterization of the soil revealed clay texture with low pH
values (ranging from 4.1 to 4.3) and high electrical conductivity (ECe), indicating
highly acidic and saline conditions, respectively. The exchangeable sodium
percentage (ESP) values were also relatively high, indicating the presence of sodic
soils. Correlation analysis highlighted significant relationships between soil variables,
groundwater quality, and levels, and their correlations with rice growth and yield,
showing their influence on soil salinity. GLM demonstrated strong goodness of fit (R2
= 0.98), indicating that high ESP variability could be attributed to specific field
locations, soil properties, and seasonal factors. Tonitaba and Kudang exhibited
significant and opposing influences on soil ESP, with Tonitaba associated with an
increase (0.84994) and Kudang with a decrease (-1.18268). At the same time, the
analysis also revealed a statistically significant (p < 0.05) reduction in ESP during
August, indicating a seasonal effect. Nonparametric MANOVA analysis demonstrated
substantial differences in rice yield across treatment groups (p < 0.05). Multiple
comparison tests showed significantly higher rice yields of 254(kg/ha) in Kudang than
in Mandina. The study, emphasizing the importance of understanding specific soil
variables critical in influencing root zone salinity, provides valuable insights for
sustainable rice production in mangrove swamp areas and informs evidence-based
decision-making in rice farming in The Gambia. The study recommends adopting and
applying suitable soil amendments, implementing effective drainage systems,
selecting salt-tolerant and short-duration rice varieties, and regularly monitoring soil

physicochemical properties. Further research should investigate the long-term trends

2A manuscript has been developed from this chapter to be publish in a journal
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and effects of various soil salinity management strategies, including the impact of
specific practices on soil salinity.

Keywords: Root-zone; Salinity; Nonparametric MANOVA,; ESP

4.1 INTRODUCTION

This chapter focuses on the impact of soil salinity on agricultural production,
particularly in the context of rice cultivation in the floodplain of the River Gambia in
Gambia. Soil salinity significantly threatens agricultural production and ecosystems
worldwide, especially in arid and semiarid regions where irrigation is used to grow
crops (Corwin and Scudiero, 2019; Tian et al., 2020).

In Africa, soil salinity poses a significant challenge to small-scale agriculture, with
approximately 1,899 million hectares of land affected by salinity (Aredehey et al.,
2018; Bannari et al., 2021).

The Sahel region in West Africa, including The Gambia, is particularly impacted. The
increasing salinization of farmland significantly threatens the long-term sustainability
of food production and productivity systems (Li and Kang, 2020). Its direct impact on
cultivated lands is evident in crop failures while triggering other forms of land
degradation, such as soil dispersion, waterlogging, amplified soil erosion, and
hindering engineering programs (Metternicht and Zinck, 2003; Fan et al., 2016). These
consequences further compound the challenges of the growing global population and
the demand for increased arable lands to meet future food requirements (Fan et al.,
2016).

Global climate change further exacerbates the challenges associated with soil salinity.
It is projected to reduce crop yield and freshwater resources through alterations in
hydrologic cycles by the end of the 21st century (Bodian et al., 2018; Talat, 2020).
Using the River Gambia as an irrigation water source plays a vital role in agricultural
development in The Gambia, addressing water scarcity and food security concerns
(Jarju, 2009). However, the interrelationship between seasonal flow and salinity limits
its potential. The reduction in streamflow contributes to the salinity increment in rivers
and estuarine waters (Njie and Corr, 2006). During the long dry season, low flow and
saline water intrusion upstream restrict the availability of suitable flood plains for rice

production.
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Rice is susceptible to salt, with most cultivated species showing a tolerance limit of 3
dS/m, beyond which their yield declines (Hoang et al., 2016; Rahman et al., 2019;
Mariama, 2019). Consequently, this susceptibility to salinity stress poses significant
challenges for rice during critical growth stages, resulting in reduced grain yield (Asch
& Wopereis, 2001; Talat, 2020). In The Gambia, lowland rice is primarily cultivated
by raising seedlings in salt-free conditions and then transplanting them into the fields.
Salinity becomes a recurring problem as the dry season approaches, coinciding with
critical growth stages like panicle formation and flowering, resulting in reduced grain
yield (Fahad et al., 2019).

According to Baggie et al. (2018), soil salinity tends to be elevated at the start of the
rainy season, a critical period for seedling establishment. Such salt-affected soils often
contain high levels of sodium ions Na*, which can harm rice plants' proper growth and
development. Excess Na* in the soil can negatively impact photosynthesis, reducing
plant growth, lowering chlorophyll content, and disrupting various metabolic
processes (Munns and Gilliham, 2015; Rahman et al., 2019).

This study aims to analyze rice yield under seasonal variability of root-zone salinity
in the lowland rice production areas of LRR and CRRS in The Gambia. It seeks to
address the research gap regarding rice production in saline conditions and contribute
to knowledge about sustainable rice cultivation in salinity-affected regions.
Additionally, the research investigates the influence of groundwater fluctuation and
quality on soil root zone salinity during the rice growing season to understand the
impact of environmental factors and potential management strategies. The study's
findings are expected to provide valuable insights into enhancing rice productivity and

promoting regional food security.
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4.2 Material and Method

4.2.1 Site Selection

Five study sites/fields were selected to assess the seasonal variability of root zone soil
salinity, rice production, and yield under farmer management systems across LRR and
CRRS. Figures 3.1a and b show the floodplain in LRR and CRRS with studies of
farmer fields, soil sample collection points, and groundwater monitoring networks.
The site was selected based on the track history of the National Agricultural Research
Institute's (NARI) research activities in the rice production zones of the two regions.
Similarly, an initial reconnaissance tour was conducted to verify which communities

are actively involved in rice production.

4.2.2 Soil Data

The initial soil characterization of the study area was conducted during the dry season
in May/April, providing a baseline assessment of the soil conditions before the rainy
season. During the growth season of rice, spanning from June to October, repeated
measurements of soil variables were collected to capture the significant changes in
soil characteristics expected during this period. Soil samples were collected from three

landforms in the study area: river swamps, tidal flats, and colluvial flatlands.

A survey plot of 300 m? was established at the beginning of the growing season to
ensure representative sampling. Within this plot, three permanent sub-sampling
quadrats of 1 m? each were designated along a 100 m transect. Soil samples were taken
at 0-30 cm depths, corresponding to the root zone, at different physiological growth

stages of rice.

4.2.3 Agronomic Data

In addition to soil sampling, data was collected on various agronomic variables
throughout the rice crop's growth stages. This included measurements of plant density,
height, and the number of tillers. Yield and yield components, such as filled grain,
unfilled grain, 1000 grain weight, and grain weight in kg/ha, were assessed from the
sub-sampling plots within the 1 m? quadrats. All panicles within the quadrat were
removed, threshed, and weighed to obtain the dry grain weight and adjusted to a

moisture content of 14 %.
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4.2.4 Groundwater

During the 2021 rice growing season, an assessment was conducted to investigate the
effects of groundwater fluctuation and quality on soil root zone salinity in alluvial soils
of a lowland tidal floodplain of LRR and CRRS, The Gambia. A groundwater salinity
observation network was constructed at each sub-sampling plot in the five community
fields. Wells were dug using auger drilling, fitted with PVC pipes (50 mm in
diameter), and screened at the bottom with an outer lining of cloth material. P\VC pipes
were extended 0.5 - 1 m above the ground level to avoid the inflow of surface water,
depending on the depth of the surface water during tidal inundation.

In total, 15 piezometers were installed (1 m depth) from the surface to the groundwater
levels. Groundwater level measurements and water samples were collected in the
middle of every month for the study period to determine their influence on root-zone
soil salinity. Groundwater levels were measured at regular intervals using a
groundwater level sensor. Water samples were collected using cleaned sample bottles
rinsed with distilled water. Samples were sent to the Central Water Quality Monitoring
Laboratory Division, Department of Water Resource, Ministry of Fisheries and Water
Resources, The Gambia. The water samples were analyzed for physicochemical

parameters such as pH, total dissolved solids (TDS), and electrical conductivity (EC).

4.3 Laboratory Analysis
The soil samples collected in polyethylene bags labeled for laboratory analyses were
air-dried, crushed, and passed through a 2 mm sieve. According to Soil Survey Staff

(2014), the soil analyses were performed.

4.3.1 pH

The pH can be defined as the negative logarithm (base 10) of the activity of hydrogen
ions (H*) at 25°C. The pH value depends on the features of the soil, concentration of
dissolved CO2, and moisture content. The pH of the soil samples was determined using
the saturation paste method (pHs) using 1:2.5 soil-water suspension and measuring the
pH of the resulting mixture. The pH meter was calibrated using Standard buffer
solutions of pH 7.0 and 9.2 before the analysis. The saturated soil paste was allowed
to stand for at least one hour, and then the electrodes were inserted into the paste to
measure and record the pH reading.
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4.3.2 Electrical Conductivity

The electrical conductivity (EC) of the saturation extract (ECe) was determined to
assess the soil's salinity. EC is defined as the reciprocal of electrical resistivity and is
expressed in reciprocal ohms per cm (mhos per cm). A standard potassium chloride
solution was prepared by dissolving 1.4912 g of KCI in water to make a 1-liter solution
with an electrical conductivity of 2.768 dS/m at 25°C. The analysis procedure

consisted of two steps:

(a) Determination of cell constant: The conductivity cell was rinsed and filled with the
standard 0.02 N KClI solution. The cell constant (K) was determined by measuring the
electrical conductance (C) of the standard KCI solution. The equation for determining
K was:

K=L/C ...equation (4.1)

where L is the standard solution's known specific electrical conductance (dS/m)

(b) Determination of conductivity of saturation extract: The cell was rinsed and filled
with the saturation extract of the soil sample, and its conductance was recorded. The
specific conductance (dS/m) was calculated using the equation:

Lt=KxC ...equation(4.2)
where Lt is the electrical conductivity of the test solution

The temperature factor (ft) was considered to correct the conductivity value to 25°C:

L25 = Ltxft ...equation(4.3)

4.3.3 Cations and Anions Analysis

Specific methods were employed to determine the concentrations of cations and
anions in the soil-saturated paste. A flame photometer measured the exchangeable
sodium (Na®) and potassium (K*) in the soil paste extracts. The concentrations of
calcium (Ca?") and magnesium (Mg?*) were determined using standard titration
techniques with the use of ethylenediaminetetraacetic acid (EDTA) as the titrant and
Eriochrome Black T as the indicator. In these extracts, the concentrations of Na* and
K* were measured using the flame photometer, while the attention of Ca?*, Mg?*, Cl—,
HCO® -, and COs*> were determined using standard titration methods. The
exchangeable sodium (Ex. Na) was determined using the ammonium acetate at pH 7.0
method. Include SO2* (meq/100g) and CI- (meq/100g).
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4.4 Statistical analyses

Before data analysis, all data sets were assessed for multivariate normality using the
multivariate Shapiro-Wilk test for each group in the independent variable field and
sampling time. The Shapiro-Wilk test evaluates the hypothesis that the data
distribution deviates from a multivariate normal distribution. If the resulting p-value
is less than 0.05, indicating a significant difference from normality, we reject the
multivariate normality hypothesis. Conversely, if the test is non-significant (p > 0.05),
we accept the normality hypothesis and conclude that the sample follows a normal
distribution. Box's M test was performed for each combination of groups in the
independent variables to evaluate the homogeneity of variance-covariance matrices.
This test examines the null hypothesis that the variance-covariance matrices are equal
for each combination of groups. If the resulting p-value is less than 0.05, it suggests
that variations in sample variances are not likely to have occurred based on random
sampling. Consequently, the null hypothesis of equal variances is rejected, providing

evidence to conclude that variances differ in the population.

4.4.1 Correlation and Regression Analysis

Correlation analysis is an essential statistical procedure used to investigate the
relationships among variables (Senthilnathan, 2019). In this study, Pearson's product-
moment correlation analysis was conducted among individual soil physicochemical
properties, groundwater quality, agronomic variables, yield, and yield components of
rice. The purpose was to characterize the relationships between these variables and
determine their influence on root zone salinization and yield of rice in the mangrove
swamp rice production areas in the Lower River Region (LRR) and Central River
Region South (CRRS).

