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ABSTRACT 

Yam, a staple food crop in Côte d'Ivoire, is the main source of livelihood for many inhabitants in 

the Gontougo region. Changes and variations in climate have significant impacts on its 

productivity. Soil depletion, variations in cropping seasons and dropping down of some agronomic 

practices due to climatic variability, varieties not adapted to the current climate and growing up of 

perennial crops such as cashews which dominating the landscape, are the main issues confronting 

the yam sector in the Gontougo region. This research aims to examine yam production risks and 

adaptive methods implemented by farmers using different methods. Firsly, we computed LULC 

changes and examined the vegetation healthy (NDVI) using Landsat 8 images and evaluate their 

effect on land surface temperature (LST). The Pearson correlation between the two parameters 

indicated that LST is hot when vegetation is low (strong negative coorelation) and the LULC 

classes forest and annual crops loose 48.13% and 65.14%, respectively of their areas for the benefit 

of perennial crops from 2015 to 2022. In the next step, a total of eight composite soil samples were 

collected ranging from 0 – 40 cm horizon on the yams farming in Tanda’s and Bondoukou’s 

department which are respectively forest and savannah zones and underwent physicochemical 

analysis. We discovered that soil under savannah is mainly coarse sandy (52.61%) as opposed to 

soil under forest which is less coarse sandy (41.63%). By computing some climate indices and 

surveyed communities, we discovered that yam farmers are mostly worried about rain 

uncertainties, decreasing of suitable land to grow and surface temperatures due to the decline of 

vegetation. The effects are felt most in Bondoukou’s department (92.48%) than in Tanda’s 

department (61%). Finally, the climate change scenarios coupled model intercomparison project 

phase 6 (CMIP6) historical and future model data including ssp2-4.5 and ssp5-8.5 have been used 

in the statistical Multiple Linear Regression model. The results of the simulations were carried out 

over 30 years (2025 - 2054) and indicate that both climate scenarios (ssp2-4.5; ssp5-8.5) show that 

yam yields will be lower than in the reference period. Yield variations could vary between -10% 

to -45% depending on the climate scenario. Effective and robust adaptation strategies, agricultural 

innovation, and substantial investment will be crucial to mitigate these negative impacts and 

sustain yam production in the face of rapid climate change. 

Keywords: yam production, land surface temperature, agro-climatological risks, yield predicting, 

food security. 
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RÉSUMÉ 

L'igname, culture vivrière de base en Côte d'Ivoire, est le principal moyen de subsistance de 

nombreux habitants de la région de Gontougo. Les changements et les variations climatiques ont 

des répercussions importantes sur sa productivité. L'épuisement des sols, les variations des saisons 

culturales et l'abandon de certaines pratiques agronomiques en raison de la variabilité climatique, 

les variétés non adaptées au climat actuel et la montée en puissance des cultures pérennes telles 

que l'anacarde qui domine le paysage, sont les principaux problèmes auxquels est confrontée la 

filière igname dans la région de Gontougo. Cette recherche vise à examiner les risques liés à la 

production d'igname et les méthodes d'adaptation mises en œuvre par les agriculteurs en utilisant 

différentes méthodes. Tout d'abord, nous avons calculé les changements d’occupation du sol et 

examiné la santé des végétations (NDVI) à l'aide d'images Landsat 8 et évalué leur effet sur la 

température de surface du sol. La corrélation de Pearson entre les deux paramètres indique que la 

température de surface des terres est élevée lorsque la végétation est basse (forte corrélation 

négative), aussi les classes d’occupation du sol forêt et cultures annuelles ont perdu respectivement 

48,13 % et 65,14 % de leur superficie au profit des cultures pérennes entre 2015 et 2022. Par 

ailleurs, un total de huit échantillons composites de sol ont été prélevés entre 0 et 40 cm de 

profondeur sur la culture d'ignames dans les départements de Tanda et Bondoukou, qui sont 

respectivement des zones de forêt et de savane, et ont fait l'objet d'une analyse physico-chimique. 

Nous avons découvert que le sol sous savane est principalement sableux grossier (52,61%) et 

contient peu d’argile par opposition au sol sous forêt qui est moins sableux (41,63%) et contient 

plus d’argile et de limon. En calculant certains indices climatiques et en enquêtant auprès des 

communautés, nous avons découvert que les producteurs d'ignames sont principalement 

préoccupés par les incertitudes liées aux pluies, la diminution des terres propices à la culture 

d’igname et les températures de surface en raison du déclin de la végétation. Les effets sont plus 

ressentis dans le département de Bondoukou (92,48%) que dans le département de Tanda (61%). 

Enfin, les données des modèles historiques et futurs des scénarios de changement climatique du 

projet de comparaison des modèles couplés phase 6 (CMIP6), y compris ssp2-4.5 et ssp5-8.5, ont 

été utilisées dans le modèle statistique de régression linéaire multiple. Les résultats des simulations 

ont été effectués sur 30 ans (2025 - 2054) et indiquent que les deux scénarios climatiques (ssp2-

4.5 ; ssp5-8.5) montrent que les rendements de l'igname seront inférieurs à ceux de la période de 

référence. Les variations de rendement pourraient varier entre -10% et -45% en fonction du 

scénario climatique. Des stratégies d'adaptation efficaces et solides, l'innovation agricole et des 

investissements substantiels seront essentiels pour atténuer ces impacts négatifs et soutenir la 

production d'ignames face à un changement climatique rapide. 

Mots-Clés : production d'igname, Température de surface du sol, risques agro-climatologiques, 

prévision de rendement, sécurité alimentaire   
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Yam life cycle and its production worldwide 

Yam (Dioscorea spp.) is an annual or perennial vine and a climbing plant with annual or perennial 

underground tubers. His life cycle includes the following stages: tuber, seedling, emerging 

seedling, mature plant, senescent plant and dormant tubers. Yam has an annual vegetative system 

consisting of a root system (Figure 1) extending into the upper layers of the soil, root hairs, a stem 

system, a leaf system and a reproductive system (Akoroda, 1993; Diby et al., 2011; Wumbei et al., 

2022). 

 

Figure 1: a-Yam plants growing in the field, b-Roots on tuber skin, c-Adventitious roots 

  Source: (Wumbei et al., 2022) 

Yams are grown in mounds of soil between 30 and 50 cm high and are vegetatively multiplied 

using the basal nodal region of the tuber, as flowering is rare Additionally, yams can also be 

propagated through vine cuttings or by planting whole tubers (Adifon et al., 2019; Wumbei et al., 

2022). The plant generally produces one or two tubers a year, up to 50 cm long and weighing 

between two and twelve kilograms, depending on the cultivar and growing conditions (Aighewi et 

al., 2015). The body may be elongated or spherical, with white, yellow or violet flesh (Adifon et 

al., 2019; Aighewi et al., 2021; Neina, 2021; Wumbei et al., 2022). Yams belong to the family 

Dioscoreaceae, with about 650 species produced around the world (Akoroda, 1993). To date, 

about 20 of these species are under production as principal food sources for the human diet in the 

tropics (World Bank Group, 2019; Wumbei et al., 2022). Almost all the world's yam production 

takes place in developing countries. According to the International Institute of Tropical Agriculture 

(IITA), the majority of this production (90%) takes place in Africa, the South Americas, the 

Caribbean, the South Pacific and Asia (Figure 2). Nigeria, Ghana, and Côte d'Ivoire dominate yam 

production in West Africa, accounting for around 94% of world yam output and serving as an 

important crop for food security and generating income (Danquah et al., 2022; Ema et al., 2023).  

b a c 

Credit photo: Clarisse Koffi 
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Figure 2: World yam production in 2022 

White Guinea yam, “D. rotundata”, is the most important species, especially in the dominant yam 

production zone in West and Central Africa. It is indigenous to West Africa, as is the Yellow yam, 

“D. cayenensis”. Water yam, “D. alata”, the second most cultivated species, originated from Asia 

and is the most widely distributed species in the world (Ema et al., 2023; Frossard et al., 2017; 

Danquah et al., 2022; Lebot & Dulloo, 2021) Yam is the second most important root/tuber crop in 

Africa after cassava and is extremely important to food security in the world (Vincent Lebot & 

Ehsan Dulloo, 2021). It has excellent storage properties and can be stored for four to six months 

without refrigeration and provides an important food safety net between growing seasons (Adifon 

et al., 2019; Kouadio et al., 2022; Lebot & Dulloo, 2021). Yam tubers contain around 21% dietary 

fibre and are rich in carbohydrates (27-30g per 100g), crude fibre vitamin B, vitamin C and 

essential minerals which are small amounts. For consumption, yams are boiled, roasted, baked or 

fried. They are also mashed into a sticky paste after boiling (Akoroda, 1993; Kouakou et al., 2019; 

Kumar et al., 2017; Wumbei et al., 2022). In Africa, the yam is of particular traditional and cultural 

importance to many people. It is highly venerated and is at the heart of important festivities such 

as weddings, chiefs' ceremonies, yam festivals and sacrifices to the gods. On the other hand, 

resolutions of conflits and peace agreements are linked to it (Ema et al., 2023; Obidiegwu et al., 

2020; Lebot & Dulloo, 2021).  
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Climate risks and adaptation strategies for yam farming in West Africa 

Over the past 30 years, most countries have seen a rise in per capita food output. However, the 

opposite is happening in the Sub-Saharan Africa (SSA) region in West Africa (WA). The region 

faces food shortages almost every year due to crop failure or low crop yields (Diancoumba et al., 

2023; Sultan et al., 2019; Waongo, 2015). As dominated by rainfed agriculture, SSA is one of the 

regions most affected by climate change. Furthermore, rainfed agriculture in SSA is dominated by 

smallholder farming systems with limited investment opportunities (e.g., fertilizers, pesticides, 

machinery) and irrigation, making it the most vulnerable agricultural system (Diancoumba et al., 

2023; Roudier et al., 2011; Waongo et al., 2015). The region faces high seasonal variability in 

precipitation, rising temperatures and a lack of adaptive capacity. These constitute major barriers 

to rainfed agriculture in smallholder systems and can directly lower the yields of most food crops 

(IPCC, 2014; Langsdorf et al., 2022). However, rainfed agriculture is the main activity and source 

of income for the majority of SSA inhabitants, and so has a significant impact on regional food 

security (Diancoumba et al., 2023; Sultan et al., 2013). Climate being the most limiting factor to 

agricultural success in WA, several studies addressing yam production risks have tried to alleviate 

several problems in this sector. Most are based on the control of rainfall to establish a seasonal 

cultivation calendar because according to Waongo’s planting date study, the growing season in 

WA lasts only a few months and therefore limits the time the crop should be planted for best results 

(Waongo, 2015). Indeed, there is a strong relationship between the growing season and the rainy 

season for any rainfed agriculture. Early sowing dates can lead to crop failure due to long dry spells 

that can occur soon after planting (Cheng et al., 2021; Missana et al., 2020). On the other hand, 

late sowing dates are likely to avoid bad harvests but they correspond to short growing seasons, 

which can reduce also crop productivity (Laux et al., 2008). The crops to be planted are the results 

of the length of the growing season and the farmer's ability to find labor (i.e., for farmland 

preparation and seeding) and seeds. Also, for a good harvest, there must not be a long period of 

drought after planting because this dries out the topsoil then reduces the availability of nutrients in 

the soil and has a negative impact on productivity  (Danquah et al., 2022; Zougmoré et al., 2018). 

Other concerns, such as soil and vegetation type, were briefly discussed in the literature on yam 

cultivation. Yam is a nutrient-demanding crop that requires soils high in organic matter and critical 

nutrients such as nitrogen, phosphorus, and potassium. For Oka et al., (2021) the diversity of yam 

produced is determined by soil type, which has a considerable influence on yam growth and 
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productivity. This has been echoed by several authors (Diby, Hgaza, et al., 2011; Diby, Tie, et al., 

2011; N’guessan et al., 2009) who argue that soil fertility affects yam growth and therefore yield. 

The type of vegetation in a given location determines the microclimate, which in turn influences 

yam growth. Many yams are cultivated in the savannah zones (Adeleke Aturamu et al., 2021; Felix 

et al., 2020). However, depending on the type, wooded places may be ideal since they give shade 

and lessen the impact of high temperatures, which is advantageous to yam plants (Adeleke 

Aturamu et al., 2021). All of these are production risks that must be managed to maintain adequate 

yields. As a result, yam farmers have devised a variety of risk-management measures. Adaptation 

measures like planting date which is a cost-effective agricultural management strategy designed 

to reduce crop water stress and help improve agricultural decision-making, especially as a climate 

change adaptation strategy are urged to be implemented (Dobor et al., 2016; Laux et al., 2010; 

Olayiwola Eruola et al., 2012; Waongo et al., 2015). Besides, a wide range of crop management 

strategies minimizes production costs. Among these, we can mention improved endogenous 

knowledge, the stone bunds, micro-water harvesting (zaï technique) and demi-lune technique by 

water catchment, which have been largely uptaken by farmers (Bintou, 2010; FAO, 2015a; 

Mackio, 2022). Moreover, the introduction of early warning systems (EWS) for regular production 

monitoring is helping farmers cope with climatic hazards. It is a system designed to continually 

collect information on the food security situation in areas of concern. Monitoring helps generate 

zone-specific integrated food security analysis tools, as well as alerts on acute, emerging or 

expected food insecurity situations (Courault et al., 2021; Enten François, 2017). Several studies 

in this field have been carried out to predict future climate, monitor crops to prevent pest attacks 

or predict yield using dynamic or statistical agricultural models for decision-making (Adeleke et 

al., 2021; Cedric et al., 2022a; Egbebiyi et al., 2019; Kim et al., 2024; Leng & Hall, 2020; Rojas & 

Senay, 2021). However, the high level of poverty in WA leads farmers to abandon some crop 

management technologies and approaches, even though they are proven to be efficient (Waongo, 

2015). Thereby, only those strategies which require little resources in terms of labor and money 

have a chance to engage a large number of farmers. Other agricultural adaption strategies may 

include agronomic practices that enhance soil water retention such as minimum tillage and increase 

in soil carbon and organic matter (FAO, 2015a). The use of adapted varieties or breeds, with 

different environmental optima and/or broader environmental tolerances, including currently 

neglected crops, also considering that increased diversification of varieties or crops is a way to 
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hedge against risks of individual crop failure. Adaptive changes in crop management, especially 

planting dates, cultivar choice and sometimes increased irrigation have been studied to varying 

extents and are generally estimated to have the potential to increase yields by about 7–15% on 

average, though these results depend strongly on the region and crop being considered. Changes 

in post-harvest practices, for example, the extent to which grain may require drying and how 

products are stored after harvest (FAO, 2015a; Siddique et al., 2024). 

 

Yam (Dioscorea spp) production and food security in Côte d'Ivoire 

Yams belong to the family Dioscoreaceae, with about 650 species produced around the world 

(Akoroda, 1993). To date, about 20 of these species are under production as principal food sources 

for the human diet in the tropics (World Bank Group, 2019; Wumbei et al., 2022). Nigeria, Ghana, 

and Côte d'Ivoire dominate yam production in West Africa, accounting for around 94-98% of 

world yam output and serving as an important crop for food security and generating income 

(Danquah et al., 2022). Yam is produced throughout the Ivorian territory with different proportions 

depending on the agro-ecological zones. Its germination is optimal between 25 and 30°C and 

successful very well in areas where rainfall varies between 900 and 1800 mm (Adifon et al., 2019; 

Andres et al., 2016; Heller et al., 2022; Neina, 2021; Tchein et al., 2019). According to FAO 

statistics, yam's total production volume was around 7,853,083 tonnes in 2021 in Côte d'Ivoire 

(FAOSTAT, 2023). It accounts for over 45% of the rural population (MINADER, 2017) and is the 

first food crop produced in Côte d’Ivoire (Diarrassouba, 2019; Kouakou et al., 2019). However, 

its growing is costly and challenging. Planting and harvesting are labor-intensive. Some varieties 

have a long crop cycle and poor seed multiplication ratio. Nutritional value, yield, texture and 

postharvest durability vary significantly with soil quality and climactic factors. Due to its high soil 

nutrient demands, many farmers slash and burn directly before planting. Decreasing soil quality 

and soil pest pressures have pushed many traditional production zones to switch to other crops 

(World Bank Group, 2019). Innovations to improve productivity and reduce labor are needed in 

order to sustain this long-standing market. The northern, central and eastern regions are the biggest 

yam producers in Côte d’Ivoire. The landrace varieties Kponan, Krengle, Djate, are in high 

demand, as are the adapted varieties TDA, Mao and C20 (MINADER, 2017). These varieties have 

demonstrated good productivity, disease resistance and drought tolerance. Yam production is 

traditionally the work of men, while women are primarily involved in processing and marketing 
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(Doumbia et al., 2014; MINADER, 2017). But women now make up the vast majority in this 

sector. Men have shifted to cash crop agriculture, lowering both productivity and cultivation area. 

Several types of culinary uses of yams are made in Côte d'Ivoire because of its nutritional 

importance and its original familiarity with certain peoples especially from the eastern and 

northeastern parts. These uses are among others: “foutou (pounded yam), Akpessi (boiled yam), 

yam stew, roasted yam and fries yam”. Six varieties of yams are generally found in markets in 

Ivory Coast. These are the early varieties Kponan, Assawa and Lokpa (Dioscorea cayenensis-

rotundata with two harvests) and the late varieties Krenglè (Dioscorea cayenensis-rotundata with 

one harvest), Bètè bètè and Florido, (Dioscorea alata) (Doumbia et al., 2006; Kouakou, 2019; 

Kouakou et al., 2019) . The three species of yams mentioned take turns in time and the market is 

always characterized by the presence of at least two species including kponan. Kponan is the most 

popular yam variety in all culinary forms from its first harvest in the last decade of July to January. 

Extended storage until June lowers its culinary quality and it is Bètè bètè variety that is gaining 

consumer preference, after improving in quality at this time of year. Krenglè is especially 

appreciated during its harvest period in January. The other varieties, Florido, Assawa and Lokpa 

are the least appreciated in all culinary forms throughout the year (Anatole et al., 2017; Nindjin et 

al., 2009). 

 

Problem statement  

Gontougo region supplies 60% of the Ivorian economic capital's wholesale yam market, including 

Kponan, the most desired by Abidjan’s people (Kouakou et al., 2019). This region therefore has a 

high potential for yam production which is also a staple food for its people. According to a 

traceability analysis of Bondoukou's Kponan yam, the Gontougo people have centuries of yam-

producing experience. This extensive knowledge is evident in the unique farming procedures and 

traditional preservation techniques that have been passed down through generations to ensure 

sustainable production (Kouakou, 2019). Given the region's vast potential and farmer's skill in yam 

growing, what inspired our inquiry? Is there a specific issue affecting the crop and/or farmers in 

this region? The answers to these questions will help us grasp the goal of our research. 

The first discovery that piqued our interest was that national yam yields have been dropping over 

time. This is borne out by FAO country statistics (FAOSTAT, 2023). Figure 3 below shows that 
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from 2000 to 2021 in Côte d’Ivoire, yams yield declined from 88,172 to 54,605 hg/ha while the 

production and area harvested increased gradually.  

 
Figure 3: Annual variation in yam yield from 1961 to 2021 in Côte d’Ivoire 

This national yield decreasing have an impact on the Gontougo region, which is a key local 

production area accordind to the National Rural Development Support Agencies (ANADER). 

Since we had no reliable yield data for each location, we carried out further investigations to find 

out more during our survey. Several studies also indicate that the region is an important cashew-

growing area (Kambou et al., 2019; Konaté et al., 2021; Kouman et al., 2022). Cashew nut 

production requires a large amount of space, and fertile land is becoming increasingly rare as a 

result of overexploitation and plant cover deterioration. The spread of this cash crop is lowering 

the amount of space accessible for yam production, depletes the soil, changing the agricultural 

environment over time, and having a significant impact on land surface temperatures (Félicia et 

al., 2017; Gogoi et al., 2019; Yao et al., 2023) According to ANADER, perennial crops, 

particularly cashew nuts, are the most common LULC type in the Gontougo region. It takes up 

more than 60% of the study area. This is a real problem for subsistence crops such as yams, which 

are the most widely consumed crop in the households. In terms of climate, rainfall in the Zanzan 

district, of which the Gontougo region is a part, has ranged from 895.56 mm to 1327.2 mm between 
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2011 and 2020 (Kouman et al., 2022). These values are slightly higher than in previous decades, 

with false starts in rainfall and uncertainties over crop establishment (Brou et al., 2005; Kouman 

et al., 2022; Srivastava, et al., 2012). The growing seasons are therefore out of synchronization 

with the cropping calendars, making it difficult for yam farmers to reach maximum production. 

Finally, according to the secretary of the Permanent Inter-State Committee for Drought Control in 

the Sahel (CILSS), the Gontougo region is one of the areas with the highest prevalence of food 

insecurity (CILSS, 2021). All these raise multiple challenges in the study area including climate 

hazards manifested by rainfall uncertainties and dry spell frequencies, arable land availability and 

soil fertility issues. Thus, new farming methods or improved species must be implemented to boost 

yields. This is what we shall seek to comprehend and examine through this research, which we 

have the distinction of steering. 

 

Objectives of the thesis  

The general aim of this research project is to help achieve food and nutritional self-sufficiency in 

Côte d'Ivoire by addressing the risks of yam production in the Gontougo region.  

To accomplish this goal, the following research questions will lead the investigation: 

i. What is the prevailing state of vegetation cover dynamics and its implications for land 

surface temperature in yam production? 

ii. What are the agro-pedological and agro-climatological risks that yam farmers experience, 

and what agricultural strategies do they implement to adapt? 

iii. What will be the future trends in yam yields under IPCC climate scenarios conditions? 

Answering these questions involves the following specific objectives: 

i. Evaluate the effects of land use land cover change and NDVI on land surface temperatures  

ii. Determine agro-pedological and agro-climatological threats to yam production and 

farmers' agronomic practices to mitigate them 

iii. Analyze future trends in climate change and simulate yields 

 

Innovations of the thesis  

Yam production risk analysis is an approach intended to optimize agricultural output. It, therefore, 

helps to solve some problems of food insecurity. Very few studies conducted in Côte d'Ivoire 
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address these different aspects around which we have developed methods. They feature the 

following innovations: 

❖ Environmental risk assessment using remote sensing and GIS, pedological, climatic and 

socio-economic risks analyzed in a single study; 

❖ Development of a statistical yield prediction model using SSP scenarios from the sixth 

IPCC report; 

❖ This study is therefore timely to draw scientific world research attention and Ivorian 

decision-makers that the effects of climate change on agricultural resources must be 

anticipated now. At the end of COP15 on desertification which took place from 9 to 20 

May 2022 in Abidjan, we are taking advantage of this research to implement climate-

adaptive responses to the growing scarcity of rainfall and advancement of the desert. 

 

Outline of the thesis 

The thesis is split into five chapters excluding the general introductory section which addresses 

the context and problems, establishes the objectives and structure of the thesis and describes the 

study area and then the general conclusion section.  

The first chapter is a literature review of the agro-climatological-related risks of yam production. 

Chapter two is devoted to addresses land use land cover changes and its effect on land surface 

temperature. Chapter three is dedicated to soil physicochemical properties under savannah and 

forest areas. Chapter four deals with agro-climatological risks and farmers' agronomic practices 

and their adaptive response. Chapter five concerns the last objective specifically the analyse of 

future trends under the IPCC Scenario and yield prediction.  

The general conclusion which provides recommendations for farmers and technical support 

agencies and opens an outlook showing different avenues to be taken for future studies relating to 

the different aspects discussed, and the scientific, political and socio-economic implications of our 

study. 

 

Study area description 

The study was conducted in Gontougo region located in Eastearn part of Côte d'Ivoire. Since its 

creation in 2011, it has been one of the two regions in Zanzan District. The capital of the region is 

Bondoukou and the region's area is 16,100 km2, the population in the 2021 census was 917,828. 
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Gontougo is currently divided into five departments: Bondoukou, Koun-Fao, Sandégué, Tanda, 

and Transua (RGPH-CI, 2021) and located between 4°00’ and 2°50’ W longitudes. and 6°30’ and 

8°50’ N latitudes. (Figure 4). Agriculture is mainly dominated by cashew nuts and yam, livestock 

production, trade (food crops, handicrafts, etc.) and services drive the region's economy (Kouakou, 

2019; Kouman et al., 2022). 

 

Figure 4: Geographic situation of the Gontougo region 

The region's geological substratum is a type of granitoid, characterised by granodiorite intrusions 

around Bondoukou and in the Kihouo mountains. Elevations range from 114 meters in the 

southwest to 741 meters in the Bondoukou area, which contains elevated landscapes and 

mountains (Figure 5). 
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Figure 5: Topography of the Gontougo region 

The region's soils are ferralitic, more or less desaturated, with deep sandy-clay soils that are highly 

suitable for cash crops (cashew, cocoa, coffee, rubber) and food crops such as yams (République 

de Côte d’Ivoire, 2019). Specifically, the region's soils are a mixture of Acrisols, Cambisols, 

Fluvisols and Luvisols as described by FAO Digital Soil Map of the World from the digitized 

version of the FAO-UNESCO Soil Map of the World produced in paper version at scale 1:5 million 

(Batjes, 1996) (Figure 6). The floristic density consists of a mixture of varied forest and savannah 

facies due to degradation caused by agricultural clearing and logging. The northern part is mainly 

dominated by savannah. 
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Figure 6: FAO Digitized Soil Map of the World ( FAO DSMW) for the Gontougo region  

(source: https://www.fao.org/soils-portal/en/) 

Gontougo region, along with the Boukani region, constitutes the Zanzan district. The major climate 

of this district includes four seasons. Two of which are wet, occurring from March to June and 

September to October. These rainy seasons alternate with two dry seasons, which last from 

November to February and July to August (Figure 7). The annual rainfall ranges from 800 to 1200 

mm, with an average temperature of around 28 °C (Brou et al., 2005; Kouman et al., 2022). 

https://www.fao.org/soils-portal/en/
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Figure 7: Monthly climatology of minimum, Mean & maximum temperature and precipitation 

from 1991 to 2022 in the Zanzan District 

(Data source: World Bank Group, 2024). 

To support yam farmers with scientifically sound information on yam risks production in the 

Gontougo region, attempts have been made to increase yield and satisfy the population with food 

security. 
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CHAPTER 1: YAM PRODUCTION-RELATED AGRO-CLIMATOLOGICAL RISKS AND 

YAM YIELD MODELING IN CÔTE D’IVOIRE: A REVIEW 
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1.1. Introduction 

In the last two decades of the 20th century, the African continent has experienced longer and more 

intense heat waves (Engdaw et al., 2022). In addition, 50% of regional climate projections suggest 

that these heat waves, which are unusual in current climatic conditions, will be more regular by 

2040 or even more severe under the RCP8.5 scenario (Faye et al., 2019). Regarding rainfall, many 

uncertainties remain: A decrease in rainfall is expected in the Western Sahel while the Eastern 

Sahel is expected to experience an increase in rainfall. It is worth noting that, under the worst-case 

climate change scenario, a reduction in mean yield of 13% is projected in West Africa (Sultan et 

al., 2015). Therefore, agriculture is one of the sectors which are most vulnerable to global weather 

and climate change. In Sub-Saharan Africa (SSA) it is the main occupation and source of income 

for most of the populations and, therefore, has a great influence on regional food security (Sultan 

et al., 2013; World Bank Group, 2019). However, the region faces food shortages almost every 

year due to crop failure or low crop yields (Cedric et al., 2022b; Waongo, 2015). According to 

FAO, (2015a, 2017) and Raes et al., (2018), the use of adapted varieties or breeds, with different 

environmental optima and/or broader environmental tolerances, including currently neglected 

crops, also considering that increased diversification of varieties or crops is a way to hedge against 

the risk of individual crop failure. Among the failures of these crops is yam which is the second 

most important root/tuber crop in Africa after cassava (Lebot & Dulloo, 2021). Yams (Dioscorea 

spp.) are extremely important to food security because of their excellent storage properties; they 

can be stored for four to six months without refrigeration and provide an important food safety net 

between growing seasons. They are a staple food for millions of people in tropical countries and 

provide pharmacologically active compounds for traditional medicine and the pharmaceutical 

industry (Andres et al., 2016; Adifon et al., 2019; Neina, 2021).  

Yams are grown in about 50 tropical countries, not all of which provide their annual production 

statistics to the United Nations Food and Agriculture Organization. Annual world production is 

about 72 million tonnes of fresh tubers. More than 98% of this production is grown in Africa, 

mainly in four countries (Nigeria, Côte d’Ivoire, Ghana and Benin) accounting for 93% of this 

production (Lebot & Dulloo, 2021). Particularly, yams are widely grown in Côte d’Ivoire, and 

among food crops, yam is the most cultivated (MINADER, 2017; Diarrassouba, 2019). It is 

therefore a crop that plays a key role in the Ivorian economy and food and nutritional security. The 

landrace varieties Kponan, Krengle, and Djate, are in high demand, as are the adapted varieties 
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TDA, Mao and C20. The latter have demonstrated good productivity, disease resistance and 

drought tolerance. (Michel & Apata, 2017;Adifon et al., 2019; Kouakou et al., 2019). Despite all 

these assets, yam production is facing challenges due to several issues. Planting and harvesting are 

labour-intensive, yield and postharvest durability vary significantly with soil quality and climactic 

factors, decreasing soil quality and mounting pest pressures, rotting of seedlings in the mound due 

to high surface temperatures, the false start of the rainy season and the failure to update agricultural 

calendars according to rainfall variability are among the issues facing farmers and the yam sector 

in Côte d’Ivoire (Anogbro, 2015; Frossard et al., 2017; Kouakou et al., 2019; World Bank Group, 

2019). So, it requires continuous monitoring to improve crop yields (Kosamkar & Kulkarni, 2019). 

Given the changing climate, predicting scenarios and crop yield based on models will help increase 

production, forecast the growing season, take adaptive measures and allow farmers to be more 

resilient (Kosamkar & Kulkarni, 2019; Fayaz et al., 2021; Malhi et al., 2021).  

However, at national level, it should be noted that in the literature about yam cropping, almost all 

the studies done by researchers are in biology, genetics, physiology and the marketing of yam. 

Some climate variabilities highlighting the impacts have been also studied (Doumbia et al., 2006; 

Valerie, 2012; Anogbro, 2015;  Kouakou et al., 2019; ). For this reason, we present in this 

manuscript a review of the agro-climatological-related risk of yam production and models 

developed for yam yield prediction in Côte d’Ivoire. Crop models are an essential tool for studying 

the impact and potential adaptation options in root and tuber production. A crop model consists of 

mathematical equations that describe the development and growth of the crop over time, based on 

environmental factors (Raymundo et al., 2014; Fayaz et al., 2021; Cedric et al., 2022b). Crop 

models use crop characteristics, climate data and soil characteristics to simulate crop responses to 

management practices and various environmental conditions. Crop models can be used to 

anticipate the effects of climate change on root and tuber production (Raymundo et al., 2014; 

Degila et al., 2023). In this study, we will evaluate the existing models that have served as a study 

of yam in Côte d’Ivoire through scientific search engines, online documentary databases and 

national reports. The general differences, their structures, similarities, limitations and applications 

in the field of climate change and research gaps have been discussed. 
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1.2. Material and Methods 

1.2.1 Presentation of Côte d’Ivoire 

Côte d’Ivoire is located between Longitudes 2°30′ and 8°30′ W and Latitudes 4°30′ and 10°30′ N 

with an area of 322 462 km2, covering about 1% of the African continent. It is part of West African 

countries sharing borders with Liberia and Guinea to the West, Mali and Burkina-Faso to the North 

and Ghana to the East part (Figure 1-1). The Southern part of the country is covered by the Atlantic 

Ocean with a 550 km long coastline (Kouame et al., 2020). The central and coastal areas each have 

four seasons: April to mid-July: a long rainy season, with frequent rainfall and numerous 

thunderstorms; mid-July to September: a small dry season, the sky can remain overcast; September 

to November: a short rainy season, with some light rainfall; December to March: high dry season. 

The northern zone has two seasons: the period from June to September is the rainy season and the 

period from October to May corresponds to the dry season (Kouame, 2021; Kouame et al., 2020). 

 

Figure 1- 1: Distribution of the rain gauges and climatic division depending on rainfall patterns 

in Côte d’Ivoire 

Source: Kouame et al. (2020). 
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1.2.2 Research Methodology 

This study was carried out in the framework of a literature review of existing studies, systematic 

reflection, and scientific journals/reports to highlight the approaches already done and available 

results relating to yam production-related risks and yam yield modelling in Côte d’Ivoire. We 

searched tools, methods, data used and results reported in the literature. Several documents, such 

as articles, national reports and peer reviews, were considered in this study. In order to achieve 

this, we referred to Boolean terms (Dahan & Kasei, 2022; Kohl et al., 2018; Ouattara et al., 2023; 

Tran et al., 2023). Boolean operators (sometimes called Boolean terms or commands) connect the 

keywords to create a logical phrase that the database can understand. This involves telling the 

database to look for multiple terms or concepts at once, which makes the search more precise 

(Kohl et al., 2018; Pušnik et al., 2022; Snyder, 2019). The Boolean operators used in this research 

are “AND”, “OR” and “( )” (Table 1-1).  

Table 1- 1: Boolean operators: “AND”, “OR” and “( )” 

Boolean operators What does it do? 

AND Find items that use BOTH keywords. 

OR Find items that use EITHER of the keywords. 

Brackets ( ) GROUP multiple search strings and SET 

PRIORITIES 

To exploit the boolean operators, and search for the necessary data to complete this study, four (4) 

official websites of Ivorian institutions in charge of agriculture for some and climate for others 

(Table 1-2) and six (6) scientific search engines for online documentation (Table 1-3) were 

defined and consulted individually. This makes a total of ten (10) information sources defined for 

this review. 

Table 1- 2: Official websites of Ivorian institutions 

 Institutions names Websites 

1 Ministry of Agriculture and Rural Development 

(MINADER) 

https://www.agriculture.gouv.ci/  

2 National Center for Agricultural Research (CNRA) https://cnra.ci/  

3 National Agency for Rural Development Support 

(ANADER) 

http://www.anader.ci/  

4 Airport, Aeronautical and Meteorological Exploitation 

and Development Company (SODEXAM) 

https://www.sodexam.com/  
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Table 1- 3: Scientific search engines 

 Platforms  Website* Purpose and country  
Launch 

year 

1 

Thesis 

search  

engines  

https://www.theses.fr/  
It is a search engine to find French doctoral 

theses. Located in French 
Jul. 2011 

2 

African 

Journals  

Online 

https://www.ajol.info/i

ndex.php/ajol 

Provides access to African-published 

research, and increases worldwide 

knowledge of indigenous scholarship. 

Includes 38 African countries as well as 

Côte d’Ivoire 

1998 

3 
Science 

Direct  

https://www.sciencedi

rect.com/ 

Provides access to a large bibliographic 

database of scientific and medical 

publications of the Dutch publisher 

Elsevier. It hosts over 18 million pieces of 

content. Based in Netherlands  

Mar. 1997 

4 
Google 

Scholars  

https://scholar.google.

com/ 

Google Scholar is a freely accessible web 

search engine that indexes the full text or 

metadata of scholarly literature across an 

array of publishing formats and disciplines. 