The correlation analysis allows us to identify significant associations between soil
properties, groundwater quality, agronomic variables, yield, and yield components,
providing insights into the interplay of these factors in root zone salinization and rice
yield. Furthermore, multiple linear regression was employed to examine the
relationship between the EC. (dS/m) within the root zone and soil physicochemical
properties, groundwater quality, agronomic variables, sampling time, and site. This
analysis enables us to quantify the contributions of each independent variable and

assess their significance in explaining variations in root zone salinization. Sampling
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month and site as independent variables to determine the effects of different seasons
and locations along the middle-reach River Gambia. The correlation and multiple
linear regression analyses comprehensively understand the relationships between
salinity, soil properties, month of the season, different locations, and rice yield. These
analyses are crucial in elucidating the factors influencing root zone salinization and
guiding effective management strategies for sustainable rice production in the

mangrove swamp areas.

4.4.2 Nonparametric Multiple Analysis of Variance (MANOVA)

Nonparametric Multiple Analysis of variance (MANOVA) was used to analyze
differences among study fields in soil physicochemical properties, groundwater
quality, and agronomic variables (Plant density, plant height, number of tillers, grain
yield per meter, and yield in kg/ha) at various physiological growth stages of rice. The
MANOVA is an analysis of variance (ANOVA) that has two or more dependent
variables (Warne, 2014), which is a mathematical extension of ANOVA applied to
situations where there is more than one dependent variable (Zientek and Thompson,
2009; Warne, 2014).

The null hypothesis for this study is that the two or more independent variables are
equal on the soil physicochemical and rice agronomic dependent variables. In other
words, all groups' mean vectors are the same. The alternative hypothesis, on the other
hand, states a significant difference between the means of the groups compared,

indicating that the group mean vectors are not the same for all groups.

Hypotheses:
Null hypothesis (Ho): All groups' mean vectors are identical

Alternative hypothesis (H1): All groups' mean vectors differ

Based on classical procedures, the null hypothesis in MANOVA is tested against the
alternative hypothesis using a statistical test, such as the Wilks' Lambda test, Pillai's
Trace test, Lawley-Hotelling, Roy's largest root, or generalized linear mixed models
(Davis, 2002; Anderson, 2001; Johnson and Wichern, 2007). Classical MANOVA
approaches, on the other hand, are based on the assumptions of equal covariance

matrices for each group and multivariate normality. Which may not be attainable in

76



actual data (Ellis et al., 2017). These assumptions are difficult to verify, leading to
inflated type-I errors, especially with small sample sizes and increased dimensions.
Furthermore, traditional MANOVA approaches do not give consistent information on
which subsets of response variables or factor levels are responsible for the overall

significance (Woodrow et al., 2017).

To overcome these limitations, several alternative methods have been developed,
including simulation studies (Friedrich et al., 2017; Livacic-Rojas et al., 2017
Friedrich and Pauly, 2017) and nonparametric rank-based approaches (Ellis et al.,
2017). Nonparametric rank-based methods are preferred when the assumptions of
multivariate normality or homogeneous covariance matrices are not satisfied (Kherad-
Pajouh and Renaud, 2015; Konietschke et al., 2015). These methods provide robust
and applicable statistical inferences for all data types, including factorial repeated

measures, split-plot design, and longitudinal data (Akritas, 2011).

In this study, nonparametric multivariate analysis was conducted using the R package
"npmv" to overcome the limitations of classical MANOVA (Ellis et al., 2017). The
"npmv" package provides a nonparametric approach that complements the global test
with a comprehensive means of identifying significant response variables and factor
levels while controlling the familywise error rate (Ellis et al., 2017). The package
computes global nonparametric test statistics, p-values for each statistic, and
nonparametric relative treatment effects using the F approximation and permutation

(randomization) method (Woodrow et al., 2017).

The relative effects quantify the tendencies observed in the data regarding
probabilities. Specifically, the Relative Treatment Effect (RTE) for treatment "k" is
characterized as the likelihood that an individual chosen at random from treatment
group "k™ exhibits a superior response compared to an individual randomly selected
from any of the treatment groups, including treatment "k" itself (Cohen, 1992; Acion
et al., 2005; Sullivan & Feinn, 2012; He et al., 2017).

A permutation test (also known as a randomization test) is employed to determine if
there is a significant difference between the groups by re-assigning the observations
to the groups at random and calculating the test statistic for each re-assigned data set
(Basso and Salmaso, 2011; Pesarin and Salmaso, 2012). Multiple comparisons of the

different multivariate samples were conducted using a subset algorithm comprising

77



factor levels and variables to determine which variables or factors contribute to the
significant differences (Liu et al., 2011; Ellis et al., 2017).

4.5 RESULTS AND DISCUSSION

4.5.1 Initial Soil Physicochemical

Table 4.1 shows the initial physicochemical properties of soil in the rice production
zones of the River Gambia floodplain in LRR and CRRS South of the study area. The
soil's particle size distribution and textural composition in the study area was mainly
clay. An essential characteristic of the local classification system of alluvial soils is

the high proportion of silt and clay, usually greater than 80 % (Dunsmore et al., 1976).

The results show the varying composition of silt between the different fields, which
also varies along with clay and sand content in the 30 cm surface horizon. The variable
textural distribution of clay and silt suggests much of the variations are probably
depositional, with little influence on pedogenesis from the textural profile (Peat et al.,
1979). The land resource survey (1976) indicated that while the alluvial soil has a
narrow structure with less surface layer, the underlying soils commonly show strong
or very strong blocky structures, which may become coarser with depth (Dunsmore et
al., 1976).

Likewise, according to Sylla (1994), the development of soil profiles in a mangrove
environment is primarily influenced by physical processes such as soil structure
formation, shrinkage, ripening, subsidence, and desalinization. Additionally, chemical
processes like oxidation and decalcification play a significant role. As much as
between 8 - 12 % sand compositions are recorded in Pakaliba and Kudang. This might
be due to coarse-textured colluvial material overlaying finer-textured layers. For
example, Thornton and Giglioli (1965) reported the presence of sandy layers in some

parts of the mangrove swamps of Keneba.
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Table 4. 1 Initial physicochemical composition of soil in swamp rice production

zones
Properties Mandina Tonitaba Buiba Pakaliba Kudang
pH 4.2 4.2 4.3 4.2 4.1
ECe (dSm/m) 8.5 9 7.5 7 3
SAR 9.50 11.26 18.64 19.23 0.32
ESP (%) 39.4 39.3 34.1 31.1 6.9
Ca*? meq/100g 3.9 4.35 6.15 5.1 4.1
Mg*? meq/100g 55 6 11 14 0.4
Na* meqg/100g 6.2 7 9 8.8 0.3
K* meqg/100g 0.2 0.48 0.25 0.22 0.1
Cl" meq/100g 787 543 328 328 180
SO2* meq/100g 6.8 7.39 8.1 5.48 4
Particle size distribution
% Sand 5.96 7.96 6.0 8.0 12.0
% Silt 8.44 6.44 12.0 12.0 12.4
% Clay 85.6 85.6 82.0 80.0 75.6
Clay + Silt 94.04 92.04 94.0 92.0 88.0
Textural
Class Clay Clay Clay Clay Clay

Note: ECe = Electrical conductivity of saturated soil extract; ESP=Exchangeable
Sodium Percentage; all cations and ions are measured in meq/100g

The mean values of the initial physicochemical composition of soil taken in April in
the swamp rice production zones of LRR and CRRS show low pH values ranging from
4 to 4.3. Additionally, high concentrations of SO,* indicate highly acidic sulfuric
conditions. These observations are consistent with acid sulfate soils, characterized by
highly acidic conditions resulting from sulfuric acid, iron, and aluminum sulfates
derived mainly from marine sediment and pyrites. The oxidation of pyrite (FeS>) in
marine sediments leads to sulfates and sulfuric acid (H2SOs) formation, contributing
to the extreme acidification of acid-sulfate soils.

The soil electrical conductivity (ECe) values from saturated extract indicate values
exceeding 4 dS/m for all sites except Kudang, where a value of 3 was recorded. The
high ECe values in most fields correspond to a high exchangeable sodium percentage
(ESP) above the threshold for classifying soil as sodic (> 15 %). Na* is the dominant
cation for exchangeable cations, followed by Mg?*, Ca*?, and K* in Mandina and
Tonitaba. In Buiba and Pakaliba, magnesium is the predominant cation, followed by

Na*, Ca*?, and K*. Similarly, the two fields express sodicity conditions, showing SAR
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values of 18.64 and 19.23, respectively. Kudang, on the other hand, exhibits a non-
saline, strong acid condition where calcium forms the dominant cation. These
observations suggest an eastward decrease in conductivity values, indicating the

influence of seawater intrusion.

The combination of low pH values, high SO>* concentrations, and elevated ECe and
ESP values in specific fields signifies the presence of soil conditions that may pose
challenges for vegetable and rice production. The variability in soil properties across
the sites reflects the complex interactions between soil characteristics and
environmental factors in the rice production zones of the floodplain in LRR and
CRRS.

4.5.2 Determinants of soil salinity in the lowland Floodplain of LRR and CRRS
The correlation between soil physicochemical properties indicates soil pH has a strong
significant (p-values <0.001) negative relationship with ECe, Na*, and ESP. Soils with
lower pH (acidic soils) indicate a considerable amount of hydrogen ions and show a
higher rate of electrical conductivity (Bruckner, 2012). Although pH significantly
affects EC, soil conductivity is influenced by several other factors, including soil
texture, mineral composition, organic matter content, porosity, soil moisture, and soil
temperature (USDA, 2011; Mohd-Aizat et al., 2014).

Similarly, soil ECe has a strong, significant positive relationship with Na* (r=0.7) and
ESP (r= 0.89), whereas ESP and Na* recorded a similar relationship (r= 0.58), as
expected (Table 4.2). A significant negative correlation exists between the Ca*? and
Na* content of the soils in the study area, meaning an increase in Ca*? will lead to a
decrease in the Na* composition of the soil. This is important for their management
since reclaiming these soils aims to bring the soil ESP below the threshold value of 15
%. This can be attained by adding amendments that increase the concentration of

calcium ions (Ca*?) in the soil.
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Table 4. 2 Pearson’s correlation matrix of physicochemical properties of soil in

the floodplain of CRRS and LRR, The Gambia.

Variable1l Variable2 r %% CI t p-value
pH ECe(dS/m) -0.64 -0.75 -0.48 -7.05 < .001***
pH Na* -045 -061 -0.24 -426 <.001***
pH ESP (%) -0.57 -071 -04 -596 <.001***
ECe(dS/m) Na* 0.7 0.56 0.8 8.3 <.001***
ECe(dS/m) ESP (%) 0.89 0.82 0.93 16.28 <.001***
Na* ESP (%) 0.85 0.77 0.9 1384 <.001***
Ca* Na* -0.24 -0.01 -0.44 -2.09 0.040*
ECe(dS/m) K 025 -045 02 -219  0.031*
ECe(dS/m) Mg?* 05 -0.65 -0.31 -4.95 <.001***
K* Mg?* 0.31 0.09 05 275 0.008**
K* ESP (%) -0.3 -050 0.8 -2.73  0.008**
Mg*? ESP (%) -047 -063 -0.2 -458 <.001***

All other cations (K* and Mg?*) composition of the soil show weak to medium
negative significant (p < 0.05) correlation between soil ECe and ESP. A similar
correlation analysis was conducted on soil and groundwater parameters, and the results
show that soil physicochemical properties and groundwater quality are highly
correlated (Table 4.2). Soil ECe and groundwater ECw show a significant positive
correlation value of 0.84 and a p-value of <0.001, and ESP increases with an increase
in the groundwater level depth (r=0.41). This is in line with the findings of Feng et al.
(2017), who reported a rise in ECe values within the root zone with an increase in
water salinity at a constant drain depth. Similar significant (p-value <0.001) strong
positive relationships were observed between soil Na* and ESP. In contrast, a
significantly weak and moderate negative relationship is observed between ECy and
K*, ECw, and Mg*? with correlation values of r= -0.25 and r= -0.53, respectively.

Generally, soil physiochemical properties indicated a strong relationship with the
groundwater quality due to the shallow nature of the groundwater levels of the study
area. For example, Xu et al. (2013) reported that high water tables favored capillary
rise due to high climatic evaporative demands, resulting in the buildup of salts in the
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root zone. These results indicate that the composition and physical properties of soil,

the movement, and the quality of groundwater affect each other.

Soil porosity and permeability affect the water infiltration rate, and soil's chemical
composition affects the chemical exchange rate with groundwater. Furthermore, soils
absorb and adsorb contaminants, which can then be released into groundwater. As a
result, changes to soil physicochemical properties can have a direct effect on the
quality of groundwater. Additionally, aside from the direct influence of brackish
water, shallow and saline groundwater tables in the low-lying areas of river
floodplains allow upward movement of salt to the root zone through capillary action

in the soil profile and rapid evaporation (Mahajan et al., 2015).

Results of multiple linear regression analysis to examine the relationship between ESP
within the root zone and soil properties, sampling time, and site are shown in Table 8.
The performance of the multiple linear regression model for predicting ESP across
Site/Field was assessed through the coefficient estimates obtained from the
generalized linear model. For Tonitaba, the coefficient estimate was 0.85 with a
standard error of 0.28, resulting in a t-value of 3.031. The p-value of 0.0036 indicated
a statistically significant relationship between Tonitaba and ESP, demonstrating that
each unit increase in Tonitaba is associated with an 85 % increase in ESP (Table 4.4).
On the other hand, the coefficient estimate for Kudang was -1.18, with a standard error
of 0.41, leading to a t-value of -2.861. The p-value of 0.006 indicated a statistically
significant relationship between Kudang and ESP, suggesting that each unit increase
in Kudang is associated with a decrease of 1.18 in ESP. The significant coefficients
for Tonitaba and Kudang indicate that these site/field locations substantially affect soil
ESP. However, it is worth noting that the coefficient estimates for the two sites have

opposite signs, indicating different effects on ESP.
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Table 4. 3 Pearson’s correlation matrix of physicochemical properties and

groundwater in the floodplain of CRRS and LRR, The Gambia

G-Water Soil r 95 % Cl t p-value

ECw pH(H,0) -0.63 -0.75 -047 -6.93 <.001***
ECw ECe 084 076 09 1341 <.001***
ECw Na* 0.6 043 0.73 6.38 <.001***
ECw ESP (%) 079 069 0.86 11.15 <.001***
ECw K* -025 -045 03 -2.23 0.028*

ECw Mg*? -053 -0.67 -0.34 -53 <.001***
Depth  Mg*? -0.53 -0.68 -0.35 -536  <.001***

Depth  ESP(%) 041 02 058 379  <.001***
G-W = Groundwater (mS/cm) , ECw = EC Groundwater (mS/cm)

Tonitaba is associated with an increase in ESP, while Kudang is related to a decrease.
These findings suggest that as one moves westward from Tonitaba towards the

Atlantic Ocean, there is an expected increase in soil ESP.

Conversely, moving eastward beyond Kudang would decrease ESP by approximately
1.2 %, assuming all other site factors remain constant. The model's goodness of fit was
strong, with an R-squared value of 0.98, which indicates that approximately 98.55 %
of the variability in the ESP can be explained by the predictor variables in the model.
The August coefficient estimate was -1.16, showing a statistically significant negative
relationship with ESP. This means that, on average, each unit increase in sampling
time during August is associated with a decrease of 1.16 in ESP. The t-value of -3.15
for August further confirms the statistical significance of this relationship, with a p-
value of 0.0026, indicating strong evidence to reject the null hypothesis. Thus, ESP

tends to decrease during August.

For September, the coefficient estimate was -0.95, suggesting a negative relationship
with ESP. Still, with a p-value of 0.060, the t-value of -1.91 does not reach the
conventional level of statistical significance (p < 0.05). This means that the
relationship between ESP and sampling time in September is not statistically
significant at the traditional level (p <0.05).
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Table 4. 4 Results of multiple linear regression for ESP prediction based on soil

variables, sampling dates, and sites

Dep Variable ESP R-square 0.9855
Model GLM Adj. R-square 0.9855
Method Least Squares  F-statistic: 245.9
No Observation 63 Prob (F-statistic):  245.9
Df. Residuals 58 p-value: 0.00002
Df. Model 16 R. std error 0.6317
Coefficients: Estimate  Std. Err  tvalue Pr(>Jt)) Sign
(Intercept) 11.79 1.11 10.57 0.004  ***
Tonitaba 0.85 0.28 3.03 0.004  **
Kudang -1.18 0.41 -286 0.006 **
August -1.15 0.37 -3.15  0.001 **
PHsoil -0.43 0.22 -1.93  0.058

ECe dS/cm 0.36 0.16 2.26 0.027 *
Ca meq/100g -0.23 0.07 -3.19  0.002 **
Na meq/100g 4.10 0.20 20.93 <0.001 ***
K meg/100kg  -1.85 0.76 -237 0021 *
Mg meg/100g  -0.50 0.05 -10.59 <0.001 ***

Signif. codes: 0 “***>(0.001; “**0.01; “**0.05; °’0.1"1

However, it is still important to consider that the coefficient estimate is pessimistic,
indicating a tendency for ESP to decrease during September, although this relationship

requires further investigation and validation.

The relationship between ESP and various soil variables was examined to understand
their association in the context of soil salinity. The results revealed significant
associations, particularly highlighting the crucial role of Na meq/100g in influencing
ESP. The Na meqg/100g variable has a significant positive coefficient (4.10), with a
highly significant p-value (0.00002), indicating the most substantial impact on ESP
prediction among all predictor variables. This suggests that for each unit increase in
Na* concentration, ESP increases by 4.1 meq/100g, assuming all other factors remain
constant. Additionally, the coefficient estimate for ECe (Electrical Conductivity of the

saturation extract) is 0.36, with a p-value of 0.03, indicating a positive association
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between ECe and ESP. At the same time, this association is statistically significant but
relatively weaker than Na meq/100g. Similarly, the coefficient estimates for pHsoil
(soil pH) (-0.43) and Ca meq/100g (-0.23) also indicate negative associations with
ESP, with the coefficient estimate for Ca having a highly significant p-value of 0.002.

The negative coefficient of Ca*? meq/100g suggests that higher levels of exchangeable
calcium are associated with decreased ESP. This is an essential aspect of managing
sodic soil, as the application of calcium can replace sodium at the soil exchange
complex, helping to disperse sodium ions and reduce soil sodicity. Proper
management of Na+ and Ca+2 levels is critical in mitigating soil sodicity to enhance

rice crop productivity in the study area.

Overall, the soil variables ECe (dS/m) and Na meqg/100g exhibit the strongest
associations with ESP. Exchangeable Na meq/100g demonstrates a significant
positive association, while ECe shows a weaker positive association. On the other
hand, pHsoil, Ca meg/10, K meg/100, and Mg meq/100 exhibit negative associations
with ESP. The results emphasize the importance of these soil properties in influencing
soil salinity and suggest that Tonitaba and Kudang play significant roles in

determining ESP during the rice growing season.

4.5.3 Variability of Root-Zone Salinity on Growth and Yield of Rice

Figures 4.1a and 4.1b show the mean soil pH, ECe, and Na* variability at different sites
and rice growth stages during the season. The results indicated that the soils are mainly
acidic, with pH values ranging from 4.0 to 5.8. Unlike saline soils with higher soil pH,
coastal salt-affected soil had an acidic soil reaction, usually with a pH of < 6.57
(Bandyapadhyay et al., 2003). Because saltwater intrusion causes an increase in the
salinity level of coastal soils, saline soils with both high pH and acidic soils are
distinctive characteristics of coastal saline soils (Bandyapadhyay et al., 2003; Mahajan
etal., 2015).
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Figure 4. 1 Boxplot of mean soil pH, ECe ESP across fields and stages of rice
growth a) pH, b) ECe, Na* and ESP, c) ECe, Na*and ESP

Generally, alluvial soil manifests variability of acidity and approaches neutrality when
submerged but becomes extremely acidic when drained and dry (Cakmak et al., 2008).

The results indicate a variation of soil acidity with a decreasing trend as the season
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progresses. After several rain showers, the soil's acidity decreases as the rainwater
leaches out the acidity, and the soil pH becomes near neutral (7.0). This is in line with
the findings of Sreelatha et al. (2022), who attributed the variation of soil pH in acid-
saline soils of Kerala, India, to the freshwater influx by rainfall. Rice crops can be
grown in slightly acidic or alkaline conditions, but a pH between 5.5 and 6.5 is
recommended for optimal growth and yield. Kudang recorded the highest soil pH
value across the study fields and during the various stages of rice production cycles.
In contrast, the lowest value was observed in Mandina and Tonitaba throughout the

season.

Table 4. 5 Mean soil salinity variability by field and growing season stage in LRR
and CRRS

. . ECe Na* ESP
Site Time N PH dsim) (megii00g) (%)
Reproductive 5 484 044 1.258 7.3
Buiba Transplant/Sowing 5 4.1  3.04 1.652 11.72
Vegetative 5 456 1.62 1.252 6.92
Reproductive 5 58 0.46 0.37 2.36
Kudang Transplant/Sowing 5 4.6 0.84 1.034 7.44
Vegetative 5 498 0.38 0.32 2.48
Reproductive 5 49 0.72 1.112 6.14
Mandina Transplant/Sowing 5 4.08 4.332 3.104 17.92
Vegetative 5 4.06 1.4 1.2 6.02
Reproductive 5 494 0.36 0.62 4.04
Pakaliba Transplant/Sowing 5 4.32 3.6 1.942 13.98
Vegetative 5 462 138 1.065 7.04
Reproductive 5 556 048 1.152 7.26
Tonitaba Transplant/Sowing 5 3.9 35 1.126 14.86
Vegetative 5 436 1.28 1.892 9.24

Soil EC¢indicated an opposite pattern as pH values show an eastward decrease with a
high value in Mandina throughout the season (4.33 at planting/sowing, 3.89 at the
vegetative stage, to 0.72 at harvesting) and lowest values recorded in Kudang
respectively. The composition of sodium across the field shows high mean Na* and
ESP values of 11.72, 17, 14.86, and 13.98 % in Buiba, Mandina, Tonitaba, and
Pakaliba, respectively. Variability of soil salinity indicates a steady decrease in all sits

as the season progresses.
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This decrease is due to the dilution of soluble salts in the soil by rainwater. For
example, Bandyapadhyay (et al., 2003) attributed the lower salinity level in different
locations of coastal acid saline soils of Goa to the washing out of salt to rainfall during
the monsoon months. As the rainwater infiltrates the soil, it dilutes and leaches the
salinity, forming soluble salts, causing the salinity to decrease. This process usually
takes place several weeks to a month after the onset of the rains, depending on the

amount and the infiltration rate of the soil.

4.5.4 Relationship between groundwater, Soil Salinity, Growth, Yield, and Yield
Components of Rice

Groundwater shows varying relationships with rice physiological growth and
development, yield, and yield components. Water level depth correlates positively (r=
0.77) with plant height 4 Weeks After Transplanting (WAT). In contrast,
groundwater's Total Dissolvable Salt (TDS) content indicated a significant moderate

negative (r=-0.58) relationship with plant density 15 WAT.

Table 4. 6 Correlation analysis of biophysical properties on rice growth, yield,

and yield components in farmers’

GW Agronomic r %% Cl t p-value

Depth (cm)  Height 4 WAT 077 042 092 43  <.001%**
TDS(mg/l)  Density 15 WAT -058 -0.84 09 -254 0.025*

Mg* Height 6 WAT  -052 -081 0 -2.17 0.049*
Mg* Tillers 0.59 0.12 085 2.65 0.020*
Mg* Grain wght 0.69 0.27 0.89 344 0.004**
Mg* Fill grain 0.63 0.17 086 291 0.012*
Grain weight  Fill grain 0.97 0.91 0.99 1449 <.001***
1000grain(g) Yield (kg/ha) 1 1.00 1 4814 < .001***

Note: GW = Groundwater

Significant positive correlations were observed between soil Mg compositions with
the number of tillers (r= 0.59), grain weight (r= 0.69), and filled grain. Magnesium
deficiency is commonly a limiting factor in crop production due to low levels of
exchangeable Mg in acidic soil (Wang et al., 2020). Mg is closely related to leaf sugar
production and is essential for biomass accumulation and grain development (Cakmak
and Kirkby, 2008; Cakmak, 2013; Sadeghi, Rezeizad, and Rahimi, 2021).
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Similarly, Ceylan et al. (2016) reported that Mg deficiency reduces grain weight and
lower grain quality in wheat. Growth and yield parameters indicated varying
significant correlations among themselves. For example, plant density 6 WAT and
density 15 WAT show a meaningful, strong positive relationship with r=0.99, whereas

a perfect (r= 1) positive relationship exists between plant height 6 and 15 WAT.