Based in USA 

Nov. 2004 

5 
World 

Catalogue 

https://www.worldcat.

org/ 

WorldCat is a union catalogue that 

itemizes the collections of tens of 

thousands of institutions (mostly libraries), 

in many countries, that are current or past 

members of the OCLC (USA nonprofit 

cooperative organization) global 

cooperative. Based in USA 

Jan. 1998 

6 
Semantic 

Scholar 

https://www.semantics

cholar.org/ 

Semantic Scholar is an artificial 

intelligence-powered research tool for 

scientific literature developed at the Allen 

Institute for Artificial Intelligence (AI). 

Based in USA 

Nov. 2015 

Note. *: These information sources can be found on the above websites. 

 

1-2.3. Document Search 

This phase consisted of a search strategy for the documentation. The search strategy allowed us to 

define an appropriate search string based on the relevant databases identified and defined in the 
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Tables 1-2 and 1-3. The number of articles included in the final analysis was influenced by the 

search criteria defined in Table 1- 4. Furthermore, the definition of the search string was based on 

the topic terminologies. The search string is listed focusing mainly on “Yam production-related 

agro-climatological risks” and “Yam yield modelling in Côte d’Ivoire” with the addition of 

Boolean operators (Tables 1-5 and 1-6). The search terms were performed separately or in limited 

combinations that took into account the requirements or limitations of the database used (Mengist 

et al., 2020). In these databases, publications that were not downloaded for further study were 

discarded. The articles were peer-reviewed journals from the seven data sources and the literature 

searches were finalized on 19 May 20023. The search was conducted in these different 

internationally recognized databases to collect relevant information from the publications 

(Gonçalves et al., 2018). These are all international databases of peer-reviewed publications from 

around the world (Gonçalves et al., 2018; Mengist et al., 2020). Besides, the size and types of 

databases used to search for publications helped determine the size of the sample drawn for 

examination. Note that the research on the national platforms was done both in English and French, 

the latter being the country’s (Côte d’Ivoire) official language.  

Table 1- 4: Selection of literature using inclusion and exclusion criteria 

Criteria  Decision 

When the predefined keywords exist as a whole or at least in the title, keywords 

or abstract section of the paper. 

Inclusion 

The paper was published in a scientific peer-reviewed journal. Inclusion 

The paper should be written in the English or French language. Inclusion 

Studies presenting evidence on crop modeling/climate impact studies on yam. Inclusion 

When the articles address at least one agro-climatological indicator. Inclusion 

Papers that are duplicated within the document search engines. Exclusion 

Papers that are not accessible, review papers and meta-data. Exclusion 

Papers that are not primary/original research.  Exclusion 

Papers published before 1998.  Exclusion 

Source: Adapted from Mengist et al. (2020). 
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Table 1- 5: The search terms used and the total number of publications from the country 

databases 

Databases Databases Searching string and searching terms 
No. of  

papers 

Date of  

acquisition 

MINADER 

Main searching 

terms 

Yam production-related agro-climatological 

risks AND yam yield modeling in Côte d’Ivoire 
00 5/19/2023 

Secondary searching 

terms 

Yam production-related agro-climatological 

risks OR yam yield modeling in Côte d’Ivoire 
00 5/19/2023 

Tertiary searching 

terms  

Yam production-related agro-climatological 

risks (Côte d’Ivoire) 
00 5/19/2023 

Fourth searching 

terms  
yam yield modeling (Côte d’Ivoire) 00 5/19/2023 

CNRA 

Main searching 

terms 

Yam production-related agro-climatological 

risks AND yam yield modeling in Côte d’Ivoire 
00 5/19/2023 

Secondary searching 

terms  

Yam production-related agro-climatological 

risks OR yam yield modeling in Côte d’Ivoire 
00 5/19/2023 

Tertiary searching 

terms  

Yam production-related agro-climatological 

risks (Côte d’Ivoire) 
00 5/19/2023 

Fourth searching 

terms  
yam yield modeling (in Côte d’Ivoire) 00 5/19/2023 

ANADER 

Main searching 

terms 

Yam production-related agro-climatological 

risks AND yam yield modeling in Côte d’Ivoire 
00 5/19/2023 

Secondary searching 

terms 

Yam production-related agro-climatological 

risks OR yam yield modeling in Côte d’Ivoire 
00 5/19/2023 

Tertiary searching 

terms  

Yam production-related agro-climatological 

risks (Côte d’Ivoire) 
00 5/19/2023 

Fourth searching 

terms  
yam yield modeling (in Côte d’Ivoire) 00 5/19/2023 

SODEXAM 

Main searching 

terms 

Yam production-related agro-climatological 

risks AND yam yield modeling in Côte d’Ivoire 
00 5/19/2023 

Secondary searching 

terms  

Yam production-related agro-climatological 

risks OR yam yield modeling in Côte d’Ivoire 
00 5/19/2023 

Tertiary searching 

terms  

Yam production-related agro-climatological 

risks (Côte d’Ivoire) 
00 5/19/2023 
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Fourth searching 

terms  
yam yield modeling (in Côte d’Ivoire) 00 5/19/2023 

 

Table 1- 6: The search terms used and the total number of publications from scientific search 

engines 

Databases Database searching string and searching terms 
Searching 

matches 

No. of  

papers 

Date of  

acquisition 

Thesis  

search  

engine 

Main 

Yam production-related agro-

climatological risks AND yam yield 

modeling in Côte d’Ivoire 

 00 5/21/2023 

Secondary 

Yam production-related agro-

climatological risks OR yam yield 

modeling in Côte d’Ivoire 

 00 5/21/2023 

Tertiary 
Yam production-related agro-

climatological risks (Côte d’Ivoire) 
 00 5/21/2023 

Fourth Yam yield modeling (in Côte d’Ivoire) 

Searching 

terms don’t 

match any 

title. Just 

one keyword 

11 5/21/2023 

African  

Journals  

Online 

Main  

Yam production-related agro-

climatological risks AND yam yield 

modeling in Côte d’Ivoire 

Searching 

terms don’t 

match any 

title. Just 

some 

keywords 

16 5/19/2023 

Secondary 

Yam production-related agro-

climatological risks OR yam yield 

modeling in Côte d’Ivoire 

Searching 

terms don’t 

match any 

title. Just 

some 

keywords 

36 5/19/2023 

Tertiary  
Yam production-related agro-

climatological risks (Côte d’Ivoire) 

Searching 

terms don’t 

match any 

title. Just 

some 

keywords 

42 5/19/2023 

Fourth  Yam yield modeling (in Côte d’Ivoire) 

Searching 

terms don’t 

match any 

title. Just 

76 5/19/2023 
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some 

keywords 

Science  

Direct 

Main  

Yam production-related agro-

climatological risks AND yam yield 

modeling in Côte d’Ivoire 

 00 5/21/2023 

Secondary  

Yam production-related agro-

climatological risks OR yam yield 

modeling in Côte d’Ivoire 

Searching 

terms don’t 

match any 

title. Just 

some 

keywords 

298 5/21/2023 

Tertiary  
Yam production-related agro-

climatological risks (Côte d’Ivoire) 
 00 5/21/2023 

Fourth Yam yield modeling (in Côte d’Ivoire) 

Searching 

terms don’t 

match any 

title. Just 

some 

keywords 

268 5/21/2023 

Google  

Scholar  

Main 

Yam production-related agro-

climatological risks AND yam yield 

modeling in Côte d’Ivoire 

 00 5/20/2023 

Secondary  

Yam production-related agro-

climatological risks OR yam yield 

modeling in Côte d’Ivoire 

 00 5/20/2023 

Tertiary   
Yam production-related agro-

climatological risks (Côte d’Ivoire) 
 00 5/20/2023 

Fourth Yam yield modeling (in Côte d’Ivoire) 

Searching 

terms don’t 

match any 

title. Just 

some 

keywords 

8,790 5/20/2023 

World 

Catalogue 

Main  

Yam production-related agro-

climatological risks AND yam yield 

modeling in Côte d’Ivoire 

 00 5/20/2023 

Secondary   

Yam production-related agro-

climatological risks OR yam yield 

modeling in Côte d’Ivoire 

Searching 

terms don’t 

match any 

title, any 

keyword 

02 5/20/2023 

Tertiary  
Yam production-related agro-

climatological risks (Côte d’Ivoire) 
 00 5/20/2023 
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Fourth Yam yield modeling (in Côte d’Ivoire) 

Searching 

terms don’t 

match any 

title, any 

keyword 

02 5/20/2023 

Semantic  

Scholar 

Main 

Yam production-related agro-

climatological risks AND yam yield 

modeling in Côte d’Ivoire 

 00 5/20/2023 

Secondary  

Yam production-related agro-

climatological risks OR yam yield 

modeling in Côte d’Ivoire 

 00 5/20/2023 

Tertiary 
Yam production-related agro-

climatological risks (Côte d’Ivoire) 

Searching 

terms match 

only some 

keywords 

05 5/20/2023 

Fourth  Yam yield modeling (in Côte d’Ivoire) 

Searching 

terms don’t 

match any 

title. Just 

some 

keywords 

126 5/20/2023 

 

1-3. Documents Analysis 

The information extracted from the documents was analyzed qualitatively based on different 

criteria and categories (Table 1-7). This objective analysis was done to ensure the viability and 

authenticity of the data source used in the papers collected (Dahan & Kasei, 2022; Gonçalves et 

al., 2018; Manikas et al., 2023; Mengist et al., 2020; Snyder, 2019). After a sufficiently thorough 

reading of the various documents, the information relevant to this study was extracted according 

to the criteria and categories captured in Table 1-7.  

 

Table 1- 7: The criteria used for extracting information from the selected papers 

No Criteria Categories considered Justification 

1 
Document 

types 

Official 

papers/articles/reports/thesis 

from one of the ten (10) sources defined 

for this review is considered 

2 
Year of 

publication 
Between 1998 and Mai 2023 

The year in which the oldest journal goes 

online is considered 

3 Study area Country - 
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4 
Types of data 

sources 

Primary data 

Data derived from sampling in the field 

(e.g., field data, surveys, interviews or 

census data) 

Secondary data 

Data not verified in the field (e.g., remote-

sensed data, a bibliography, modeling, 

socioeconomic data) 

Mixed data Mixed both above sources 

5 Methods 

Cultivar and soils types; 

Climate indices; statistics 

relationships; models used. 

Incorporate existing knowledge to link 

with Yam models, climate models and 

Yam production-related agro-

climatological risks. 

6 
Mode of 

assessment 

Qualification, 

quantification, or both 

Expressing climate and agriculture values 

with verbal terms or using numbers 

mathematics expressions or both 

7 
Difficulties 

mentioned 

Methodological 

Uncertainties on the result due to the 

application of the unclear or less 

developed method; Uncertainties linked 

with lack of conceptual clarity. 

Data analysis 
Data analysis skills and the choice of 

suitable tools can challenge the work. 

Lack of model validation 
Most crop modeling studies lack to verify 

the results using model validation. 

 

1-4. Results and Discussion 

1-4.1 Examination of research carried out 

1-4.1.1 Search engines for national platforms 

On the National platforms, none of the four (4) revealed a single trace of documents or research 

available. This could mean that no studies in this or a related field have been carried out and are 

available. It could also mean that the documents of the works are published elsewhere either than 

the platform or that the works are kept in hard copies in the libraries of these structures. 
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1-4.1.2 Theses.fr Search Engine 

At the level of the Theses.fr platform: only eleven (11) documents were found in all the searches. 

It is the fourth searching term [yam yield modelling (Côte d’Ivoire)] that allowed us to have this 

result. The search was carried out by selecting all the possible search options available on the 

website, including ‘defended theses only’ and ‘defended and online theses’, and the year, which 

by default is defined as the broadest possible on the website ‘before 2013 to 2023’. Thus, none of 

these 11 documents were selected according to the inclusion and exclusion criteria established 

beforehand. Indeed, the search terms do not appear at any level in the titles of the documents nor 

the keywords, but it should be noted that this French PhD platform provides a wide range of related 

fields in addition to what is requested.  

 

1-4.1.3 AJOL Search Engine 

On the AJOL databases, 181 papers were found across all four search terms. Among these 

documents, the most relevant ones deal with climate change for some and yam production for 

others, but in other countries. None of these papers addresses the issue of yam yield modelling in 

Côte d’Ivoire, or elsewhere. In fact, AJOL displays from its database the documents available 

according to the search terms used, including those that were not picked the topic. AJOL relies on 

the search terms found in the abstract of certain documents to suggest search results. This is why 

we had 170 documents and none of them were useful for our intended purpose. 

 

1-4.1.4 Science Direct Search Engine 

The research was successful in that we obtained five hundred and sixty-six (566) results from all 

four searches. With Science Direct, we were able to detect some documents that deal with our 

topic elsewhere in other countries. We have kept these documents for further analysis. It should 

be noted that synonyms for certain keywords such as ‘modelling’ were found in the form of 

‘simulation’. Moreover, we were able to find these words in the same document: ‘Simulating’, 

‘yield’, ‘yam’ and also these words: ‘Modeling’, ‘yam’, and ‘yield’ in the same document. Some 

of these works whose association with these keywords were carried out in West African countries 

like Benin Republic and Ghana. In these documents, after analysis, it can be seen that some models 

have been used to effectively simulate yam yield. We note: the Environmental Policy Integrated 
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Climate (EPIC) model (Srivastava & Gaiser, 2010) and the Systematic Approach for Land Use 

Sustainability (SALUS) model (Liu et al., 2021). 

 

1-4.1.5 Google Scholar Search Engine 

On Google Scholar, no document was found after the three first search terms. In the last search 

terms, we got eight thousand seven hundred and ninety (8,790) results. All the key works were 

found but not in the same document. We applied three successive filters to select the most relevant 

ones using quotation marks (“ ”). The first was: [yam yield “modeling” (Côte d’Ivoire)], the second 

was: [yam “yield modeling” (Côte d’Ivoire)] and finally, the third was: [“yam yield modeling” 

(Côte d’Ivoire)]. Successively, the result went from 8,790 to 2,390 then to 08 and then to 00. One 

of the documents in which we can find keywords that Google Scholar provided is entitled: 

Simulating cocoa production: «A review of modeling approaches and gaps. But unfortunately, it 

does not address the subject of yam. It should be noted that Google Scholar is one of the most 

widely used scientific search engines worldwide and is accessible to all researchers for the 

promotion and enhancement of research. Therefore, the absence of a relevant document in Google 

Scholar implies If despite this fact, no relevant document has been found, there is reason to believe 

that the work has not yet been studied in Côte d’Ivoire. 

 

1-4.1.6 WorldCat Search Engine 

On WorldCat, the world’s largest library catalogue, our searches yielded four (4) results in all 

especially two in the second and two in the fourth search terms. However, after analysis, there 

were the same two documents found in each search. These documents do not contain any of the 

keywords of our research, neither in the titles nor in the abstract keywords.  

 

1-4.1.7 Semantic Scholar Search Engine 

On Semantic Scholar, our searches yielded a hundred and thirty-one (131) results in all search 

terms. It includes all the keywords but all of them were found in the fourth search individually in 

different documents that do not necessarily deal with yams. An example of a topic: “Potential 

Impact of Climate Change on the Sediment Fluxes of a Watershed in West Africa”. The other is: 

“Modeling greenhouse gas emissions of cocoa production in the Republic of Côte d’Ivoire”. These 

are the most relevant of the 126 documents but are not useful because they do not address the cases 
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we are looking for. However, Semantic Scholar is a powerful search engine with over 200 million 

papers from all fields of science. The best part is that it is free to access and all papers are open 

access to download with all possible metadata with redirections to other topics of interest 

depending on the papers downloaded.  

Below is a screenshot of the search performed in each scientific search engine with the main search 

term which is: [Yam production-related agro-climatological risks AND yam yield modelling in 

Côte d’Ivoire] (Figure 1-2).  

 

(a) African Journals Online 

 

(b) Google Scholar 

 

(c) Science Direct 

 

(d) World Catalogue 

 

(e) Semantic Scholar 

 

(f) Theses.fr 

 

Figure 1- 2: An example of a screenshot of each research performed using the main search terms 

in scientific search engines 

 

1-4.2 Outcomes Using Inclusion and Exclusion Criteria 

By applying the inclusion and exclusion criteria, papers that fulfil the inclusion criteria were 

selected for further investigation and content assessments. Unfortunately, no papers dealing with 

the subject we are discussing have been selected for Côte d’Ivoire. The predefined literature 

inclusion and exclusion criteria to achieve this review work were presented in Table 1-4. It is 

important to add that papers like grey literature, extended abstracts, presentations, keynotes, and 

research work that are not original and duplications were omitted. Figure 1-3 shows the flowchart 

diagram of our research according to the exclusion and inclusion criteria.  
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1-4.3 Related Work 

The related work section focuses on literature reviews involving the eligibility documents. As no 

studies in our field of research have been carried out in Côte d’Ivoire, we have turned to eligibility 

documents for further analysis to find out more about what is being done at this level in the West 

African sub-region or elsewhere. Indeed, related works have been done in Benin Republic, Nigeria 

and Ghana according to the eligibility papers (08 documents) in Figure 1-3. These countries are 

all Sub-Saharan West African coastal countries with the same hot and humid tropical climate. We 

have therefore used the results of this research to find out exactly what has been done and to 

explore the possibilities of transferring technology from these findings to the local level in Côte 

d’Ivoire following Table 1-7 categories and criteria for the analysis. Crop yield modelling is one 

of the most important elements of agricultural decision-making today. Crop system models are 

therefore valuable tools to inform agronomic decisions and advance research. The prediction 

accuracy of simulation models is one of the most vital components in yield modelling. 
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Figure 1- 3: Flowchart diagram for databases search of documentation for reviews and the results 

found 

Source: Adapted from Mengist et al. (2020). 

 

The basic operating mode of crop models requires input data such as soil, climate, plant and 

management which is used by crop simulation model for predicting the crop yield (Figure 1-4) 
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and describe the process of growth and developmental stages of crops (Dzotsi et al., 2013; 

Kosamkar & Kulkarni, 2019; Srivastava et al., 2012).  

 

 

Figure 1- 4: Crop modeling operating system 

Source: Adapted from (Dzotsi et al., 2013; Jones et al., 2003; Srivastava et al., 2012). 

 

4.3.1 Yam Yield Modeling Approaches 

In their work, these authors (Liu et al., 2021; Marcos et al., 2011; Srivastava et al., 2012; Srivastava 

& Gaiser, 2010) studied yam yield modelling, water yam (Dioscorea alata L.) growth and the 

prediction of yam productivity under different agronomic management. Table 1-8 below 

summarizes the details of their modelling approaches. Several yam-adapted crop models and 

machine-learning techniques have been used for yam modelling across Africa and the Caribbean 

(French Antilles). 

 

Table 1- 8: Summary of the approaches to yam yield modelling: 

Study area/ 

Models used/ 

Authors and year 

Inputs data 

Parameterization/ 

Statistical analysis/ 

Model evaluation 

Outputs modules 

Ghana/ 

Approach for 

Land Use 

- Yam parameters for the 

model were based on 

reported values in the 

- Use of field 

observations and compare 

the simulated phenology 

- Soil Organic Carbon 

(SOC) and yield 

response under the 
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Sustainability 

(SALUS) model/ 

(Liu et al., 2021) 

literature and the calibration 

processes; 

- Crop coefficients and 

management (planting dates, 

fertilizer, irrigation water, 

and tillage); 

- Soil data (organic C, total 

N, bulk density, clay, and 

silt) derived from the Africa 

Soil Information Service 

(AfSIS) database includes 

soil layer parameters The 

gridded soil profile 

resolutions were 1 km and 

250 m; 

- Weather data including 

min-max temperature, 

precipitation, and solar 

radiation from the gridded 

0.5◦-resolution POWER 

dataset and also from 

stations at the two locations 

of the study. 

and biomass (both tuber 

yield and aboveground 

biomass) to the field 

observations from two 

different locations to 

parameterize the SALUS-

Yam model; 

- Root mean square of 

deviation (RMSD) and 

mean absolute percentage 

error (MAPE) used to 

evaluate SALUS-Yam 

model accuracy; 

- Outputs modules 

evaluations were based on 

comparisons between 

observed and simulated 

data applied to the crop 

model. 

different agro-

ecological zone soil 

types, and changes in 

nutrients and water; 

- Simulation of yam 

phenology and 

biomass response to N 

and P fertilizer; 

- Two major sources 

of uncertainty were 

observed: soil and 

weather inputs. 

Benin Republic/ 

Environmental 

Policy Integrated 

Climate (EPIC) 

model/ 

(Srivastava et al., 

2012; Srivastava & 

Gaiser, 2010)  

- Data for the model 

calibration including rainfall 

distribution, crop 

characteristics (aboveground 

biomass, tuber yield, LAI, 

etc.) and soil properties 

(moisture retention 

properties, chemical 

composition, etc.) were 

obtained on-farm trials at 

Dogue village; 

- Crops parameters values 

were derived from four 

sources: experiments, 

cassava parameter file from 

EPIC (version 3060), 

- The mean residual error 

(ME) and the mean 

absolute error (MR) were 

used to compare observed 

data and simulated 

values; 

- The EPIC model 

performance was 

evaluated by comparing 

the simulations of 2 

years’ worth of yam 

yields with an experiment 

from Dogue village and 

by determining the 

coefficient between the 

observed and simulated 

yield of yam. 

- Simulation of yam 

growth and the effect 

of fertilizer on yam 

yield; 

- Yam (D. alata) 

growing conditions in 

sub-humid tropical 

savannah areas. 
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literature and the adjusted 

value. 

Guadeloupe/ 

Cropping 

Systems 

Simulation 

(CropSyst) 

model/ 

(Marcos et al., 

2011) 

- Two independent data sets 

from field experiments 

under non-limiting 

conditions for water and 

nutrients and over a wide 

range of planting dates and 

photoperiods including 

Mean temperature (◦C), 

Mean global radiation (MJ 

m2 d-1), Mean photoperiod 

(h), Planting date and years 

of the experiment; 

- Rainfall data (annual 

rainfall for each year) from 

the Experimental Station of 

Duclos; 

Soil data, yam yield (variety 

Lupias); 

- 200g of fresh biomass was 

used for the yam planting. 

- Calibration of the model 

and test of the model were 

based on comparisons 

between observed and 

simulated data from 

Experiment 1 and 

Experiment 2;  

- Determination 

coefficient (𝑅2) and Root 

Mean Square Error 

(RMSE) were used to 

determine the best fit of 

parametrization of the 

model and to evaluate the 

two Experiments 

conducted. 

- Change in the 

Radiation Use 

Efficiency (RUE) as a 

function of the 

planting date; 

- RUE effect on yam 

growth and yields; 

- Yam development 

and growth; 

- Vegetative and 

Tuberisation phase, 

Total biomass and 

Yam yield from the 

two Experiments (1 

and 2) were 

compared. 

West African 

countries/ 

Machine 

learning, models-

based decision 

tree/ 

(Cedric et al., 

2022b) 

- Crop yield, annual rainfall, 

temperature, pesticides and 

chemical data from 1990 to 

2020 from nine West 

African countries collected 

from the Food and 

Agriculture Organization for 

the United Nations and the 

Climate Knowledge Portal 

World Bank; 

- Analysis parameters: Yield 

(kg/ha), Temperature (K), 

Pesticide (t), Rainfall (mm), 

NO2 (1018 μg). 

- Crops Multivariate 

Logistic Regression 

(CMLR), Decision tree, 

and k-Nearest neighbor 

algorithm as machine 

learning algorithms for 

modeling processing; 

- Pearson Correlation 

between features (NO2, 

Temperature, Rainfall, 

Pesticide, Yields, Years); 

- Use three metrics to 

evaluate the models: 

Determination coefficient 

(R2), Mean Absolute 

Error (MAE) and the 

Run-Time of each model. 

- Illustrations of the 

main parameters 

influencing the six 

crop yields: rice, 

maize, cassava, 

cotton, yams, and 

bananas; 

- Prediction of each 

crop yield.  
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1-4.3.2 Impact of Climate Change on Yam Yield 

Climate change has the potential to significantly impact yam production through soil degradation, 

increasing the incidence of pests, and diseases creating yam tuber beetles, and changes in rainfall 

patterns. As yam is a rainfed crop, hence, changes in rainfall patterns can significantly impact its 

production. According to a study by the World Bank Group (2019), these effects due to climate 

change lead to decreased yam yields in Côte d’Ivoire. Also, sorting out issues relating to yam 

production in Nigeria, the authors conducted a study forecasting the effect of climate variability 

on yam yield in the rainforest and guinea savannah agroecological zone of the country. They used 

secondary data sources including the climatic data variables, yam area cultivated and yam output 

in their study (Adeleke Aturamu et al., 2021). The results of the study showed that rainfall and 

temperature are changing over time and unpredictable. Using the Representative Concentration 

Pathway (RCP), yam yield for 2050 was predicted to be 0.34mmt/ha and 0.21 mmt/ha under RCP 

4.5 and RCP 8.5 scenarios respectively. Over time (2030, 2040 and 2050) in the rainforest 

Agroecological zone (AEZ), yam yield is expected to be negative under both RCP scenarios (RCP 

4.5 and RCP 8.5) (Table 1-10). Furthermore, in the savannah zone of West Africa, Srivastava et 

al. (2012) addressed the global climate change impacts on tuber crops by using a simulation 

approach to assess the long-term regional-scale changes in yam production under A1B and B1 

IPCC SRES scenarios. They did not stop only that, better, they were able to examine the 

vulnerability of yam to climate change in conjunction with the soil conditions. The methodology, 

data and approaches used are recorded in Table 1-8. Concerning their findings, they concluded 

that the impact of climate change under the A1B IPCC SERES scenario on yam production is 

significant and will be protuberant in the 2040s. Concerning the soil type, S1 (Ferruginous soils 

impoverished without concretions) seems to be the most sensitive to climate change followed by 

S2 (Ferralitic soils) and S3 (Raw mineral soils) (Srivastava et al., 2012). Still on the effects of 

climate variability on yam production, a study was conducted in the Nothern part of the Benin 

Republic by Adifon et al. (2020). Their study shows that the agro-climatic stress index (ASI) and 

the annual rainfall are the main climatic factors which determine the yield of yam in the various 

growing areas in Benin. He was also able, through a field survey among yam farmers, to gather 

their perceptions of yam production conditions and the challenges they face. The survey revealed 

that yam farmers are unanimous about the influence of the variability of climate parameters on the 
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growth and production of yams (Adifon et al., 2020). The methodological approach he used is 

described in Table 1-9.  

 

Table 1- 9: Summary of the approaches to climate change on yam production 

Data description/sources  Methods/Approaches/Period of the study 
Country/Area/ 

References 

Data are from secondary 

sources: 

- Yam area cultivated; 

- Climate data: CRU, 

ECMWF, ERA-Interim; 

- Validation data: station-

based observations; 

- Historic climate datasets 

(Daily data for 120 years); 

- Future climate data: RCP 

4.5 and RCP 8.5. 

- Surveys using multistage sampling and random 

techniques in the selection of communities. 

- Establishing empirical climate variability over 

time from 1900 to 2019 (118 years); 

- Analyze a historic climate data period (1901-

2019) with thirty-year (30) subdivisions made to 

four (4) non-overlapping epochal climate periods; 

- Future climate data period (2020-2050 ); 

- Statistical methods: Probability Density Function 

(PDF), trend analysis and change points analysis 

for establishing climate variabilities over time. 

Guinea/ 

Savannah and 

Agro-

ecological zone 

of Nigeria/ 

(Adeleke 

Aturamu et al., 

2021) 

Data are from secondary 

sources: 

- Slope inclination and length, 

topographical information;  

- Regional climate model 

outputs (GCM ECHAM5 

downscaled) with A1B 

scenario; 

- REMO model and the A1B 

scenario output of the GCM 

HADC3Q0 downscaled; 

- The RCMs SMHIRCA and 

HADRM3P  with the A1B 

scenario output;  

- Regional soil database from 

the soil association map;  

- Regional cropland database 

with the EPIC crop growth 

simulation model. 

- Comparison of EPIC output for baseline (1961-

2000) and time horizon (2001-2050); 

- Combines the agro-ecosystem model EPIC with 

the hydrological model SWAT (Soil Water 

Assessment Tool); 

- Changes in temperature and precipitation and the 

response of soil types to these changes; 

- Subdivision of the catchment into agronomic 

response units of variable size which constitute the 

spatial simulation units (LUSAC = Land Use-Soil 

Association-Climate units); 

- The LUSAC represent an area with similar 

climate conditions, soil characteristics and a 

representative crop and soil management; 

- Yield of yam had been calculated within each 

LUSAC for the period of 40 years (1961-2000) 

and 50 years (2001-2050). 

- Validation of the model: A total of four climate 

scenarios based on A1B and B1 emission 

scenarios with different RCM output has been 

simulated: The baseline period with the simulated 

historical data (1961-2000) and the time horizon 

Savanna zone 

of West Africa/ 

Particularly in 

the Upper 

Ouémé basin/ 

(Srivastava et 

al., 2012) 
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(2001-2050) under IPCC SERES A1B and B1 

scenario conditions. The CO2 concentration was 

set at 350 ppmv for the baseline simulations.  

Data are from primary 

sources: 

- Daily climate data: 

temperatures, precipitation, 

potential evapotranspiration, 

relative humidity and 

insolation collected from the 

METEO-Benin; 

- Field data (Survey); 

- Yam yield data. 

- Daily climate data period (1981-2016); 

- Survey from 351 producers to collect their 

perceptions about climate variability on the yams 

production; 

- Descriptive statistics analysis of the field data; 

- Principal component analysis (PCA) to 

determine the local perceptions of the effect of 

climatic parameters on yam production; 

- Trend analyses, Lamb index calculations and the 

agro-climatic stress index (ASI) using the climate 

data to determine the climate variability;  

- Yam yields by zone were calculated based on 

data collected from farmers and the yam areas 

cultivated by year; 

- The econometric approach based on ordinary 

least squares (OLS) has been adopted in order to 

identify among the climatic parameters those that 

best explain the yield of fresh yam tubers. 

Central and 

Northern 

Benin/ 

(Adifon et al., 

2020) 

 

In 2019, the World Bank Group conducted a study on “CLIMATE-SMART AGRICULTURE 

INVESTMENT PLAN” with the contribution of the Coat of Arms of Ivory Coast, Initiative for 

Adaptation of African Agriculture (Initiative AAA), International Center for Tropical Agriculture 

(CIAT), Climate Change, Agriculture and Food Security (CCAFS) which is provided an 

investment plan for climate-smart agriculture (CSA) in Côte d’Ivoire. Situation analysis indicates 

that climate change will impact the production of key agricultural products in the country, which 

will, in turn, impact each economic activity. Climate change will drastically alter what crops are 

suitable for a given place, reducing suitability across large areas but also creating pockets of 

increased suitability. Modelling using the International Model for Agricultural Commodity and 

Trade Policy Analysis (IMPACT) suggests that the landscape of economic incentives will change, 

offsetting the loss of ability for some crops while exacerbating it for others (World Bank Group, 

2019). Concerning the yam cropping, their study shows that the percentage point difference in 

yield and area of production with different levels of climate change for yams will be reduced 

negatively in yield under Regional Climate Projection (RCP) respectively in 2030 and in 2050 
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(RCP4.5: -0.9%; -2.3% and RCP8.0: -1.0%; -2.4%) and increased in production in the same RCP 

for respectively 2030 and 2050 (RCP4.5: 0.2%; 0.5% and RCP8.0: 0.1%; 0.4%) (Table 1-10). 

Table 1- 10: Percentage point difference in yield and area of yam production with different levels 

of climate change in Côte d’Ivoire 

 Difference in yield (SSP3)  Difference in area of production (SSP3) 

 RCP 4.5  RCP 8.0  RCP 4.5  RCP 8.0 

 2030 2050  2030 2050  2030 2050  2030 2050 

Yams -0.9 -2.3  -1.0 -2.4  0.2 0.5  0.1 0.4 

Note. SSP = Shared Socioeconomic Pathways; RCP = Representative Concentration Pathway. 

Source: (World Bank Group, 2019) 

 

1-5. Conclusion and Outlooks 

Documentary research is a task to be carried out before embarking on a practical study. It enables 

gathering information from original papers about the work to be carried out. The objective of this 

study was, therefore, to review the state of the art on the topic entitled: «Yam production-related 

agro-climatological risks and yam yield modelling in Côte d’Ivoire». Four official national 

platforms (Ministry of Agriculture and Rural Development (MINADER), National Center for 

Agricultural Research (CNRA), National Agency for Rural Development Support (ANADER), 

Airport, Aeronautical and Meteorological Exploitation and Development Company 

(SODEXAM)) and six scientific search engines were investigated in this study including Theses.fr, 

African Journal Online, Science Direct, Google Scholar, WorldCat and Semantic Scholar. None 

of the results from these ten (10) search platforms found a study in Côte d’Ivoire according to the 

search terms. On the other hand, eight (8) related works in this field were retained and investigated. 

These documents deal with the climatic impact on yam and yam yield modelling in West Africa 

and the French Antilles (Guadeloupe). Regarding climate impact on yam cropping, the authors 

note the low annual yam yield rate caused by rainfall uncertainties, heat waves and soil infertility. 

As far as modelling, is concerned, three (3) models are the most widely used. These are the 

Approach for Land Use Sustainability (SALUS) model, the Environmental Policy Integrated 

Climate (EPIC) model and the Cropping Systems Simulation (CROPSYST) model. In addition to 

these models, artificial intelligence through machine learning models has been used by some 

authors for yield prediction for several crops including yams. These models, as good as they are, 
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present uncertainties and limitations in modelling studies and climate change on yam production. 

Concerning the yield modelling-based machine learning tools, the proposed prediction models are 

generalizable to the West African region and support large-scale data sets which increase 

uncertainties and large estimates in the outputs. On the other side, the variability of crop yields 

and season length simulated by SALUS, EPIC and CROPSYST models are highly dependent on 

the uncertainty of crop parameters and model calibration. These models, therefore, use simple 

relationships to represent yam growth and production. The pattern and magnitude of relationships 

between crop parameters and model output in these studies were consistent with typical responses 

of crop physiological processes and to the environment. However, few modelling studies have 

taken into account the dynamic simulation of disease effects and the simulation of crop phenology 

at the same time. This could be an advantage and improve the accuracy of the model. By doing so, 

the calibrated model could be used to improve fertilizer management in yam production and will 

solve a major problem in this sector for the greater happiness of yam farmers. Finally, it should be 

noted that all the models and tools used in these studies have been developed for several crops, so 

using them needs to be accurately calibrated. In the case of yam, a specific model must be set up 

to fight against all kinds of environmental impact, as it is the main food crop in Côte d’Ivoire, with 

a production of 7853083.92 tonnes in 2021, the second most important in West Africa, and one of 

the most widely grown crops in Africa with 73493225.79 tonnes in 2021 according to Food and 

Agriculture Organization of the United Nations statistics. 
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CHAPTER 2: TOWARDS UNDERSTANDING LAND USE LAND COVER CHANGES AND 

THEIR EFFECTS ON LAND SURFACE TEMPERATURES IN YAM PRODUCTIONS AREA 

IN CÔTE D'IVOIRE, GONTOUGO REGION USING REMOTE SENSING AND MACHINE 

LEARNING TOOLS (GOOGLE EARTH ENGINE) 
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2.1. Introduction 

Agriculture is the main occupation and source of income for most of Sub-Saharan Africa's (SSA) 

populations and, therefore, has a great influence on regional food security (Sultan et al., 2013; 

World Bank Group, 2019). However, due to climate change, many farmers are forsaking their 

favourite crops in favour of others. For example, in Nigeria, farmers in the northern region are 

increasingly planting more drought-resistant crops like groundnuts and maize instead of their usual 

crops like yam to adapt to changing weather patterns. Similarly, in Ghana, some farmers are 

transitioning from cocoa cultivation to cultivating crops like yam and plantain that are less 

vulnerable to erratic rainfall and temperature fluctuations caused by climate change (Danquah et 

al., 2022; Filho, 2021). These changes in cropping patterns alter land use land cover (LULC) and 

the landscape, acting as a climatic feedback mechanism on vegetation cover (Gogoi et al., 2019). 