Grain weight per meter square is highly significantly positively correlated with the
filled grain (p < 0.001), and 1000 grain weight has a perfect relationship with Yield
(kg/ha). This aligns with the findings of Huang et al. (2018), who reported a
correlation between grain yield and filled grain. Similarly, Zhao et al. (2020) reported
a significant positive correlation between grain yield and the filled-grain number per

panicle, filled-grain percentage, and grain weight.

4.5.5 Effects of soil salinity on Growth and Yield of Rice

Plant heights were high in Buiba throughout the growth cycles of rice across all fields.
Lower values of plant height were observed in Mandina at all times of sampling. Plant
density across the areas shows Kudang recorded high mean plant density at all periods
except during the 4 WAT, where Buiba and Mandina show relatively high values over
Kudang. Similarly, plant density shows a steady decrease with time, as expected,
however, the decline is lower in Kudang than in other sites. Figures 4.2a and b show

the effect of soil salinity on the agronomic variables of rice in the different study fields.

The nonparametric multivariate one-way inference results, as shown in Table 4.12,
reveal a highly significant global effect of the Field/Site on soil physicochemical
properties, groundwater quality, and agronomic variables among the five study fields
in the Lower (LRR) and Central River Region South (CRRS). All four of the statistical
test criteria (ANOVA type test, LH Test, BNP Test, and Wilks Lambda) indicate
significant results with very low p-values (p < 0.001). This suggests strong evidence
against the null hypothesis, meaning statistically substantial differences exist between
the different study fields.

These statistical tests, employing the F approximation and permutation
(randomization) methods to assess the four multivariate distributions, consistently
demonstrate the highly significant impact of the Field/Site factor on the soil

physicochemical properties, groundwater quality, and agronomic variables in the
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study. Further analysis of the relative treatment effects provides valuable insights into
the contributions of specific soil variables to root zone salinity across the study fields
(Table 4.7).

Table 4. 7 Nonparametric multivariate One-Way inference results: statistical test

criteria
Statistic Test p- P.T.
dfl df2

Type Statistic value  p-value
ANOVA typetest 5.72 7.29 127.49 0.00 0.001
LH Test 3.57 16.00 128.12 0.00 0.000
BNP Test 3.13 17.24 297.75 0.00 0.000

Wilks Lambda 3.43 16.00 205.33 0.00 0.000

P.T. = Permutation Test p-value, LH= Lawley Hoteling; BNP= Bartlett-
Nanda-Pillai

The relative treatment effects quantify the likelihood that a randomly chosen
observation from a particular Site significantly differs from a randomly chosen

observation from all the other Sites regarding each soil variable.

For example, in Kudang, soil pH exhibits a relatively high probability of being
significantly different from the other fields, indicating notable variability in soil pH in
this particular field. Soil pH affects the availability of essential nutrients to rice plants
and can influence nutrient uptake. Acidic or alkaline soil conditions can limit nutrient
absorption, leading to nutrient deficiencies that negatively impact rice yield (Chen et
al., 2020).

On the other hand, Mandina shows distinctiveness in ECe and Na*, with higher
probabilities of significant differences than in other fields. This suggests that soil
salinity indicators, such as EC. and Na*, effectively discriminate Mandina from the
rest of the study fields. High ECe values indicate elevated salt levels in the soil, which
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can lead to osmotic stress in rice plants, affecting water uptake and nutrient absorption.

This can ultimately reduce yield (Foulkes and Carvalho, 2020).

At the same time, sodium ions (Na*) are one of the primary causes of saline soils. High
sodium levels in the soil can disrupt the water balance in rice plants, leading to water
stress and reduced growth (Kronzucker et al., 2008). Exchangeable sodium percentage
(ESP) measures the proportion of sodium in the soil's cation exchange complex.
Tonitaba stands out regarding ESP, displaying a highly pronounced effect that
distinguishes it from all other sites.

The probabilities associated with ESP highlight its significant contribution to the
unique characteristics of Tonitaba's soil properties. High ESP values can lead to soil
dispersion and poor soil structure, adversely affecting rice root growth and nutrient
uptake (Srivastava et al., 2021). Based on the results presented in Appendix 4.1 and
4.2, the study conducted an ANOVA-Type Statistic for the Subset Algorithm based
on Factor Level (Site/Field) and Soil variables to compare multiple variables of soil

properties, including pH, ECe, Na*, and ESP, among the sites.

The hypothesis tested equality between the soil properties across these fields was
rejected. From the table, it can be observed that there are significant differences in soil
properties between Kudang and the other sites (Buiba, Mandina, Pakaliba, and
Tonitaba). The study utilized a closed multiple-testing procedure to control the
maximum overall type | error rate at alpha = 0.05, ensuring that the chances of making

a type | error are minimized.

The rejection of the hypothesis of equality between the soil properties across the factor
levels (Buiba, Kudang, Mandina, Pakaliba, and Tonitaba) implies that these sites have
distinct soil characteristics. These differences are attributed to factors such as soil
salinity, pH levels, Na* content, and ESP, which can significantly influence the growth

and development of rice plants.

Table 4.9 presents the results of a one-way nonparametric MANOVA conducted to
examine the effect of seasonal salinization on rice yield using response variables. The
global hypothesis test indicates that there are significant differences (p < 0.05) among
the factor levels (Buiba, Kudang, Mandina, Pakaliba, Tonitaba) for all test statistics

except for the LH test (Lawley Hotelling).
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This discrepancy implies that the dependent variables (pH, ECe, Density at 15WAT,
Height at 15WAT, Number of Tillers, Unfilled Grain in kg/m, and Yield (kg/ha))
differ significantly among the distinct sites. Consequently, the null hypothesis of equal
outcomes between these sites is refuted. A closer inspection of the effect size analysis
highlights Mandina's significant influence on ECe (dS/m) and unfilled grain (0.83),
with a comparatively lesser impact on yield (0.28). This points towards the interplay
of elevated ECe and substantial unfilled grain contributing to a diminished yield
(kg/ha) in Mandina.

Table 4. 8 Relative treatment effects of soil variables contributions to root zone

salinity

. ECe Na* ESP
Field pH dS/m)  (meg/100g) (%)
Buiba 0.47 055 0.62 0.56
Kudang 0.71 0.25 0.20 0.22
Mandina 0.36 0.64 0.63 0.54
Pakaliba 0.52 0.52 0.44 0.49
Tonitaba 0.44 0.54 0.62 0.68

In contrast, Tonitaba's higher ECe and smaller effect size in pH and plant density result
in a considerably smaller effect size on yield (kg/ha) than Kudang. Additionally, when
contrasted with other sites, Kudang is highly likely to select measurements randomly
for soil pH (0.71), filled grain, and yield in kg/ha (0.79). This could suggest reduced

variability in Kudang's values for these variables.

The obtained outcomes further underscore the dissimilarities (p < 0.05) among sites
concerning response variables, namely ECe (dS/m), plant density at 15WAT, Unfilled
Grain (kg/m), and Yield (kg/ha). Based on the global multivariate inference tests
shown in Table 4.9, the rejection of the null hypothesis concerning response variable
equality is reinforced.

Moreover, nonparametric multiple comparison tests yield an overall quantile of 5.57
and a p-value of 0.06. The 5 % significance level fails to reject the null hypothesis for
any individual assumption. Distinct variations in effect size across different variables
within the site/field are evident. Noteworthy among these is Mandina's substantial
effect size for ECe (dS/m) and unfilled grain (0.83), coupled with a minor effect size
for yield (0.28). This supports the assertion that the amplified ECe and significant

unfilled grain content in Mandina contribute to reduced yield (kg/ha).
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Table 4. 9 Multivariate inference of Field/Site factor on salinity, yield, and yield
components in LRR and CRRS, The Gambia

Test Type Stl-fiii ¢ df df2  P-value p_li/';ﬁe
ANOVA type test 4.51 17.24  43.10 0.000 0.000
LH Test 737 2300 255 0085 0115
BNP Test 250 4549 3184  0.004  0.001
Wilks Lambda 3.72 32.00 12.66 0.008 0.009

P.T. = Permutation Test p-value, LH= Lawley Hotelling; BNP=
Bartlett-Nanda-Pillai

Recent research studies show that soil salinity substantially impacts rice yield,
confirming that elevated ECe and significant unfilled grain content in Mandina
contribute to reduced yield (kg/ha). Tian et al. (2022) revealed that salt stress had a
notable effect on various yield-related parameters, including panicle number, grain

number per panicle, seed setting rate, 1000-grain weight, and rice yield.

Contrarily, Tonitaba's high ECe and modest effect size in pH and plant density lead to
a markedly smaller effect size on rice yield (kg/ha) compared to Kudang. Additionally,
Kudang's tendency to randomly select measurements for soil pH (0.71), filled grain,
and yield in kg/ha (0.79) distinguishes it from other sites, potentially indicating less
variability in its data. Statistical comparisons between Kudang and other fields/sites
reveal significant effects at a 5 % significance level, except for Mandina and Tonitaba,

which exhibit p-values of 0.05 and 0.02, respectively.

Table 4. 10 Mean comparisons of rice yield (kg/ha) between Kudang and other

fields/sites

Comparison Est. df  Statistic P-value Rejected
Buiba-Kudang -0.38  2.32 -1.28 0.31 FALSE
Mandina-Kudang -051 311 -3.07 0.05 TRUE
Pakaliba-Kudang -0.16 3.79 -1.20 0.30 FALSE
Tonitaba-Kudang  -0.40 3.67 -4.02 0.02 TRUE
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Specifically, the mean comparison detailed in Table 4.11 demonstrates a significant
difference (p < 0.05) between Mandina and Kudang, with Mandina yielding less (mean
value of 213.8 kg/ha) compared to Kudang (mean value of 254 kg/ha). Similarly, a
significant disparity (p < 0.05) emerges between Tonitaba and Kudang, with Tonitaba
recording a lower yield (mean value of 221.9 kg/ha) than Kudang.

This outcome reinforces the notion that Kudang exhibits higher yield potential than
Tonitaba. The results align with those of Zheng et al. (2023), who conducted a meta-
analysis examining salinity stress's impact on rice yield and grain quality. Their
findings indicated that grain yield exhibited a linear reduction with increasing soil

electrical conductivity (EC), with a 50 % reduction observed at an EC of 6.5 dS/m.

4.6 SUMMARY

The study revealed that the soil in these areas predominantly exhibits clay texture,
characterized by high acidity levels (with pH ranging from 4.1 to 4.3) and elevated
electrical conductivity (ECe), indicating salinity concerns. Furthermore, the
exchangeable sodium percentage (ESP) values were relatively high, indicating the
presence of sodic soils. The result of correlation analysis established significant
relationships among soil pH, ECe, Na*, and ESP, underscoring the profound influence

of these factors on soil salinity dynamics.

The analysis of linear regression indicated that increased soil calcium (Ca*?) levels
could effectively reduce soil sodium (Na*) composition by 0.2 meg/100g, suggesting
the potential benefits of adding calcium-containing amendments such as gypsum and
lime biochar to manage sodic soils effectively. Similarly, seasonal variability soil
salinity highlighted a notable decline in ESP values of 1.2 % during August and 0.95

% in September, indicating seasonality in salinity conditions.

Analysis of relative treatment effects of soil variable contributions to root zone salinity
on the yield and yield components of rice show high ECe and small effect size in pH
and plant density lead to a markedly smaller effect size on rice yield of 0.36 and 0.44

in Mandina and Tonitaba, respectively.

Results of MANOVA Multiple tests for many-to-one mean comparisons indicated
notably higher rice yields in Kudang (254 kg/ha) than in Mandina (213.8 kg/ha),
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emphasizing the potential impact of specific interventions or management practices

on enhancing rice production.
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CHAPTER FIVE
ASSESSING THE VULNERABILITY OF RICE PRODUCTION TO
CLIMATE CHANGE IN THE LOWER CENTRAL REGIONS OF THE
GAMBIAS®
ABSTRACT
Rice production in The Gambia's Lower River Region (LRR) and Central River
Region South (CRRS) is carried out under diverse ecologies. Changes in global
warming temperature, carbon dioxide levels, and rainfall variability are anticipated to
impact rice production in LRR and CRRS. The study aims to assess the vulnerability
of rice cultivation in LRR and CRRS. The non-parametric Mann-Kendall (M.K.) and
Seasonal Kendell (SMK) tests were used to determine trends in climate variables. The
linear regression model evaluated the relationship between climate variables and rice
production (yield), and the random forest model was used to predict rice yield based
on historical climate trends. The results show that monthly rainfall patterns peaked in
August in both regions, with a maximum of 486 mm during the study period. M.K.
trend analysis indicated a significant positive increase in annual rainfall in both areas,
whether accounting for autocorrelation or not, albeit with an eastward decrease in
yearly rain. Maximum temperature exhibited a strong negative correlation with
precipitation, while minimum temperature showed a moderate to strong positive
relationship with rainfall in both regions. Linear regression models explained a
substantial portion of rice yield variability, with 67% for LRR and 64% for CRRS.
The random forest model shows the significance of maximum temperature as the most
influential predictor, with an importance score of 1968993, followed by rainfall with
a score of 1647426, showcasing their substantial contribution to predictive
performance. Minimum temperature had the most negligible influence (1437471),
highlighting that alterations in maximum temperature have the most profound effect
on historical yield prediction. The findings underscore the necessity of region-specific
strategies to enhance rice production resilience in the face of climate change. The
study recommends adapting agricultural practices, optimizing irrigation systems, and

adopting climate-resilient rice varieties.

3 A manuscript has been developed from this chapter to be publish in a journal

96



5.1 Introduction

Globally, rice is the second-most widely grown cereal crop, the staple food for more
than 50 % of the world's population (Ibrahim and Saito, 2022). Rice-based systems
play a crucial role in the livelihoods of approximately one billion households across
Africa, the Americas, and Asia (Van Nguyen et al., 2006). The centrality of rice as a
staple food makes it a key player in the fight against hunger and poverty worldwide.
In the 2019/20 season, global rice production was projected to reach 497.8 million
tonnes, with utilization reaching a record 494.5 million tons (USDA, 2019). As we
look into the future, there is an anticipated increase in rice consumption, with global
utilization expected to rise by 1.1 % annually, mainly driven by population growth,

especially in developing countries such as Asia and Africa (OECD-FAOQ, 2019).

Sub-Saharan Africa (SSA) heavily relies on rice for food security. However, despite
its importance, rice production in SSA faces challenges. The region experienced a
decrease in rice self-sufficiency from 61 % to 52 % between 2008 and 2018, as rice
consumption expanded faster than production growth (AfricaRice, 2018). The average
annual growth rate of rice production in SSA is 4.6 %, while the annual consumption
growth rate is 6.2 %. By 2025, rice consumption is projected to reach 49.25 million
tonnes, highlighting the growing demand and need for increased production in the
region (AfricaRice, 2018).

The Gambia, located in West Africa, is one of the SSA countries that is heavily reliant
on rice consumption. In 2019, per capita rice consumption in The Gambia was
estimated to be 117 kg, significantly higher than the global average of 56.9 kilograms
(Fahad et al., 2019; OECD-FAO, 2019). The country's population growth rate of 3.1
% per year is expected to drive a considerable increase in rice demand, with projected
estimates reaching 319,746 metric tonnes by 2030 and 443,902 metric tonnes in 2040,
compared to 221,661 metric tonnes in 2018 (Mungai et al., 2019). Rapid population
growth demands a substantial increase in domestic rice production, currently at 38,000
metric tonnes as of 2018, necessitating significant efforts to boost production and

enhance food security.

Rice production in the Lower River Region (LRR) and Central River Region South
(CRRYS) of The Gambia is carried out under diverse ecologies, such as tidal or pump-

irrigated, rain-fed, upland, and flood-prone conditions (Ceesay, 2014). However,
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future changes in global warming temperature, carbon dioxide levels, and rainfall
variability are anticipated to impact rice production in LRR and CRRS. Studies have
shown that such changes can adversely affect productivity and impose limitations on
suitable ecologies for rice cultivation (Lobell and Field, 2007; Kamali et al., 2018).
Welch et al. (2010) reported future reductions in rice yields based on the growing

season and environmental conditions in many rice-growing areas.

Rice crops are sensitive to temperature extremes during different growth stages, with
high temperatures (>32°C) and low temperatures (<18°C) causing significant
reductions in yield (Sanchez et al., 2013; Promchote et al., 2022; Chandio et al., 2020).
As projected, The Gambia is expected to experience an increase in annual mean
temperatures of 1.7 to 2.1°C by 2050 and 3.1 to 3.9 °C by 2100 relative to 2000
(McConnell & Jallow, 2020). Such a temperature rise could have substantial

implications for rice production in these significant hubs of LRR and CRRS.

Given the potential impact of climate change on rice production, it is crucial to assess
the vulnerability of rice cultivation in LRR and CRRS. The study aims to investigate
the prospects of rice production in the context of climate change to inform policy
decisions and develop strategies for enhancing rice productivity in the country's major
hubs. The outcomes of this research are expected to be valuable to farmers,
agronomists, scientists, planners, policymakers, and investors, aiding the development
of effective strategies to ensure sustainable rice production and productivity in The

Gambia's changing climate in these major hubs.
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5.2 Materials and Methods

5.2.1 Data Collection and Analysis

Historical monthly data (1981 - 2020) of minimum temperature (Tmin), maximum
temperature (Tmax), and rainfall were collected for two metrological stations, viz.
Sapu, Central River Region South (CRRS), and Junior, Lower River Region (LRR),
from the Department of Water Resources (DWR), The Gambia. Historical data for
lowland/swamp rice production were collected for (LRR) and CRRS of The Gambia
from the Department of Planning Services of Agriculture (DOA) for the period under
review (1981-2020). To obtain the annual climate data, a re-sampling approach was
used to compute the sum and mean of all the grouped values by region and date for

the monthly climate variables (i.e., temperature and rainfall) (Ragatoa et al., 2018).

5.2.2 Exploratory Data Analysis (EDA)

Exploratory data analysis was carried out to check the general characteristics of the
variables, including the variations in the summary statistics, trends, and variations at
the different time scales of the data. Commonly, EDA is considered the first important
step in data analysis to identify potential flaws in data collection and evaluate the need
for handling imbalanced data (Davydenko & Charith, 2020). EDA was done using
descriptive statistics (mean, maximum, median, minimum, standard deviation,
coefficient of variation (CV), skewness, and kurtosis summarized), which were
calculated for annual climate variables. These statistics provided insights into the

characteristics of climate variables.

5.2.3 Mann-Kendall Test (M.K.) Trend Analysis

Non-parametric tests, such as the Mann-Kendall (M.K.) and Seasonal Kendall (SMK)
tests, offer robustness compared to parametric alternatives. While parametric
measures provide an overall perspective on trends, non-parametric tests like M.K. and
SMK excel in detecting trends with seasonal variations. The M.K. test is widely used
in hydrological and climate trend detection studies and recommended by the World
Meteorological Organization (WMO) for climatological trend analysis due to its
ability to identify monotonic increases or decreases (Tabari and Talaee, 2011; Jaiswal
et al., 2015). The M.K. test assesses the significance of a trend, while the non-

parametric Sen's method estimates its magnitude, making it a valuable tool in trend
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analysis. The test does not require that the data series follow a specific probability normal
distribution (Gedefaw et al., 2018).

The statistic S is calculated according to equation 1:

n-1 n

S:Z Z sgn (X - Xy) ...equation(5.1)
k=1 j=k+1
1ifx>0
signs= { 0 if x=0 ...equation(5.2)
-1 if x<0

Mann (1945) and Kendall (1975) have demonstrated that when n > 8, the statistic S is

approximately normally distributed with the mean E(s) = 0 and variance Var(S) as follows.

n (n-l)(n2+5)-2}r’:1 t (tj—l) (2tj+5)
18

Var(S)= ...equation(5.3)

Where p is the number of the tied groups in the data set, and tj is the number of data points in the jth
tied group. The statistic S is approximately normally distributed provided the following Z-
transformation (Pohlert, 2020).

-1
5 ifS>0
Z=+0 ifS=0 ...equation(5.4)
ls—1 S<0
kd if §<

The Mann-Kendall (M.K.) test is a statistical method used to assess changes in a time series’

central value or median over time. It calculates a Z value to determine the significance of a
trend, where a positive Z indicates an upward trend and a negative Z suggests a decreasing
trend. The test involves a null hypothesis (Ho), assuming data come from a population with
independently distributed random variables, and an alternative hypothesis (H1) suggesting the

presence of a monotonic trend.

This two-tailed test is conducted at a significance level of o = 0.05, allowing it to assess
increasing and decreasing monotone trends. The null hypothesis (HO) is rejected if the absolute
value of the computed Z exceeds a critical value (Z1-a/2) obtained from the standard
distribution table. However, although robust, the standard M.K. test may produce misleading
results when a seasonal serial correlation is present and does not distinguish between linear

and nonlinear trends.

On the other hand, the Seasonal Mann-Kendall Test (SM-K) offers a more realistic assessment
of significance but is less robust. The choice between the two tests, especially when dealing
with seasonal data and autocorrelation, involves a trade-off. The positive serial correlation
increases the likelihood of rejecting the null hypothesis, while negative serial correlation
reduces the rejection rate, particularly in small sample sizes (Merabtene et al., 2016). Hirsch
et al. (1982) proposed the Seasonal Mann-Kendall (SM-K) test for the trend insensitive to

seasonality. The Mann-Kendall statistic for the gth season is calculated as:
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n-1 n
Sy= Z Z sgn (X, - Xig) (1<g<m) ...equation(5.5)

i=1 j=itl

The mean of Sg is pg = 0. The variance, including the correction term for ties, is

p
8§= {n (n-1)(n2+5)-z tjg(tjg-l) (thg+5)} /18 (1<g <m ...equation(5.6)
j=1

The seasonal Mann-Kendall statistic, S, for the entire series, is calculated according to

(Hirsch et al. 1982)

n-1
S= Z Sy O'A; = Z o? ...equation(5.7)
i=1 g=1
The statistic Sq is approximately normally distributed, with variance
Z,=S,/0, (5.8)

The variance, including the correction term for ties, is

z = sgn(Sy) (IS4l — 1) /oy ...equation (5.9)
The seasonal Kendall slope estimator is a trend magnitude estimator. It is an unbiased

estimate of the linear trend's slope. It has far greater precision than regression when
the data is heavily skewed but somewhat poorer accuracy when normal. The null
hypothesis Ho for the seasonal Kendall test is that x is a sample of independent random
variables xij and xi is a subsample of independent and identically distributed random
variables i = 1,2,....12. The alternative hypothesis is that for one or more months of
the subsample is not identically distributed.

5.2.4 Serial correlation

The study assessed serial correlation in climate variables, specifically Tmax (maximum
temperature), Tmin (minimum temperature), and Rainfall. This assessment employed
established methodologies outlined by Hirsch et al. (1982), known as whitening methods. In
both approaches, the serial correlation coefficient (autoregressive process at lag-1) was
estimated, and significance testing was performed using the Kendall test at a significance level
of 0.05. This rigorous examination accounted for serial correlation when analyzing
temperature and rainfall data trends, ensuring that the M.K. test's results are robust and
accurate (Hirsch et al., 1982; Pohlert, 2020).

5.2.5 Prediction of Climate Change and Rice Production LRR and CRRS

5.2.5.1 ARIMA Model

Time series analysis involves analyzing sequential data to derive meaningful statistics.
In climatological and hydrologic studies, the main goal is understanding and
quantifying the generating process and making predictions based on historical data.
The ARIMA (Auto-Regressive Integrated Moving Average) model is commonly used
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in such studies and is recognized for its flexibility and potency. This modeling
approach encompasses autoregression (A.R.), which uses past observations'
dependence, integration (1), involving differencing to achieve stationarity, and moving
average (M.A.), which relates an observation to residuals from a lagged moving
average model. These components are represented as parameters in the ARIMA (p; d;
q) notation, where integers replace the parameters according to the specific ARIMA

model.

The formulation for non-seasonal ARIMA is as follows.

(1-¢y——¢B?)yi—w) =(1+6,B+--+6,87) ..equation(5.10)
Where:

y', is the differenced series (it may have been differenced more than
once). The "predictors™ on the right-hand side include both lagged values
of y* and lagged errors.

Where:

y, = (1-B)’y, and y is the mean
Box and Jenkins propose a three-stage process for assessing an ARIMA model
involving model identification, parameter estimation, diagnostic checking, and
forecasting (Findley et al., 2014). Model identification includes assessing normality,
stationarity, and seasonality and selecting model specifications. Parameter estimation

finds coefficients using maximum likelihood or least-squares methods.