Affected communities will thus need to discover methods to adapt by utilizing existing natural 

resources and making maximum use of the land (Asselin et al., 2022; Zougmoré et al., 2018). 

These natural feedback climate cycles influence land surface temperatures (LST), also linked to 

human activity (Benmecheta, 2016; Gogoi et al., 2019; Kafi et al., 2014; Moisa, Dejene, & 

Gemeda, 2022).  

The most visible effect of anthropogenic activities at the regional and local level is the modification 

of LULC, which alters the energy balance of the surface, changes surface temperature, the 

microclimate of the region, and dwindling agricultural yields (Aighewi et al., 2015; Gogoi et al., 

2019; Kosari et al., 2020; Moisa, Dejene, & Gemeda, 2022). In the Gontougo region in Côte 

d'Ivoire, there is an alarming regression of forest and annual crop areas, while cashew crops are 

increasing every year, which constitute the main landscape vegetation in this region (Koulibaly et 

al., 2016).  

According to FAO statistics, from 2000 to 2021 in Côte d'Ivoire, harvested yams varied from 

505,408 to 1,438,153 hectare and the yield values from 88,172 to 54,605 hectogram/hectare. That 

means land is increasing every year while yield is continuously decreasing (FAOSTAT, 2023). 

These statistics show high use of land. Fertile land will then certainly be in short supply due to 

overexploitation, canopy degradation and the expansion of cash crops which over time change the 

agricultural landscape (Ghaderizadeh et al., 2022; Sharifi et al., 2016; Sharifi & Amini, 2015). 

Several authors (Moisa, Dejene, & Gemeda, 2022; Phan et al., 2018; Syawalina et al., 2022) 

mention that these actions lead directly to changes in soil surface temperature. But, surface 
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temperature warms up the soil in which the yam is grown. As a result, the yam seed could rot after 

sowing in such conditions. Moreover, we have not found a single study in the literature addressing 

this topic in this part of Côte d'Ivoire that analyzes the effects of LULC change and their effects 

on LST. Most of the studies in this region are about cashew nuts. This is the case of theses authors 

(Diulyale et al., 2019; Kambou Diulyale et al., 2019) who talked about cashew industry structuring, 

then the diversity of cashew uses by farmers and the evaluation of grafting techniques for the 

renewal of ageing cashew orchards. Some of them had focused on the inventory of insect pests of 

the cashew orchard (Félicia et al., 2017). Only Kouakou and colleagues, by addressing yam 

cropping system in Côte d’Ivoire (Kouakou et al., 2019), use to determine yam species and 

varieties cultivated in some regions in Côte d'Ivoire including Gontougo region. Thus, this novelty 

is important to maintain food security and will draw the attention of researchers as well as yam 

farmers to invest in these aspects which are also primordial in the success of yam cropping. It is 

therefore needed to investigate the effect of LULC changes but also of the real state of the 

vegetation through the Normalized Difference Vegetation Index (NDVI) on LST in the Gontougo 

region in Côte d'Ivoire. The LST is the brightness temperature of the ground and therefore 

determines the surface temperature (Rajendran & Mani, 2015). Increased land surface temperature 

is related to many factors, including changes in land use land cover, changes in NDVI and land 

surface parameters (Rajendran & Mani, 2015; Syawalina et al., 2022). According to some authors 

(Moisa et al., 2022; Phan et al., 2018; Syawalina et al., 2022), the LST is increased as a result of a 

decrease in NDVI. Thus, the NDVI has a strong negative association with LST. In the 

environmental monitoring of natural resources, more specifically, agricultural land monitoring, it 

is critical to examine the relationship between vegetation dynamics through NDVI, LULC and 

LST (Moisa et al., 2022; Wu et al., 2019).  

Nowadays, with the evolution of technology and the advent of Artificial Intelligence (AI), many 

processes are automated. This is the case with Google Earth Engine (GEE), a Machine Learning 

tool that allows the automated processing of remote sensing data through algorithms such as 

Random Forest. GEE is a geospatial processing platform based on geo-information applications in 

the ‘cloud’. This platform provides free access to huge volumes of satellite data for computing and 

offers support tools to monitor and analyse environmental features on a large scale (Ghosh et al., 

2022; Pérez-Cutillas et al., 2023; Tamiminia et al., 2020).  
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In this project, through GEE, we used Random Forest (RF) which is a Machine Learning (ML) 

algorithm that is commonly used to improve classifications in remote sensing applications for land 

use land cover classification and change detection (Ashane & Senanayake, 2023; Phalke et al., 

2020; Suryono et al., 2021; Tariq et al., 2022; Teluguntla et al., 2018; Yan et al., 2022; Zhao et al., 

2023) to compute and run the LULC using JavaScript as a code.  

 

2.2. Methodology 

2.2.1. Material and data description 

To be able to examine LULC change and assess the correlation between NDVI, LULC and LST, 

the present study has focused on satellite images and field training reference data collected between 

November and December 2022 in the Gontougo region. Satellite images include Landsat-8 

Oli/Tirs and Sentinel-2 Msi. 

 

2.2.1.1. Satellite images description 

2.2.1.1.1. Landsat-8  

The Landsat data used are from United States Geological Surveys (USGS) and consist of Landsat 

8 Collection 2 Tier 1 Top Of Atmosphere (TOA) Reflectance. This dataset's availability at the time 

of use is from March 2013 to April 2023 (Table 2-1). We used them through GEE to calculate 

NDVI and LST. We used 8 images at a rate of one image per year, from 2015 to 2022 from the 

same collection. 

(https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LC08_C02_T1_TOA) 

Table 2- 1: Landsat 8 TOA Reflectance images description 

Name 

(Bands) 

Pixel Size Wavelength Description 

B1 30 meters 0.43 - 0.45 μm Coastal aerosol 

B2 30 meters 0.45 - 0.51 μm Blue 

B3 30 meters 0.53 - 0.59 μm Green 

B4 30 meters 0.64 - 0.67 μm Red 

B5 30 meters 0.85 - 0.88 μm Near-infrared 

B6 30 meters 1.57 - 1.65 μm Shortwave infrared 1 

B7 30 meters 2.11 - 2.29 μm Shortwave infrared 2 

B8 15 meters 0.52 - 0.90 μm Band 8 Panchromatic 

https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LC08_C02_T1_TOA
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B9 30 meters 1.36 - 1.38 μm Cirrus 

B10 30 meters 10.60 - 11.19 μm Thermal infrared 1, resampled from 100m to 30m 

B11 30 meters 11.50 - 12.51 μm Thermal infrared 2, resampled from 100m to 30m 

QA_PIXEL 30 meters 
 

Landsat Collection 2 QA Bitmask 

 

2.2.1.1.2. Sentinel-2  

The Sentinel-2 data used are from Copernicus and consist of Harmonized Sentinel-2 MSI: Multi-

Spectral Instrument, Level-1C. This dataset's availability at the time of use is from 23 June 2015 

to April 2023 (Table 2-2). We used them through GEE to do the classification and compute the 

LULC and its changes (change detection). We used 2 of these images. One in 2015 and the other 

in 2022. 

(https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_HARMONIZED) 

Table 2- 2: Harmonized Sentinel-2 MSI image description 

Name 

(Bands) 

Pixel Size Wavelength Description 

B1 60 meters 443.9nm (S2A) / 442.3nm (S2B) Aerosols 

B2 10 meters 496.6nm (S2A) / 492.1nm (S2B) Blue 

B3 10 meters 560nm (S2A) / 559nm (S2B) Green 

B4 10 meters 664.5nm (S2A) / 665nm (S2B) Red 

B5 20 meters 703.9nm (S2A) / 703.8nm (S2B) Red Edge 1 

B6 20 meters 740.2nm (S2A) / 739.1nm (S2B) Red Edge 2 

B7 20 meters 782.5nm (S2A) / 779.7nm (S2B) Red Edge 3 

B8 10 meters 835.1nm (S2A) / 833nm (S2B) NIR 

B8A 20 meters 864.8nm (S2A) / 864nm (S2B) Red Edge 4 

B9 60 meters 945nm (S2A) / 943.2nm (S2B) Water vapor 

B10 60 meters 1373.5nm (S2A) / 1376.9nm (S2B) Cirrus 

B11 20 meters 1613.7nm (S2A) / 1610.4nm (S2B) SWIR 1 

B12 20 meters 2202.4nm (S2A) / 2185.7nm (S2B) SWIR 2 

QA60 60 meters 
 

Cloud mask 

 

2.2.1.2. Google Earth Engine description 

Google Earth Engine (GEE) is a geospatial cloud platform for data analysis and geo-information 

applications processing. This platform provides free access to huge volumes of satellite data for 

computing and offers support tools to monitor and analyse environmental features on a large scale. 

Such facilities have been widely used in numerous studies about land management and planning 

https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_HARMONIZED
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(Amani et al., 2020; Ghosh et al., 2022; Pérez-Cutillas et al., 2023; Tamiminia et al., 2020). Several 

programming languages are used for data processing on GEE including JavaScript (JS) coding. 

So, through the GEE-integrated code editor, we computed and ran our data with JS Application 

Programming Interface (API). 

 

2.2.2 Computing of the NDVI and LST using Landsat 8 OLI/TIRS images from 2015 to 2022 

According to America's space agency (NASA Earth Observation 

(https://earthobservatory.nasa.gov/), LST is how hot the “surface” of the Earth would feel to the 

touch in a particular location and NDVI is used to quantify vegetation greenness and vegetation 

density and is useful in understanding plant health (Figure 2-1).  

 

Figure 2- 1: Illustration of vegetation functioning from NDVI. 
Source:https://earthobservatory.nasa.gov/features/MeasuringVegetation/measuring_vegetation_2.php 

Calculations of NDVI for a given pixel always result in a number that ranges from minus one (-1) 

to plus one (+1); however, no green leaves give a value close to zero. A zero means no vegetation 

and close to +1 (0.8 - 0.9) indicates the highest possible density of green leaves. 

 

2.2.2.1. Retrieval of LST 

The thermal bands of Landsat images from OLI/TIRS were used to calculate the LST. Single-

channel Landsat 8 images were utilized to derive LST (band 10 for each year). For determining 

https://earthobservatory.nasa.gov/
https://earthobservatory.nasa.gov/features/MeasuringVegetation/measuring_vegetation_2.php
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LST, it employs the brightness temperature of one band of thermal infrared (TIR), as well as the 

mean and differential in land surface emissivity (Abulibdeh, 2021; Benmecheta, 2016; Moisa, 

Gabissa, et al., 2022; Schmugge et al., 2020). 

 

2.2.2.2. Conversion of digital number into radiance  

The first step in calculating LST from metadata of Landsat image files was to convert the digital 

number to radiance for Landsat OLI/TIRS before calculating brightness temperature (Moisa, 

Dejene, & Gemeda, 2022; Moisa, Gabissa, et al., 2022; Schmugge et al., 2020). The Landsat 8 

OLI’s digital numbers (DNs) of band 10 were first converted to spectral radiance (Eq. 1). 

Lλ = (ML × QCal) + AL                 (1) 

where: 

Lλ is the top of atmosphere (TOA) spectral radiance in watts/ (meter squared ster µm). 

ML is a band-specific multiplicative rescaling factor from the metadata 

(RADIANCE_MULT_BAND_x, where x is the band number). 

AL is the band-specific additive rescaling factor from the metadata 

(RADIANCE_ADD_BAND_x, where x is the band number).  

QCal corresponds to band 10. Is quantized and calibrated standard product pixel values (DN). 

TOA = 0.0003342 * “Band 10” + 0.1 

 

2.2.2.3. TOA to brightness temperature conversion 

Based on land surface emissivity, atmospheric trans-emissivity, brightness temperature, and 

average atmospheric temperature, the mono-window algorithm is used to determine LST (Eq. 2). 

(Benmecheta, 2016; HUANG et al., 2020; Moisa, Dejene, & Gemeda, 2022). 

BT =
K2

ln(
K1
Lλ) + 1

− 273,5                                                                                                                        (2) 

where: 

BT is an effective at-sensor brightness temperature (K). 

K1 = Band-specific thermal conversion constant from the metadata (K1_CONSTANT_BAND_x, 

where x is the thermal band number). (W/(m2 sr μm)). 
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K2 = Band-specific thermal conversion constant from the metadata (K2_CONSTANT_BAND_x, 

where x is the thermal band number). (K) 

Lλ is spectral radiance at the sensor’s aperture (W/(m2 sr μm)). Lλ = TOA. 

Therefore, to obtain the results in Celsius, the radiant temperature is adjusted by adding the 

absolute zero (approx. -273.15°C). 

BT = (1321.0789 / Ln ((774.8853 / “%TOA%”) + 1)) – 273.15 

2.2.2.4. Calculate the NDVI 

The NDVI formula is written according to (Aka et al., 2022; Dibi et al., 2008; Sharifi, 2018) as 

follows (Eq. 3): 

NDVI =
NIR−R

NIR+R
                                                                                                                                              (3)   

Where: 

NIR = Near-Infrared; Corresponds to the band B5 

R = Red; Corresponds to the band B4 

Note that the calculation of the NDVI is important because, subsequently, the proportion of 

vegetation (PV), which is highly related to the NDVI, and emissivity (ε), which is related to the 

Pv, must be calculated. 

 

2.2.2.5. Calculate the proportion of vegetation Pv 

PV is the vegetation proportion acquired according to the formula of (Carlson & Riziley, 1997) as 

indicated in the following (Eq. 4) 

 PV = [
NDVI – NDVImin 

NDVImax – NDVImin
]
2

                                                                                                                       (4) 

 

2.2.2.6. Calculate Emissivity ε 

According to (Gogoi et al., 2019; Sobrino et al., 2004), the land surface emissivity is computed 

using (Eq.5) 

ε = 0.004 * PV + 0.986                (5) 

The value of 0.986 corresponds to a correction value of the equation. 
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2.2.2.7. Calculate the Land Surface Temperature 

Finally, apply the LST equation to obtain the surface temperature maps. The calculated radiant 

surface temperatures were corrected for emissivity using the following equation (Moisa, Dejene, & 

Gemeda, 2022) (Eq. 6) 

LST =
BT

1 + λ (
BT
ρ ) lnε

− 273,5                                                                                                                 (6) 

LST = [BT / ((1 + (0.00115 * BT / 1.4388) * Ln(ε) – 273,5)] 

where: 

LST: land surface temperature (in Kelvin). 

BT: Brightness surface Temperature (in Kelvin). 

λ: the wavelength of emitted radiance (10.8 μm). 

ρ: h × c/σ (1.438 × 10−2 mK): h is Planck’s constant (6.26× 10−34 J s); c is the velocity of light 

(2.998× 108 m/s);  

σ is Stefan Boltzmann’s constant (1.38× 10−23 J/K), and ε is land surface emissivity. 

 

2.2.3. Computing of LULC using Sentinel-2 Multi-Spectral Instrument (MSI) of 2015 and 

2022 

2.2.3.1. Collection of field training data and adoption of the legend 

A three (3) week field mission in the Gontougo region collected three hundred and ninety (390) 

samples of training points distributed over each land use unit. These data were used to classify the 

two (2) Sentinel-2 images by training the Random Forest (RF) algorithm on 60% of these data and 

40% for testing. Below is a spatial distribution of the data collected on the ground on the 2022 

Sentinel-2 image (Figure 2-2). 
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Figure 2- 2: Distribution of point samples collected for the classifications 

This step led us to define and adopt the legend according to the major LULC units found in the 

field. Thus, six (6) classes were retained. They are described in the table below (Table 2-3) 
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Table 2- 3: Description of land occupation units according to the field 

Code LULC classes Description of the classes LULC units reflectance 

0 Annual crops This class includes cultivated land, as well 

as fallow land, sparsely wooded land and 

clearings with some wood which serve as 

stakes for yam growth 

    

1 Perennial crops They are essentially cash crops with a very 

strong presence of cashew nuts, and very 

low representations of hevea and cocoa. 

         

2 Savannah These are continuous grassland formations 

over large areas with the presence of shrubs 

and savannah trees 
       

3 Forest There are mostly gallery and islets forests, 

which are more or less sacred and protected 

by the populations, there are also degraded 

forests and the presence of teak wood.        

4 Bareland & 

Settlement 

These are mainly dwellings or human 

constructions, urban patches, roads, 

denuded soils and rock slabs 

     

5 Waterbody Waterbody includes the form of streams, 

puddles, watercourses, rivers and swamp 
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2.2.3.2. Loading of Sentinel-2 images 

We loaded the Sentinel-2 image collection and applied the filters to them to select the images of 

the study area, then applied the mask, the mosaic and made the clip. The filters are filter date, filter 

bounds, cloud cover, cloud pixel and the select bands. 

 

2.2.3.3. Index computation and create image composite 

Before moving on to the classification, it is important to calculate the biophysical indices in order 

to highlight the spectral characteristics of the LULC  units according to their reflectance (Aka et 

al., 2022; Dibi et al., 2008; Kadio et al., 2022). Therefore, we automatically calculated four indices: 

Soil index (SI), Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index 

(EVI), Soil Adjusted Vegetation Index (SAVI) (Barriguinha et al., 2022; Morawitz et al., 2006; 

Zheng et al., 2014). Then, we combined them with the clipped images of the study area to create 

new channels, stacked them together to enhance the reflectance of the units; and achieved less 

confusion, better classification and good accuracy. They were calculated according to the 

following scripts: 

// Soil index (SI) 

  var SI= image.expression('((65536-Green)*(65536-Blue)*(65536-Red))’, 

{ 'Red':image.select(['B4']),  'Green':image.select(['B3']),   'Blue':image.select(['B2'])  } 

// Normalized Difference Vegetation Index (NDVI)  

var NDVI= image.normalizedDifference(['B8', 'B4']).rename('NDVI’); 

// Enhanced Vegetation Index (EVI)  

var EVI = S2.expression( '2.5 * ((NIR -RED) / (NIR + 6 * RED -7.5 * BLUE + 1))’, 

//Soil Adjusted Vegetation Index (SAVI)  

var SAVI = S2.expression ('float (((NIR - RED) / (NIR + RED + L))* (1+L))',{ 'L': 0.5} 

//Compilation of Sentinel-2 bands and calculated indices 

var compositeS2SS= S2.addBands(si).addBands(ndvi).addBands(evi).addBands(savi) 

Map.addLayer (compositeS2 , viparams, "compositeSS"); 

 

2.2.3.4. Setting up of input parameters for classification using Random Forest Algorithm 

(RFA) 

Random Forest (RF) is one of the machine learning algorithms used for satellite image 

classification and geo-information processing. RF is a powerful algorithm for feature selection, as 
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it ranks the importance of each input variable based on how much it contributes to the overall 

accuracy of the classification (Ashane & Senanayake, 2023; Suryono et al., 2021; Teluguntla et 

al., 2018; Yan et al., 2022; Zhao et al., 2023). 

 

2.2.3.4.1. Classification features set up 

We define the code of each class and we give it the name of the LULC units. Then the points of 

the LULC samples collected are distributed. 60% were used for training and 40% for testing. 

//Classification functions 

Class code = [0, 1, 2, 3, 4, 5] 

Class code rename = OCS = ["Annual crops", "Perennial crops", "Savannah", "Forest", 

"Bareland and Settlement", "Waterbody"]; 

//Distribution of training and testing points 

// Training 60% 

var training_22 = RedRegions_S2SS.filter(ee.Filter.lt('random', 0.6)); 

// Testing 40% 

var testing_22 = RedRegions_S2SS.filter(ee.Filter.gte('random', 0.4)); 

 

2.2.3.4.2. Define Random Forest function for classification 

The RFA (smileRandomForest) is applied to the set of stacker images for 2022 and for 2015, and 

then the algorithm is executed. 

var Classification= function(training, label, bands, image, testing) {} 

var trainedRF= ee.Classifier.smileRandomForest(100).train({ features: training, classProperty: 

label, inputProperties: bands, }); 

var classifiedRF = S2.select(bands).classify(trainedRF) 

 

2.2.3.5. Computing of the LULC changes: Change Detection 

The analysis of the changes that occurred over the entire study period was conducted using the two 

Sentinel-2 images. It produces a change detection matrix from the comparison between the maps 

of the two dates. So, once the two LULC have been obtained, we identified the difference between 
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the two dates (Aniah et al., 2023; Gou et al., 2022; Kafi et al., 2014) and then obtain the change 

according to the following script: 

// Define a function to compute change detection using the LULC maps 

function compute_change(lulc1, lulc2) { 

  var change = lulc2.subtract(lulc1); 

  // Mask out areas where the LULC did not change 

  var mask = change.neq(0); 

  change = change.updateMask(mask); 

  // Return the change map 

  return change;} 

// Compute change maps for 2015 and 2022 

var change_2015_2022 = compute_change(lulc_2015, lulc_2022); 

Notably, the LULC results obtained from GEE have been geo-processed using ArcGIS software 

to give the best possible representation of the different land uses and land cover that the Gontougo 

Region reflects. This is one of the limitations of this study. 

 

2.2.3.6. Define and generate the Accuracies assessment 

The classification details and accuracy are generated using the RFA functions, The function that 

displays them on GEE is "print" (Aniah et al., 2023; Ghayour et al., 2021). There are: Error Matrix, 

Kappa, Overall accuracy (OA), Producer's accuracy, User's accuracy and the classification Score 

for each LULC classes 

print('Training Results RF',TrainingResults_RF); 

print('RF Matrice Confusion: ', cmRF); 

print('RF Produceers accuracy: ', paRF); 

print('RF Users/Cons accuracy: ', caRF); 

print('Validation Results RF',results_RF); 

 

2.2.4. Analysis of LULC changes rate  

The Overall Change Rate (Tg) is used to estimate the overall progress (the proportion of gain or 

loss) of the areas of LULC units (Aka et al., 2022; Dahan et al., 2021). The overall rate of change 

is obtained from the following mathematical formula (Eq. 7).:  
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Tg = [(S2 – S1)/ S1] *100         (Eq. 7). 

where:  

Tg = Overall rate of change (%);  

S1 = Area of the class on date t₁ (initial date);  

S2 = Area of the class on the date t₂ (final date), and t₂˃t₁.  

 

2.2.5 Correlations Analysis between NDVI and LST 

We used Pearson correlation coefficient (also known as Pearson R statistical test) to measure the 

strength between the different variables and their relationships (Eq. 8). Here we measure a 

statistical test between two variables (NDVI and LST) Therefore, according to authors such as 

Peng et al., (2020; Zheng et al., (2014), the calculation of the correlation coefficient value allows 

to know the strength of the relationship between two variables. Pearson’s correlation coefficient 

can range from +1 to -1, where +1 indicates the perfect positive relationship between the variables 

considered, -1 indicates the perfect negative relationship between the variables considered, and 0 

value indicates that no relationship exists between the variables considered (Njoku & Tenenbaum, 

2022; Zheng et al., 2014). 

 

Where: 

r
xy

= Pearson r correlation coefficient between x and y 

n = number of observations 

x
i
 = value of x (for ith observation) 

y
i
 = value of y (for ith observation) 

 

2.2.6 Correlations Analysis between LULC and LST 

Through qualitative and quantitative comparison of the change, the LULC types were compared 

with the LST values over the classification years based on their respective changes (Moisa, Dejene, 

& Gemeda, 2022).   

   
 

                                           (8) 
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2.3. Results 

2.3.1. NDVI Analysis  

Over the study period, between 2015 and 2022, the NDVI of the Gontougo region was determined 

according to the NIR and Red multispectral bands of the Landsat images. We noticed that the year 

2021 presents the highest NDVI mean value with 0.246 and the year 2016 presents the lowest with 

0.205 (Table 2-4). Each of the NDVI values per year of study is statistically presented in a 

histogram. These histograms show the distribution of vegetation cover according to the channel in 

which the NDVI value is high, medium or low (Figure 2-3). It can be seen that the distribution of 

NDVI revolves around the mean values where the highest peaks are observed. 

Table 2- 4: NDVI variation from 2015 to 2022 

Year 2015 2016 2017 2018 2019 2020 2021 2022 
NDVI change 

(2015 - 2022) 

Minimum NDVI -0.046 -0.030 -0.108 -0.064 -0.081 -0.040 -0.105 -0.090 -0.044 

Maximum NDVI 0.567 0.415 0.416 0.431 0.482 0.454 0.557 0.414 -0.153 

Mean NDVI 0.215 0.205 0.214 0.221 0.240 0.244 0.246 0.243 0.029 

 

 

Figure 2- 3: NDVI histograms per year 

Qualitatively, the results show that the North-East, North-West and West parts are much more 

devoid of vegetation than the other parts of the study area. The central and southern areas have 

some greenery. It should also be noted that overall, the values vary from -0.108 to 0.566 (Figure 

2-4). The mean values of each NDVI were extracted to appreciate the trend of the vegetation 

 2015    2016   2017   2018 

    
2019    2020   2021   2022 
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(Figure 2-5) and it was found that the years 2019 to 2022 show higher average vegetation than the 

years 2015 to 2018 where the trend is lower. 

 

Figure 2- 4:NDVI maps from 2015 to 2022 

 

 

Figure 2- 5: Gontougo Ndvi mean over time 
 

2.3.2. LST Analysis 

The LST is used in monitoring the temperature and surface processing of land features. In the 

present study, LST is calculated using thermal bands from Landsat images from 2015 to 2022. 

Table 5 reveals that the maximum temperature peaked at 50.11°C in the year 2021, while the 

minimum temperature recorded 9.21°C in 2019. Overall, LSTs are around 31°C when considering 
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mean values. Similarly, at the mean level, there has been a temperature decrease of 0.19°C over 

the years from 2015 to 2022 (Table 2-5). 

Table 2- 5: LST variation from 2015 to 2022 

Year 2015 2016 2017 2018 2019 2020 2021 2022 
LST change 

(2015 - 2022) 

Minimum LST (°C) 17.33 12.48 12.47 8.71 9.21 16.69 9.71 16.53 -0.79 

Maximum LST (°C) 45.22 46.35 44.95 46.37 46.27 49.32 50.11 45.81 0.58 

Mean LST (°C) 31.05 32.73 30.47 31.01 31.98 32.52 32.15 30.86 -0.19 

 

To appreciate these values, we generated histograms for each year of LST. These histograms show 

the distribution of LST values. The horizontal axis shows the minimum values at the beginning, 

the middle, the mean value and the maximum value at the end. On the vertical axis, we can see the 

evolution especially the concentration of the LST values from the diagonal line (Figure 2-6). For 

all years, the distribution of LST is more or less concentrated on the mean where the highest peaks 

are observed. 

 

Figure 2- 6: LST histograms per year 

The findings of the study revealed that the Northeastern and some few Western parts of the study 

area had high LST except in the year 2019 where the western part is not high, whereas the southern 

and Centre-eastern parts had low LST (Figure 2-7).  

2015    2016   2017   2018 

    
2019    2020   2021   2022 
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Figure 2- 7: LST maps from 2015 to 2022 

Based on the mean values, we have represented the trend of the LST. The year 2017 recorded the 

lowest temperature at 30.47°C and the year 2016 had the highest temperature at 32.73°C The 

overall trend shows a constant and slight evolution along the LST trend line (Figure 2-8) 

 

Figure 2- 8: Gontougo LST mean over time 
 

2.3.3. Land use land cover changes 

All the results obtained in this section are from the classification of Sentinel-2 images via GEE, 
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OA: Overall Accuracy Acrops: Annual crops; Pcrops: Perennial crops; Sav: Savannah; Forest: 

Forest; BarSet: Bareland and Settlement; Wb: Waterbody. 

 

2.3.3.1. Accuracy assessment 

Accuracy assessment is a process of evaluating the accuracy of a land use land cover (LULC) 

classification map (the classified data) by comparing it to reference data (Aniah et al., 2023; 

Olofsson et al., 2013). The field sample of LULC units serves as our reference data. Accuracy 

assessment provides a quantitative measure of the classification's overall accuracy and identifies 

the LULC classes where errors are more prevalent. Thus, we were able to determine for each 

classification the following precision statistics: F1 score, PA and UA (Table 2-6). The F1 score 

takes into account both precision (PA and UA) and recall so that the two reach the highest at the 

same time and take a balance (Zhang et al., 2023) In this case, the BarSet class has the greatest 

score for the year 2015 (0.98), while Acrops has the lowest (0.70). For the year 2022, the highest 

score is the Wb class (1.00) and the lowest is Acrops (0.83). The percentage of pixels in each class 

that were correctly classified to all of the pixels in that class in the reference data is what determines 

the producer's accuracy in table 2-6. It evaluates how accurately a classification can identify a 

given class. And then, the user's accuracy is the proportion of correctly classified pixels in each 

class to the total number of pixels in that class in the classification map. It measures the accuracy 

of classification in correctly assigning pixels to a particular class (Aniah et al., 2023; Congalton, 

1991; Jensen, 1986; Olofsson et al., 2013; Rwanga & Ndambuki, 2017; S. Zhang et al., 2023). In 

our situation, we had low values of PA and UA in 2015 of 0.73 and 0.67, respectively, which 

belonged to the classes Acrops and Sav. Also, as high values, 0.96 and 1.00 belong to the classes 

of Pcrops and Wb respectively. Following the year 2022, the trend was better and we had as low 

values of PA and UA 0.80 and 0.81 belonging respectively to the Savannah and Acrops classes. 

And as a high value, 1.00 of each side belonging to the classes Wb and BarSet for PA and Wb for 

UA. Figure 2-9 shows graphically these precisions with all the different values in the vertical axis. 

Table 2- 6: Samples training data classifications precisions by LULC class 

LULC 

classes 
2015   2022 

 F1 score 

(%) 

Producer 

Accuracy 

(%) 

User 

Accuracy 

(%) 

 F1 score 

(%) 

Producer 

Accuracy 

(%) 

User 

Accuracy 

(%) 

Acrops 0.70 0.73 0.67  0.83 0.85 0.81 
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Pcrops 0.97 0.96 0.98  0.98 0.99 0.97 

Sav  0.75 0.86 0.67  0.86 0.80 0.94 

Forest 0.85 0.85 0.85  0.92 0.85 1.00 

BarSet 0.98 1.00 0.96  0.98 1.00 0.96 

Wb 0.89 0.80 1.00   1.00 1.00 1.00 

 

 

Figure 2- 9: Samples precisions of the LULC mapping for the two years 

The overall cartographic accuracy and kappa coefficient of the classification process on the two 

Sentinel-2 images are presented in table 2-7 and table 2-8 (error matrices). Bold values in these 

tables represent row or column totals. For each year’s classification, we calculated Overall 

Accuracy (OA) and Kappa to evaluate the accuracy of the classification results. Overall accuracy 

is the proportion of correctly classified pixels to the total number of pixels in the image. It provides 

a measure of the classification's overall accuracy. The kappa coefficient is a measure of agreement 

between the classification map and the reference data that takes into account the possibility of 

chance agreement. It ranges from -1 to 1, with 1 indicating perfect agreement and 0 indicating no 

agreement beyond chance. (Aka et al., 2022; Banko, 1998; Congalton, 1991; Rwanga & 

Ndambuki, 2017; Zhang et al., 2023). In the 2015 LULC classification, the OA was 0.94% and the 

kappa 0.87. However, in the year 2022, the OA was 0.96% and the kappa 0.92. The diagonal values 

in grey font represent the well-classified pixels between the UA and the PA and the other values 

represent the commission and omission errors. Both errors occur during these LULC mapping. 

Indeed, an error of omission refers to when a feature that should have been mapped was missed, 
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while an error of commission occurs when a feature is mapped that should not have been included 

in the LULC classification (Akomolafe & Rosazlina, 2022; Banko, 1998; Congalton, 1991).  

 

Table 2- 7: LULC error matrix 2015 

Overall accuracy = 93.77%          

Kappa = 0.87           

Data Classified 

2015 
Acrops Pcrops Sav  Forest BarSet Wb 

Row 

Total 

Acrops 66.67 1.25 0.00 0.00 4.35 0.00 72 

Pcrops 25.00 97.50 22.22 7.69 0.00 0.00 152 

Sav  0.00 0.63 66.67 0.00 0.00 0.00 67 

Forest 8.33 0.00 11.11 84.62 0.00 0.00 104 

BarSet 0.00 0.00 0.00 0.00 95.65 0.00 96 

Wb 0.00 0.63 0.00 7.69 0.00 100.00 108 

Column Total 100 100 100 100 100 100 600 

 

Table 2- 8: LULC error matrix 2022 

Overall accuracy = 96.01%          

Kappa = 0.92           

Data Classified 

2022 
Acrops Pcrops Sav  Forest BarSet Wb 

Row 

Total 

Acrops 80.95 0.53 5.88 0.00 4.17 0.00 92 

Pcrops 9.52 97.37 0.00 0.00 0.00 0.00 107 

Sav  9.52 1.05 94.12 0.00 0.00 0.00 105 

Forest 0.00 1.05 0.00 100.00 0.00 0.00 101 

BarSet 0.00 0.00 0.00 0.00 95.83 0.00 96 

Wb 0.00 0.00 0.00 0.00 0.00 100.00 100 

Column Total 100 100 100 100 100 100 600 

 

2.3.3.2. LULC mapping 

The LULC mapping of the study area led to two maps, each showing the following six classes: 

Annual crops, Bareland and Settlement, Forest, Perennial crops, Savannah, and Waterbody 

(Figure 2-10). At first glance, we can see the regression of forest and annual crop classes between 

the two dates. The savannah class is more present in the northeast and in the extreme west, and 

little represented in the central region where the forest is dominant. The Waterbody class is very 

thin and is almost invisible. However, it can be observed on the western side in the year 2015, 
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where a river flows, of which the study area is the limit. Generally, water in the research region is 

mostly in the form of puddles, ponds, and wetlands, which dries up during the dry season leaving 

bare soil. The Bareland and Settlement class is disseminated and more present in the northwest on 

both images and accentuated in 2022. Finally, the Perennial crops class, the most obvious and 

visible in both images, occupies the largest area (63% in 2015 and 67% in 2022) of all LULC 

classes (Table 2-9 and Figure 2-11). 