Diagnostics evaluate model assumptions and error conformity for a stationary
univariate process. This study applied these steps for climate variable modeling and
forecasting in two regions using training (1981-2000) and testing (2001-2020) data
sets. ARIMA model parameters were determined from significant and PACF charts,
selecting 'p' and 'q" values where the charts cross upper confidence intervals. Five out
of six tentative ARIMA models for annual climate variables were chosen based on
AIC and BIC criteria. The selected model's diagnostic analysis focused on

autocorrelation and residual normality using Ljung-Box tests.

5.2.5.2 Ordinary Least Squares Regression (OLYS)
Ordinary Least Squares regression (OLS) is a common technique for estimating
coefficients of linear regression equations, which describe the relationship between

one or more independent quantitative variables and a dependent variable (Sonko et al.,
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2019). Before conducting OLS regression analysis, Multicollinearity tests used the
variance inflation factor (VIF). Multicollinearity is the proportion of variance in one
independent variable not explained by the remaining independent variables (Hair et
al., 1995; Haitham, 2018). The test aims to determine whether there is a strong
correlation between the independent variables to enable building an unbiased model.
The VIF measures collinearity among predictor variables within a multiple regression
(Hair et al., 1995; Ringle et al., 2015). VIFs identify the severity of any
multicollinearity and allow a quick measure of how much a variable contributes to the

standard error in the regression (Zenati, 2015).

The analysis aims to predict rice yield based on climate variables (rainfall and
temperature). The regression coefficients (B0, B1..., Pk) were estimated from the
historical rice yield for each region (CRRS and LRR). For each model, the yield was
used as the dependent variable, whereas the climate variables were used as the

independent variables.
Multiple independent variables predict the dependent or Y predictor.
Yi = B0+ B1X1i + -+ B X +ui,i=1,..,n. ..equation(5.11)

Where:

Yi..., Xk: The independent variables (Tmax, Tmin, and RF) for the ith observation.
B1,..., Pk The coefficients associated with each independent variable (X1, Xo, ..., Xk),
representing the change in the dependent variable for a one-unit change in the
corresponding independent variable, holding other variables constant.

Xii...., Xk: The independent variables (climate variables) for the ith observation.

ui: The error term represents the unobserved factors that affect the dependent variable

but are not explicitly included in the model.

5.2.5.3 Random Forest Model Prediction of Rice Yield

The study employed the Random Forest algorithm to predict rice yield using historical
climate and yield data. The historical climate data included parameters like minimum
temperature (Tmin), maximum temperature (Tmax), and rainfall (RF), spanning the

years 1980 to 2020. The historical yield data encompassed the same time frame. Using
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historical climate data, separate Random Forest models were built to predict Tmin,
Tmax, and RF.

The model was trained using historical yield and the predicted climate variables to
capture the interplay between climatic conditions and yield outcomes. The model
predicted based on the climate variables for the same period. This step involved
utilizing the previously trained model to simulate how climate changes might impact
yield outcomes.

The percentage change between predicted and actual historical yield was computed,
offering an aggregate view of the deviation between the two. Feature importance
scores were extracted from the relationship model to ascertain the significance of each
climate variable in predicting yield. These scores were based on the IncNodePurity
metric, with the higher scores indicating greater importance in yield prediction. The
coefficient of determination (R-squared) was calculated to evaluate model
performance, reflecting the goodness of fit between predicted and actual historical

yield.

5.3 RESULTS AND DISCUSSION

5.3.1 Exploratory Data Analysis

Summary statistics of the annual climate variables and rice production data are shown
in Tables 1 and Figure, respectively. Both regions have similar mean temperatures,
with CRRS South having a slightly higher mean Tmax of 36.0°C than LRR's mean
Tmax of 35.82°C. In terms of variability, the standard deviation (SD) of Tmax and
Tmin is slightly lower in LRR (2.70 and 3.70°C, respectively) than in CRRS South
(2.80 and 3.06°C, respectively).

The coefficient of variation (CV), which measures the relative variability, indicates
that Tmax and Tmin are slightly more variable in LRR (CV of 0.08 and 0.18,
respectively) compared to CRRS South (CV of 0.07 and 0.16, respectively). The
skewness values for both Tmax and Tmin are positive in both regions, suggesting a
slight right-skewed distribution, but the skewness is more pronounced in LRR. This
indicates that LRR might experience higher temperatures than CRRS South. The LRR
has a slightly higher mean annual rainfall (809.16 mm) than CRRS South (768.93

mm).
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The maximum seasonal rain was observed in both regions (1571 mm). Both parts have
the same median and minimum monthly rainfall of 0.00 mm, and some months

experienced very little or no rain in both areas, suggesting an unimodal rainfall pattern.

Table 5. 1 Summary statistics of annual climate variables for CRRS and LRR
from 1980 -2020

Tmax Tmin

Variables (°C) (°C)

Rainfall (mm)

Region CRRS LRR CRRS LRR CRRS LRR

Mean 36.0 35.8 20.8 20.3 768.9 809.2
Max 43.1 43.1 26.8 25.2 1571 1571
Median 36.0 35.4 21.6 21.6 0.00 0.00
Min 29.2 30.6 9.50 9.2 0.00 0.00
SD 2.80 2.70 3.06 3.70 107 105

CVv 0.07 0.08 0.16 0.18 1.62 1.56
Skewness 0.14 0.32 -0.88 -0.61 1.76 1.52
Kurtosis -1.0 0.98 0.28 -0.88 2.53 1.30

The standard deviation of rainfall is slightly lower in LRR (105.2 mm) than in CRRS
South (107.4 mm), indicating less variability in annual rainfall in LRR. The coefficient
of variation for rain is similar in both regions, with LRR having a slightly lower value
(CV of 1.56) compared to CRRS South (CV of 1.62).

The skewness and kurtosis values for rainfall suggest that the distribution is positively
skewed and leptokurtic (more peaked) in both regions. LRR has a slightly higher
skewness and kurtosis, indicating more frequent occurrences of extreme rainfall

events.

Figures 5.1a and b show the average monthly climate variables over 40 years (1980 —
2020) for CRRS and LRR across different years and months, respectively. The average
temperatures in CRRS vary from 25.4°C in January to 31.2°C in May, with the highest
in May and June. Conversely, the lowest average temperature occurs in December,
with a value of 25.9°C. In comparison, LRR exhibits a temperature range from 24.7°C
in January to 30.8°C in May, with May being the warmest month. December is the
most incredible month in LRR, with an average temperature of 25°C. Throughout the

year, LRR generally experiences slightly lower temperatures than CRRS.
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Figure 5. 1 Average monthly temperature and precipitation from 1980 -2020 a)
CRRS b) LRR

CRRS and LRR experienced no rainfall from January to March, the season starting in
April, and the two regions exhibit unimodal rainfall patterns. In CRRS, precipitation
gradually increases in April (3.8 mm) and reaches its highest levels in August (279.7
mm) and July (184.6 mm). After that, the rainfall gradually diminishes until December
(0 mm). Similarly, LRR follows a similar pattern with no rain from January to March.
Still, precipitation starts to increase in April (4.6 mm) and reaches its peak in July
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(266.3 mm) and August (211 mm). Like CRRS, LRR experiences reduced rainfall
after August, but some precipitation persists in September, October, and November,
tapering off in December (0.2 mm).

Maximum Temperature Minimum Temperature Rainfall
~ [l
Nov

Oct

300

250

200

150

100

e

1880
1890
2000
2010
2020
1680
1890
2000
2010
2020

(a)

Maximum Temperature Minimum Temperature Rainfall

300

250
Sep

Aug 200

Jul

150
Jun

May
Y 100

Jan

1980
1890
2000
2010
2020
1880
1890
2000
2010
2020

(b)
Figure 5. 2 Decadal seasonal climate variable from 1980 -2020 a) LRR b) CRRS

Comparatively, LRR generally receives more rainfall than CRRS during the wet
months. This is in line with several previous studies that show an eastward decrease
in rainfall and an increase in temperature (Amuzu et al., 2018).
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5.3.2 Correlation analysis of Climate variables

Pearson correlation between the results of the climate variables indicates a higher
correlation value for LRR than CRRS. The relation between seasonal Rainfall (RF)
and Maximum Temperature (Tmax) shows a strong negative correlation of -0.61 and
a moderate positive relationship for minimum temperature (0.45) in CRRS. Strong
positive correlations were observed between Tmin and RF in LRR, whereas a weak

association was observed between Tmin and Tmax in both regions.

Tmin Tmin

Tmax

Ry 049 -0.61

-06 g

T \
Tmin Tmax RF

Tmin Tmax RF

(@) (b)

Figure 5. 3 Correlation heat map between seasonal climate variable a) CRRS b)
LRR

The general correlation between seasonal climate variables was stronger in LRR than
in CRRS. The correlation between rice production (yield and annual climate variables

shows a weak regional relationship.

5.3.3 Trend Analysis

Statistical trends were measured using the non-parametric Mann-Kendall trend test for
detecting monotonic tendencies in climate variables. The Mann-Kendall test is based
on the null hypothesis (HO) that there is no trend against the alternative hypothesis Hy
of a monotonic trend for a chosen significance level of 0.05 %. In this study, the
standard M.K. (1945) and Seasonal M.K. (S-MK) insensitive to serial correlation
(Hirsch et al. 1982) and prewhitening (P.W.) method to eradicate the effects of the
serial correlation on the statistical testing for the Mann-Kendall test were used (Zhang
et al., 2001; Yue et al., 2002). Appendix 5.1 shows the annual and seasonal trend of
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climate variables using M.K. statistics (one-tailed with a 5 % significance interval)

with or without autocorrelation.
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Figure 5. 4 Mann-Kendall trend of climate variability from 1980 -2020 a) LRR

b) CRRS

The standard Mann-Kendall test was employed to analyze the annual climate
variables, revealing distinct trends in the Central River South (CRRS) and Lower
River Region (LRR) regions (Figure 5.4). For maximum temperature, CRRS
displayed a negative trend with a Sen's Slope (S.S.) of -4.0, indicative of a slight
decline. In contrast, LRR showcased a positive direction with a substantial S.S. of
3.40, signifying an upward shift in maximum temperatures. For the annual climate

variables, CRRS exhibited predominantly positive trends. Notably, rainfall revealed a
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significant positive trend in CRRS, supported by a substantial Sen's Slope (S.S.) of
224 and a low p-value (<0.05), denoting statistical significance. Similarly, LRR
displayed comparable positive and statistically significant trends in rainfall, with a
S.S. of 222 and a p-value below the threshold of 0.05.

Interestingly, both CRRS and LRR revealed significant and positive trends in annual
rainfall when accounting for serial correlation. The p-values of 0.015 for CRRS and
0.011 for LRR underscore the statistical significance of these trends. This suggests a
consistent increase in annual rainfall over time in both regions, with the trends
retaining their value even when considering serial correlation. This aligns with Barry
et al. (2018), who reported increased rainfall in eastern Gambia. Their study also
indicated changes in average rainfall intensity in east Gambia, central Senegal, eastern
Guinea Bissau, western Mauritania, central Ghana, southern Benin, central Togo, and

north-eastern and south Nigeria (Barry et al., 2018).

The Seasonal Mann-Kendall (S-MK) test on seasonal climate variables for the two
regions shows similar positive trends for Tmax using the Standard MK test. However,
the Z and S.S. values for the S-MK test indicated a relatively low direction in LRR
compared to CRRS. S-MK shows a significant (p <0.001) positive trend for seasonal
Tmax in CRRS, whereas, in LRR, the trend for Tmax was not significant either with
or without serial correlation. In both regions, Tmin shows a significant (p <0.05)
negative seasonal trend SS=-11.07 and -4.3 with a p-value of < 2.200 and <0.001 for
CRRS and LRR, respectively (Appendix 5.1).