 

Figure 2- 10: Gontougo LULC map of 2015 and 2022 

 

Table 2- 9: LULC area in hectares and percentage 

LULC classes 2015   2022 

 Area (Ha) Area (%)  Area (Ha) Area (%) 

BarSet 32958.91 2.03   44745.25 2.76 

Forest 158052.47 9.74  89220.32 5.50 

Wb 10396.58 0.64  5455.90 0.34 

Sav  236322.41 14.56  271900.00 16.75 

Acrops 155524.34 9.58  123500.00 7.61 

Pcrops 1029566.75 63.44  1088000 67.04 

Total 1622821.48 100.00   1622821.48 100.00 
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Figure 2- 11: Spatial-temporal evolution in LULC areas (%) from 2015 to 2022 

 

2.3.3.3. Assessment of the LULC changes 

The overall rate of LULC changes made it possible to estimate the overall increase in gains and 

losses proportion of LULC areas (Aka et al., 2022). Analysis of the rate of change shows that 

BareSet, Sav and Pcrops have positive values then indicate a “gain or progression in the area” and 

Forest, Wb and Acrops have negative values thus indicating a “loss or regression in the area” 

(Figure 2-12). The critical loss is Wb (-47.52%) and the most gain is for the BarSet (35.76%) 

class. 

 

Figure 2- 12: Overall rate of LULC changes in the study area between 2015 and 2022 
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The assessment of the LULC Overall change rate led us to set up and calculate the LULC change 

matrix, also called the transition matrix. The LULC change matrix is used to quantify changes in 

the distribution of LULC types over time. We used it to monitor and analyze changes between the 

2015 and 2022 LULC maps. The matrix rows represent the LULC types in the earlier period, 

whereas the columns represent the LULC types in the later time. The matrix cells show the areas 

converted from one LULC type to another. However, the diagonal values in grey colour represent 

the percentages of LULC classes that remained stable. Only 13.40% of the Acrops areas have 

remained stable and 65.14% have been converted into Pcrops, which is alarming (Table 2-10). 

These statistics can be seen in detail with the overall area in hectares, the percentage of each LULC 

type and the changes it has experienced from 2015 to 2022 in Table 2-11. As shown in the area 

column (in percentage), the values in grey colour stand for LULC classes that remained stable and 

the other values have undergone mutations by moving from one class to another. 

Table 2- 10: LULC changes matrix in percentage between 2015 and 2022 

LULC classes 
2015 

Acrops  BarSet Forest Pcrops Sav Wb 

2022 

Acrops  13.40 26.04 0.87 5.93 12.94 9.80 

BarSet 2.26 43.22 0.05 0.57 8.78 2.40 

Forest 0.10 0.00 37.81 2.39 1.06 2.25 

Pcrops 65.14 12.30 48.13 83.23 19.99 20.68 

Sav 18.79 18.32 13.02 7.79 56.16 51.51 

Wb 0.31 0.12 0.12 0.08 1.06 13.36 
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Table 2- 11: LULC changes matrix details between 2015 and 2022 

LULC change 

(2015 - 2022) 
Area (Ha) 

LULC classes 

change (Ha) 
Area (%) 

BarSet  -  Forest 1.258 

32958.91 

0.00 

BarSet  -  BarSet 14246.437 43.22 

BarSet  -  Pcrops 4052.67 12.30 

BarSet  -  Acrops 8583.481 26.04 

BarSet  -  Sav 6036.728 18.32 

BarSet  -  Wb 38.336 0.12 

Forest  -  Forest 59761.825 

158052.474 

37.81 

Forest  -  BarSet 74.705 0.05 

Forest  -  Pcrops 76077.739 48.13 

Forest  -  Acrops 1376.897 0.87 

Forest  -  Sav 20575.849 13.02 

Forest  -  Wb 185.459 0.12 

Wb  -  Forest 233.771 

10396.586 

2.25 

Wb  -  BarSet 249.596 2.40 

Wb  -  Pcrops 2149.912 20.68 

Wb  -  Acrops 1018.358 9.80 

Wb  -  Sav 5355.618 51.51 

Wb  -  Wb 1389.331 13.36 

Sav   -  Forest 2507.408 

236322.412 

1.06 

Sav   -  BarSet 20760.611 8.78 

Sav   -  Pcrops 47252.3 19.99 

Sav   -  Acrops 30580.906 12.94 

Sav   -  Sav 132720.742 56.16 

Sav   -  Wb 2500.445 1.06 

Acrops  -  Forest 162.239 

155524.344 

0.10 

Acrops  -  BarSet 3515.856 2.26 

Acrops  -  Pcrops 101314.754 65.14 

Acrops  -  Acrops 20834.644 13.40 

Acrops  -  Sav 29216.859 18.79 

Acrops  -  Wb 479.992 0.31 

Pcrops  -  Forest 24590.075 

1029566.746 

2.39 

Pcrops  -  BarSet 5900.056 0.57 

Pcrops  -  Pcrops 856922.474 83.23 

Pcrops  -  Acrops 61093.983 5.93 

Pcrops  -  Sav 80197.774 7.79 

Pcrops  -  Wb 862.384 0.08 

TOTAL 1622821.47 1622821.47 600 
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2.3.4. Correlation between NDVI and LST 

The relationship between LST and NDVI index was examined using Pearson Correlation analysis. 

We performed this statistical analysis by comparing the LST and NDVI values after a 

reclassification where both variables have the same number of classes. We had eight images on 

each side, so eight matches were made per pair (LST and NDV together).LST values were 

discovered to range from maximum temperature (50.11 °C) to minimum temperature (9.21 °C), 

whereas NDVI values are found to range from 0.567 to −0.108 maximum to minimum. The results 

show that LST and NDVI have a significant (strong negative) correlation each year (Table 2-12). 

Following table 2-12, which shows the type of correlation between NDVI and LST, we looked at 

the plots generated by these tables, which show how the regression line declines at each correlation 

(Figure 2-13). This means a negative correlation between NDVI and LST. Pearson's correlation 

coefficient (r) recorded at each correlation thus indicates negative values from 2015 to 2022. 

Respectively these values are (from 2015 to 2022): r= -0.992, r= -0.982, r= -0.975, r= -0.977, r= -

0.966, r= -0.994, r= -0.990, r= -0.978. 

Table 2- 12: Pearson’s correlation coefficient (r) between NDVI and LST 

Pearson's Correlations  

      Pearson's r p 

NDVI 2015  -  LST 2015  -0.992 *** < .001  

*; **; ***  
 

Pearson's Correlations  

      Pearson's r p 

NDVI 2016  -  LST 2016  -0.982 ** 0.003  

*; **; *** 
 

 

Pearson's Correlations  

      Pearson's r p 

NDVI 2017  -  LST 2017  -0.975 ** 0.005  

*; **; *** 
 

 

Pearson's Correlations  

      Pearson's r p 

NDVI 2018  -  LST 2018  -0.977 ** 0.004  

*; **; *** 
 

 

Pearson's Correlations  

      Pearson's r p 

NDVI 2019  -  LST 2019  -0.966 ** 0.007  

*; **; *** 
 

 

Pearson's Correlations  

      Pearson's r p 

NDVI 2020  -  LST 2020  -0.994 *** < .001  

*; **; *** 
 

 

Pearson's Correlations  

      Pearson's r p 

NDVI 2021  -  LST 2021  -0.990 ** 0.001  

*; **; *** 
 

 

Pearson's Correlations  

      Pearson's r p 

NDVI 2022  -  LST 2022  -0.978 ** 0.004  

*; **; *** 
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Note: * = p < 0.5; ** = p < 0.1; *** = p < 0.01  

 

 

Figure 2- 13: Pearson’s correlation (Scatter plots) between NDVI and LST 

2.3.5 Correlation between LULC and LST 

The spatial LST values distributions for the different LULC classes were reclassified and mapped 

for each of the two LULC years 2015 and 2022. This was done to depict temperature differences 

on the maps and thus shows the LULC areas which are more or less heated (Figure 2-14). These 

LST values reclassify maps to show that the hottest areas are the savannah and the bareland and 
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settlement areas. Similarly for the low-temperature areas which are more or less forest areas. In 

addition, there is a lot of spread of LULC classes as well as temperatures that vary immensely over 

the whole area on both maps. Furthermore, the surface temperatures varied between 17.33°C and 

45.22°C for 2015 and 16.53°C and 45.81°C for 2022. These values can be observed on the map 

through the legend as in the following table (Table 2-13). 

 

Figure 2- 14: LST reclassification. 

 

Table 2- 13: LST 2015 and 2022 levels reclassification 

LST reclassification   LST degree 2015   LST degree 2022 

Low  17.33 - 28.77  16.53 - 29.11 

Medium  28.77 - 31.28  29.11 - 31.40 

High  31.28 - 34.33  31.40 - 34.26 

Very High   34.33 - 45.22   34.26 - 45.81 

Then, the mean LST values were matched to the LULC classes and it was found that in 2015 the 

Bareland and Settlement class recorded the highest surface temperature (35.18°C), followed by 

the Savannah class (34.60°C). The forest class recorded the lowest temperature (28.69°C) (Table 

2-14). In 2022, still with the mean LST values, the correlation shows again that the Bareland and 

Settlement class recorded the highest LST at 35.41°C and the lowest LST was recorded by the 
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forest class (28.46°C). The differences in mean temperature are a decrease in LST of 0.23 for the 

forest class and an increase for the Bareland and Waterbody classes.  

 

Table 2- 14: Correlation between LULC and LST 

  
2015   2022   (2015-2022) 

LULC classes 
LST Mean 

(°C) 
LST Level    

LST Mean 

(°C) 
LST Level    

Change in LST 

Mean (°C)  

Bareland and 

Settlement 
35.18 Very High  35.41 Very High  0.23 

Forest 28.69 Low  28.46 Low  -0.23 

Waterbody 33.74 High  34.54 Very High  0.80 

Savannah 34.60 Very High  33.44 High  -1.17 

Annual crops 31.67 High  32.93 High  1.26 

Perennial crops 30.35 Medium   29.98 Medium   -0.37 

 

2.4. Discussion 

2.4.1. Mutation and change in LULC in the Gontougo region 

The spatio-temporal analysis of Gontougo LULC change made it possible to categorize 6 LULC 

classes for each year. There are: annual crops; perennial crops; savannah; forest, bareland and 

settlement; and waterbody The overall accuracy obtained is 93.77% with a kappa coefficient of 

0.87 for the year 2015 map, and 96.01% overall accuracy and 0.92 kappa coefficient for the year 

2022 map. These results are close to those obtained by Kadio. et al., (2022) who mapped Sentinel-

2 image and compared it with Landsat-8 Oli in the Azagny site Ramsar in Côte d’Ivoire. The 

Overall Accuracy was 90,63% and the Kappa 0,94. Also, Zhang (2023) used GEE and Random 

Forest with three Sentinel-2 images in the crop mapping type, agronomic purposes to quantify 

cultivated areas and determine yields in China and obtained respectively 95.72%, 97.21%, and 

98.13% as overall accuracy and 0.94, 0.96 and 0.98 as kappa for the year 2017, 2018 and 2020.  

This latter study is somewhat similar to ours, in the sense that it discusses the use of machine 

learning, the RF algorithm and highlights all the cartographic precisions that we were able to obtain 

in this study. In remote sensing, a classification is deemed acceptable when the value of the Kappa 

coefficient is greater than 75% (Congalton, 1991; Jensen, 1986;  Zhang et al., 2023). It confirms 

that the results of this analysis are statistically acceptable. Regarding RF algorithm, it’s nowadays 

widely used in satellite image classification because it gives better results (Phalke et al., 2020; 
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Teluguntla et al., 2018; Yan et al., 2022; Zhao et al., 2023). We are increasingly turning to machine 

learning technology like GEE for the implementation of LULC change. These authors have also 

done the same in their LULC study using Landsat collection images.(Ashane & Senanayake, 2023; 

Phalke et al., 2020; Suryono et al., 2021; Teluguntla et al., 2018; Yan et al., 2022; Zhao et al., 

2023). The particularity of our study here is to use Sentinel-2 which is one of the studies that has 

so far mapped the LULC change of the entire Gontougo region and assessed the land surface 

temperature using machine learning technology (GEE) and RF algorithm. However, it should be 

noted that Sentinel-2A was launched in June 2015 and the first images were available on 23 June 

2015. These early images of the Sentinel-2 mission over our study area show quite a bit of artefact 

and constitute bits of images with continuous haze. The mosaicking and speckle cleaning allowed 

us to have a homogeneous image from which the 2015 classification was made. This is what 

justifies the low precision obtained compared to 2022 where the filter interval search was on a full 

year.  

The other striking aspect of our research is the drastic loss of forest and the dramatic decrease in 

annual crop areas. Indeed, from 2015 to 2022, forests lost 62.19% of their area and annual crops 

lost 86.6% of their area. These various losses are to benefit perennial crops up to 48.13% for the 

forest and 65.14% for annual crops. Indeed, according to a study carried out in the region on the 

re-profiling of roads by the State of Cote d'Ivoire, and according to the latest census of the 

population and habitat, Gontougo region's potential economy is based primarily on agriculture, 

and the reputation of this region in this area is based on the famous variety of yam called "Kponan 

(République de Côte d’Ivoire, 2019; RGPH-CI, 2021). The current situation shows a landscape 

that is strongly dominated by perennial crops, with cashew nuts in the lead. The region is one the 

most cashew producer in Côte d’Ivoire with 65,018 tons in 2022 according to the Cashew Cotton 

Council (CCA). In detail, at the level of each Gontougo department, it is 49,735t in Bondoukou 

3315t for Koun Fao, 7725 t for Sandégué, 4094 t for Tanda, and 194t forTransua. These statistics 

are given by the Agenice Ivoirienne de Presse (AIP) in an article published on 3 February 2023 at 

8:01 GMT entitled: «Côte d'Ivoire - AIP/ Noix de cajou : L'Indénié-djuablin et le Gontougo ont 

réalisé une production annuelle de 68 697 tonnes en 2022» Edited by Memel Franck Niagnely1 

This necessitates the availability of a large production area. This explains why the vegetation cover 

and yearly crop area have been drastically reduced. As for the yam crop, in most cases, it is used 

to prepare or lay out the soil for the next cashew season. According to the yam farmers themselves, 

they transplant small cashew seedlings into their producing yam fields. And after the yam harvest, 
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the cashew field takes over completely, and new annual crop areas are sought for the following 

year. : This is one of the factors contributing to the annual decline in the area planted for annual 

crops. The fact that annual crops are not grown in isolation and that it is important to leave trees 

in the fields of annual crops, particularly yam, in order to encourage the growth of yam buds, also 

serves to justify technically the low precision of mapping and discriminating of the annual crops 

class. 

1: https://www.aip.ci/cote-divoire-aip-noix-de-cajou-lindenie-djuablin-et-le-gontougo-ont-realise-une-

production-annuelle-de-68-697-tonnes-en-2022/ . 

 

2.4.2. Effect of the LULC changes and NDVI on LST 

Land surface heating is the cumulative effect of LULC change and global atmospheric warming 

(Moisa, Dejene, Merga, et al., 2022; Moisa, Gabissa, et al., 2022). The decline of vegetation cover 

driven by agricultural expansion in the study area substantially increases the LST. Indeed, the 

results show that the lowest observed temperatures are in areas where forests are present. 

Respectively, the LULC forest areas of 2015 and 2022 recorded the lowest mean LST of 28.69°C 

and 28.46°C. This translates into a slight decrease in temperature over the year. This trend is 

verified within NDVI calculations. According to some authors (Carlson & Riziley, 1997; Davi et 

al., 2006; Du et al., 2017; Morawitz et al., 2006; Syawalina et al., 2022; Z. Wu et al., 2019), healthy 

vegetation absorbs most of the visible light that hits it and reflects a large portion of the near-

infrared light. Unhealthy or sparse vegetation reflects more visible light and less near-infrared 

light. (Davi et al., 2006; Dibi et al., 2008; M. R. Khan et al., 2010; P. Phan et al., 2021). Therefore, 

the NDVI has a huge influence in LST calculation and the surface temperature content. This is 

why we used it to correlate with the LST. Similarly, like the LST, the NDVI was reclassified into 

four classes and was also well-corrected with the LST (Table 2-15). This NDVI classification 

corresponds to the vegetation standards from Sub-Saharan humid tropical countries since a 

definition of the forest depends on the forestry code of each country (Dibi et al., 2008; RCI-Code 

Forestier, 2019b, 2019a). Accordingly, the negative NDVI values corresponding to the description 

"Non-vegetation land" recorded the highest temperatures. This can be also perceived with 

Pearson’s correlation coefficient (r) for each year (Figure 2-13) and confirms that the absence of 

vegetation induces a high surface temperature compared to the vegetated land which records a low 

temperature (Zheng et al., 2014) Yet, the negative Pearson correlations coefficient values found in 

the relationship between the LST and NDVI are indicating the presence of the green areas mitigates 

https://www.aip.ci/cote-divoire-aip-noix-de-cajou-lindenie-djuablin-et-le-gontougo-ont-realise-une-production-annuelle-de-68-697-tonnes-en-2022/
https://www.aip.ci/cote-divoire-aip-noix-de-cajou-lindenie-djuablin-et-le-gontougo-ont-realise-une-production-annuelle-de-68-697-tonnes-en-2022/
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the surface temperature effect. This is because the vegetation is wet and contains water almost over 

most months of the year through the leaves compared to other types of LULC and therefore 

moistens the surface, absorbs more, and reflects less solar radiation (Davi et al., 2006; Morawitz 

et al., 2006). 

Table 2- 15: NDVI classification in correlation with LST 

NDVI Values NDVI Description LST Correspondence 

- 1 <NDVI< 0.00 Non-vegetation land Very High  

0.00 <NDVI< 0.20 Low vegetation land  High  

0.20 <NDVI< 0.40 Medium vegetation land Medium 

0.40 <NDVI< 1 High vegetation land Low 

In contrast, the water surfaces have often recorded high temperatures (33.74°C in 2015 and 

34.54°C in 2022 for the mean temperature). In fact, the waterbody class is not a large river or big 

stream. It is made up of puddles, backwaters, small lakes, ponds, and swamps. As you have noticed 

it is the class with the smallest extent and represents less than 1% of the total area of the classes in 

2015 and exactly 0.34% in 2022. This means that the waters dry up, especially in the dry season 

and become bareland. As a result, the temperatures will be very high like in the bareand and 

savannah areas. Indeed, our study has shown that the hottest surfaces with the highest temperatures 

are the bareland/settlement and savannah. The means temperature of these LULC classes are 

35.18°C and 35.41°C for bareland/settlement respectively in 2015 and 2022 and 34.60°C and 

33.44°C for savannah respectively in 2015 and 2022. The bareland/settlements are devoid of 

vegetation and the savannah is dominated by grasses and shrubs, which cannot strongly absorb the 

sun's rays, so the reflections are strong, which justifies the high temperatures recorded at these 

LULC classes. A recent study by these authors: (Moisa, Dejene, & Gemeda, 2022; Moisa, Dejene, 

Merga, et al., 2022; Moisa, Gabissa, et al., 2022) in the wettest parts of Ethiopia, which covers the 

present study confirmed the increasing trend of temperature is driven by weak NDVI values and 

land use land cover conversion. One of their outputs is about the great variation between daytime 

and nighttime temperature which can influence the land surface temperature. As highlighted by 

these same authors, the LST increases during the daytime than at night. Akomolafe & Rosazlina, 

(2022) found a moderate negative relationship between NDVI and LST in Penang Island, 

Peninsular Malaysia. This shows that higher LSTs correspond to lower vegetation cover and vice 

versa, as our results also show. Through the urban heat island characteristics and mitigation 
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strategy analysis for eight arid and semi‑arid gulf region cities, Abulibdeh, (2021), stated that 

vegetation, particularly trees, can prevent direct surface heat as a result of solar radiation by 

providing shade, cooling the air through generating cool island effects, by evapotranspiration and 

emissivity processes, and by reducing the wind speed under the canopies. In the Pearson 

correlation coefficient analysis, the same author (Abulibdeh, 2021) stated that the LST has a 

significant relationship with NDVI but in different directions. The relationship between the LST 

and NDVI is negative indicating that the presence of green areas mitigates the LST preponderance 

effect. All these claims by different authors confirm our results and demonstrate once again the 

importance of land use land cover changes and their effects on the LST modification. 

 

2.5. Conclusion 

This study examined LULC change analysis and its effects on LST using ML through GEE in the 

Gontougo Region. Regarding LULC, we could discriminate six classes: annual crops; perennial 

crops; savannah; forest, bareland/settlement; and waterbody. From 2015 to 2022, the OA values 

for each LULC map were 93.77% and 96.01% respectively. Similarly the kappa was 0.87 in 2015 

and. 0.92 in 2022. The prevailing LULC class is perennial crops. It occupies more than 60% of the 

area of each LULC map. LULC change found that the forest and annual crops classes lost 

respectively 48.13% and 65.14% of their areas for the benefit of perennial crops from 2015 to 

2022. The NDVI and LST reclassifications correspondence have shown that Non-vegetation land 

corresponds to very high temperature, Low vegetation land corresponds to high temperature, 

Medium vegetation land corresponds to medium temperature and High vegetation land 

corresponds to low temperature. Similarly, their correlation using Pearson coefficient (r) gave a 

significant relationship and we obtained negative coefficients at each correlation. In terms of the 

LST/LULC correlation, the forest class has recorded the lowest temperatures each year. In 2015, 

the mean temperatures recorded were: 28.69°C and 28.46°C in 2022. On the other hand, the highest 

temperatures are recorded by the bareland/settlement class. In 2015 it recorded a mean of 35.18°C 

and 35.41°C in 2022. The existence of vegetation coverage is therefore indispensable to decreasing 

the amount of surface temperature. It is recommended that natural resources managers and 

environmental experts should create awareness and environmental conservation to minimize LST 

in the study area. Furthermore, the decline in annual crop area each year to perennial crops should 

aware all decision-makers and even all farmers in the region that this will lead to a real food 
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security issue. We must now raise the alarm so that the crops that feed us directly are brought to 

the forefront in our choice of crops in order to be food self-sufficient. This study has benefits for 

monitoring and evaluating food security in Côte d'Ivoire, adding to the evidence base of other 

studies on the use of remote sensing to identify crop types and cropping patterns in other countries. 

However, it should be noted that one of the limitations of this study is that it wasn’t possible to 

map the yam crop specifically. This would have enabled us to assess the impact of LSTs on yams 

directly. This aspect will be addressed in future work using very high spatial-resolution images. 

The results of this work are a response to the food security challenges related to land use in the 

area. Based on these study results, we plan to conduct a socio-economic study in the future, in 

which we will gather yam farmers' perceptions of climate change, the difficulties they face in yam 

production and available solutions. In addition, a soil sampling and analysis study is planned in an 

attempt to solve the soil fertility problems faced by people in the Gontougo region. 
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CHAPTER 3: EVALUATING SOIL PHYSICOCHEMICAL PROPERTIES IN YAM-

PRODUCING FOREST AND SAVANNAH AREAS. 
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3.1. Introduction 

Yams are widely grown in Côte d’Ivoire, particularly in northern, central and eastern regions and 

it’s the most cultivated among food crops. Yams are especially vital to food security in the country, 

accounting for 63% of all daily caloric intake from roots and tubers, and 63% of all root and tuber 

cultivation, (BCEAO, 2017; Diarrassouba, 2019; Dibi et al., 2021; MINADER, 2017; World Bank 

Group, 2019). The landrace varieties Kponan, Krengle, Djate, are in high demand, as are the 

adapted varieties TDA, Mao and C20. The latter have demonstrated good productivity, disease 

resistance and drought tolerance (R. Michel and G. Apata, 2017; World Bank Group, 2019). Its 

production requires fertile soils (Diby, Hgaza, et al., 2011; Heller et al., 2022; N’guessan et al., 

2009). That's why some suggest that the absence of specific arbuscular mycorrhizal fungi could 

lead to impaired yam growth due to lower phosphate uptake (Diby, Hgaza, et al., 2011; FAO, 

2015b). For some authors, the drastic drop in yam yields and the increase in cultivated area in Côte 

d’Ivoire can be linked to several factors, including overexploitation of the land use land cover and 

its dynamics leading to high land surface temperatures (Aka et al., 2023), the scarcity and 

variability of rainfall patterns (Adifon et al., 2020; Heller et al., 2022), and soil fertility issue (Dibi 

et al., 2021; Frossard et al., 2017; N’guessan et al., 2009).This last factor pushes yam farmers to 

make large farms or to spend excessively on fertilizers (Dibi et al., 2021; Hgaza, 2010; Pouya et 

al., 2022). These fertilizers are frequently chemical, organic or organo-mineral (Dibi et al., 2021). 

A study by the Office of Scientific and Technical Research Overseas (ORSTOM) showed that in 

the north-eastern of Côte d'Ivoire, especially in the Gontougo region, beyond Bondoukou, we have 

leached tropical ferruginous soils with concretions, most of which have formed on amphibolic 

schists (B. DABIN, 1960). As important as those soils are for yam production, they are still 

degraded by perennial crops such as cashew nuts, which predominate in this region (Aka et al., 

2023). So, knowing their state and determining their fertilisation indicators will enable farmers to 

meet their yam-growing needs. Apart from this ORSTOM soil study dating from 1960, there has 

not yet been any study to quantify the physicochemical properties in the Gontougo region, even 

though it is one of the largest yam-producing regions in Côte d'Ivoire (Kouakou et al., 2019; 

Nindjin et al., 2009). However, a study on the status of soil fertility in cotton-based cropping 

systems in Côte d’Ivoire underlined and analysed the various soil fertility indicators. The author 

inspected cotton yields by analyzing different soil sample dates: the year 2013 and the year 2021 

(Koné et al., 2022). Several authors have also addressed the physicochemical characterisation of 

soil properties through the literature. In their study on Pigeonpea (Cajanus cajan) and white yam 
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(Dioscorea rotundata) cropping systems in Ghana, Owusu Danquah et al., (2022) took nine (9) 

composite soil samples and conducted soil analysis for total nitrogen (N), pH, organic carbon, 

phosphorus, and potassium measured at 0–20 and 20–40 cm on the ridges. Total N was determined 

using the Kjeldahl method, the ammonium acetate method determined exchangeable cations and 

Cation Exchange Capacity (CEC) and the Walkley-Black method for the carbon. These various 

physicochemical analyses have been replicated worldwide in multiple investigations with some 

differences in the techniques utilized. This is the case with these authors (BARI et al., 2022; Geng 

et al., 2024; Madeira et al., 2003; Mustapha et al., 2023; N’doufou et al., 2022; Pedersen et al., 

2023; Shi et al., 2017; Steinfurth et al., 2021) who use several comparative methods to determine 

the physical and chemical properties of the soil. The statistical aspect is not forgotten in all these 

cases. Many statistical analyses are also applied after laboratory analysis. The most commonly 

used are ANOVA, correlation analysis, linear regression, principal component analysis (PCA) and 

correspondence analysis (CA) (Koné et al., 2022; N’doufou et al., 2022; Owusu Danquah et al., 

2022; Sufardi et al., 2023; Zro et al., 2016). In this study, we will assess the physicochemical 

properties based on land use land cover type (Liu et al., 2021; Mustapha et al., 2023; Neina, 2021; 

Ostrowska & Porębska, 2015; Zro et al., 2016). This is what prompted us to conduct this study, 

where we had previously shown that the region's vegetation is predominantly savannah in the 

department of Bondoukou and predominantly forest in the department of Tanda (Aka et al., 2023) 

This study is a new research contribution for drawing politics interest, researchers and funders to 

devote to this research field which is imperative to maintaining food security. In this manuscript, 

we aim to quantify and evaluate the difference between physicochemical soil properties in forest 

and savannah areas under yam farms harvested and not yet cultivated. Indicators such as pH, 

Carbon (C) total nitrogen (N), available phosphorus (P) potassium (K+), calcium (Ca2+), 

magnesium (Mg2+), sodium (Na+), cation exchange capacity (CEC), and Particle size distribution 

were all quantified and assess. 

 

3.2. Methodology 

3.2.1. Material and data description 

This study is based on two types of data: satellite data with which we identified the vegetation and 

the locations where the soil samples were collected based on this vegetation.  
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3.2.1.1. Satellite image 

We used two Sentinel-2 images, one from the year 2015 and the other from the year 2022. These 

images are from the Copernicus platform and are available in the Google Earth Engine (GEE) data 

catalogue (https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_HARMONIZED). 

 

3.2.1.2. Soil sample  

Sampling was carried out in July 2023 in two localities. These are Amanvi in Tanda’s department 

and Djikparedouo in Bondoukou’s department (Figure 3-1).  

 

Figure 3- 1: Soil sampling locations 

In each of these villages, we investigated two fields based on local and endogenous knowledge. 

This meant four fields were visited. We named them Field_1, Field_2, Field_3 and Field_4. Then, 

in each field, the sample was taken in two different sites: a control site, i.e., a virgin plot that had 

not yet been cultivated, and the other that had already been cultivated and harvested lately (Table 

3-1). At each sampling site, as described in table 1, samples were taken in three subsamples along 

https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_HARMONIZED
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the topographical gradient of the field in order to obtain a composite sample representative of the 

entire area (Figure 3-2).  

Table 3- 1: Description of soil samples in the field 

Department Locality Field Sampling sites Samples 

Tanda Amanvi Field_1 Control site_1 Cs1 

Harvested site_1 Hs1 

Field_2 Control site_2 Cs2 

Harvested site_2 Hs2 

Bondoukou Djikparedouo Field_3 Control site_3 Cs3 

Harvested site_3 Hs3 

Field_4 Control site_4 Cs4 

Harvested site_4 Hs4 

 

Overall, Height (8) composite soil samples of which 4 from the control site and 4 from the 

harvested site are made up of twenty-four (24) subsamples from each plot. They have been 

combined based on the site's characteristics. They were thus built in such a way as to represent the 

entire landscape before starting any of the laboratory measures. 

   

Harvested site 

composite samples 

Control site 

composite samples 

Control site Harvested site 

Field 

1 

2 

3 

1 

2 

3 
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Figure 3- 2: Composite soil sample collection design: an example for one field 

We explored each of the twenty-four (24) subsampling areas (control and harvested site) and using 

suitable tools, dug holes no deeper than 40 centimetres (0-40 cm) into the ground to collect soil 

samples. Each of these images is an example of the pit we dug to collect the samples (Figure 3-

3). For each auger, sampling was carried out at the level of the humus horizon, at mid-distance and 

then at the bottom of the hole. 

 

Figure 3- 3: Soil sampling by auger in the forest (A) and savannah (B) zones 
 

Legend 

1 = First subsample taking 

2=  Second subsample taking 

3 = Third subsample taking 

 

 

 

Auger hole's Control site 

Auger hole's Harvested site 

=  Depth: 0 - 40 cm 

   

A: Auger sampling in Tanda      B: Auger sampling in Bondoukou 
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3.2.2. Data processing 

3.2.2.1. Sentinel-2 images 

We processed the year 2015 and 2022 sentinel-2 images using Google Earth Engine (GEE) to map 

the land use land cover (LULC) types from which we extracted vegetation classes1. Next, we 

identified the unchanging forest and savannah over the years on the 2022 LULC map to set the 

soil sampling location. The cartographic rendering was possible using ArcGIS Desktop 10.8 

software.  

 

3.2.2.2. Sampling and soil analysis 

3.2.2.2.1. Sorting and husking of samples 

In the field, the samples taken were placed in plastic bags marked with a ribbon to distinguish 

them. Once back from the field, we composed samples by sampling site to make them composite 

and then dried them. Using a 2.0 mm mesh sieve, they were sieved and labelled again before being 

sent to the laboratory for physical and chemical analysis. Each sample was labelled using the 

following code: Cs1; Hs1; Cs2; Hs2; Cs3; Hs3; Cs4; Hs4  

 

3.2.2.2.2. Laboratory analysis of samples 

In the laboratory, the chemical analysis involved the following indicators: potential hydrogen (pH), 

total nitrogen (N), carbon (C), available phosphorus (P), cation exchange capacity (CEC), and 

calcium (Ca2+), magnesium (Mg2+), potassium (K+) and sodium (Na+) ions. The physical 

indicators focused on particle size particularly: Clay, fine silt (f-silt), coarse silt (c-silt), fine sand 

(f-sand) and coarse sand (c-sand). 

 

3.2.2.2.2.1. Potential Hydrogen  

pH was defined by Sorensen (1909) as the negative logarithm to base 10 of the hydrogen ion 

concentration but is now defined in terms of hydrogen ion activity. 

𝑝𝐻 =
1

log[𝐻+]
                  [1] 

Thus, the pH of pure water would be: -Log of 1x10-7 or 7. As defined, any solution with a pH below 

seven is considered acidic, and one with a pH greater than seven is defined as basic (Thomas, 

1996). 
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There are many ways of soil pH measuring. Some use a saturated paste extract, others a 1:5 

soil/water dilution and then measure the pH of the resulting solution using a laboratory meter. 

Others use the 1:5 dilution, but instead of water, they use a dilute solution of calcium chloride 

(CaCl2) (He et al., 2012; Kargas et al., 2022; Miller & Kissel, 2010; Šimek & Cooper, 2002). In 

our case for this work, we used the method of suspending 20g of dried soil sample in 50 ml of 

distilled water. To do this, we used a standard pH meter with a display, a pH electrode, a bar stirrer, 

a beaker and distilled water. This consisted of adding 20 ml of distilled water to each beaker 

containing the samples and homogenizing them well using the bar stirrer for 5 minutes until a very 

homogenous solution was obtained. Then leave to stand for 30 minutes before measuring the 

values. A dual input electrode (anode and cathode), connected to the pH meter, is plugged in and 

immersed in the solution, where the graphical deviations can be seen on the pH meter screen 

indicating the pH value. 

 

3.2.2.2.2.2. Carbon test: Walkley-Black method 

The Walkley-Black (WB) method is widely used in most soil-testing laboratories across the world 

(De Vos et al., 2007; Matus et al., 2009; Skjemstad & Taylor, 1999). It uses concentrated sulfuric 

acid and dichromate solution, which are added to soil samples. The chromic ions produced are 

proportional to the oxidised organic carbon and measured colourimetrically. The heat of the acid-

based reaction is used to induce the oxidation of organic matter (Walkley, A. & Black, 1934). The 

procedure in the laboratory was to grind and measure 1g of each sample and then place them in 

the Hellenes (test tubes) into which we poured 10 ml of potassium dichromate (K2Cr2O7) and 20 

ml of sulphuric acid (H2SO4) to heat the dilution and potentiometric or colorimetric titration. The 

same solution was prepared in another Hellene without the soil sample used as a control solution 

to determine soil carbon. After this step, we left the Hellenes to stand in the open air for 30 minutes 

and then added 200 ml of tap water and 10 ml of orthophosphoric acid (H3PO4) to the solutions in 

all the Hellenes. Now, to speed up the reaction, a few drops of a catalyst (barium) are added 

gradually into the solutions. They are placed gradually on a magnetic stirrer where a bar magnet 

is immersed in the solution. During stirring, the iron (II) sulphate (FeSO4), also known as the 

"death salt", is gradually poured into the solution. When the solution turned bluish, we closed the 

shut-off valve and stopped adding the iron (II) sulphate to the solution, then read off the value at 
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which the iron (II) sulphate stopped after being added. The percentage of WB carbon is given by 

the equation 2 (De Vos et al., 2007; FAO, 2019): 

𝑊𝐵𝐶 = M x
(V1−V2)

W
 x 0,30 x 𝐶𝐹               [2] 

Where: 

WBC is the Walkley-Black Carbon; M is the molarity of the FeSO4 solution; V1 is the volume 

(mL) of FeSO4 required in blank titration; V2 is the volume (mL) of FeSO4 required in actual 

titration; W is the weight (g) of the oven-dried soil sample and CF is the correction factor. The CF 

is a compensation for the incomplete oxidation and is the inverse of the recovery. This CF was set 

by WB to 1.32 (recovery of 76%). 

 

3.2.2.2.2.3. Determination of exchangeable cations and cation exchange capacity 

In the literature, it is stated that CEC is not easy to obtain and each CEC determination would 

require unique reagents. This is the case of these authors who used different reagents and methods 

depending on the objectives sought, the quality and the source or provenance of the sample to 

determine the CEC (Aprile & Lorandi, 2012; Ciesielski, Sterckeman, Santerne, & Willery, 1997; 

Ciesielski, Sterckeman, Santerne, Willery, et al., 1997; Dohrmann, 2006; X. Zhao et al., 2020). In 

our case, we determined the CEC of each soil sample using the ammonium acetate method 

followed by washing the samples with alcohol in the laboratory. This method measures the soil's 

capacity to adsorb cations from an aqueous solution with the same pH, ionic strength, dielectric 

constant and composition as that encountered in the field since the CEC varies according to these 

parameters (Ciesielski, Sterckeman, Santerne, & Willery, 1997; Madeira et al., 2003; X. Zhao et 

al., 2020). Determining the exchangeable cations, which include Ca2+, Mg2+, Na+ and K+ ions, is 

a step in determining the CEC. This involved weighing 5g of dried soil sample and storing it in an 

Erlenmeyer flask. Then prepare the ammonium acetate (NH₄CH₃CO₂.) solution using 77.8 g of it 

and dilute it in 1 L of distilled water. Measure out 100 ml of this solution and pour it into each 

Erlenmeyer flask containing the samples. Close them tightly and place them on an electric shaker 

for 2 hours of agitation. They are then removed and stand to decant for approximately 10 minutes 

before being filtered to collect the submerged liquid which was used to determine the cations (Ca2+, 

Mg2+, Na+, K+). The rest of the solution remaining in the Erlenmeyer flask was washed with 

alcohol to remove all the ammonium acetate. To do this, 25 ml of alcohol (C2H5OH) was spilt into 

each Erlenmeyer flask containing the remaining solutions and shaken for 30 minutes before 
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sieving. This washing process was carried out 4 times and required 100 ml of alcohol for 2 hours 

of agitation before proceeding to determine the CEC. A linear regression curve was prepared 

between pHmis and H++Al3+. With the values of H++Al3+ obtained by equation 3 and the sum of 

bases extracted with 0.05 N HNO3, these were used to calculate the values of CEC by equations 4 

and 5 (Aprile & Lorandi, 2012; Ciesielski, Sterckeman, Santerne, & Willery, 1997; Ross & 

Ketterings, 2011): 

log(𝐻 + 𝐴) = 3.76 − 0.53𝑝𝐻𝑚𝑖𝑠                [3] 

Where: pHmis is the pH of the relation soil-water-buffer 

(𝐻 + 𝐴𝑙) − (𝑁𝐻4𝑂𝐴𝑐) = 1.126(𝐻 + 𝐴𝑙) − 0.764             [4] 

Where: NH4OAc is the volume of ammonium acetate (ml). 

𝐶𝐸𝐶 − (𝑁𝐻40𝐴𝑐) = 1.155𝐶𝐸𝐶 − 1.253              [5] 

 

3.2.2.2.2.4. Phosphorus test: Olsen's method 

The method estimates the relative bioavailability of inorganic ortho-phosphate (PO4-P) in soils 

with neutral to alkaline pH. It is based on the extraction of phosphate from 0.5 g of soil by sodium 

bicarbonate solution adjusted to pH 8.5 (Olsen, S. R. and Sommers, 1982; Recena et al., 2022; 

Steinfurth et al., 2021). In the process of extraction, we weighed 0.5 g of dried soil samples, placed 

them in flasks called Godé, then poured 25 ml of sodium hydrogen carbonate (NaHCO₃) into them 

and shook them for 1 hour on an electric shaker. Then leave them to stand for a while and decant 

the submergent from each flask into beakers. To each, 50 ml of sodium hydrogen carbonate and 

0.75 ml of sulphuric acid (H₂SO₄) are added. In another empty beaker (without soil sample), we 

prepared the same solution with 1.5 ml of sulphuric acid. Then, all the solutions were allowed to 

settle for 24 hours for the chemical reaction to take place with colour stabilization, maximum 

absorption of the soil sample and development of the maximum intensity of phosphorus. The 

results are then read off using electrodes connected to a monitoring device. 

 

3.2.2.2.2.5. Total nitrogen test: Kjeldahl method 

Two methods have gained widespread acceptance for the determination of total-N: the Kjeldahl 

method, which is essentially a wet-oxidation procedure, and the Dumas method, which is 

fundamentally a dry oxidation (i.e. combustion) technique (Bremner, 1965; Pontes et al., 2009; 

Sáez-Plaza et al., 2013). In our case, we used the Kjeldahl method to determine total nitrogen. The 



 

85 
 

Kjeldahl method determines total nitrogen content and protein as the nitrogen content of the 

sample multiplied by a conversion factor. The sample is digested in sulfuric acid, using 

CuSO4/TiO2 as catalysts, converting N to NH3, which is distilled and titrated (Thiex et al., 2002) 

We could also convert the nitrogen (N) in the sample to ammonium (NH4+) by digestion with 

concentrated H2S04 containing substances that favour this conversion, and the NH4+  is determined 

from the quantity of NH3 released by distillation of the digestion product with alkali (Bremner, 

1965; Khee C. Rhee, 2001; Sufardi et al., 2023). This is exactly what we did, using 1g of grinded 

soil per sample and 10 ml of concentrated sulphuric acid (H2SO4), all of which were placed in the 

elongated tubes at a temperature of 350°C for 180min. The caustic acid (NaOH) was then prepared 

and left to stand for 72 hours. 25ml was then taken and poured into the tubes and placed in the 

Kjeldahl machine for 5min 45s of simmering. The bromothymol indicator was used for the final 

dosage. The percentage of N is given by the equation 6: 

Kjeldahl nitrogen =
(Vs.Vb)xMx14x14.01

𝑊.10
               [6] 

Where: 

VS = volume (ml) of caustic acid; VB = volume (ml) of sulphuric acid; M = molarity of standard 

HCl; 14.01 = atomic weight of N; W = weight (g) of soil sample; 10 = factor to convert mg/g to 

percent. 

 

3.2.2.2.2.6. Particle size: Robinson's method (or Pipette method)  

The granulometric fraction (clay, silt and sand) is an important characteristic that influences 

several soil functions. One of the most important properties is pores distribution, water retention, 

thermal and resorption properties, and indirectly affects soil nitrification (de Santana et al., 2023; 

Polakowski et al., 2023). Currently, there are many methods of particle dimension measurement 

available that are based on different physical principles. Robinson's method (or Pipette method) 

based on the different sedimentation velocities of particles with different diameters is considered 

to be one of the worldwide standard methods for determining individual grain size fraction 

distribution (Delaune et al., 1991; QIU et al., 2021; Šinkovičová et al., 2017; Svensson et al., 

2022). In practice, we needed 5g of sieved soil using a 0.05 and 0.2mm sieve, an Erlenmeyer flask 

and 50 ml of oxygenated water to destroy the organic matter. The mixture was placed in an oven 

at 60°C for 24 hours. After removal from the oven, 200 ml of tap water and 20 ml of tetrasodium 

pyrophosphate (Na₄P₂O₇) were added to each Erlenmeyer flask before shaking for 1 hour and 



 

86 
 

transferring into a sedimentation tube. The next day, the clay + silt are extracted together and 6 

hours later, another clay is extracted using a Robinson pipette by dipping the pipette into the 

solution up to the surface. After these two extractions, each sedimentation tube is emptied by 

siphoning until the sandy bottom of the sample is obtained. They are taken and dried in an oven 

and sieved at 3 levels with different sieves to determine the coarse elements. However, particle 

sedimentation is the result of two opposing forces: gravity and friction causing movement in a 

fluid environment. A sample is pipetted at different times and different depths from the sample 

suspension into a test tube. Time and depth are determined using Stokes' law. The pipetted 

suspension is condensed and dried, and the mass ratio of the pipetted fraction is determined by 

weighing. Stokes' law and the sedimentation rate of particles suspended in a liquid are given by 

equations 7 and 8 (Feller & Christian, 1993; Kargas et al., 2022; Svensson et al., 2022; Zhang et 

al., 2013) : 

𝐹 = 6𝜋𝑟ղ𝑣                  [7] 

Where: 

F = drag force; π = pi; r = sphere radius; ղ = fluid viscosity; v = velocity of the sphere. 

𝑉 = 𝐾𝑟2                  [8] 

Where: 

V = Velocity; K = Constant; R = Radius of the particle 

 

3.2.3. Statistical soil analysis 

Correspondence Analysis (CA), Pearson correlation and analysis of variance (ANOVA), were 

done as statistical processes using R software at a 5% significant level (P ≤ 0.05) to assess whether 

the soil characteristics (physicochemical properties) recorded under savannah and forest areas 

differ significantly from one another. CA analysis was applied to describe the relationships 

between the physicochemical properties of the samples and the vegetation from which they were 

gathered. Then, Pearson's correlation coefficient gives information about the magnitude of the 

correlation between organic matter and pH variables. As a result, the value ranges between -1 and 

+1 measures the strength and direction of the relationship between two variables (Inamdar et al., 

2018; P. Phan et al., 2021; QIU et al., 2021). A simple linear regression model was executed to 

estimate the relationship between variables (C/N ratio – samples and available P – samples). The 

ANOVA test was performed to determine the physical and chemical properties abundances before 
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and after yam growing in the soil sample under forest and savannah zones. Shapiro Wilk normality 

(homogeneity) tests are performed prior to the ANOVA test. (Owusu Danquah et al., 2022; Zro et 

al., 2016). If the assumptions for ANOVA weren’t met i.e., the null hypothesis (H0) of the 

normality test was rejected, we use the non-parametric Kruskal Wallis test (H statistic test). The 

calcul for ANOVA, H statistic test and Pearson’s correlation coefficient are given by following 

equations 9, 10 and 11 (Heumann et al., 2016): 

𝑭 =
𝑴𝑺𝑩

𝑴𝑺𝑬
                  [9] 

With:  

MSB= SST/p-1; MSE= SSE/N-p; and SSE = ∑ (n−1) 

where: 

F= ANOVA coefficient; MSB= Mean sum of squares between the groups; MSE= Mean sum of 

squares due to error within groups; SST= total Sum of squares; SSE= Sum of squares due to error; 

p= Total number of populations; n= Total number of samples in a population; N= Total number of 

observations. 

 

Where: 

H = Kruskal Wallis test; n = sum of sample sizes for all samples; c = number of samples; Tj = sum 

of ranks in the jth sample; nj = size of the jth sample. 

 

where rxy is Pearson r correlation coefficient between x and y; n represents the number of 

observations, xi means the value of x (for ith observation), and yi indicates the value of y (for ith 

observation). 

NB: In the remainder of this work, the symbols ∗, ∗∗, ∗∗∗ denote significance at the 0.05, 0.01, 

and 0.001 probability (P) levels, respectively of statistical outcomes. 

 

  

             [10] 

  

     [11] 
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3.3 Results 

3.3.1. Vegetation analysis and mapping of soil sampling location 

The results in this section were obtained from the classification of Sentinel-2 year 2015 and 2022 

images. Six classes were determined at the end of this land use land cover (LULC) classification. 

These are bareland & settlement, forest, waterbody, savannah, annual crops, and perennial crops. 

To better assess the two types of vegetation in the study area and employ them as a foundation for 

collecting soil samples, we sorted these LULCs into three classes: Forest, Savannah, and Other 

LULC which includes the bareland & settlement, waterbody, annual crops, and perennial crops 

classes. The training points were collected for classification, whereas the control points were 

utilized for validation, both gathered from the field. A second validation was possible thanks to 

the accuracy assessment. 

 

3.3.1.1. Accuracy assessment  

Accuracy assessment is a process of determining the accuracy of a LULC classification map. The 

table below (Table 3-2) shows the area values obtained for the LULC, the accuracies and the rate 

of change. The overall accuracy (OA) was 93,77%, in the year 2015 LULC map and the kappa 

was 0.87. However, in the year 2022, the OA was 96.01% and the kappa 0.92. Analysis of the 

change rate shows that the Forest class has gone from 158052.47 hectares in the year 2015 to 

89,220.32 hectares in 2022, which means a loss of 4.24% of its surface area. The Savannah class 

increased by 2.19% in an area between the year 2015 and 2022. 

Table 3- 2: LULC change rate and accuracy assessment values 

  
2015 2022 LULC change rate 

Area (Ha) Area (%) Area (Ha) Area (%) Area (Ha) Area (%) 

Forest 158052.47 9.74 89,220.32 5.5 -68832.15 -4.24 

Savannah 236322.41 14.56 271900.00 16.75 35577.59 2.19 

Other LULC 1228446.60 75.7 1261701.16 77.75 33254.56 2.05 

Overall accuracy 

(%) 
93.77 96.01 2.24 

Kappa 0.87 0.92 0.05 

 

3.3.1.2. LULC mapping and soil sampling location  

The LULC mapping of the study area resulted in two maps. Each shows the three classes: forest, 

savannah, and other LULC. An analysis of the forest and savannah stability zones on the LULC 
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map enabled us to select two localities for sampling soils in the year 2022 LULC map: these are 

the localities of Amanvi in Tanda’s department where there is more forest and Djikparedouo in 

Bondoukou’s department where there is a higher concentration of savannah. (Figure 3-4). These 

LULC types are designed to give a better idea of the trend over the two years using their area 

values in hectares (Figure 3-5). 

 

Figure 3- 4: Gontougo vegetation map of 2015 and 2022 

 

 

Figure 3- 5: Changing in the Gontougo vegetation trend 
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3.3.2. Laboratory analyses carried out 

The laboratory tests included chemical and physical analyses. It should be noted that samples were 

derived from these sampling site characteristics: Cs1= Control site_1; Hs1= Harvested site_1; 

Cs2= Control site_2; Hs2= Harvested site_2; Cs3= Control site_3; Hs3= Harvested site_3; Cs4= 

Control site_4; Hs4= Harvested site_4. Terminologies ending in 1 and 2 are from the forest area 

(Tanda’s department) while terminologies ending in 3 and 4 are from the savannah area 

(Bondoukou’s department) (see table 1 above). 

3.3.2.1. Chemical analysis  

Chemical analysis involved: pH water, carbon (C) total nitrogen (N), available phosphorus (P) 

potassium (K+), calcium (Ca2+), magnesium (Mg2+), sodium (Na+), cation exchange capacity 

(CEC). 

3.3.2.1.1. pH water 

pH is a measure of how acidic/basic water is. The range goes from 0 to 14, with 7 being neutral. 

pHs of less than 7 indicate acidity, whereas a pH of greater than 7 indicates a base The pH was 

measured on the soil samples ranging from 5.4 to 5.7, as shown in the chart (Figure 3-6). Hs1, 

Hs2, and Cs3 recorded the highest pH which is 5.7 while Cs1 the lowest 5.4. 

 

Figure 3- 6: pH measurements on soil samples 
 

3.3.2.1.2. Organic matter  

Soil organic matter is a collection of all the organic constituents of plant, animal, or 
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higher than the total nitrogen content in the eight samples. These same values are higher at the four 

first samples, which recorded 1.17, 1.26, 1.28 and 1.11% carbon and 0.12, 0.16, 0.13 and 0.14% 

nitrogen respectively than the four last sites. These last (Cs3, Hs3, Cs4, Hs4) have respectively 

0.40, 0.27, 0.50, and 0.27%, of carbon content and 0.11, 0.08, 0.12, and 0.07%.of total nitrogen 

content (Figure 3-7)  

 

Figure 3- 7: Carbon and total Nitrogen soil sample content distributions 

3.3.2.1.3. Available phosphorus  

Assimilable phosphorus levels in Gontougo’s region soils (Figure 3-8) reveal an abundance in 

Cs1 and Cs2 soils, with 119 and 94 ppm, respectively. Cs3 and Hs4 soils contain the lowest 

quantities of assimilable P, with 24 and 33 ppm, respectively. 

 

Figure 3- 8: Available phosphorus distribution in the soil samples 
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3.3.2.1.4. Complexe absorbent 

Complexe absorbent includes CEC and exchangeable cations. CEC is a measure of the negatively 

charged sites on the surface, that help hold positively charged ions and nutrients such as sodium 

(Na), potassium (K), calcium (K) and magnesium (Mg) (A. Kumar et al., 2016). As with previous 

remarks, the observation is the same. CEC values and exchangeable cations decrease from the first 

four soil samples to the last four, with a peak at Cs2, which has the highest CEC value (15 Cmol.kg-

1), while Hs4 has the lowest (2 Cmol.kg-1). Ca2+ is the most abundant cation in all eight samples 

ranging respectively (from Cs1 to Hs4) from 1.131 to 0.623 Cmol.kg-1 (Figure 3-9). 

 

 

Figure 3- 9: CEC and exchangeable cations breakdown 

 

3.3.2.2. Physical analysis  

The physical analysis has taken into account particle size distribution. They constitute the 
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al., 2023). On each side, coarse sand is more plentiful, with a distribution of more than 40% 

throughout, followed by coarse silt, which ranges from 12 to 26%. Clay is the least abundant in 

the samples, with concentrations ranging from 6 to 10% (Figure 3-10). NB: f-silt = fine silt; c-silt 

= coarse silt; f-sand= fine sand and c-sand= coarse sand.  
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Figure 3- 10: Particle size distribution 

3.3.3. Statistical analysis conducted 

The sample codes will be used throughout the outcomes as follows: 1, 2, 3, 4, 5, 6, 7, and 8 

respectively correspond to Cs1, Hs1, Cs2, Hs2, Cs3, Hs3, Cs4 and Hs4. This mean: Cs1= Control 

site_1; Hs1= Harvested site_1; Cs2= Control site_2; Hs2= Harvested site_2; Cs3= Control site_3; 

Hs3= Harvested site_3; Cs4= Control site_4; Hs4= Harvested site_4. They also represent the 

sampling sites. The symbols ∗, ∗∗, ∗∗∗ denote respectively significance at the 0.05, 0.01, and 0.001 

probability(P) levels, respectively.  

 

3.3.3.1. Correspondence Analysis (CA) 

All Physicochemical properties were subjected to correspondence analysis to find out and display 

the relationship between categories. This was a link between the content of the chemical and 
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Table 3- 3: CA eigenvalues in relation to chemical composition and samples 

Eigenvalues   
 Dim.1 Dim.2 Dim.3 Dim.4 Dim.5 Dim.6 Dim.7 

Variance 0.021 0.007 0.001 0.001 0.00 0.00 0.00 

% of var.  69.971 24.751 2.59 2.203 0.401 0.074 0.011 

Cumulative % of var. 69.971 94.722 97.312 99.515 99.915 99.989 100.00 

At the level of physical sample components, the dataset has 8 rows and 5 columns. Rows belong 

to numbers and columns to physical properties as described in this R software script: Dataset.CA<-

Dataset[c("1", "2", "3", "4", "5", "6", "7", "8"), c("Clay", "f.silt", "c.silt", "f.sand", "c.sand")] 

(Figure 3-12). The chi-square of independence between the two variables is equal to 27.78246 (p-

value = 0.4760193 ). We notice that χ2> p-value. About the eigenvalues, the test registers 4 

dimensions. Each of them has variance values less than 0,05. The two first dimensions have the 

highest % of variance. Their cumulative variance is 86.701% (Table 3-4). 

Table 3- 4: CA eigenvalues in relation to physical composition and samples 

Eigenvalues   
 Dim.1 Dim.2 Dim.3 Dim.4 

Variance 0.022 0.009 0.004 0.00 

% of var.  61.975 24.726 12.907 0.393 

Cumulative % of var. 61.975 86.701 99.607 100.00 

 

 

Figure 3- 11: CA factor map between chemical characteristics and samples 
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Figure 3- 12: CA factor map between physical characteristics and samples 

On these two CA factor maps (figures 12 & 13), the soil components are better correlated on the 

dimension 1 axis than on the dimension 2 axis. The physical and chemical properties are 

represented by blue colors whereas the samples (or sampling sites) represent red colors. It can be 

seen that sample 1 is well correlated to clay, sample 3 to fine sand, and fine silt, sample 5&6 for 

coarse sand and sample 2&4 for coarse silt. On the other side, pH, CEC, C, Na, Ca, Mg and the 

C/N ratio are very abundant in the samples 2 and 4. Na, pH and K are high in sample 5. The latest 

is quite far away and hardly present in the remaining samples. The samples 1, 2, 3 and 4 have a 

high P content. 

 

3.3.3.2. Pearson’s correlation  

Pearson correlation coefficient (r) measures the strength of the linear relationship between two 

variables. It has a scale of -1 to 1. -1 represents a perfectly negative correlation, 1 represents a 

perfectly positive correlation and 0 represents no correlation means that the variables studied are 

linearly independent. In this test between organic matter and pH, the stronger correlation is 

between C and C/N ratio, then between P – C, between P – C/N and between C – N. The variables 

pH and C are practically linearly independent and pH – P are negatively correlated (Table 3-5 and 

Figure 3-13). 
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Table 3- 5: Pearson correlation coefficient (r) between organic matter and pH 

Pearson's Correlations  

Variable   pH P C N C/N 

1. pH  Pearson's r  —          

2. P  Pearson's r  -0.201  —        

3. C  Pearson's r  0.046  0.884 ** —      

4. N  Pearson's r  0.449  0.590  0.841 ** —    

5. C/N  Pearson's r  -0.190  0.917 ** 0.965 *** 0.688  —  

* p < .05, ** p < .01, *** p < .001 

 

 

Figure 3- 13: Pearson’s r Heatmap between organic matter and pH 

Given the relationships between organic matter and pH, we applied the simple linear regression 

test between these same chemical components to assess the accuracy of the coefficient of 

determination (R2) and forecast their content in the soil. It is thus advised statistically to perform 

correlation analysis to establish if a linear relationship exists between variables before modelling 

the relationship between pairs of quantities (Hastie et al., 2017). 
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3.3.3.3. Simple linear regression. 

Simple linear regression (SLR) is a statistical tool which models the relationship between a single 

independent variable (x) and a single dependent variable (y). The slope of the regression line 

indicates the direction and strength of the relationship between variables. A positive slope indicates 

a positive relationship, meaning that as x increases, y is also expected to increase. A negative slope 

indicates a negative relationship, meaning that as x increases, y is expected to decrease (Heumann 

et al., 2016). SLR produces the R2 and explains how much the variance of one variable explains 

the variance of the second variable. This coefficient ranges between 0 and 1 and increases with the 

regression's fit to the model: If R2 is close to zero, the regression line fits 0% of the given points. 

If the model's R2 is 0.50, the points can explain half of the variation found in the estimated model. 

If R2 is 1, the regression determines 100% of the point distribution. In practice, obtaining an R2 of 

1 from empirical data is impossible. An R2 is considered high when it is between 0.85 and 1. Thus, 

we have two linear regressions with decreasing slopes, and the R-squared is 0.7761 and 0.56 

respectively (Figures 3-14 & 3-15). The cloud of points graphically illustrates a better regression 

with the C/N ratio than the one with the assimilable phosphorus whose points are far from the 

linear regression line. The greatest C/N ratio value is 9.93% (Cs1), and the lowest is 3.43% (Hs3). 

As a result, we obtained C/N values ranging between 3 and 10 (10>C/N>3). As a consequence, 

they are less than 25%, which is the threshold for determining the quality of the carbon-to-

nitrogen ratio (Francou, 2003; Moctar, 2019). The biggest result for assimilable phosphorus is 

119ppm (Cs2) and the lowest is 24ppm (Cs3). These values are higher in the forest zone than in 

the savannah zone, and they generally decrease from the control sites to the harvested site. 

 

Figure 3- 14: Linear regression relation between C/N ratio and samples 

y = -0.9994x + 10.844
R² = 0.7761
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Figure 3- 15: Linear regression relation between available P and samples 

 

3.3.3.4. Analysis of variance (ANOVA) 

ANOVA stands for Analysis of Variance. It is a statistical method used to analyze the differences 

between the means of two or more groups or treatments. It is often used to determine whether there 

are any statistically significant differences between the means of different groups (Heumann et al., 

2016). In this work, we used one-way ANOVA because it is part of ANOVA for testing differences 

in the means of three or more groups. It’s also the parametric test used for comparing more than 2 

independent samples. We employed it when the populations considered are normally distributed 

with the same variance. Before carrying out the ANOVA, Shapiro-Wilk normality was tested to 

determine if the variables were normally distributed. So, after running this test, if p-value ≤ 0.05, 

the null hypothesis is rejected (i.e. the variable is not normally distributed). If p-value > 0.05, the 

null hypothesis cannot be rejected (i.e. the variable is normally distributed) (Hastie et al., 2017). 

 

3.3.4.1. ANOVA test on the particle size distribution 

The particle size distribution includes fine silt; coarse silt; fine sand and coarse sand (Table 3-6).  

Table 3- 6: Shapiro-Wilk test on the particle size distribution 

Variables  W p-value 

c.sand 0.88844 0.2263 

c.silt 0.89863 0.2808 

clay 0.83516 0.06716 

f.sand  0.9788 0.9567 

f.silt 0.91967 0.4272 

W is a decision variable 

y = -9.7568x + 108.97
R² = 0.56
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The p-value observed on each variable is superior to the null hypothesis (H0) (p-value>0.05). That 

means the variables are normally distributed. Thus we can apply the ANOVA because variables 

in the table 3-6 meet the assumption. This one-way ANOVA test yields the mean of each variable 

as an average of the values obtained for each sample in the control site and harvested site. The 

highest average in all samples is coarse sand (46.64%), followed by coarse silt (28.78%). Clay has 

the lowest average (2.077%). (Table 3-7). 

Table 3- 7: Anova table for particle size distribution 

Variables c.sand c.silt clay f.sand f.silt 

Indicators Samples Values 

Mean 

Cs1 40.15 22.24 10.00 21.50 6.60 

Cs2 40.95 15.60 8.00 23.20 12.00 

Cs3 58.11 12.20 6.10 16.80 6.00 

Cs4 45.74 16.80 6.20 18.00 12.00 

Hs1 44.35 26.40 7.00 13.60 8.48 

Hs2 41.20 23.20 8.20 16.60 11.08 

Hs3 55.14 12.60 6.03 18.20 8.08 

Hs4 50.34 14.00 6.00 19.60 10.08 

Df 

  

7 7 7 7 7 

Sum Sq 326.50 201.50 14.54 63.12 38.49 

Mean Sq 46.64 28.78 2.077 9.017 5.499 

Df= degree of freedom; Sum Sq= sum-of-squares; Mean Sq= mean square. 

 

3.3.3.4.2. ANOVA test on the Absorbent Complex 

Absorbent Complex includes CEC, and exchangeable cations (Ca2+, Mg2+, K+, Na+). Let’s apply 

the Shapiro-Wilk normality test to determine the distribution of the variables first. All the p-values 

observed don’t meet the assumptions of the Shapiro-Wilk test because p-values are inferior to the 

null hypothesis (H0) (p-value<0.05) in K+ and Mg2+ (Table 3-8). That means the variables are not 

normally distributed, so we cannot apply the ANOVA. Thus, we handled the non-parametric test 

which is the Kruskal Wallis (H statistic test). This test determines whether the medians of two or 

more groups are different. 

The Kruskal-Wallis test was applied to the data following this script (kruskal.test(variable ~ factor, 

data=StackedDataCplexAbs)  Kruskal-Wallis rank sum test. data:  variable by factor). As a result, 

we got: Kruskal-Wallis chi-squared = 35.944, df = 4, p-value = 0.0000002971. 



 

100 
 

Table 3- 8: Shapiro-Wilk test on the absorbent complex 

Variables  W p-value 

Ca2+ 0.86281 0.128 

CEC 0.82843 0.05717 

K+ 0.59476 0.0001381 

Mg2+ 0.59476 0.0001381 

Na+ 0.8363 0.8363 

W is a decision variable 

The Kruskal-Wallis test p-value (0.0000002971) < p-theoretical (0.05), therefore the null 

hypothesis is rejected. Not all the population medians are equal. The medians by group find out 

are distributed as follows: Ca2+= 1.0535; CEC= 8.5000; K+= 0.1215; Mg2+= 0.5385 and Na+= 

0.0835 

 

3.3.3.4.3. ANOVA test on the organic matter and pH 

Firstly, we have applied the Shapiro-Wilk normality test to determine the distribution of the 

variables. Data in table don’t meet the assumption of the Shapiro-Wilk test because the p-value for 

the variable C is inferior to the null hypothesis (p-value<0.05) (Table 3-9). We performed the non-

parametric test (Kruskal Wallis) to assess whether the medians of two or more groups differed. 

Table 3- 9: Shapiro-Wilk test on the organic matter and pH 

Variables  W p-value 

C 0.80692 0.03393 

C/N 0.82792 0.05648 

N 0.95433 0.7547 

P 0.97147 0.9093 

pH 0.85995 0.1199 

The Kruskal-Wallis test was applied to the data following this script (kruskal.test(variable ~ factor, 

data=StackedData OrgMat)  Kruskal-Wallis rank sum test. data:  variable by factor). As a result, 

we got: Kruskal-Wallis chi-squared = 35.624, df = 4, p-value = 0.0000003458. The H statistic test 

p-value (0.0000003458) < p-theoretical (0.05), hence, the null hypothesis is rejected. Not all the 
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population medians are equal. The medians by group observed are broken down as follows: C= 

0.804180; C/N= 6.083204; N= 0.117600; P= 61.620795; pH= 5.600000 

 

3.4 Discussion 

3.4.1. Yams growth, land use land cover (LULC) and soil sampling 

Gontougo region is one of the biggest yam-producing area in Côte d’Ivoire. The sector (yam) is 

managed by ANADER (National Rural Development Support Agencies). This agency has two 

autonomous offices in the region due to the expanse of the territory, the high number of farmers, 

and the diversity of products farmed. One is based in Tanda’s department (forest zone) and covers 

three other departments: Koun-Fao, Transua, and Sandegue. The other is in Bondoukou’s 

department (the savannah zone) and handles the area where it is based. We met them in the region 

during our research for this project and they claimed that yam growing is one of their most 

significant prerogatives. According to Tanda ANADER, yam production employs 95% of the 

farming community, covering the departments of Tanda, Sandegue, Transua and Koun-Fao, with 

more than 2,000 hectares of land cultivated each year. As for ANADER which covers 

Bondoukou’s department, they registered more than 1,856 yam farmers and recorded a production 

of 47,840 tonnes of yams in 2022. These data demonstrate how much the residents of this region 

rely on yams for their livelihood. These facts have been scientifically validated by these authors 

(Kouakou, 2019; Kouakou et al., 2019; Miège, 1952; MINADER, 2017; World Bank Group, 2019) 

who have also established the Gontougo region's socioeconomic, cultural, food and nutritional 

relevance of yams. Yam cropping belongs to the group of annual crops. This LULC class 

accounted for 9.58% in 2015 and 7.61% in 2022 (Aka et al., 2023). It has lost about 2% of its total 

acreage to cashew nuts, the region's principal perennial crop. Vegetation consists primarily of 

forest and savannah. Gallery and islets forests, holy woodland, and degraded forests are all 

examples of forests. Savannas can alternatively be classified as tree savannas and shrub savannas. 

On the one hand, these many traits were discovered in the field and then studies by CUNY et al., 

(2023) and the Ivorian forestry laws (RCI-Code Forestier, 2019a) support these claims. In 

summary, we obtained three (3) LULC classes: forest, savannah and other LULC. The obtained 

overall accuracy (OA) is 93.77% with a kappa coefficient of 0.87 for the year 2015 map and 

96.01% with a kappa coefficient of 0.92 for the year 2022 map. These findings are consistent with 

those of Aka et al., (2022), who mapped the Sentinel-2 picture and compared it to Landsat-8 Oli 



 

102 
 

data at the Azagny site Ramsar in Côte d'Ivoire. The OA was 90.63%, with a kappa of 0.94. Indeed, 

classification is considered satisfactory in remote sensing when the kappa coefficient value is 

greater than 75% (Congalton, 1991; Jensen J. R., 1986; Zhang et al., 2023). It confirms that the 

findings of this investigation are statistically sound. Based on this classification joined with yam-

producing areas, the location of Amanvi, situated in the forest zone in the department of Tanda, 

and Djikparedou, located in the department of Bondoukou, were chosen for soil sampling. This 

method has also been employed by several authors to examine and characterize soil based on 

vegetation types. This was the situation for Mustapha et al., (2023) who evaluated different 

methods to determine soil organic carbon and soil physical and chemical properties in the four 

Nigerian agro-ecological savannah zones. Ditto for Owusu Danquah et al., (2022) in Ghana who 

improved Pigeonpea (Cajanus cajan) and white yam’s (Dioscorea rotundata) resource use and 

productivity by sampling nine (9) composites sample in the forest and forest-savannah transition 

zones of Ghana. He was able to determine soil fertility and measure the physicochemical 

characteristics of the soil such as total nitrogen (N), pH, organic carbon, phosphorus, and 

potassium at 0–20 and 20–40 cm on the ridges under these two types of vegetation. As for the 

sampling, the auger method was utilized to collect soil samples in the field. Auger sampling is a 

widely used method of collecting soil samples for a variety of environmental and agricultural 

applications. It is a relatively simple and inexpensive method that can be used to collect samples 

from a variety of soil types and depths (Fernández-Ugalde et al., 2020; Walworth, 2023). The holes 

we dug in the field ranged from 0 to 40 cm in some sites because the yam's root system in the 

mound (which is already raised more than 50 cm above ground) does not reach this depth during 

maturation (10 months later varieties). Adifon et al., (2019) have addressed this point in their 

writings on ecology, cropping systems, and food uses of yams in tropical Africa, providing more 

details on yam growing conditions. Several authors in soil physicochemical properties and soil 

fertility assessment for yam production have also employed the same method and the hole was dug 

nearly to the same depth (Diby, Hgaza, et al., 2011; Diby, Tie, et al., 2011; N’guessan et al., 2009; 

Owusu Danquah et al., 2022). In the following discussion, we will look at the interpretation of the 

physicochemical and statistical outcomes. 
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3.4.2. Sample’s physicochemical parameters assessment under vegetation  

Soil physicochemical properties are the physical and chemical characteristics of soil to assess the 

overall health and quality of the soil, as well as its suitability for different uses, such as agriculture. 