While both regions indicated a negative trend of Tmin using S-MK, the trend was only
significant for CRRS using the Prewhitening procedure. Seasonal rainfall using S-MK
shows a similar trend in both regions with no significant (p > 0.05) trend. The trend-
free pre-whitening (TFPW) method using Yue (2002) to determine trends in climate
data indicated fewer significant trends in seasonal climate variables for both regions
than the S-MK method. In the TFPW approach, the trend was computed using the
Theil-Sen approach (TSA), and if it differs from zero, then it is assumed to be linear,
the data are detrended, and the AR (1) is computed for the detrended series (Zhang et
al., 2019). Collaud et al. (2020) recommend a prewhitening method on time series
when lag-1 autocorrelation is statistically significant. The prewhithnenig of the annual
rainfall series indicated a significant (p <0.05) positive trend for both regions.
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5.3.4 Climate Change Prediction and Rice Production in LRR and CRRS

Autocorrelations indicate that an autoregressive integrated moving average (ARIMA)
model could model the time series. The ACF and PACF of the annual climate variables
(Tmin and Tmax) are shown in Appendix 5.3. The autocorrelations for small lags tend
to be significant and positive since observations nearby in time are also nearby in size.
Appendix 5.3 shows significant autocorrelations at lag 1 for almost all the climate
variables (Tmin and Tmax), suggesting the estimated ARIMA model requires one MA
(1). The partial autocorrelation at lag k quantifies the correlation between data points
separated by k steps. This calculation considers their correlation with the data between
those k steps (Jenkins et al., 2018). Lag values whose lines cross above the dotted line

are statistically significant.

Appendix 5.3 a, b, and ¢ shows two such values, at k = 1 and k = 2, for PCA of all the
annual climate variables, suggesting an ARIMA model with one or two A.R.
coefficients AR (1; 1; 1). However, this will depend on the model with the lowest AIC
and forecast error evaluation (Delima & Lumintac, 2019). To estimate an optimal
ARIMA (p,d,q) model to be used for forecasting climate, the ACF and PACF and the
stationarity of the data were observed. The letter "p" corresponds to the lag value
where the PACF chart initially crosses the upper confidence interval. Additionally, the
letter "g" corresponds to the lag value where the ACF chart initially crosses the upper
confidence interval. The ACF and PACF suggest an AR (1) and MA (1) model. So,
the initial candidate models are ARIMA (0, 1, 0) and ARIMA (0, 1, 1). The order of
p and g was determined based on the ACF and PACF plots for creating five
preliminary ARIMA models for the yearly climatic variables in CRRS and LRR. Out
of the five models, ARIMA, with the lowest AICc and RMSE, was selected for
diagnostic analysis (Patel et al., 2014; Bagbuhouna et al., 2018). A better model for
predicting climate variables was created using the normalized root mean squared error

(NRMSE) performance measures.
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Different models were chosen for the maximum temperature for the two regions
(ARIMA 0, 1, 0, CRRS, and 0, 1, 0 for LRR). The minimum temperature shows a
similar behavior where ARIMA 0,1,0 shows the lowest AIC and RMSE value as
opposed to the maximum temperature in CRRS, ARIMA 0,1,0 indicated the lowest
AIC (157.63) and RMSE (1.42) for LRR respectively. The best-performing model
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according to AIC and RMSE values for rainfall in the two regions is the same (ARIMA
0,1,1); even though they are high for LRR compared to CRRS, the model recorded the
lowest values over all models. Contrarily, rainfall shows ARIMA 0, 1, 1 as the better-

performing model.

Diagnostic checking of the models using Jlung-Box chi-square statistics and
autocorrelation of residuals was done to analyze ARIMA results and determine if the
model meets the assumptions. A plot of the standardized residuals, the ACF, a boxplot
of the standardized residuals, the p-values associated with the Q-statistic, and a Q-Q
plot are shown in Appendix 5.4 a, b, and c. When the model fits effectively, the
standardized residuals should exhibit the characteristics of a white noise sequence,
featuring an average of zero and a variance of one. Examination of the time plot of the
standardized residuals in Appendix 5.4, a, b, and ¢ shows no apparent patterns. There
may be outliers, with a few values surpassing three standard deviations in magnitude.
The standardized residuals’ ACF offers no evident departure from the model
assumptions, and the Q-statistic is never significant at the delays given. Except for the
likely outliers, the usual Q-Q plot of the residuals reveals that the normality

assumption is valid. The model is a good match.

Table 5.2 provides changes in the historical data based on ARIMA-predicted climate
variables for two distinct regions, LRR and CRRS, with a particular focus on Tmin
(Minimum Temperature), Tmax (Maximum Temperature), and Rainfall for the next
five years (2021-2025). In the LRR region, there are notable variations in the
predicted values compared to historical records. Tmin is projected to decrease by

approximately -6.36%, indicating a cooling trend in minimum temperatures.

Conversely, Tmax demonstrates a more marginal decline of -0.75%, implying
relatively stable maximum temperatures. However, Rainfall is expected to experience
a substantial increase of 34.84% in predicted values relative to historical data,
suggesting a significant uptick in precipitation levels. For the CRRS region, the trends

are somewhat different.

Tmin is anticipated to increase notably by 5.63%, signaling a significant warming
trend in minimum temperatures. Tmax remains relatively stable with a minor -0.75

and 0.39% decrease in predicted values compared to historical records for LRR and
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CRRS, respectively. Rainfall is projected to rise by 25.73%, indicating a considerable

increase in precipitation levels.

Table 5. 2 Projected climate variable changes for LRR and CRRS Regions (2021-
2025

Region Variable Historical Predicted % Change

Tmin 25.20 23.60 -6.36
LRR Tmax 35.82 35.55 -0.75
Rainfall 809.16 1091.04 34.84
Tmin 20.80 21.97 5.63
CRRS Tmax 36.05 35.90 -0.39
Rainfall 768.90 966.72 25.73

These findings highlight the distinct climate patterns in each region. In the LRR
region, the anticipated decrease in Tmin and relatively stable Tmax could signify a
shift towards cooler nights while maintaining daytime temperature stability.
Meanwhile, the substantial increase in rainfall suggests potential impacts on local
ecosystems and water resources. In contrast, CRRS is expected to experience warming
in minimum temperatures, which can have various ecological and agricultural
consequences. The slight decrease in Tmax implies relatively stable maximum
temperatures, and the increased rainfall could benefit the region's water supply and

agriculture.

5.3.5 Rice Production Trend in LRR and CRRS of The Gambia

Rice yields in CRRS and LRR were analyzed using a linear regression model for the
rice yield data from 1982 to 2020. The model aimed to establish a relationship between
year and rice yield by explaining the proportion of the variance in rice yield as the year
changes. The R?value of 0.67 indicates that around 67 % of the variability in rice yield
can be explained by the differences in the year. Similarly, for the CRRS, the R? value
of 0.64 indicates that around 64 % of the variability in rice yield can be explained by
the changes in the year in the lowland rice production.

114



R2=0867
2000 RMSE=22394

Yield (kgiha)

1000

1980 1990 2000 2010 2020
Year

(@)

3000

R2=064
RMSE =383.13

2000

Yield (kg/ha)

1000

1980 1990 2000 2010 2020
Year

(b)
Figure 5. 5 Historical rice yield (kg/ha) trend from 1980 -2020 a) LRR b) CRRS,

The Gambia

The RMSE value of 223.94 for LRR and 383.13 for CRRS suggest that the predicted
rice yield values from the linear regression model are, on average, closer to the actual
values in the LRR compared to the CRRS. This means that the model's predictions in
the LRR have less deviation from the actual data points than the CRRS. The
coefficient of determination indicates an R? value of 0.64, suggesting that
approximately 64 % of the variability observed in rice yield can be attributed to the
linear relationship with year. Rice yield values in LRR show a high range of variability
with a minimum of 600 kg/ha and a maximum of 2093.0 kg/ha of rice.

The mean yield recorded in LRR averages 1224.2 kg/ha. Comparatively, rice yield in
CRRS shows some exciting patterns similar to LRR; the dataset for CRRS spans from
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1981 to 2020. The minimum result observed in CRRS is 583.0 kg/ha, slightly lower
than LRR. The quartile values indicate that CRRS has a higher median yield (1169.5
kg/ha) than LRR. The mean yield for CRRS is also higher at 1380.2 kg/ha, with a
maximum recorded yield of 2979.0 kg/ha in CRRS, significantly higher than in LRR,
suggesting a relatively higher average yield in this region.

Ordinary least square regression (OLS) analysis was conducted to determine the effect
of climate on rice yield in the two regions. Each model yield was used as the dependent
variable, whereas the climate variables were used as the independent variables.

Table 5.3 OLS regression analysis for historical climate variables as predictors
of rice Yield in the Lower River Region (LRR)

Dependent variable: Yield

Predictors Estimates S.E. t.val. p-value
(Intercept) 3304.57 685.38 4.82 <0.001
Tmin 17.28 11.29 1.53 0.150
Tmax -49.32 17.47 -2.82 0.014
RF -0.07 0.04 -1.62 0.129
Observations 18 F(4,34) =7.71

R20.70 Adj. R? 0.61 p= <0.001

In the LRR region, the OLS regression analysis uncovered a robust model with an
adjusted R-squared of 0.61, indicating a well-fitted relationship between climate
variables and rice yield. Specifically, Tmax demonstrated a significant negative
relationship (-49.32) with yield, suggesting that increasing maximum temperature is
linked to decreasing rice yield. However, Tmin and RF exhibited no statistically
significant associations. The coefficient of determination R? value indicated that 70 %
of yield variation in rice yield is a climatic effect. This underscores the significance of
considering maximum temperature in comprehending and predicting rice yield
fluctuations in the LRR region. In CRRS, the OLS model is statistically significant (t-
value = 3.39, p = 0.008), indicating a baseline yield without climate variables.
Examining individual climate predictors, Tmin exhibited a non-significant coefficient

of 1.01, while Tmax showed a non-significant coefficient of -44.09.
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Table 3.4 OLS regression analysis for historical climate variables as predictors

of rice Yield in the Lower River Region (LRR)
Dependent variable: Yield

Predictors Estimates S.E. t. val. p-value
(Intercept) 4329.89 127.97 3.39 0.008

Tmin 1.01 31.32 0.03 0.975

Tmax -44.09 29.06 -1.52 0.164

RF -0.14 0.07 -2.17 0.051

Observations 14 F(4,34) =4.48

R?0.67 Adj. R?0.52 p=0.03

Rainfall (RF) displayed a marginally significant negative coefficient of -0.14,
suggesting a potential impact on rice yield in the CRRS region. The overall model was
statistically significant (F(4,34) = 4.48, p = 0.03), indicating at least one predictor's
significant relationship with rice yield. The R2 value of 0.67 denoted that the model
explained approximately 67% of the variability in rice yield. At the same time, the
adjusted R-squared (0.52) provided a more conservative measure, considering the
number of predictors and observations.

The random forest model shows that maximum temperature is the most influential
predictor, with an importance score of 1968993, following rainfall with a score of

1647426, showcasing its substantial contribution to the predictive performance.

Table 5. 5 Comparison of IncNodePurity values for Tmin, Tmax, and RF for
LRR and CRRS

Region LRR CRRS

Tmin 1437471 3663804
Tmax 1968993 4475451
RF 1647426 5258378

This indicates that fluctuations in maximum temperature also significantly impact rice
yield. Higher maximum temperatures may accelerate crop maturation, affecting the
duration of growth stages and yield. The least essential climate variable is the
minimum temperature (1437471). This ranking of importance suggests that alterations
in maximum exhibit the most profound effect on historical yield prediction, followed

by rainfall and, subsequently, minimum temperature.
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Figure 5. 6 Random Forest prediction of rice yield due to annual trends in

historical rainfall, minimum and maximum temperatures from 1980 -2020 a)
LRR b) CRRS

Temperature and rainfall are important factors affecting rice yield in the Sudano-
Sahelian part of West Africa. For example, Roudier et al. (2011) reported that
cultivated regions within the Sudano-Sahelian zone are expected to experience a more
significant impact from climate change than those in the Guinean zone. Sultan and
Gaetani (2016) indicated more substantial warming in the Sahel and Sahara compared
to temperatures in the Guinean zone influenced by the Atlantic Ocean and are expected

to increase more slowly.

Sultan et al. (2019) affirmed that rising temperatures lead to crop yield losses,
regardless of rainfall pattern, due to the shortening of crop duration and increasing

evapotranspiration demand, thus reducing crop yields in West Africa. However, the
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results must be interpreted cautiously, especially in the case of CRRS. Because of the
year-round availability of freshwater from the river Gambia in CRRS, rice production
is done during the dry season (March to June) and the late part of the regular cropping
season (Sept to Dec) depending almost entirely on river Gambia as the source of

irrigation.

The practice is done to avoid periods of high levels of surface water induced by
torrential rains and amplified high tidal levels. Similarly, CRRS South and North serve
as the country's rice production hub. Thus, several land development programs were
conducted in the rice cultivation field through government projects and programs in
the form of water control structures. These programs are usually designed in a manner
that tends to restrict drainage into the river for effective water retention in the
cultivated field. These prevent the conveyance/discharge of flooded rainwater from

the upper slopes (upland) into the river during the rainy season.