Physicochemical properties which were the subject of this research are pH, carbon (C) total 

nitrogen (N), available phosphorus (P) potassium (K+), calcium (Ca2+), magnesium (Mg2+), 

sodium (Na+), cation exchange capacity (CEC) and particle size distribution. These components 

are crucial in determining soil fertility for agricultural purposes. According to Thomas, (1996), the 

pH of a soil is a measure of its acidity or alkalinity. Most plants prefer slightly acidic soils. Next, 

organic matter (C, N, P) is a major component of soil performance. It provides energy for micro-

organisms and nutrients for plants, regulates pH variations, improves soil porosity, resistance to 

compaction and erosion, and water storage capacity. (Suraj Poudel, 2020). Then, CEC is a measure 

of the soil's ability to hold and exchange positively charged ions, such as calcium, potassium, and 

magnesium. Soils with high CEC are more fertile and can retain nutrients more effectively (X. 

Zhao et al., 2020). Particle size determines texture and soil structure by proportions of sand, silt, 

and clay (de Santana et al., 2023) The different methods for determining them have been 

thoroughly tested on soil samples and are widely utilized in the scientific community. These 

authors (BARI et al., 2022; Bremner, 1960; De Vos et al., 2007; Khee C. Rhee, 2001; Koné et al., 

2022; N’doufou et al., 2022; Steinfurth et al., 2021; X. Zhao et al., 2020) have also used the 

Walkley-Black method to quantify soil carbon, the Olsen method to determine assimilable 

phosphorus, the Kjeldahl method for total nitrogen and the ammonium acetate method to 

determine CEC and echengeable cations in their respective research work on the physical and 

chemical state of the soil. As a result, the pH observed in both forest and savannah environments 

is acidic, ranging from 5.4 to 5.7. The difference between these numbers is not large, but the pattern 

indicates that the values decline a bit in the savannah area. Our pH results are confirmed by 

N’doufou et al., (2022) who also found an acid pH value varying from 5 to 6 by measuring the 

soil’s pH in northern Côte D’Ivoire (Sinematiali and Niakaramadougou). In terms of organic 

matter, samples Cs1, Hs1, Cs2, Hs2 (forest region) had substantially greater C, N, and P contents 

than samples Cs3, Hs3, Cs4, Hs4 (savannah area). C/N ratio values in the forest varied from 7.93 

to 9.93%, whereas in the savannah area they ranged from 3.43 to 4.24%. Assimilable phosphorus 

was very high in the forest (70 ppm for the lowest value recorded in sample Hs2) and very low in 

the savannah zone (53 ppm for the highest value obtained in sample Cs4). The same is true for the 

absorbent complex. The first four samples (forest zone) have higher CEC and exchangeable 
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cations than the last four (savannah zone). At the particle size level, where the elements are quite 

stable on either side, the balance is pretty even, with a strong presence of coarse sand in the 

savannah zone and a strong presence of coarse clay in the forest zone. The most significant finding 

is the increased concentration of these physicochemical characteristics in samples from control 

sites compared to samples from yam-harvested sites. This can be seen in the C/N ratio, available 

P and CEC which are respectively 19.47%, 213 ppm, and 27.4 Cmol.kg-1 in the forest zone control 

sites, compared to 8.03%, 77 ppm, and 8.2 Cmol.kg-1 in the savannah zone control sites. The same 

holds true for yam-harvested sites in both the forest and savannah zones. The C/N ratio, available 

P, and CEC in the forest zone are respectively 15.98%, 149ppm, and 26.4 Cmol.kg-1, compared to 

7.3%, 80ppm, and 6.0 Cmol.kg-1 in the savannah zone. The findings clearly show that the 

savannah zone is deficient in organic matter compared to the forest zone. Related to other studies, 

an evaluation to compare the amount of organic carbon determined by diverse methods within the 

Nigerian savannah ecological zone, Mustapha et al., (2023), observed that the use of the WB 

method determined the highest organic carbon of 5.82 g kg−1 and 9.04 g kg−1 in the Derived 

savannah (DS) and Southern Guinea Savanah (SGS) respectively against 4.75 g kg−1 and 3.69 g 

kg−1 in the Northern Guinea (NGS) Savanna and Sudan Savannah (SS) respectively. In its study 

on the edaphic drivers of yam production in the West African agroecological zone (Neina, 2021) 

discovered that cultural practices, climatic change, and the unpredictability of ecological factors 

are crucial in soil fertility. Tillage, soil type, texture, and fertility are edaphic elements. Soil 

fertility, the most essential of these components, includes the biological and chemical elements 

that allow nutrients to be released, as well as soil physical fertility, which enhances bulk density, 

porosity, and water retention for the free expansion of yam tubers. According to some authors 

(Dahan et al., 2021, 2023; Dahan & Kasei, 2022), savannas are more prone to fires than forests, 

and these fires can consume organic matter and reduce their accumulation in the soil. Frequent 

fires can also disrupt the establishment of vegetation, further limiting the input of organic matter. 

Also, Sandy soils tend to have lower organic matter content because they are less able to retain 

organic matter particles. This is what we observed in our case where samples from the savannah 

area have a higher proportion of sand (103.85% coarse sand, from the control site) and a lower 

proportion of clay (12.30% from the control site) compared to forest soil samples (81.10% coarse 

sand and 18.00% of clay from the control site).  

These findings were statistically analyzed, and various tests, including correspondence analysis 

(CA), Pearson's r correlation, a simple linear regression and analysis of variance (ANOVA) were 
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performed. These approaches have also been the focus of world-renowned soil investigations. This 

was the case for (Koné et al., 2022), which employed ANOVA to measure soil fertility in cotton-

growing areas in Côte d'Ivoire. In their research in Côte d'Ivoire, several authors (Diby, Hgaza, et 

al., 2011; Moctar, 2019; N’doufou et al., 2022; N’guessan et al., 2009; Zro et al., 2016) used 

correlation and correspondence analysis as well as linear regression as statistical tests to compare 

the values of physicochemical soil parameters. Other authors from throughout the world have 

utilized comparable approaches for other goals (He et al., 2012; Madeira et al., 2003; Mekbib et 

al., 2020; Mustapha et al., 2023; N’guessan et al., 2009; Owusu Danquah et al., 2022; Zhang et 

al., 2013). All of these support the statistical approaches and procedures used in this investigation. 

The CA test on the physical and chemical properties revealed that the Chi-square statistic is greater 

than the critical value, which means that the row and the column variables are not independent of 

each other. Also, all the dimensions have variance values less than 0.05, which confirms that 

variables are not independent. Only the two first dimensions are signficative because their 

cumulative variance is greater than 75%. By exploring the relationships between the two sets of 

variables (samples and physicochemical properties), we identified clusters of samples that are most 

matched with soil properties. Soils in clusters 5, 6, 7, and 8 mainly consist of coarse sand, whereas 

clay is more abundant in clusters 1, 2, 3, and 4 (forest zone). Silt is spread among several sites. 

This means that the savannah zone's soil is silty-sandy, whereas the forest zone's soil is clay-loam. 

When it comes to chemical components, clusters 1,2,3, and 4 (forest zone) dominate in CEC, C, 

P, and C/N. Clusters 5,6,7, and 8 (savannah zone) have varying levels of Na, N and K. Indeed, 

silty-sandy soils have low water-holding ability. This means that organic matter is more likely to 

decompose and be lost from the soil (Moctar, 2019). A clay and silt-based soil, on the other hand, 

keeps more water in the soil, allowing organic matter to degrade and microorganisms to function 

more efficiently. This explains why samples 1 – 4 have a higher concentration of organic materials 

than samples 5 – 8 (Feller & Christian, 1993; Nacro et al., 1996; Ostrowska & Porębska, 2015)  

For additional testing, Pearson's correlation coefficient (r) revealed a positive relationship between 

the independent variables C, N, P, and C/N connected each other labelled at p < 0.05. according 

to Zro et al., (2016), positive significant correlations between organic matter components reflect 

the adsorption on the surface of the clay-humus complex major cations of soils (Ca2+, Mg2+, K+, 

Na+). When soil can hold onto essential nutrients and minerals, they are more available to plant 

roots that need them for survival. Cations can be held and stored in the soil by negatively charged 

colloids (Dpt Geographie, 2021).  
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Then, the linear regression used to model the relationship between the C/N ratio – samples and 

available P – samples displayed respectively a positive coefficient of determination (R² = 0.7761 

and R² = 0.56). Variables are dispersed in a cloud of points, some far from and others near the 

regression line. Regarding the R-square values, the linear regression does not precisely match the 

data. So, the strength of the independent variable (soil samples) explains respectively 77.61% and 

56% of the variation in the dependent variables (C/N ratio and available P). Thus, the goodness of 

fit measured is more accurate for the C/N ratio than the available P. This implies that the samples 

have a higher C/N concentration ratio than accessible P. It is worth noting that the C/N ratio is a 

measure of organic matter's evolution, or its ability to dissolve more or less fast in soil. An 

imbalance in the amount of carbon and nitrogen in agricultural soil disrupts these cycles severely. 

The C/N ratio informs us about carbon and nitrogen balance in an ecosystem and allows us to 

forecast the evolution of organic matter (Batjes, 1996; Sahoo et al., 2023; Xu et al., 2013). At this 

level, the linear regression line matches to the point clouds fits the point clouds more or less well 

because the C/N ratio is distributed fairly in each soil sample. A low C/N ratio (<15) indicates that 

there is a lot of nitrogen in the soil (or not enough carbon), so microorganisms can mineralize 

organic materials quickly. This supports our claim because we achieved 10>C/N>03. Then, A high 

C/N ratio (>25) indicates that there is insufficient nitrogen (or too much carbon) and, as a result, 

carbon mineralization is slow (Francou, 2003). Mineral nitrogen is only restored to the soil in trace 

amounts. The humus formed under these conditions, on the other hand, is quite stable (Sahoo et 

al., 2023). Assimilable Phosphorus plays an essential role in the establishment of the root system, 

photosynthesis and fruiting of the plant. It is essential because it is part of the composition of all 

the cells of living organisms. Knowing the soil's assimilable phosphorus level is critical for 

optimizing additional fertilization from an agronomic and economic standpoint, based on the needs 

of the soil and the crops. But also, to sustain long-term phosphate fertility. In this investigation, 

available phosphorus is unequally distributed and lower in some parts of the soil sample because, 

like organic stuff, available phosphorus migrates slowly or not at all at depth. So, deep tillage, 

however, can dilute it.(Hgaza, 2010; M. Kumar, 2021; N’guessan et al., 2009).  

On the other side, the ANOVA test on the soil samples showed that p-value>0.05 for particle size. 

This indicates that there is a statistically significant difference between the soil samples and the 

particle size groups means. As you notice, the means of each particle size are different. Soil quality 

(texture, structure) is thus determined by particle size distribution. This was previously observed 

upstream, where our data revealed that soil samples from the savannah zone had a sandy-loam soil 
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type, but soil samples from the forest zone had a clayey-loam soil type. some scholars have also 

confirmed similar claims in their writings on Côte d'Ivoire soils (B. DABIN, 1960; KEITA Djibril 

Sékou, 2014; Koné et al., 2022; N’doufou et al., 2022). The ANOVA test on the absorbent complex 

(CEC and exchangeable cations) and organic matter and pH showed no statistically significant 

difference because the Shapiro-Wilk normality test on these data did not meet the assumptions (p-

values<0.05). Thus, we dealt with the Kruskal Wallis (H statistic test), a non-parametric test to 

examine whether two or more groups' medians differ. The p-values between the groups were less 

than 0.05, so we rejected the null hypothesis. There is thus a statistically significant difference 

between the group medians in terms of reaction. Indeed, the medians by group (concerning CEC 

and exchangeable cations) find out are distributed as follows: Ca2+= 1.0535; CEC= 8.5000; K+= 

0.1215; Mg2+= 0.5385 and Na+= 0.0835. On the other side (organic matter and pH), The medians 

by group observed are broken down as follows: C= 0.804180; C/N= 6.083204; N= 0.117600; P= 

61.620795; pH= 5.60. ANOVA and Kruskal Wallis tests were both statistically significant on the 

soil data. We concluded that the soil properties within the samples from both sides (Tanda’s and 

Bondoukou’s departments) are different. Using the same statistical procedures, these studies (Koné 

et al., 2022; N’doufou et al., 2022; Owusu Danquah et al., 2022; Zro et al., 2016) reported 

statistically significant values for soil fertility.  

 

3.5. Conclusion and outlooks 

The study aimed to evaluate the physicochemical properties of huit (8) composite soil samples of 

which four (4) were taken in forest zone (Tanda’s department) and four (4) in savannah zone 

(Bondoukou’s department). They were collected from control sites (where yams had not yet been 

grown) and harvested sites (where yams had recently been removed from the mound). The 

laboratory analyses revealed an acid pH of between 5.4 and 5.7 in all samples, and the organic 

matter values indicate that the C/N ratio in the forest varies from 7.93 to 9.93%, while in the 

savannah zone it varies from 3.43 to 4.24%. The same goes for assimilable P, CEC and 

exchangeable cations (K+, Ca2+, Mg2+, Na+ ), which are respectively 362.69 ppm, 53.80 Cmol.kg-

1, and 7.92 Cmol.kg-1 in forest area from samples Cs1, Hs1, Cs2, and Hs2 compared to the samples 

from savannah area (Cs3, Hs3, Cs4, and Hs4) where the same characteristics are respectively 

157.80 ppm, 14.20 Cmol.kg-1, and 5.80 Cmol.kg-1. The Bondoukou’s soil is mainly sandy with 

coarse sand (209.32%) and a low clay percentage (24.33) as opposed to the Tanda’s soil which is 
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less sandy (166.65%) and has a high clay concentration (33.20%). Silt and fine sand are spread 

proportionally in both soil types. This led us to conclude that the soil in the savannah zone is silty-

sandy, whereas it is silty-clay in the forest zone. Starting with CA, the numerous statistical tests 

revealed that the variables are not independent of one another. Pearson's correlation coefficient (r) 

found a positive link between the independent variables C, N, P, and C/N, with p<0.05 indicating 

significance. The simple linear regression test revealed a strength of variation of 77.61% and 56%, 

respectively for the C/N ratio and available P in the samples distributed in the scatter plot. Then, 

ANOVA analysis indicates that there is a statistically significant difference between the soil 

samples and the particle size groups means. This was not the case for the absorbent complex or 

with the organic matter and pH because the Shapiro-Wilk normality test on these data did not meet 

the assumptions (p-values were less than 0.05). The Kruskal Wallis test performed then on these 

data showed a statistically significant difference between the group medians in terms of reaction 

and confirmed that the soil properties within the samples from Tanda’s and Bondoukou’s 

departments are different. This study revealed that the presence of trees increases the 

physicochemical properties content in the soil. In the case stand, soils under forest are richer in 

physicochemical elements than savannah soils for a variety of reasons discussed in this article, 

including climate, edaphic conditions, ecology with or without fire, and so on. It should be pointed 

out, however, that the conclusions of this study are based solely on two localities in the region. 

Sampling did not cover the entire study area, and this is a limitation of our investigation that must 

be taken into account. Nevertheless, in the case of yam farming, may this under forest soil be the 

most suitable? Aren't agronomic and growing practices the most important factors? Aren't rainfall 

and temperature in the savannah zone best suited to the production of the yam varieties most widely 

grown in the Gontougo region? These are the questions we will be trying to answer in our 

upcoming research in the study area. This study has benefits for monitoring and evaluating food 

security in Côte d’Ivoire adding to the evidence database further studies on yam production 

conditions based on the varieties' ecological, edaphic, climatic, and physiological environment. 
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CHAPTER 4: CHARACTERISATION OF KEY AGRO-CLIMATOLOGICAL HAZARDS 

AND ASSESSMENT OF YAM FARMERS' AGRONOMIC PRACTICES AND ADAPTIVE 

RESPONSES 
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4.1. Introduction 

The recent and future global climate projections in the sixth report of the Intergovernmental Panel 

on Climate Change (IPCC) predict an intensification of warming in addition to precipitation 

variability, as well as an increase in the frequency and intensification of extreme events (IPCC, 

2022). The impacts of this climate variability vary from one region of the world to another, with 

particularly significant socio-economic consequences in developing countries (Sultan et al., 2015). 

In Sub-Sahelian West Africa, the false start and the early end of the rainy season, the intensification 

of the frequency of daily showers, the increase in the number of warm nights and days, and the 

upward trend in daily temperature variation threaten food security in the region (Alhassane et al., 

2013; Cedric et al., 2022b; IPCC, 2022; Srivastava, Gaiser, Paeth, et al., 2012). Furthermore, West 

Africa is currently under multiple stress from recent military and socio-economic events, making 

it highly vulnerable to the effects of climate change. The influence of these multiple stress factors, 

such as environmental disasters, economic turbulence due to globalisation, privatisation of 

resources and civil conflict, combined with a lack of resources, make serious problems for African 

communities striving to adapt to climate change (Sanogo et al., 2023). Indeed, according to FAO 

statistics on food security in Côte d'Ivoire (https://www.fao.org/faostat/en/#data/FS), the country 

recorded a prevalence of undernourishment of 7.7% and 12.1 million people in a situation of 

moderate or severe food insecurity between years 2020 and 2022. All the reasons mentioned above 

could be the source of such a situation, with a more pronounced emphasis on climate variability. 

In Côte d'Ivoire, the climatic context is characterised in comparison with observations prior to the 

1960s, by a reduction in rainfall and a shortening of the seasons. The isohyet curves recorded at 

national stations vary between 800 mm, 1,000 mm, 1,400 mm and 2,400 mm (Télesphore Brou, 

2009). This study was repeated at the local level by Kouman et al., (2022) in the Zanzan district, 

which includes the Gontougo region. Their study showed that: From years 2011 to 2020, total 

precipitation was between 895.56 and 1327.2 mm, corresponding to an increase of 181.9 mm 

compared with the last two decades when precipitation amounts varied respectively between 

852.14 and 1145.3 mm for the decade 2001-2010 and between 837.69 and 1276.9 mm for the 

decade 1991 to 2000. Then, in an attempt to mitigate the effects of climate variability and achieve 

food self-sufficiency, Côte d'Ivoire has opted to produce certain adapted crops, including yams. 

Indeed, Yam (Dioscorea spp.) is a staple food crop and tropical plant with a large food reserve in 

their under-ground tubers and comprises various species that originated from Southeast Asia, West 

Africa, East Africa, Brazil, and Guyana (Dibi et al., 2021; Gweyi-Onyango et al., 2021; A. M. 

https://www.fao.org/faostat/en/#data/FS
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Kouakou et al., 2019; Neina, 2021). Its production requires a rainfall of between 1000–1500 mm 

for a Forest-Savannah transition zone; 1000–1400 mm for Guinea Savannah; and 900–1200 mm 

for Derived Savannah (Aighewi et al., 2021; Diby, Tie, et al., 2011; Heller et al., 2022; Neina, 

2021; N’guessan et al., 2009). It’s widely grown in Côte d’Ivoire, and among food crops, it’s the 

most cultivated.(BCEAO, 2017; Diarrassouba, 2019; Kouakou, 2019). It is therefore a crop that 

has a choice place in the Ivorian economy and food and nutritional security. The landrace varieties 

Kponan, Krengle, and Djate, are in high demand, as are the adapted varieties TDA, Mao and C20. 

The latter have demonstrated good productivity, disease resistance and drought tolerance (Adifon 

et al., 2020; Kouakou et al., 2019; R. Michel and G. Apata, 2017). Gontougo region is one of the 

largest yam-producing regions in Côte d'Ivoire. According to the Census of Farmers and 

Agricultural Holdings (REEA), it accounts for 71,283 farming households with 5.6% of Côte 

d'Ivoire's farming population (MINADER, 2017). During our survey in July 2022 about farmer’s 

perceptions in the field, National Rural Development Support Agencies (ANADER) told us that 

yam production counts for 95% of the farming population covering the departments of Tanda, 

Sandegue, Transua and Koun-Fao. Bondoukou’s department registered more than 1,856 yam 

farmers and recorded production of 47,840 tonnes of yams in 2022. Despite all the advantages that 

yam represents for the country and Gontougo’s population, it has not yet been formalized, less 

discovered and less studied in terms of scientific research. Some authors have carried out several 

studies on yam at the national level, but very few in this region (ANOGBRO PASCAL, 2015; Dibi 

et al., 2021; Hgaza, 2010; Kouadio et al., 2022; Kouakou et al., 2019; KOUAME Hgaza Kouassi 

Valerie, 2012; Miège, 1952). This study aims to analyze the agro-climatological risks that threaten 

yam production through the indices generated by the World Meteorological Organization (WMO) 

Expert Team on Climate Change Detection Monitoring and Indices (ETCCDMI), gather farmers' 

perceptions and determine the strategies adopted and adaptive response to increase yield.  

 

4.2. Methodology 

4.2.1. Climate data  

The data used to characterize the main agro-climatological trends of the seasons in the study's area 

mainly consist of those relating to rainfall and temperature from the CHIRPS database (Rainfall 

Estimates from Rain Gauge and Satellite Observations). By definition, CHIRPS data are gridded 

data with a high spatial resolution (0.05°*0.05°, i.e. approximately 5km) obtained by combining 
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satellite data and in situ observation data. These data are available for the period from 1981 to the 

present day and are defined worldwide with variable timescales (daily, pentad, decadal, monthly 

and yearly); they can be accessed via the following link: https://www.chc.ucsb.edu/data/chirps.  

The use of these data is justified by the data's quality, horizontal resolution, and, most importantly, 

the fact that the observation data from the area's meteorological stations contain a considerable 

number of gaps, restricting their use. Funk et al., (2015) highlighted the quality of these data as 

well as the many scientific approaches to their generation. Again, CHIRPS data have been 

frequently used in scientific studies by various authors (Georganos et al., 2017; Harrison et al., 

2022; Kpanou et al., 2021; Laux et al., 2021; Pervez et al., 2021). For this study, these gridded 

data were extracted at daily time intervals over 32 years (1991-2022), taking into account the most 

recent World Meteorological Organization (WMO) standard climatic normal, which corresponds 

to the last three decades (1991-2020). 

 

4.2.2. Survey data 

Before surveying a population, it is essential to determine the sample size required. According to 

the general census of the Ivorian population in 2021, the Gontougo region’s population is estimated 

at 917,828 inhabitants (RGPH-CI, 2021). As a predominantly agricultural region, agriculture is 

practised by 90% of the population. Among them, 95% are yam farmers (Individual surveys, July 

2023). Therefore, we can estimate the yam farmer's population to be 784,742. To determine the 

sample size (S) for the survey, we used the formula developed by Krejcie and Morgan in 1970 and 

taken up by Penyelidikan, (2006), which is presented as follows in equation 1: 

𝑠 =
𝑋2𝑁𝑃(1−𝑃)

𝑑2(𝑁−1)+𝑋2𝑃(1−𝑃)
          [1] 

S= Necessary sample size 

X2= chi-square value for 1 degree of freedom at a confidence level of 95% 

N = population size  

P = proportion of the population (estimated as .50 for maximum sample size) 

d = degree of accuracy expressed as a proportion (.05)  

The application of this formula yielded a sample size of 384 yam farmers, with whom we 

conducted our surveys. To cover the entire study area in conducting our surveys, we visited 11 

villages (Figure 4-1) out of the 14 planned. We ran into many issues, including localities that were 

https://www.chc.ucsb.edu/data/chirps
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inaccessible due to the impracticability of roads and tracks; appointments that were not made by 

traditional chiefs due to their unavailability; invalid returns of access requests from several 

villages; insecurity in some areas due to conflicts between livestock breeders and farmers; and so 

on. As a result, 03 communities, including two in the Sandegue department, were not visited. In 

total, we surveyed 492 yam farmers from 4 departments in the region. 

 

Figure 4- 1: Survey locations visited 
 

4.2.3. Data analysis 

4.2.3.1. Climate data  

R software version 4.2.2 was used to manipulate and analyse the data. R is also a programming 

language and environment for statistical computing and graphics. It was used to process the 

climatic data files acquired in NetCDF format, by extracting them from the grid points, calculating 

agroclimatic characteristics using a developed algorithm, carrying out statistical tests and 

producing maps and graphs. All of these tasks were made possible by the scripts we developed for 

this purpose. 



 

114 
 

 

4.2.3.1.1. Data extraction  

The various precipitation and temperature data for the study period (1991-2022) were extracted 

for the five administrative departments in the study area (Table 4-1) using the K-nearest neighbor 

method (K-NN). The K-NN is a method that identifies and extracts the grid or mesh point closest 

to the station coordinate (X, Y), representing the station in the study area, based on Euclidean 

distance (Javari, 2018; S. Kim et al., 2016; Yates et al., 2003). This approach differs from the 

bilinear extraction method, which assigns to the extraction point the average of the data from the 

various grid points around the extraction point (ud din et al., 2008). Once the data had been 

extracted and formatted, the various agro-climatological characteristics were calculated for each 

station following current scientific approaches and the main climate patterns in the region 

Table 4- 1: Weather station coordinates generated for data extraction 

No Stations Name Longitude Latitude 

1 KOUN-FAO -3.392 7.540 

2 TANDA -3.211 7.830 

3 SANDEGUE -3.737 8.104 

4 TRANSUA -3.014 7.588 

5 BONDOUKOU -2.940 8.292 

 

4.2.3.1.2. Precipitation analysis 

Total seasonal precipitation (PRCPTOT) was estimated using the accumulated precipitation 

between the start and end dates of the seasons. The length of the seasons is the gap between the 

seasons' end and start dates (in Julian days) and the cumulative seasonal rainfall is the total amount 

of rain collected during a rainy season. We then calculated the consecutive wet days (CWD) and 

the consecutive dry days (CDD). CWD is a maximum consecutive number of rainy days during 

which rainfall is above a threshold of 1 mm (P>1mm). As for dry spells, it can be beneficial for 

rainfed agriculture (farmers can use dry spells to do field operations such as sowing, weeding, 

applying fertilizer, and harvesting). According to the WMO standard, a dry spell is a succession 

of consecutive days during which rainfall is below a threshold of 1 mm (P<1mm) (WMO, 2012). 

In this study, we considered only the so-called extreme dry sequences defined by Salack (Salack 

et al., 2012). These are intra-seasonal dry spells frequency lasting between 10 and 30 days. The 

occurrences and maximum lengths of these dry sequences were extracted for each station. 
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4.2.3.1.3. Temperature analysis 

The temperature indices calculated express the minimum and maximum temperatures over the two 

growing seasons from 1991 to 2022 for each station. The most striking index is Growing Degree 

Days (GDD). The GDD or heat units, is used to estimate the growth and development of crops 

during the growing season. 

The accumulation of average daily temperatures during yam development has a strong influence 

on their growth. If this temperature is too high for the tubers, the yam will not grow large enough. 

This is because it dries out the water that the yam contains. The accumulation of average daily 

temperatures is calculated as "growing degree days" and also includes a minimum development 

threshold that must be reached for growth to take place from the time the seedlings are planted 

until they mature. The GDD formula is given by the equation 2 (Mcmaster & Wilhelm, 1997). 

GDD = [(Tmax+ Tmin) /2] −Tbase                [2] 

Where: 

Tmax and Tmin are respectively daily maximum and minimum air temperature, and Tbase is the 

yam base temperature. Typically ranging between 10°C to 15°C (Ufoegbune et al., 2014). 

 

4.2.3.2. Statistical trends analysis  

A statistical technique based on the Mann-Kendall test was used to analyze trends in a series of 

different agroclimatic variables in each department of the research area. The Mann-Kendall (MK) 

test is a popular non-parametric statistical test for detecting patterns in environmental data and 

allows to characterize trends. (New et al., 2006; Perez Melo, 2014). Due to its robustness and 

insensitivity to outliers in the time series, it is possible to analyze the statistical significance of 

trends and precisely quantify the magnitude of trends in climatic extremes indices (Croitoru et al., 

2013; Kouman et al., 2022). The non-parametric Mann-Kendall test has been used in various of 

research studies since it makes no assumptions about data distribution or trend linearity (Davis et 

al., 2016). In contrast to parametric trend tests which require both regularly distributed and 

independent data, MK test trend tests simply require independent data (Kpanou et al., 2021). It is 

used to assess whether the trend is regressive or progressive over time through a form of monotonic 

regression trend analysis. In the calculation of this test, the null hypothesis (H0) argues that there 

is no trend in climate extremes over time, whereas the alternative hypothesis (H1) suggests a 
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monotonic decreasing or increasing trend. The Mann-Kendall coefficient (S) and the Mann-

Kendall trend tau (T) are calculated using the following mathematical equations 3 and 4: 

S = ∑  𝑛−1
𝑘=1 ∑ 𝑠𝑔𝑛(𝑋𝑗 − 𝑋𝑘)

𝑛

𝑗=𝑘+1
               [3] 

𝑇 =
2𝑆

𝑛−(𝑛−1)
                  [4] 

Where: 

T is the Mann-Kendall tau; S is the Mann-Kendall correlation coefficient and n is the length of the 

data series studied.  

sgn is defined by: sgn(Xj-Xk) = 1 if Xj > Xk;  

= 0 if Xj = Xk; 

= −1 if Xj < Xk. 

For this study, the test was applied to the series of annual mean data for the different agroclimatic 

variables, based on the base period 1991-2022. The test was carried out under the null hypothesis 

H0 that "there is no trend". The significance of the value of the Mann-Kendall tau was determined 

at the 5% threshold. 

 

4.2.3.3. Characteristics of the growing season  

For agricultural planning and implementation in a given geographic area, it is important to have 

reliable estimates of rainfall amounts. The probabilities of rain give an idea of the date that can 

start the agricultural season. In Gontougo region, farmers are sometimes replanting yams in 

mounds because the first yam seeds rot due to the high temperature. In order to mitigate the risk 

of seed loss, and to promote the conditions for germination and growth of the yam, rainfall-based 

methods define the onset of the growing season (OGS) as the date when accumulated rainfall 

exceeds a specific amount, provided that there was no long dry spell after this date. The rainfall 

threshold and the length of dry spells are the main parameters of rainfall-based methods for 

determining the true start and end dates of rainfall. For each department in the study area, growing 

season calculations were carried out for both the long and short rainy seasons. Various definitions 

of the onset of the rains exist in the literature. Three potential approaches are currently in use in 

the West African sub-region: 

1. The date after 1st May, when rainfall accumulated over 3 consecutive days is at least 20 

mm and when no dry spell of more than 10 days occurs within the next 30 days (Diallo, 2001). 
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According to Waongo, (2015), this approach is currently used at AGRHYMET Regional Center 

in Niamey (Niger). 

2. The first day of a spell of 5 days in which at least 25 mm of rain falls, on the condition that 

no dry period of more than 7 days occurs in the following 30 days (Dodd & Jolliffe, 2001). 

According to Waongo, (2015), this approach is currently in operation as an agricultural decision 

support tool at the Directorate-General for Meteorology in Burkina Faso. 

3. The onset of rains (X) started when we received a quantity of 20 mm of rain collected in 3 

consecutive days, after 1 May (for the Sahelian zone) without a dry period of more than 7 days 

being observed within 30 days. The date of rain cessation (Y) is defined as the date after 1 

September on which no rain occurs over a 20-day period. The length of the growing season (Z) is 

taken as the difference (Y-X). (Sivakumar, 1988). 

So, based on probabilities of precipitations and dry spells for growing season lengths of varying 

durations for a given date of onset of rains, Sivakumar's method is best designed to be adapted to 

the specific case in our study area. It should also be emphasized that this approach is considered 

both West Africa's Sahelian and Sudanese zones. As a result, the dates of the growing season in 

any country may shift depending on the wet season. As such, the study's goal was to forecast the 

potential of the rainy season based on the start of rainfall in each climatic zone. His research was 

conducted in five countries: Burkina Faso, Niger, Mali, Senegal, and Chad. Also, Sivakumar's 

method (Sivakumar, 1988). is currently used in Côte d'Ivoire by several authors in agro-

climatological studies (Anogbro Pascal, 2015; Dekoula et al., 2018; Kouamé et al., 2018; Noufé 

et al., 2011).  

Then, an adapted from Sivakumar's method was applied to rainfall to determine the onset, 

cessation and length of the growing season in the study area for the period 1991-2022. 

➢ The Onset and Cessation of the growing season are therefore defined for the long rainy 

season as: The long rainy season begins on 01 February when there is at least 20 mm of 

rain on 1, 2, or 3 consecutive days without a dry spell of more than 7 days in the 30 days 

following this date. The long rainy season ends on July 1 when there has been no rain for 

at least 20 consecutive days.  

➢ The Onset and Cessation of the growing season are therefore defined for the short rainy 

season as: The short rainy season is considered to be effective when, from 1st August, the 

amount of rainfall collected on 1, 2 or 3 consecutive days is at least equal to 20 mm without 
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a dry spell of more than 7 days in the 30 days following this date. It ends when, from 1st 

November, there is no rain for at least 20 consecutive days. 

➢ The Lengths of the growing season (LGS): The length of the rainy seasons (long and short 

rainy seasons) results from the difference between the cessation and the onset growing 

season dates. These two dates are expressed in Julian days.  

The cessation date of the growing season (CGS) is used in combination with the OGS to compute 

the length of the growing season. At the farm level, it corresponds to the period of harvest. 

Therefore, information on the CGS is useful for harvest planning activities. 

 

4.2.3.4. Analysis of extremes precipitation indices 

Extreme annual precipitation was calculated according to the frequency indices based on percentile 

thresholds: 95th (R95p) and 99th (R99p) percentile. These heavy precipitations correspond to the 

events at the tail of the distribution. Percentile thresholds are calculated for a given time period, 

and the ensuing analysis focuses on the frequency with which these thresholds are exceeded. This 

technique is following the World Climate Research Program's (WCRP) and World Meteorological 

Organization's (WMO) standards (Schär et al., 2016; WMO, 2020). 

 

4.2.3.5. Standardized Precipitation Index 

The Standardized Precipitation Index (SPI) is a widely used index to characterize meteorological 

drought on a range of timescales. It's an index based on the probability of precipitation for any 

time scale (Guttman, 1999; Koudahe et al., 2017; H. Wu et al., 2001). Annual SPIs were derived 

using the arithmetic mean and standard deviation of the precipitation record to characterize wet, 

normal, and drought years, which have an impact on seasons and crops. Negative values produced 

from the model suggest precipitation shortfalls (drought events), whereas positive values indicate 

normal or excess precipitation (wet events). To compute the SPI, we followed the method provided 

by McKee Thomas B. et al., (1993). It is computed using the following equation 5: 

SPI =
RRi−μ

sd
                  [5] 

SPI is the index value; RRi is the precipitation for a year i; µ is the average precipitation over the 

period 1991-2022; and sd, is the standard deviation of precipitation over the base period.  

The indices calculated in this work can be summarized in Table 4-2 according to the WMO Expert 

Team on Climate Change Detection Monitoring and Indices (ETCCDMI). 
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Table 4- 2: ETCCDMI precipitation and temperature-related indices used for this study 

Indices Definitions Descriptions units 

Precipitations       

PRCPTOT 
Annual total 

precipitation 

Annual total amount of precipitation 

cumulated in wet days 
mm 

CDD Consecutive dry days 
Maximum number of consecutive days with 

PR<1mm 
days 

CWD Consecutive wet days 
Annual maximum number of consecutive days 

with RR≥1 mm 
days 

OGS 
Onset of the growing 

seasons 
Start of the crop growing rainy season days 

CGS 
Cessation of the 

growing seasons  
End of the crop-growing rainy season days 

LGS 
Lengths of the growing 

season 

Difference between the end and the start of 

growing season dates 
days 

R95p Very rain days 
Sum of daily precipitation when PR>95th 

percentile 
mm/days 

R99p Extremely rain days 
Sum of daily precipitation when PR>99th 

percentile 
mm/days 

SPI 
Standard Precipitation 

Index 
Drought periods over the years mm 

Temperatures        

Tx Maximum temperature Extreme temperatures on consecutive days °C 

Tn Minimum temperature Low-temperatures consecutive days °C 

GDD Growing Degree days Daily high and daily low temperature °C 

 

4.2.3.6. Survey data 

During the investigation, a partially pre-coded questionnaire on KoboToolbox was distributed via 

smartphones and tablets to smallholder yam farmers in the eleven selected areas (see Figure 1). 

The overall sample size at the end of the survey was 492, all qualitative data. These surveys 

focused on the causes of rising land surface temperatures, the agronomic and environmental 

methods and practices used to cultivate yams, farmer vulnerability, and the resilience techniques 

adopted to cope with climate change. Then, to acquire a better knowledge of all the varied 

occurrences in this area, an in-depth interview was conducted with ANADER agents. These 

socioeconomic data were entered and analyzed using Excel 2021 in two ways. The first was 

descriptive statistical analysis, which allowed us to detect trends reflected in numbers and 

percentages, and the second was a cross-tabulation of replies based on the breadth of the questions 
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and the goals sought. This method proved useful for describing one or more variables, in particular, 

the distribution of the attributes they include (Lemessa et al., 2019; Odame Appiah et al., 2018; 

Sanogo et al., 2023).  

 

4.3. Results 

4.3.1 Agro-climatological characteristics of the yam growing season 

4.3.1.1 Onset of growing season  

The onset growing season dates, for both long and short seasons, vary greatly from one year to the 

next in the Gontougo region. Figure 4-2 depicts the interannual variability of season start dates in 

the region's 5 departments over the study period 1991-2022. The equation lines Y=ax+b represent 

the average evolution of onset dates over years for the long and short rainy seasons. 

 
Figure 4- 2: Onset of the growing seasons in the Gontougo region 

The lengthy rainy season begins on March 25 for Bondoukou, March 12 for Koun-Fao, March 18 

for Sandegue, March 15 for Tanda, and March 9 for Transua. The brief rainy season began on 19 

August, 18 August, 15 August, 18 August, and 19 August for Bondoukou, Koun-Fao, Sandegue, 

Tanda, and Transua, respectively. Table 4-3 shows these various trends as well as the standard 

deviation and the Man-Kendall tau. 
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Table 4- 3: A summary average of the onset season 

  BONDOUKOU KOUN-FAO SANDEGUE TANDA TRANSUA 

  Long rainy season 

Mean 25-Mar 12-Mar 18-Mar 15-Mar 9-Mar 

StDev (Days) 17 20 22 18 19 

M-K tau -0.002 0.06 0.09 -0.004 -0.006 

p-value 1 0.61 0.47 0.98 0.97 

  Short rainy season 

Mean 19-Aug 18-Aug 15-Aug 18-Aug 19-Aug 

StDev (Days) 13 12 9 12 11 

M-K tau -0.17 0.05 0.16 0.05 0.04 

p-value 0.16 0.6 0.2 0.6 0.7 

StDev = Standard deviation; M-K tau = Mann-Kendall tau 

In terms of rainfall probabilities, a frequency analysis of onset dates reveals that in nearly 25% of 

cases (early years), the seasons began on the 50th day of the year, i.e. around February 20 for the 

long rainy season, as opposed to the 220th day of the year (around the end of the first dekad of 

August) for the short rainy season. In contrast, three out of four (75% probability) years in the 

study region had seasons that began in early April (125th day) for the long rainy seasons and around 

the third dekad of August (260th day) for the short rainy seasons. Figure 4-3 illustrates the 

frequencies of probable onset of rainy seasons over the period 1991-2022. 

 

Figure 4- 3: Probability of onset season dates 

 

4.3.1.2. Cessation dates of growing seasons 

The average cessation growing season dates for the long rainy season are July 22 to 24 with 

standard deviations ranging from 8 to 28 days, and between November 20 and 26 for the short 
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rainy season with standard deviations ranging from 10 to 13 days. Besides, a positive Mann-

Kendall Tau was observed over the long rainy season in all 5 departments and was more or less 

negative, tending towards zero for the short rainy season. Table 4-4 presents the average cessation 

season dates for the five departments. 

Table 4- 4: Average cessation dates of the growing season 

  BONDOUKOU KOUN-FAO SANDEGUE TANDA TRANSUA 

  Long rainy season 

Mean 22-Jul 22-Jul 24-Jul 23-Jul 22-Jul 

StDev (Days) 8 28 11 6 12 

M-K tau 0.6 0.24 0.06 0.29 0.24 

p-value 0 0.06 0.6 0.02 0.05 

  Short rainy season 

Mean 20-Nov 26-Nov 22-Nov 24-Nov 26-Nov 

StDev (Days) 13 11 13 10 11 

M-K tau -0.07 0.05 -0.04 0 -0.12 

p-value 0.5 0.65 0.7 1 0.3 

StDev = Standard deviation; M-K tau = Mann-Kendall tau 

Furthermore, an analysis of trends frequency in season-end dates over the last three decades (study 

period 1991-2022) shows that the end of the long and short rainy seasons most often occurs 

respectively around the 200th and 340th day (figure 4-4). 

 

Figure 4- 4: Frequency of cessation dates of the season 
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4.3.1.3. Length of the growing seasons 

Analysis of these outcomes reveals that the length of the growing seasons in the study area varies 

between 70 and 150 days for the long rainy season, and between 61 and 125 for the short rainy 

season (figure 4-5). In this sequence, there is an average trend with standard deviation variations 

in the growing season length and M-K tau values that specify different patterns, either reverting or 

lengthening in Table 5. 

 
Figure 4- 5: Length dynamics of the growing season 

For the long rainy season, the average length of rainfall was between 120 and 135 days, and 

between 93 and 100 days for the short season, depending on the station (Table 4-5). However, 

trend analysis shows that, except for a few stations, the seasons tend to lengthen (positive M-K 

tau). 

Table 4- 5: Length trends of the growing seasons 

  BONDOUKOU KOUN-FAO SANDEGUE TANDA TRANSUA 

  Long rainy season 

Mean (days) 120 132 128 130 135 

StDev 19 32 26 20 25 

M-K tau 0.22 0 0.004 0.09 0.12 

p-value 0.07 1 0.98 0.44 0.32 

  Short rainy season 

Mean (days) 93 100 98 97 99 

StDev 18 16 15 16 16 

M-K tau 0.11 0 -0.1 -0.02 -0.08 

p-value 0.3 1 0.4 0.8 0.4 

StDev = Standard deviation; M-K tau = Mann-Kendall tau 
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4.3.2. Total seasonal precipitation 

Total seasonal precipitation refers to the cumulative amount of precipitation that falls within a 

specific season over a defined period. It is expressed in millimetres (mm) It can be seen that in the 

Gontougo region, average seasonal total rainfall varies between 457.4 and 574.3 mm, depending 

on the station, over the long rainy season. In the same way, the observed M-K tau is negative for 

all stations with a p-value > 0.05. Over the short rainy season, total seasonal precipitation varied 

between 386.1 and 441.8 mm, depending on the station. Here, the observed M-K tau is positive at 

all stations with a p-value > 0.05 (Table 4-6). Standard deviations for the two different seasons 

vary significantly, with up to 100 mm of rainfall depending on the station. 

Table 4- 6: Total seasonal precipitation 

  BONDOUKOU KOUN-FAO SANDEGUE TANDA TRANSUA 

  Long rainy season 

Mean (mm) 519.9 549.5 457.4 550.3 574.3 

StDev 85.8 115.8 114.1 102.5 116.9 

M-K tau -0.06 -0.1 -0.12 -0.12 -0.18 

p-value 0.63 0.42 0.34 0.33 0.14 

  Short rainy season 

Mean (mm) 386.1 420.6 413.6 437.2 441.8 

StDev 100.1 100.6 94.3 108.12 99.5 

M-K tau 0.16 0.22 0.18 0.2 0.25 

p-value 0.18 0.07 0.6 0.1 0.04 

StDev = Standard deviation; M-K tau = Mann-Kendall tau 

4.3.3. Standard Precipitation Index 

The total seasonal precipitation anomaly has been highlighted by the Standardized Precipitation 

Index (SPI). SPI is a valuable tool for interpreting seasonal precipitation anomalies. It helps 

quantify and classify the intensity and duration of droughts or wet periods (Guttman, 1999). 

Positive SPI values indicate above-average precipitation (wet conditions) and negative SPI values 

indicate below-average precipitation (dry conditions). Over the period 1991-2022, both long and 

short rainy seasons faced anomalies in rainfall. Figure 4-6 depicts the trends shown by two 

colours, red and blue. The red ar the dry period and the blues are the wet period. We can notice 

that from the year 2010 to the year 2016, SPI < -1.5 over the long and short rainy seasons which 

corresponds to severely dry. Then, from 2005 to 2010, we observed an SPI > 1.5 in all stations 

which corresponds to moderately to very wet. Especially, in 2022, the SPI for the short rainy 
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season was negative at all stations, with values ranging from -1.5 to -1.0, indicating relatively dry 

conditions. In contrast to the long rainy season, where values are relatively positive (-0.5 ≤ SPI ≤ 

1.0) at 4 stations Bondoukou, Koun-Fao, Sandegue and Tanda. At the 5th station, Transua, the SPI 

is negative (-1 ≤ SPI ≤ 0). 

 

Figure 4- 6: Trends in SPI over the period 1991-2022 

 

4.3.4. Occurrence of rainy days 

The occurrence of rainy days was computed to determine the frequency of consecutive rainy days 

with measurable precipitation from 1991 to 2022. Measurable precipitation typically means any 

amount of rainfall that can be detected and quantified using standard meteorological instruments, 

usually defined as at least 0.01 inches (0.25 mm) of rain according to ETCCDMI standards (Klein 

Tank et al., 2009). This occurrence of rainy days graph (Figure 4-7) shows a consistent seasonal 

rainfall pattern in the short rainy season than in the long rainy season. We can see that the peaks 

are observed in approximately 5% frequency over the Bondoukou, Koun-Fao and Tanda stations 

during the short rainy season over two consecutive decades. Whereas during the long rainy season, 

only around 4% rainfall frequencies are observed over a decade for the Bondoudoukou and 

Transua stations. 
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Figure 4- 7: Occurrence of rainy days 

 

4.3.5. Extreme rainfall events (R95p, R99p) 

The frequency and intensity of precipitation days relative to the ETCCDMI climatological norm 

represented by indices R95p and R99p were computed to determine extreme rainfall events in the 

study area from 1991 to 2022 (Figure 4-8). At the 95th and 99th percentile, precipitation ranges 

respectively from 20 to 35 mm, and from 30 to 50 mm, with an evolving frequency up to 1 for 

both percentiles. Extreme rainfall on either side occurs at a frequency ranging from 0.75 to 1 

throughout long and short rainy seasons. Extreme rainfall was reported in the Koun-Fao, Tanda, 

and Transua stations in the 95th percentile, whereas the most extreme occurred at each of the five 

stations that recorded more than 50 mm of rain in one day, with a frequency of 1 in the 99th 

percentile. 

 

Figure 4- 8: Distribution of percentile R95p and R99p 

 

R95p          R99p 
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4.3.6. Occurrence of intraseasonal dry periods 

Dry spells during the rainy season are mentioned in numerous studies (Agbazo et al., 2021; Ibrahim 

et al., 2022; Kouamé et al., 2018) as a key factor hindering crop growth. The impact of dry spells 

on crops depends on their period of occurrence during the growing season, as well as their duration 

and frequency. In the growing season, drought frequency is most intense in the first 10 days, 

reaching 0.15 at the Bondoukou station and around 0.10 at the Koun-Fao and Sandegue stations in 

the long rainy season. In the short rainy season, the first two weeks of the growing season are 

considered critical, with drought frequency reaching 0.05 at each of the 5 stations. In terms of the 

occurrence of dry spells, Bondoukou station recorded the highest peak corresponding to a 

frequency of 1 over the long rainy season. This occurred on the second consecutive dry day. 

Similarly, the Sandegue and Koun-Fao stations recorded peaks on the second consecutive dry day, 

with 0.50 dry intensity. Over the short rainy season, peaks corresponding to the Tanda and 

Sandegue stations were observed only between the second and fourth consecutive dry days, with 

a 0.50 intensity (Figure 4-9). 

 

Figure 4- 9: Distribution of dry spell frequency 

 

Analysis of the key agro-climatological parameters affecting yam cultivation led us to investigate 

yam farmers' perceptions of growing conditions and the adaptive methods they adopt to deal with 

various climatic issues they face. 
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4.3.7. Profile of respondents 

The survey was conducted in the Gontougou region, mainly in the departments of Bondoukou, 

Koun-Fao, Tanda and Transua (Table 4-7). A total of 492 respondents were surveyed, including 

100 women and 392 men. Note that the percentage of people surveyed was 54.07% in Bondoukou. 

Table 4- 7: Profile of people surveyed 

Departments Female Male 
Total 

population 
Percentage 

Bondoukou 40 226 266 54.07 

Koun-Fao 10 26 36 7.32 

Tanda 7 52 59 11.99 

Transua 43 88 131 26.63 

Total respondents 100 392 492 100 

 

3.8. Agronomic practices and yam growing circumstances 

The Gontougo region in Côte d'Ivoire is known for its agricultural activities, particularly yam 

cultivation as a staple food. Climatic uncertainties and local environmental conditions hinder its 

production. The population facing these difficulties were surveyed to find out how they adapt. 

Here is an overview of the agronomic practices and yam growing circumstances in the region. 

 

4.3.8.1. Yam harvest cycle per variety 

In the Gontougou region, several species of yam are grown, depending on soil type and, above all, 

on the crop cycle. Species produced in the region include: “Bètè bètè, Florido, Kponan, Krenglè, 

Assawa, Lokpa, Païté, Azaguié and others including Kokoasse, Anader, Kokomssené, Afassiè and 

Kamgba” (Figure 4-10). From planting to harvest lasts between 6 and 12 months, depending on 

the species. Unanimously, over 40% of the region's population grows 'Païté'. Its growing cycle 

lasts 8 months. After Païté, 'Florido', 'Bètè bètè' and 'Kponan' are the most widely produced, each 

accounting for more than 10%. 
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Figure 4- 10: Length of the yam growing cycle according to the varieties grown 

NB: Other species include “Kokoasse, Anader, Kokomssené, Afassiè and Kamgba” 

 

4.3.8.2. Yam growing method  

Yam cultivation methods are traditional techniques inherited from the local population. According 

to our surveys, populations adopt either slash-and-burn, intensive, extensive or rotational 

cultivation. Most people who practise rotational cropping or fallowing let the previously cultivated 

plots rest for a year before planting the new crop. In short, slash-and-burn cultivation is dominant 

in Transua, with over 95%. In Bondoukou and Tanda, extensive cultivation accounts for over 85% 

and 70%  respectively. In Koun-Fao, rotational cropping is dominant at 50%, followed by intensive 

cropping at over 30% (Figure 4-11). 
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Figure 4- 11: Farming methods by department 

 

4.3.8.3. Mounding and yam planting moment 

Good crop yields depend on the production period. By production, we mean the preparation of the 

soil, the mounds, the moment when the yam is put into the mounds, and the harvest. In the 

Gontougo region, mounds are made between November and May. Specifically, Bondoukou 

farmers do for them in November and December. Those in Tanda prefer March, April and 

especially May when more than 50% of them do so. Farmers in Transua and Koun-Fao make their 

mounds in March and April. Then, very few yam farmers make their mounds in January and 

February. Of these, 50% put the yam in the mound a month or more after mounding. Among those 

who make the mounds in March, April and May, most of them put the yam in the mound on the 

same day. For those who do it in November and December, more than 40% of farmers prefer to 

wait for heavy dews caused by the harmattan, and around 60% prefer to wait a month before 

putting the yam in the mound (Figure 4-12). The reasons for these different practices are motivated 

by personal experiences that have been collected and represented in Figure 4-13. According to 

this figure, 37% of yam farmers adopt the practice of mounding the yam seed to prevent it from 

rotting and 24% do so to reduce the temperature in the mound before planting the yam seed. 
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Figure 4- 12: Time of yam planting according to the month in which the mounds are made 

 

 

Figure 4- 13: Reasons for mounding yam seeds 
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4.3.8.4. Yam farming environment 

The type of environment in which the yam is grown is very important for its success. In the 

Gontougo region, 90% of the Bondoukou population grows yam in association with cashews, and 

around 60% under shrub savannah zones. In Koun-Fao, more than 80% of the population prefers 

shallow areas, with a few in forest land. In Tanda, yam farmers mainly opt for wooded or tree 

savannah (75%). Finally, in Transua, fallow dominates at 60% (Figure 4-14). 

 

Figure 4- 14: Yam growing environment by department 

 

4.3.9. Understanding the increasing causes of vegetation loss in yam-producing area 

Agriculture is a source of deforestation and leads to land surface temperatures (LST). We 

demonstrated this in one of our investigations in the Gontougo region: “The decline in vegetation 

cover driven by agricultural expansion in the study area substantially increases the LST” (Aka et 

al., 2023). As a result of this study, we found that forests lost 62.19% of their area in 2022. It’s to 

find out more about this phenomenon, we have conducted this study to discover the real causes of 

deforestation. It can be seen in Figure 4-15 that in the Bondoukou department, cashew nut 

production (25%) and logging (over 15%) are at the root of deforestation. In Transua, it is the 

drying up of vegetation at over 25%, in Tanda, also logging at 10% and around 5% for the 

expansion of the savannah at Koun-Fao. 
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Figure 4- 15: Causes of vegetation loss per department 

 

4.3.10. Impact of Land Surface Temperature and climate variability on yam growing  

Land surface temperature is the cumulative effect of land use land cover (LULC) change and 

global atmospheric warming (Aka et al., 2023). Its impact on yam cultivation is many. According 

to our survey, it delays bud growth (25.50%), rots the yam seed (24.69%), slims down tubers 

(20.23%), compacts and reduces soil porosity (12.06%), inhibits microorganism's actions in the 

soil (9.42%) and increases pests in the mound (8.10%). According to the surveyed people, high 

surface temperatures are harming yam production throughout the region. The effects are felt most 

in Bondoukou, with a percentage of 92.48%. Only in Tanda were the effects felt less with 61% 

(Figure 4-16). 
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Figure 4- 16: Impact of land surface temperature and climate variability on yam growing 

 

4.3.11. Yam farmer's adaptative responses 

Several adaptive solutions enabling people in the Gontougo region to be climate resilient were 

highlighted. The people interviewed revealed that they adopt specific agricultural practices 

associated with expert agronomic techniques in response to climate hazards and to prevent crop 

failure (Figure 4-17). These techniques are mainly related to SODEXAM weather forecasts 

(1.63%), CNRA agricultural advice (2.44%), ANADER farming practices (46.54%), and 

endogenous knowledge combined with traditional habits (49.39%). The greatest concern of the 

population, which is adopted as a solution to avoid high land surface temperatures and their impact 

is to master the rainy season (24.39%) and also to control the growing season of yam species to be 

cultivated (20.33%). Similarly, most of the respondents felt that diversification of agro-economic 

activities (20.73%) was the best way to prevent crop failure. For others, it is important to diversify 

the yam species to be grown to avoid any nasty annual yield (17.89%). 
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Figure 4- 17: Yam farmer's adaptative response to climate hazards   
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4.4. Discussion 

4.4.1. Analysis of agro-climatological characteristics related to yam growing  

Agricultural activities in Côte d'Ivoire are heavily reliant on the rainfall pattern. As a result, 

irregular rainfall has undeniable repercussions on crop production. The Gontougo region in eastern 

Côte d'Ivoire, which is a mixed (forest-savannah) and bimodal zone with two rainy seasons (one 

long and one short), is naturally impacted by the North's unimodal regime due to its geographical 

proximity. This shifting rainfall pattern makes executing the region's numerous agricultural 

campaigns difficult. The start date of the rains and the length of the growing season are two critical 

elements for agricultural operation planning because they govern, on the one hand, when to make 

mounds or sow seeds, and on the other, how long crops can benefit from consistent rainfall 

(Kouamé et al., 2018; Waongo, 2015; Y. Wu et al., 2023). Analyzing the onset and cessation of 

the growing season in the five departments from 1991 to 2022 allowed us to establish the average 

dates of rainy periods and identify rainfall irregularities in the region. On average in the 5 

départements, the onset dates of the long rainy season were observed between the first and last 

decade of March, precisely between March 09 and March 25. As for the short rainy season, the 

average start dates were mainly around the second decade of August, between August 15 and 19. 

Respectively, the cessation dates for the long rainy season are July 22 to 24 and 20 to 26 November 

for the short rainy. Other studies in Côte d'Ivoire, particularly on the impact of rainfall variability 

on the growing season in the cotton production area (Dekoula et al., 2018) and on the 

characterisation of the key agroclimatic parameters of the growing season in forest-savannah 

contact zones (Kouamé et al., 2018) have found similar results for onset and cessation dates of the 

growing seasons in their research for bimodal zones. This supports our findings. However, a series 

of rainfall abnormalities throughout the growing season caused early starts and late endings in the 

Bondoukou, Tanda and Transua departments, as well as late starts and late ends in the Koun-Fao 

and Sandegue departments for the long rainy season, between 1991 and 2022. This explains the 

Mann-Kendall Tau values, which were either positive or negative within the same time period. 

Several scholars believe that rainfall's start and end dates are essential elements in the tropical 

agricultural cycle. This is especially important given that climatic variability is predicted to cause 

significant changes in many parts of the planet. These changes are expected to have an impact on 

the onset and cessation of the rainy season (and consequently the length of crop's growing seasons), 

which has been increasingly unpredictable in recent years (Danquah et al., 2022; Mosunmola et 

al., 2020; Noufé et al., 2011). By studying total seasonal precipitation, extreme rainfall events 
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(R95p, R99p) and the occurrence of intraseasonal dry spells in the Gontougo region, we have 

identified the main factors of climate variability likely to harm agricultural production, particularly 

yam crops. A recent study by the Intergovernmental Panel on Climate Change (IPCC) highlights 

these impacts in its sixth assessment report (IPCC, 2022). According to the IPCC, "climate change, 

including increases in the frequency and intensity of extreme events harmed food security and 

terrestrial ecosystems, and has contributed to desertification and land degradation in many 

regions". The UN Food and Agriculture Organisation (FAO) also notes that climate variability and 

extreme events are among the main causes of serious food crises. The FAO report "The State of 

Food Security and Nutrition in the World 2022" (FAO et al., 2022) explains how climate-related 

disasters are exacerbating food insecurity and malnutrition around the world. In the Gontougo 

region, our research shows that total seasonal precipitation varies between 457.4 and 574.3 mm 

over the long rainy season and between 386.1 and 441.8 mm over the short rainy season, depending 

on the stations. This gives an annual total cumulative rainfall of around 1016.1 mm over the long 

rainy season. Studies by Kouamé et al., (2018) show that the cumulative seasonal rainfall for 

regions above the 7th parallel in Côte d'Ivoire with four seasons, i.e. two dry seasons and two wet 

seasons, taking Bouake and Beoumi as examples, which are also major yam-producing areas, 

varies between 445 and 499 mm for the long season and between 359 and 401 mm for the short 

season. These findings corroborate our investigations. Furthermore, yam cultivation, depending 

on the species, is more successful in agroclimatic zones where rainfall is between 900 and 1500 

mm per year (Adifon et al., 2019, 2020; Neina, 2021). This is why it is widely produced 

specifically in the central, northern and eastern regions of Côte d'Ivoire. 

In addition to all these factors, it should be noted that the Gontougo region experiences both dry 

and wet rainfall fluctuations. This is highlighted by the SPI calculation, which shows that from 

2010 to 2016, there was a severe drought. Then, from 2005 to 2010, we observed a moderate to 

wet season. In particular, in 2022, relatively dry conditions were reported over the short rainy 

season at all stations. According to several agricultural studies on households, the SPI highlight 

the impact of climate variability on agricultural productivity over time, contributing to the 

development of resilient agricultural practices (Giannini et al., 2021; Sultan et al., 2015, 2019; 

Yimam & Holvoet, 2023). Then By identifying periods of water scarcity, SPI aids in managing 

water resources more efficiently, ensuring adequate supply for crops and livestock (Sanogo et al., 

2023). It provides insights into seasonal precipitation patterns, aiding in the selection of suitable 

crops and planting dates to match expected moisture conditions (Ibrahim et al., 2022; Waongo, 



 

138 
 

2015). As for the dry spell frequency, it’s a key factor hindering crop growth. In the region, 

Bondoukou station had the highest peak, equal to a frequency of one, during the long rainy season. 

This happened on the second successive dry day of the growing season. According to Waongo’s 

optimizing planting date study (Waongo, 2015; Waongo et al., 2015) Dry periods occurring after 

crop planting time are critical meteorological indicators for agricultural management. Dry spells 

may be both beneficial and detrimental to rainfed agriculture. Farmers can use them to execute 

field activities including mounding, planting, weeding, fertilizer application, and harvesting. 

Concerning Extrem rainfall events, days with moderate extreme rainfall (above the 95th percentile) 

are becoming increasingly frequent at Koun-Fao, Tanda, and Transua stations, suggesting changes 

in weather conditions that may lead to increased risks of flooding. Research has also shown that 

occasional peaks (99th percentile) may indicate sporadic but extremely intense rainfall in the 

region. A steady increase could indicate a move towards more severe weather conditions. 

Understanding and interpreting these indices helps to assess the impacts of climate change, plan 

flood management and prepare for the potential socio-economic impacts of extreme weather 

events (Ibrahim et al., 2022; Schär et al., 2016). 

 

4.4.2. Yam production conditions and farmers' adaptation response analysis 

Climate variability is one of the leading natural threats and a root cause of food insecurity in 

developing countries. In Côte d'Ivoire, we assist a loss of yam yield every year whereas it’s the 

most widely grown food crop. According to FAO statistics, yam's total production volume was 

around 7,600,000 tonnes in 2022 in Côte d'Ivoire (https://www.fao.org/faostat/en/#data). The 

Gontougo region is one of the major producing areas, with around 90,000 tonnes/year in 2022, 

according to Bondoukou’s and Tanda’s ANADER service. So, to find out and address production 

conditions, cropping methods, production-related challenges and adaptive measures, a survey of 

yam farmers in the region as mentioned above has been conducted. The survey revealed that the 

species called 'Païté' is widely grown in the region and lasts eight months to be harvested. The 

mounding periods vary per department, ranging from November to May. Everyone starts planting 

based on their own meteorological and traditional knowledge. The most common reason reported 

for this (37%) is to avoid the rotting of the yam seed to be planted. Most yam farmers slash and 

burn before cultivation, but it is extensive cultivation that is dominant in the region. Indeed, every 

year, farmers transplant cashew nurseries while the yam is growing. As a result, even rotational 

https://www.fao.org/faostat/en/#data
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cropping, where they leave the fallow land to rest and return to it at least a year later, is starting to 

drop because of the widespread cultivation of cashew nuts. According to Aka et al.'s, (2023) 

research on land use land cover (LULC), perennial crops, particularly cashew plantations, are the 

most common LULC type in the Gontougo region. It takes up more than 60% of the study area. 

Furthermore, it states that from 2015 to 2022, the LULC shift resulted in the loss of 48.13% and 

65.14% of forest and annual crop areas, respectively, in favour of cashew plantations. Surveyed 

populations and ANADER both told us that in locations where long-term fallows are no longer 

practicable owing to land pressure, yam production has dropped dramatically or mutated into 

something more rustic and unsuitable for pounded yam, maybe leading to crop abandonment. This 

production has also been firmly incorporated into the market economy, transitioning from a food 

crop to a cash crop, with some exports to neighbouring countries. As a result, abandonment or fall 

in production in specific locations of Cote d'Ivoire causes food insecurity and economic loss for 

farmers.Yam farmers have discovered that to adapt, they must plant yams in a variety of 

environments, particularly in conjunction with cashew trees, in lowlands, and, of course, in the 

savannahs and woodlands that are still available. These same concerns have led to the 

implementation of improved fallows in Benin and Ghana, which utilize shrub and herbaceous 

legumes (Aeschynomene histrix, Mucuna pruriens var utilis,et Gliricidia sepium), and the use of 

NPK fertilizers, and fallow rotations with a combination of plant species (Andropogon gayanus-

yam, Mucuna pruriens var utilis/ maize, Aeschynomene histrix/ maize) to address the issue of 

reducing surface areas allotted for yam farming (Adifon et al., 2019, 2020; Felix et al., 2020; 

Owusu Danquah et al., 2022). Later on, the land surface temperatures (LST) and climate 

uncertainties were the two main issues mentioned by the yam farmers when discussing production 

losses. The impacts of LST, climate uncertainties and seasonal variability on yam production in 

the Gontougo region are multiple. These include the delays of bud growth, rots of the yam seed, 

slims down tubers, compacts and reduces soil porosity, inhibits microorganisms' actions in the soil 

and increases pests in the mound. Many studies (Adeleke Aturamu et al., 2021; Adifon et al., 2020; 

Owusu Danquah, Danquah, et al., 2022; Srivastava et al., 2012) state that agroclimatic factors 

whose management and control are essential to optimum agricultural production for rainfed crops 

like yam include the characteristics of the growing season, the distribution of rainfall during the 

vegetative cycle, the air temperature and the consecutive dry periods throughout the production 

cycle especially after the planted tuber seedlings emerge from their mounds. On this point, we 

discussed with many different organizations of yam farmers, and they expressed their perceptions 
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to us. All these yam “farmer's organizations in the Gontougo region recognise the impacts of 

climate variability on their yam crops, particularly the challenges posed by irregular rainfall, 

prolonged dry spells and rising temperatures. However, there is often a gap between this awareness 

and the adoption of adaptive practices. Limited access to information, resources and agricultural 

extension services hampers the widespread implementation of modern, climate-resilient 

techniques. Despite these difficulties, they continue to value yams for their cultural significance 

economic importance and nutritional values”. Besides this viewpoint, other solutions were also 

highlighted during the survey. In terms of responses to LST and climate variability, they agreed 

that mastering the rainy season linked to the yam growth cycle and the strengthening and practising 

of endogenous knowledge are the primary ways to mitigate their effects. Second, most yam 

farmers stagger their planting periods, vary the varieties of yams they grow, and diversify their 

socio-economic activities to prevent crop failure. Finally, ANADER trains them in endogenous 

knowledge-based adaptive farming techniques. A study similar to ours has come to reinforce our 

statements and declares that farmers are also adopting behavioural and infrastructural strategies to 

deal with hazards that threaten their food security (Njoya et al., 2022). This is correspondingly in 

line with other results found in the academic literature (Ema et al., 2023; FAO, 2015; Faye et al., 

2023) indicating that endogenous and technical and/or infrastructural responses are mostly 

common to cope with farmers' vulnerability to climate. The use of measures such as improved 

seeds, crop diversification, improved fallow lands, optimization of planting date and early warning 

systems are also reported in many studies in Sub-Saharan Africa (Abubakar et al., 2021; Adifon 

et al., 2019; Giannini et al., 2021; Harouna et al., 2019; Waongo et al., 2015; Zeleke et al., 2023) 

as farmers’ adaptive responses.  

 

4.5. Conclusion 

The study introduces an integrated framework that evaluates key agro-climatological 

characteristics, agronomic practices and adaptive responses of smallholder yam farmers in the 

Gontougo region in Côte d’Ivoire. By incorporating both climate analysis and local knowledge 

through a survey, the study sheds light on key findings about yam production that have important 

implications for future research and practical applications for yam farmers. The findings underline 

the importance of understanding and using weather information while cultivating yam crops and 

farmers' adaptive reactions to the threats they meet. It should be noted that yam is a rainfed crop, 

and we demonstrated that in the Gontougo region, almost 25% of the time (early years), the 
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growing season began around the 50th day of the year, i.e. around 20 February under the long 

rainy season, compared to the 220th day of the year (around the end of the first decade of August) 

under the short rainy season. Furthermore, the typical cessation of the growing season is July 22 

to 24 during the long rainy season, and November 20 to 26 during the short rainy season. Regarding 

perceptions, surveyed people stated that high land surface temperatures due to the decline of 

vegetation and climate uncertainties are harming yam production. The effects are felt most in 

Bondoukou, with a percentage of 92.48%. Only in Tanda were the effects felt less with 61%. In 

terms of growing methods, the most dominant is extensive cultivation, practised more than 90% 

in Bondoukou. As a result of this practice, farmers used to cultivate perennial crops, particularly 

cashew nuts, which replace yams on the same plot after harvesting. From then on, fallowing is 

unusual, and crop rotation on the same plot is rapidly reducing. The end effect is a reduction of 

natural plant resources, local biodiversity, and depletion of soil fertility. Besides, ANADER's 

technical services train farmers in agricultural techniques that are resilient to climate hazards and 

adaptive to different types of production environments, based on endogenous and experimental 

knowledge to improve yields. In brief, farmers in the Gontougo region mainly use traditional 

farming methods to grow yams. These practices include manual soil preparation, the use of organic 

matter (such as farmyard manure) to improve soil fertility, and planting yams in mounds or ridges 

to improve drainage and aeration. Crop rotation and fallowing are also commonly used to maintain 

soil health and reduce the incidence of pests and diseases. However, increasing pressure on land 

due to population growth has led to shorter fallow periods, which, combined with limited access 

to modern inputs such as fertilisers and improved seed varieties, has resulted in lower yam yields 

over time. Moreover, it is worth noting that farmers' perceptions of yam production and climate 

change are crucial in shaping their farming practices. Despite these difficulties, farmers continue 

to value yams for their cultural significance, economic importance and nutritional values and 

express a strong desire to be supported in accessing improved technologies and knowledge that 

could help them mitigate the effects of climate change on their production. Through this study, we 

are drawing the attention of decision-makers, researchers and politicians to the need to prioritize 

yam farming, which is a significant pillar in the fight against food insecurity.  
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CHAPTER 5: ANALYZING FUTURE TRENDS IN CLIMATE CHANGE ON YAM YIELDS  
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5.1. Introduction 

Considering climate change-induced risks that make farmers highly vulnerable and reduce yield, 

simulating scenarios and crop yields using models can help farmers enhance productivity, forecast 

the growing season, adopt adaptive measures, and be more resilient (Fayaz et al., 2021; Malhi et 

al., 2021). Very few studies exist aiming to understand the future of yam growing in Côte d'Ivoire 

by predicting yields. One of the extant investigations on the issue in the literature is the World 

Bank's (World Bank Group, 2019) using the International Model for Policy Analysis of 

Agricultural Commodities and Trade (IMPACT model), discovered in Côte d'Ivoire that the 

percentage point difference in yield and the area harvested with different levels of climate change 

for yams will be lowered negatively in yield under RCP4.5 and RCP8.0 respectively, and increased 

in area harvested in the same RCP for 2030 and 2050. Thus, it would be interesting to examine the 

dynamic of yam yields using an agronomic model. Crop models are collections of mathematical 

equations that depict activities inside a specific plant system and interactions between crops and 

their surroundings (Adeleke Aturamu et al., 2021; Khan et al., 2023; Leng & Hall, 2020; Liu et 

al., 2021; C. Müller et al., 2024). Despite these models still simplified approximations of reality, 

the complexity of agricultural systems and the remaining knowledge gaps make it hard to explain 

complete crop system operations in mathematical terms (Cedric et al., 2022; Jones et al., 2017; 

Khan et al., 2023; Wallach et al., 2014). In this study, we applied the statistical model of Multiple 

Linear Regression (MLR) to model yam yields. MLR is a statistical prediction test used to estimate 

the value of one dependent variable using multiple (at least two) independent variables (Khan et 

al., 2023). This is the fundamental principle of regression, which allows us to identify the 

relationship between several independent variables and a dependent variable. MLR involves 

establishing a linear relationship between the dependent and independent variables (Hastie et al., 

2017; Heumann et al., 2016; Khan et al., 2023). The MLR technique involves prior identification 

of the variables required by the model, which we carefully determined using Sivakumar’s method 

(Sivakumar, 1988). Its approach is based on agro-climatological characteristics and was deemed 

the best designed to be adapted to the specific case in our study area. The method was developed 

for forecasting rainy seasons in five different West African countries, namely Burkina Faso, Niger, 

Mali, Senegal, and Chad, and was also applied in different agro-climatological studies on Côte 

d’Ivoire (Anogbro Pascal, 2015; Dekoula et al., 2018; Kouamé et al., 2018; Noufé et al., 2011). 