This means that any further increase in water levels by rainfall results in
inundations/flooding of rice fields, rendering them temporarily unsuitable for
production. Another critical factor to this end is farmers' cultural /agronomic practices.
Rice production in the lowland ecosystems is mainly based on transplanting 4- to 6-

week-old seedlings grown in nurseries.

Seed rates in nursery beds are usually high, thus producing tiny seedlings due to
competition for solar radiation and other essential nutrients. Due to the minor nature
of seedlings at transplanting, farmers tend to increase the rate of seedlings per
transplanting hill above the recommended rate of 3-4. This promotes excessive
vegetative growth and increases competition, which can reduce the yield. Similarly,
fertilizer applications are usually made under normal flooded conditions. However,
this usually reduces fertilizer use efficiency if the application coincides with high tides
and intensive rainfall, resulting in overflooding above the bund, washing away the

fertilizer.

5.3.6 Summary
The study analysis of climate variables in the Lower River Region (LRR) and Central

River Region South (CRRS) reveals notable trends and implications for agriculture
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and climate resilience. While both regions exhibit similar monthly climate variables,

such as temperature and rainfall, distinct trends emerge.

In terms of temperature, there is an eastward increase in maximum temperature from
LRR to CRRS and a corresponding westward decrease in minimum temperature from
CRRS to LRR. A significant positive trend in seasonal maximum temperatures is
observed in CRRS, while LRR shows a non-significant trend, regardless of
autocorrelation considerations. These findings align with The Gambia's projected
climate change trends, which anticipate rising temperatures and increased
evapotranspiration (Gibba & Jallow, 2020).

Monthly rainfall patterns in both regions peak in August, with a maximum of 486 mm
during the study period (1980 — 2020). Trend analysis indicates a significant positive
increase in annual rainfall in both areas, whether considering autocorrelation or not.
However, there is an eastward decrease in yearly rainfall, with LRR recording annual
values of 809.16 mm and CRRS at 758.93 mm.

The analysis's linear regression models reveal that a substantial portion of rice yield
variability in LRR (67%) and CRRS (64%) can be explained by annual changes. The
model's accuracy in reflecting observed trends is more pronounced in LRR,
highlighting its utility for understanding and predicting climate-induced impacts on

rice production.
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CHAPTER SIX
CONCLUSIONS AND RECOMMENDATIONS

6.1 CONCLUSIONS

This study has investigated the complex relationship between soil salinity and climate
change and their combined impact on rice cultivation within the floodplain regions of
the Lower River Region (LRR) and Central River Region South (CRRS) of The
Gambia. The study employed advanced machine learning methods to predict and map
the extent of soil salinity, assess the seasonal variability of soil salinity, and assess
climate trends to elucidate the effects of these factors on rice production dynamics.
The following conclusions can be drawn from the study in line with the specific

objectives set:

The spatio-temporal dynamics of soil salinity in the tidal swamp rice production zones
of the River Gambia floodplain revealed significant insights. The western part,
influenced by seawater intrusion, exhibited higher salinity levels. Integration of
correlation, regression models, and remote sensing data provided a comprehensive
understanding of soil salinity variations. The Random Forest (RF) model emerged as
a robust predictor with high accuracy and reliability, showcasing R2 values of 0.93 for
LRR and 0.89 for CRRS. Historical trend analysis indicated a 9.56% increase in salt-
affected areas in LRR and a 13.94% reduction in CRRS. LRR witnessed a decline in
non-saline regions and slightly increased saline soils (26.62%). In contrast, CRRS
experienced contractions in slightly saline (-8.92%) and moderately saline (-21.26%)
areas. These findings emphasize the need for tailored strategies to manage expanding
salinity-affected areas in LRR and reduce salinity in CRRS for sustainable land use
and ecosystem health.

Investigating the seasonal variability of root-zone salinity and its impact on rice yield
provided valuable insights. Notable variations in soil physicochemical properties
influenced rice growth and productivity. Correlation and regression analyses
highlighted the significant effect of soil salinity on rice crop performance—field-
specific dynamics shaped salinity conditions, including soil pH, sodium composition,
and groundwater quality. The Multiple Linear Regression models showcased robust
fits with R? values of 0.98, indicating a remarkable 98.55% variability in soil and water
salinity conditions in the study area. Distinctiveness in soil properties translated into

significant differences in rice yield among study fields. Kudang, with lower soil
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salinity levels, exhibited more favorable conditions for rice cultivation, resulting in
higher yields (254 kg/ha) compared to Mandina (213.8 kg/ha) and Tonitaba (221.9
kg/ha). These varying soil salinity conditions pose challenges and opportunities for
site-specific salinity management options and practices to optimize rice productivity.

Assessing climate trends in LRR and CRRS highlighted significant changes with
implications for rice production. OLS regression models elucidated the relationships
between climate variables and rice yield. In the LRR region, the OLS regression
analysis uncovered a robust model with an adjusted R? value 0.61, emphasizing the
well-fitted relationship between climate variables and rice yield. Maximum
temperature demonstrated a significant negative relationship (-49.32) with vyield,
suggesting the need to address the impact of temperature fluctuations. The CRRS
model showed statistically significant results (t-value = 3.39, p = 0.008), indicating a
baseline yield without climate variables. Minimum and maximum temperatures
showed a non-significant coefficient of 1.01 and -44.09, respectively. Rainfall (RF)
displayed a marginally significant negative coefficient of -0.14, suggesting a potential
impact on rice yield in the CRRS region. The overall model was statistically
significant (p = 0.03) with an R? value of 0.67, indicating that climate variables
significantly impacted rice yield. The random forest models highlighted the substantial
influence of maximum temperature and rainfall on rice yields, emphasizing the
vulnerability of rice production to climate change in both regions. These findings
underscore the urgency of climate-resilient agricultural practices to mitigate the

impact of changing climate conditions on rice production in both regions.

6.2 RECOMMENDATIONS

6.2.1 Recommendations for policy

Based on the study's findings, it is recommended that region-specific soil salinity
management strategies be implemented, considering the distinct challenges in LRR
and CRRS. Through relevant state departments, the government should introduce

measures to reduce salinity in CRRS and manage the salinity-affected areas in LRR.

The study recommended promoting site-specific agricultural practices and provided

farmers with information on optimal cultivation practices based on soil salinity levels.
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There is also the need to support the adoption of rice varieties that exhibit resilience

to specific soil conditions.

Furthermore, stakeholder collaboration is recommended to develop and implement
climate-resilient agricultural policies that address the challenges of changing climate
conditions in LRR and CRRS. These should include integrating climate-smart

agricultural practices to enhance the adaptive capacity of rice production systems.

6.2.2 Recommendations for further research

The study recommended longitudinal studies to monitor the effectiveness of
implemented salinity management strategies. Further research should explore the
impact of climate change on soil salinity dynamics and assess the adaptability of

different rice varieties to varying salinity levels.

To promote rice production in the study area, an in-depth study on the genetic
characteristics of rice varieties to identify traits associated with resilience to varying
soil salinity levels is required. These should include investigating the long-term effects

of site-specific management practices on soil health and rice productivity.

The study suggests additional research to monitor climate trends and their effects on
rice production, informing adaptive strategies. This research should investigate the
interaction between climate variables and rice yield at a more detailed spatial and
temporal scale, improving predictive models. Additionally, further investigations are
needed to assess the efficacy of climate-resilient agricultural practices in reducing the

impact of temperature and rainfall fluctuations on rice yields.

6.2.3 Contribution to Knowledge

The study contributes to the knowledge of integrating remote sensing, soil data, and
statistical models to estimate soil salinity. Furthermore, the study’s findings contribute
significantly to understanding soil salinity dynamics in the Lower and Central River
Region South of The Gambia.

These findings are relevant for promoting sustainable land management and climate-
resilient practices within the floodplains of The Gambia River Basin, aligning with the
UNCCD’s Land Degradation Neutrality (LDN) goal by 2030. The study offers a
wealth of evidence-based insights into the complexities of sustainable rice production

in the distinctive agricultural landscape of mangrove swamp areas in The Gambia.
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APPENDIX
Appendix 4.1. ANOVA-Type Statistic for Subset Algorithm Based on Factor Level:
Site

Buiba Kudang rejected
Kudang  Mandina rejected
Kudang Pakaliba rejected
Kudang  Tonitaba rejected
Buiba Kudang Mandina rejected
Buiba Kudang Pakaliba rejected
Buiba Kudang Tonitaba rejected
Kudang Mandina Pakaliba rejected
Kudang Mandina Tonitaba rejected
Kudang Pakaliba Tonitaba rejected
Buiba Kudang Mandina Pakaliba rejected
Buiba Kudang Mandina Tonitaba rejected
Buiba Kudang Pakaliba Tonitaba rejected
Kudang Mandina Pakaliba Tonitaba rejected

Buiba Kudang Mandina Pakaliba Tonitaba rejected

Appendix 4.2 Table 4. 11 ANOVA-type statistic for the subset algorithm based on

variable level: Soil variables

ESP rejected
Na*? rejected
ECe (dS/m) rejected
pH rejected
Na*2 ESP rejected
ECe (dS/m) ESP rejected
ECe (dS/m) Na*2 rejected
pH ESP rejected
pH Na*2 rejected
pH(H20) ECe (dS/m) rejected
ECe (dS/m) Na*2 ESP rejected
pH Na*? ESP rejected
pH ECe (dS/m) ESP rejected
pH ECe (dS/m)  Na') rejected
ECe (dS/m) Na*2 ESP rejected
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Appendix 5.1: SMK and Seasonal trend with and without serial

correlation of annual climate variables in CRRS and LRR

Prewhitening MK

Annual Standa_ll’_(zs':\?&n'rll—ll)(endall (Yue Pilon)
CRRS Z S.S.  P-value AR() SS  p-value
Tmax °C -0.03 -4.0 0.97 0.61  0.00 0.80
Tmin °C 0.26 2.3 0.79 0.73  0.39 0.56
RF (mm) 2.59 224 0.009 0.15 357 0.015
LRR
Tmax °C 0.38 3.40 0.70 0.64  0.66 0.94
Tmin °C -0.36  -32.0 0.72 0.7 -0.66 0.41
RF (mm) 2.57 222 0.01 112 573 0.011
Seasonal Seasonal Mann-Kendall Prewhitening MK
Test (Hirsch-Slack test) (Yue Pilon)
CRRS Z S.S.  p-value AR(1) sS  p-value
Tmax °C 3.44 986 <0.001 0.68  0.53 0.63
TminC -11.07  -318 <2.2e 0.75 -2.6 0.009
RF (mm) 0.04 2.0 0.97 058  0.00 0.88
LRR
Tmax °C 1.79 70.1 0.07 064 -021 0.96
Tmin °C -4.3  -1241  <0.001 0.77 -053 052
RF (mm) 1.65 341 0.09 0.64  0.00 0.41

Appendix 5.2 AIC values of tentative models for selecting a better model to predict

climate variables and rice production in CRRS and LRR

ARIMA Model

Tmax RMSE Tmin RMSE Rainfall
0,0,0 42.99 1.80 42.99 1.76 110.24
1,1,0 41.70 1.66 41.70 151 101.69
0,1,1 41.19 2.09 41.19 1.91 100.88
0,1,0 37.69 1.65 37.69 1.64 101.16
11,1 47.55 2.09 47.55 1.91 104.52
ARIMA Model

Tmax RMSE Tmin RMSE Rainfall
0,0,0 39.68 1.61 47.59 1.98 111.62
1,1,0 37.60 1.35 38.36 1.42 103.81
0,1,1 37.45 1.81 37.82 1.98 102.08
0,1,0 33.46 1.55 36.11 1.66 99.79
1,11 44.28 1.81 44.75 1.98 108.70
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Appendix 5.3 ACF and PACF for annual climate parameters
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Appendix 5.4: Diagnostic checking of the models using Jlung-Box chi-square
statistics and autocorrelation of residuals
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(b) Minimum temperature (Tmin)

ACF

P value

Madel: (0,1,0)

1980

1990

ACF of Residuals

o
T TT T TTTT I == === O S == RS S =ms = =g SIS g SES S S g SRS S g S

5

Standardized Residuals

2 1 a 1 2
Theoretical Quantiles

p values for Ljung-Box statistic

1‘0
LAG (H)

15 2
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