Unlike our approach, previous research, like the World Bank study cited above, employed a 

dynamic agricultural model (IMPACT model), which required various sources and types of data 
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to be obtained in situ through experimentation and used for model calibration, training, and 

validation. Employed in many prediction studies, the MLR is more suitable when field observation 

data are sometimes lacking. It requires less data than the dynamic agricultural model and enables 

future modelling using current trends and outcomes (Mosunmola et al., 2020; Pokona et al., 2021; 

Setiya et al., 2023). These are the reasons why we used it, as there is a lack of genuine field and 

observation data in the region, which is one of our investigation's shortcomings. This is where our 

work differs from earlier studies employing the IMPACT model, which were conducted at the 

national level and used a variety of crops, including yam. Our research is local (Gontougo region) 

and focuses on a particular crop, yam. Furthermore, for future prediction, we use updated scenario 

data known as Socio-Economic Shared Pathways (SSP) from the sixth report of the 

Intergovernmental Panel on Climate Change (IPCC AR6), as opposed to the previous study's 

Representative Concentration Pathway (RCP) from the fifth report of the IPCC (IPCC AR5). The 

SSP scenarios are part of the international Coupled Model Intercomparison Project 6 (CMIP6) of 

the World Climate Research Programme (WCRP) that comprises a new set of scenario runs for 

the 21st century. They represent different socio-economic developments as well as different 

pathways of atmospheric greenhouse gas concentrations (IPCC, 2023a; Mackallah et al., 2022; 

Weijer et al., 2020). The SSP scenarios are based on five narratives that depict various societal 

development paths: SSP 1, SSP 2, SSP 3, SSP 4, and SSP 5 (IPCC, 2023a; Zhou et al., 2023). 

SSP1 titles the sustainable and “green” pathway describes an increasingly sustainable world; 

SSP2: The “Middle of the road” or medium pathway extrapolates the past and current global 

development into the future; SSP3: Regional rivalry; SSP4: Inequality; and SSP5: Fossil-fueled 

Development (IPCC, 2022). Using the SSP 2 and SSP5 and agro-climatological characteristics, 

this study assesses the interactions between the different parameters and agricultural seasons on 

yam yields in the Gontougo region in Côte d’Ivoire in order to identify the agroclimatic factors 

that have the greatest negative impact on yields in the area. This will then be followed by predicting 

future yam yield trends under climate change scenarios. 

 

5.2. Methodology  

5.2.1. Data descriptions  
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5.2.1.1. Climate observations data  

The meteorological observation data comprises precipitation and temperature variables (maximum 

and minimum temperature) and were extracted over the historical study period 1981-2010. These 

data were used to assess agro-climatological hazards and provide support for climate projections 

data in the research area. These are Rainfall Estimates from Rain Gauge and Satellite Observations 

(CHIRPS) data (https://www.chc.ucsb.edu/data/chirps), which are gridded data with high spatial 

resolution (0.25°*0.25°, i.e. approximately 25 km) obtained by a combination of satellite data and 

in situ observation data (Funk et al., 2015; Georganos et al., 2017). Then NASA Power temperature 

data (Tmax & Tmin) (https://power.larc.nasa.gov/data-access-viewer/), which are horizontal 

resolution gridded data, were re-sampled to 0.25°*0.25° (25 km). These data are used by several 

authors (Kouman et al., 2022; Laux et al., 2021; Salack et al., 2015) as part of studies in the absence 

of observational data. The choice of these data is justified by the lack of continually updated 

information over a long period from the meteorological station in the study area. 

 

5.2.1.2. Climatic models and scenarios 

To analyze future trends in climate change on yam yields, data from 10 climate models from the 

Coupled Model Intercomparison Project Phase 6 (CMIP6) were used. Table 1 lists the various 

climate models considered in the study. These data were obtained from NASA Earth Exchange 

Global Daily Downscaled Data Projections (NEX-GDDP-CMIP6). The NEX-GDDP-CMIP6 data 

set includes global climate scenarios at a reduced scale derived from simulations of the general 

circulation model (GCM) conducted during the sixth phase of the coupled model comparison 

project (CMIP6), as well as four scenarios of greenhouse gas emissions at "level 1" known as 

"Shared Socioeconomic Pathways" (SSPs) (Adeyeri et al., 2022; Akinsanola et al., 2021; Peng et 

al., 2023). The latter, in particular, ssp2-4.5 and ssp5-8.5 scenarios were used in this study. The 

SSP2 scenario (SSP2-4.5), entitled "Middle of the Road (Medium Mitigation and Adaptation 

Challenges)", presents a situation in which the world's social, economic, and technical tendencies 

vary slightly from the past patterns. In this scenario, the trajectory of emissions will induce a 

radiative forcing of +4.5W/m2 in the long term (by 2100), with a warming level of around 2.7°C 

compared with the pre-industrial period. In practice, this scenario will result in CO2 emissions 

remaining close to current levels until the middle of the century (around 40GtCO2/year) before 

declining to around 10 40GtCO2/year in 2100 (IPCC, 2022). The second scenario (SSP5-8.5), 

entitled "Fossil Energy Driven Development - Taking the High Road (High Mitigation Challenges, 

https://www.chc.ucsb.edu/data/chirps
https://power.larc.nasa.gov/data-access-viewer/
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Low Adaptation Challenges)", defines a society that increasingly relies on competitive markets, 

innovation, and participatory communities to drive rapid technology advancement and human 

capital development as a means of achieving sustainable development period. (IPCC, 2022). We 

analyzed them using the R statistical software. The simulations were run for 30 years (from 2025 

to 2054) based on historical data (Weijer et al., 2020).  

 

Table 5- 1: List of different CMIP6 climate models used 

Climatic models Institution/Country Spatial 

resolution 

Sources 

ACCESS-CM2 Commonwealth Scientific and Industrial 

Research   Organization/ Australia 

1.88*1.25 (Bi et al., 2020; Mackallah 

et al., 2022; Rashid et al., 

2022) 

EC-Earth3 EC-EARTH Consortium/ Europe 0.7*0.7 (Döscher et al., 2021, 2022; 

Van Noije et al., 2021) 

EC-Earth3-Veg EC-EARTH Consortium/ Europe 0.7*0.7 (IPCC, 2023a; Weijer et al., 

2020) 

FGOALS-g3 Chinese Academy of Sciences Flexible 

Global Ocean-Atmosphere- Land System 

Model/ China 

2.0*2.0 (Li et al., 2020; Pu et al., 

2020) 

GFDL-ESM4 Geophysical Fluid Dynamics Laboratory 

(GFDL)/ USA 

1.25*1.0 (Dunne et al., 2020; 

Zhao et al., 2018) 

INM-CM4-8 Institute of Numerical Mathematics 2.0*1.5 (E. M. Volodin et al., 2018; 

Weijer et al., 2020) 

INM-CM5-0 Institute of Numerical Mathematics 2.0*1.5  (IPCC, 2023b; E. Volodin 

& Gritsun, 2018) 

IPSL-CM6A-LR Institute Pierre Simon Laplace (IPSL)/ France 2.5*1.26 (Boucher et al., 2020; 

Wang et al., 2019) 

MPI-ESM1-2-HR Max Planck Institute/ Germany 1.88*1.88 (Gutjahr et al., 2019; 

Mauritsen et al., 2019; 

W. A. Müller et al., 

2018) 

NorESM2-MM Norwegian Climate Centre 

ESM Climate Modeling Consortium/ Norway 

0.9*1.3 (IPCC, 2023c; Seland 

et al., 2020) 
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5.2.1.3. Yield data 

Yam yield data utilized in this study were obtained from FAO’s database (FAOSTAT, 2023). We 

obtained the national average yields for the study's reference period (1981-2010). These data were 

used to develop the Yam yield prediction model. 

 

5.2.1.4. Time horizon 

The baseline for the study was set to be between 1981 and 2010. This baseline is the basis for the 

future horizon forecast of which a medium-term period was chosen (2025-2054). This prospective 

30-year timeframe was selected to allow for the assessment of climatic trends in yam yields in the 

study area to guide future production decisions. 

 

5.2.2. Computing of agro-climatological characteristics 

The long rainy season is considered in this study. The criteria are those of modified Sivakumar’s 

agroclimatology method (Sivakumar, 1988). The criterion states that the onset of the growing 

season (OGS) begins when there is at least 20 mm of rain on 1, 2, or 3 consecutive days after 

February 1st, without a dry period of more than 7 days being observed within 30 days. The 

cessation of the growing season (CGS or CS) is defined as the date after July 1st on which no rain 

occurs over 20 consecutive days or when a daily evapotranspiration loss of 4 mm is depleted in 

soil capable of retaining 70 mm of available water. In other words, when the water balance reaches 

zero. The length of the growing season (LGS or LOS) results from the difference between the 

cessation and the onset growing season dates (CS-OGS). These two dates are expressed in Julian 

days (Dekoula et al., 2018; Ibrahim et al., 2022; Sivakumar, 1988). The other agroclimatic 

variables computed are seasonal cumulative (CUS) (sum of rainfall between OGS and CS); 

occurrence of rainy days or wet days (WD); length of maximum intraseasonal dry sequence 

(LODS); growing degree-days (GDD), its sum of the difference between the average daily 

temperatures and the base temperature of the yam (15°C). The GDD formula is given by equation 

1 (Mcmaster & Wilhelm, 1997): 

GDD = [(Tmax+ Tmin) /2] −Tbase                [1] 

Where: Tmax and Tmin are respectively daily maximum and minimum air temperature, and Tbase 

is the yam base temperature, typically ranging between 10°C to 15°C (Ufoegbune et al., 2014). 

This calculation was made over the period defined between OGS and CS. The indices calculated 

in this work can be summarized in Table 5-2. 
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Table 5- 2: Risks agro-climatological-related indices computed for this study 

Indices Definitions Descriptions units 

Precipitations       

WD Occurrence wet days Occurrence of rainy days mm 

OGS 
Onset of the growing 

seasons 
Start of the crop growing rainy season Julian days 

CS 
Cessation of the growing 

seasons  
End of the crop-growing rainy season Julian days 

LOS 
Lengths of the growing 

season 

Difference between the end and the start of 

growing season dates 
Julian days 

LODS 
Length of intraseasonal 

dry sequence 

Length of maximum intraseasonal dry 

sequence days  
days 

CUS 
Cumulative seasonal 

rainfall 
Sum of rainfall between OGS and CS Julian days 

Temperatures        

Tmax Maximum temperature Extreme temperatures on consecutive days C 

Tmin Minimum temperature Low-temperatures consecutive days C 

GDD Growing Degree days Daily high and daily low temperature C 

 

5.2.3. Yield modelling 

5.2.3.1. Development of the model  

We applied a Multiple linear regression (MLR) statistical model to estimate yield using multiple 

independent variables. MLR is a mathematical regression method that establishes the relationship 

between several variables and an outcome variable, assuming a linear association between the 

variable categories (Perez Melo, 2014; Setiya et al., 2023). The mathematical formula for MLR is 

expressed using equation 2: 

Y= a0 + a1X1 +a2X2 +…+anXni +  ε              [2] 

Where Y is the dependent variable (yam yield in our case); a0 is the Y-intercept (the value 

dependent variable when all the independent variables are zero); i = n observations and represents 

the regression coefficient of independent variable xi while ε is the model error. 

 

5.2.3.2. Statistical test requirements 

To ensure the reliability of the model for estimating yield, we established some statistical 

assumptions required for MLR models. We used the Shapiro-Wilk test to determine the normality 

of model residuals. The criterion is that the model's residuals follow a normal distribution. Shapiro-

Wilk test is expressed as follows (Equation 3): 
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𝐖 =
(∑ 𝐚𝐢𝐱(𝐢))²

𝐧
𝐢=𝟏

∑ (𝐱𝐢−𝐱 )²
𝐧
𝐢=𝟏

                  [3] 

Where 𝐱  =  
𝟏

𝐧
 ∑ 𝐱𝐢

𝐧
𝐢=𝟏  and the random variables x(1) < · · · < x(n) denote the orderstatistics 

corresponding to x1, ..., xn. The vector (a1, ..., an )′ is a function of the expectation and covariance 

matrix of the order statistics vector for a standard normal random sample of size n. 

Then, the Variance Inflation Factor (VIF) test was applied to determine collinearity between 

variables. Here, the model must prove that the variables are not collinear. Otherwise, the variables 

must not be linked in such a way as to influence the model. Moreover, we used the 

homoscedasticity test to determine the equality of variance in the residuals. To do it, the Golfeld-

Quandt test was run to evaluate if the variances were equivalent. Finally, The Durbin-Watson test 

was applied to assess whether or not there is autocorrelation among the residuals. The Durbin-

Watson test statistic, DW, is (Equation 4): 

𝐃𝐖 =
∑ (𝐫𝐢+𝟏−𝐫𝐢)²
𝐧−𝟏
𝐢=𝟏

∑ 𝐫𝐢
𝐧
𝐢=𝐧 ²

                 [3] 

where ri is the ith raw residual, and n is the number of observations. 

All tests performed are summarized in Table 5-3 at a 5% (α =0,05)significant level.  

Table 5- 3: Conditionalities of statistical tests carried out for model validation requirements 

Type of test Characteristics Interpretations  

Shapiro-Wilk  Determine the normality of model 

residuals 

If p-value < α, no normality 

If p-value > α, normality 

Variance inflation 

factor (VIF)  

Determining the existence of 

collinearity between variables. 

If VIF < 5: No colinearity 

If VIF > 5: Existence of colinearity 

Golfeld-Quandt 

(Homoscedasticity 

test) 

Determination of the 

homoscedasticity of the variance 

of residuals. 

If p-value < α: Heteroscedasticity of 

residues; 

If p-value > α: Homoscedasticity of 

residuals. 

Durbin Watson (DW) Determination of autocorrelation 

of residuals in a linear regression 

model.  

No autocorrelation of errors when 

the DW value is close to two (2) or 

generally between 1.5 and 2.5 

 

5.2.4. Identifying relevant variables for the model  

A backward elimination approach using statistical conditionalities was run to identify relevant 

variables for the final model. In backward elimination, the model starts with all possible predictors 

and successively removes non-significant predictors until it reaches the stopping criterion. The 
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stepwise regression method combines these two approaches, adding and eliminating predictors as 

it builds the model (Hastie et al., 2017). As we employed a multiple linear regression model, 

statistically non-significant variables can be subjected to conformity tests to determine whether or 

not they should be used in the final model. The idea is to look for variables that provide important 

information in explaining our response variables. Thus, the variables retained are those that, from 

the point of view of the backward approach, appear to be quite important in explaining the model 

and the yield prediction (Heumann et al., 2016; Wickham & Grolemund, 2017). 

 

5.2.5. Model validation 

We drew up the data into two series based on the 30-year yield from 1981 to 2010. Sample 1 – the 

training sample – comprised 67% of the data, which corresponds to 20 years used to create the 

prediction model, and Sample 2 – the testing sample – had 33% of the data, corresponding to 10 

years used for model validation. Four statistical metrics (RMSE: Root Mean Squared Error, MAE: 

Mean absolute error, PBIAS: Percent Bias, and ME: Mean Error) were computed to determine the 

difference between observed and projected data for the 2010 timeframe, as shown by equations 

4, 5, 6, 7 below. 

RMSE = √Wi=1
N  (xi−𝐱 i)

2

N
                [4] 

i = variable 

N = number of non-missing data points 

xi = actual observations time series 

x̂ = estimated time series  

MAE =
∑ |yi−xi|
n
i=1

n
                 [5] 

yi = prediction 

xi = true value 

n = total number of data points 

PBIAS =  
∑ (Yi

obs− Yi
sim)n

i=1

∑ (Yi
obs)n

i=1

                 [6] 

Yobs = observed records 

Ysim = corrected records  

n = data records. 
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ME =
∑ (𝛆𝐢)𝐧
𝐢=𝟏

𝐧
                  [7] 

εi = sum of all error values 

n = data records or number of records  

Subsequently, a graphical analysis was performed to assess the model's capacity to reflect the 

interannual variability in yam yields throughout the same period (2001-2010). After the model had 

been validated, a future simulation was performed using climatic scenario data (ssp2-4.5 and ssp5-

8.5), accounting for the promising variables and the model parameters. 

 

5.2.6. Trend analysis 

The Mann-Kendall test is a non-parametric statistical test commonly used to identify patterns in 

environmental data (Faour et al., 2016; Kpanou et al., 2021; New et al., 2006; Perez Melo, 2014; 

Yin et al., 2021). We performed it to judge whether the trend in a series is regressive over time 

(decreasing trend), progressive (increasing trend) or neutral over time (stable trend). The test 

equations (8 and 9) are defined as follows: 

𝐒 = ∑  𝐧−𝟏
𝐢=𝟏 ∑ 𝐬𝐠𝐧(𝐘𝐢 − 𝐘𝐣)

𝐧

𝐣=𝐢+𝟏
               [8] 

𝐬𝐠𝐧(𝐘𝐢 − 𝐘𝐣) =  −𝟏 𝐬𝐢 (𝐲𝐢 − 𝐲𝐣) < 𝟎 ; 

𝐬𝐠𝐧(𝐘𝐢 − 𝐘𝐣) =  𝟏 𝐬𝐢 (𝐲𝐢 − 𝐲𝐣) > 𝟎 ;  

𝐬𝐠𝐧(𝐘𝐢 − 𝐘𝐣) =  𝟎 𝐬𝐢 (𝐲𝐢 − 𝐲𝐣) = 𝟎 ;  

𝐓 =
𝟐𝐒

𝐧−(𝐧−𝟏)
                  [9] 

Where T is the tau; S is the Mann-Kendall correlation coefficient; n is the length of the data series 

studied (2025-2054) and the series Yi to Yn corresponds to the average yield data. The test has 

been carried out under the null hypothesis H0 according to which: "there is no trend in the yield 

series". The α threshold corresponds to the error of the first kind and has been set at 5%. 

 

5.2.7. Determining the relative yield gap 

The impacts of climate change on yam production were studied using ssp2-4.5 and ssp5-8.5 

climatic scenarios for the period 2025 and 2054. In this approach, the changes for each climatic 

scenario throughout the specified time horizon were estimated about the reference period (1981–

2010). The formula for estimating the gap is as follows (equation 10): 
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𝐆𝐚𝐩 (%) =
𝐲𝐟−𝐲𝐡

𝐲𝐡
∗ 𝟏𝟎𝟎               [10] 

The "Gap (%)" depicts the relative percentage change, with "yf" and "yh" being yam yields for 

the future and historical periods, respectively. 

 

5.3. RESULTS 

5.3.1. Interannual variation in yam yields from 1981 to 2010 

We conducted a trend analysis to determine yield trends for the baseline period. The yield trend 

reveals the trend across the 30 historical years studied (from 1981 to 2010). The results show a 

significant decline in average yam yield from 11.6 t/ha to 6.5 t/ha (Figure 5-1). The Mann-Kendall 

tau statistic is negative (-0.8), and significant (p-value < 0.01) pointing to a yield decline trend. 

 

Figure 5- 1: Average yam yield trend for the baseline period 

 

5.3.2. Correlations analysis between agroclimatic parameters and yam yields 

Agro-climatological characteristics have a substantial impact on agricultural production, including 

crop growth, development, and productivity. This study takes into account key agroclimatic 

parameters from precipitation and temperature. Using correlation analysis, we can see how each 

parameter impacts yam yield. The variables having the highest correlation with yield are those 

whose values tend to be -1 or +1. The correlations range from -0.6 to 0.2. One of the most notable 

observations is the positive correlation between yield and the variables CUS (r=0.14), and LODS 

(r=0.21), while the other predictors have a negative correlation. The general trend of correlations 
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remains weak and insignificant (p-value> 0.05), except for the correlation of Tmin (r = -0.62) that 

is significant with yam yield (Fig.5-2). 

 
Figure 5- 2: Table correlations between agroclimatic parameters and yam yields 

Note: *p < 0.5; **p < 0.1; ***p < 0.01. 

 

5.3.3. Model building 

The dependent variable is yam yield and the independent variables are (OGS; CS; LOS; CUS; 

WD; LODS; Tmin; Tmax) the agroclimatic parameters. Implementing multiple linear regression 

(MLR) to assess the trend of a model with all explanatory variables yields the following findings 

(Table 5-4). At the 5% level, none of the agroclimatic variables are statistically significant. 

However, the minimum temperature is significant at the 10% level. Therefore, we used backward 

elimination with all possible predictors through statistical validation approaches and successively 

removed non-significant variables until they reached the stopping criterion. 
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Table 5- 4: Trend of a model with all explanatory variables 

 

 

 

 

 

 

 

 

 

 

 

 

5.3.4. Model validation  

5.3.4.1. Shapiro-Wilk and Goldfeld-Quandt test  

We determine the normality of data residuals and the homoscedasticity of the variance respectively 

through the Shapiro-Wilk and Goldfeld-Quandt test to validate the model. We obtain a p-

value=0.1494 > 0.05 for the Shapiro-Wilk test and a p-value=0.7069> 0.05 (Table 5-5). 

 

Table 5- 5: Evaluation of the residual normality and homoscedasticity 

Shapiro-Wilk Goldfeld-Quandt 

W = 0.92926 GQ = 0.55831 

p-value = 0.1494 p-value = 0.7069 

 df1 = 4; df2 = 4 

YM01= data Residuals:   

NB: The data residuals YM01 are all the variables; df= degrees of freedom 

The Shapiro-Wilk test demonstrates a normality between the residuals while the Goldfeld-Quint 

test shows equality of variance or homoscedasticity of the residuals. 

 

Coefficients Estimate Std. Error t value Pr(>|t|) 

(Intercept) 57.546328 28.740483 2.002 0.0705 * 

OGS -0.368996 0.422331 -0.874 0.4009 

CS 0.305922 0.400937 0.763 0.4615 

LOS -0.327373 0.426167 -0.768 0.4586 

CUS 0.010329 0.009089 1.136 0.2799 

WD -0.100409 0.057858 -1.735 0.1106 

LODS 0.016264 0.064099 0.254 0.8044 

Tmin -1.807584 0.955904 -1.891 0.0852 * 

Tmax 0.070817 0.736145 0.096 0.9251 

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Residual standard error: 0.8205 on 11 degrees of 

freedom Multiple R-squared: 0.419;     Adjusted R-

squared: -0.00359 

F-statistic: 0.9915 on 8 and 11 DF, p-value: 0.4911 
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5.3.4.2. Variance inflation factor (VIF) and residuals autocorrelation 

The variance inflation factor (VIF) test was performed to categorize the variables (residuals 

YM01) into different levels of correlation: low and high. The variables CUS, WD, LODS, Tmin 

and Tmax show a VIF value of less than 5% (1.27<VIF<2.86), thus indicating no collinearity 

between variables. On the other hand, the variables OGS, CS and LOS have very high collinearity 

with a very high VIF percentage. Also, it should be noted that the low-correlation variables have 

no autocorrelation of error. Their Durbin Watson (DW) values range between 1.13 <DW< 1.69. 

The variables OGS, CS and LOS have very large autocorrelation of error (DW > 11) (Table 5-6). 

These variables were excluded from the model. 

Table 5- 6: Model validation by statistical inclusion and exclusion of variables 

Term VIF (%) VIF 95% CI Increased SE 

(DW) 

Tolerance Tolerance 95% 

CI 

Low-Correlation 

CUS 2.86 [1.95, 4.65] 1.69 0.35 [0.22, 0.51] 

WD 2.43 [1.70, 3.93] 1.56 0.41 [0.25, 0.59] 

LODS 1.27 [1.06, 2.23] 1.13 0.79 [0.45, 0.95] 

Tmin 1.77 [1.32, 2.85] 1.33 0.57 [0.35, 0.76] 

Tmax 2.28 [1.61, 3.68] 1.51 0.44 [0.27, 0.62] 

High-Correlation 

OGS 567.82 [377.34, 854.71] 23.83 1.76e-03 [0.00, 0.00] 

CS 142.08 [ 94.57, 213.71] 11.92 7.04e-03 [0.00, 0.01] 

LOS 673.15 [447.30, 1013.30] 25.95 1.49e-03 [0.00, 0.00] 

NB: CI= Confidence Interval ; SE= standard error 

With the four statistical test requirements (normality, homoscedasticity or homogeneity, 

multicollinearity, and autocorrelation) of variables validated, we can assess the performance or 

robustness of the model using yield data for the period 2001-2010. 

 

5.3.5. Evaluating the performance of the predictive model 

We evaluated the model's performance by comparing the interannual variability of the observed 

yield to the predicted yield over the same timeframe (2001-2010). The data is standardized to the 

reference period, eliminating the influence of the unit, in order to see patterns on the graph 

generated throughout time. The goal is to determine the model's capacity to detect trends in 

comparison to the normal, which is 0. The graph on the right depicts both the observed (blue) and 
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expected returns (red). The negative slice denotes a downward trend, whereas the positive slice 

reflects an upward trend. (Fig. 5-3). The model indicates a performance of 90% in detecting the 

interannual variability of observed yields. The average difference between simulated yields (9.3 

T/Ha) and observed yields (8.5 T/Ha) is 0.8 T/Ha. Despite the tendency to fairly overestimate 

predicted yields, we obtained some statistically acceptable model parameter values: RMSE (root 

mean square error): 1.34 t/ha; MAE (Mean Absolute Error): 1.04 t/ha; PBIAS (Percentage bias): 

11.2%; and ME (Mean error): 0.92. 

 

Figure 5- 3: Observed interannual yield variability compared to the prediction by the model 

Despite its shortcomings – a propensity to overstate – the model works rather well in simulating 

yam yields. We then establish the ultimate model with all 30 years of historical data with the most 

significant and uncorrelated variables based on equation 11 (Eq 11). 

Y= 0.007*CUS -0.04*WD + 0.08*LODS -2.44*Tmin + 0.48*Tmax + 46.9        [11] 

Table 5-7 shows the details of the values generated when building the model with the most relevant 

and uncorrelated variables. 

Table 5- 7: Details of the values generated when building the ultimate model 

Coefficients: Estimate Std. Error t value Pr(>|t|) 

(Intercept) 46.986946 14.685182 3.200 0.00384** 

CUS 0.007790 0.006202 1.256 0.22114 

WD -0.042379 0.036617 -1.157 0.25851 

LODS 0.087445 0.059818 1.462 0.15675 

Tmin -2.449482 0.695915 -3.520 0.00175** 

Tmax 0.485114 0.602386 0.805 0.42854 
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Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Residual standard error: 0.992 on 24 degrees of freedom  

Multiple R-squared: 0.5055, Adjusted R-squared: 0.4025 

F-statistic: 4.908 on 5 and 24 DF, p-value: 0.003109 

The coefficient of determination R2 = 0.505 ≥ 50% is rated as good. Thus, more than 50% of yields 

can be explained by agroclimatic parameters. Furthermore, the model can predict yam yields with 

at least 50% accuracy. 

 

5.3.6. Predicting future yam yields according to CMIP 6 scenarios 

At this level, CMIP6 models of future precipitation and temperature are used instead of historical 

data. Future data from climate models and scenarios are used to recalculate the variables retained 

in the final statistical model equation (Eq 11) over the prediction timeframe. 

 

5.3.6.1. Future yield trends (2025-2054) based on the ssp2-4.5 scenario 

Under the ssp2-4.5 scenario, we observed a regressive yam yield over time. This decreasing trend 

shows fairly interannual variability and ranges from 7.7 t/ha to 5.6 t/ha between 2025 and 2054. 

The average yield is set at about 6.8 t/ha (Fig. 5-4) 

 

Figure 5- 4: Trend in future yam yields (2025-2054) according to the ssp2-4.5 scenario 
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5.3.6.2. Future yield trends (2025-2054) based on the ssp5-8.5 scenario 

Under the ssp5-8.5 scenario, the future yields fluctuate between 8.2 t/ha to 4.8 t/ha. The figure 

indicates a downward trend in yield with high interannual variability. The average yield is around 

6.4 t/ha (Fig. 5-5) 

 

Figure 5- 5: Trend in future yam yields (2025-2054) according to the ssp5-8.5 scenario 

 

5.3.6.3. Relative yield gap 

Both climate scenarios (ssp2-4.5; ssp5-8.5) show that yam yields will be lower than in the 

reference period. Yield variations could vary between -10% to -45% depending on the climate 

scenario (Fig. 5-6). Declines will be characterized by strong interannual fluctuations. According 

to the relative gap trends in different yields, losses will be more significant in the ssp5-8.5 scenario 

over the long term.  

 

Figure 5- 6: Relative yield gap of the two scenarios (ssp2-4.5; ssp5-8.5) between 2025 and 2054 
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5.4. Discussion 

5.4.1. Impact of agro-climatological characteristics on yam yields. 

In yam yield modelling, agro-climatological characteristics play a crucial role in understanding 

and predicting how different climatic conditions affect yam production. Analysis of Sivakumar’s 

agroclimatology method makes it possible to compute key agroclimatic parameters. Each of these 

parameters affects yam crop productivity and has a knock-on effect on yield (Alhassane et al., 

2013; Kouamé et al., 2018; Nassourou et al., 2018; Owusu Danquah et al., 2022; Sultan et al., 

2019). Certain investigations from authors go into further depth on how agroclimatic parameters 

affect yam yield. This is the case for Sivakumar, (1988); Sultan et al., (2019); and Waongo, (2015), 

who find that an early onset provides a longer period for yam development, while a late onset may 

shorten the growing period, potentially reducing yields. Further, an abrupt or early end can force 

an early harvest, which may result in immature yams with lower yields and poorer quality. 

Furthermore, they conclude that adequate and well-distributed rainfall supports tuber 

development, while insufficient or excessive rainfall can cause drought stress or waterlogging, 

respectively, both of which can reduce yields. In the same way, (Bliefernicht et al., (2021); Ibrahim 

et al., (2022); Marcos et al., (2009); and Olayiwola Eruola et al., (2012) find that regular wet days 

ensure consistent moisture availability, critical for yam growth, while periods of dryness within 

the growing season can stress yam plants, especially during critical growth phases like tuber 

formation, and prolonged dry spells can significantly reduce yields. These findings corroborate 

our results, which indicate that the computed variables have a weak correlation (-0.3<r<0.2) with 

yam yield, except for minimum temperature. This reflects (Kouamé et al., (2018), who, while 

characterizing key agroclimatic parameters of the cropping season in the forest-savanna contact 

zone of Côte d'Ivoire, revealed that the averages of the fundamental parameters of the two rainy 

seasons observed for each of the rain gauge stations show more or less significant differences. 

Indeed, the correlation between Tmin and yam yield is r= -0.6 at the 5% threshold. According to 

the IPCC's Sixth Assessment Report, climate change might negatively affect the output of tropical 

food crops such as rice, maize, yams, and cassava if local temperatures rise by 2°C or more (IPCC, 

2022). Other studies support this claim by pointing out that because yams are temperature-

sensitive, even mild global warming can influence their growth. (FAO, 2021; Marcos et al., 2009). 

All demonstrate that agroclimatic parameters derived from temperature, as well as precipitation, 

must be handled to ensure a successful farming season. These parameters are critical, which is  
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why they were computed to analyze their correlation with yam yield and then used to develop our 

model for future predictions. 

 

5.4.2. Predictive capacity of the model developed and an analysis of the yield simulated  

The multiple linear regression (MLR) model developed in this study using agro-climatological 

characteristics appears to reflect the changing trend in yam yields rather well. Furthermore, 

statistically, it produced generally satisfactory results. Indeed, relative to actual measurements, the 

projection somewhat overstated yields from 2001 to 2010. However, the model performed well in 

reproducing the general patterns, with an R2 = 0.50. Similarly, Dube’s study in Pokona et al., 

(2021) argues that comparing model predictions with data from a real homegrown is the best 

approach to assess the model's validity, which must show a specific degree of agreement between 

the calculated findings and the actual observations. Furthermore, a high (R2) indicates a good fit 

between a model and observed data (Heumann et al., 2016; Kouassi AM et al., 2014). The 

established model was further validated by solid findings from specific statistical tests, most 

notably the Shapiro-Wilk, the Variance Inflation Factor (VIF), Goldfeld-Quandt, and Durbin 

Watson. The Shapiro-Wilk normality test revealed that the variables were normally distributed 

because we observed a p-value = 0.1494 > 0.05. Regarding the normality of variables, if p-value 

≤ α, the variables are not normally distributed. But if p-value > α, the variables are normally 

distributed (Hastie et al., 2017). This test is critical since it indicates if the variables are evenly 

distributed and may be included or not in the model. The VIF test, which assesses the presence (if 

VIF>5%) or absence  (if VIF<5%) of collinearity across variables, yields a score of less than 5% 

(1.27 < VIF < 2.86) for each selected variable. Collinearity must be avoided for model validation 

since it decreases the precision and efficiency of parameter estimators (Shrestha, 2020; Voss, 

2005). Furthermore, the presence of collinearity between explanatory variables results in 

significant standard deviations of regression coefficients, which, in this instance, are extremely 

sensitive to even small variations in the predictor (Shrestha, 2020; Voss, 2005). Similarly, the 

Goldfeld-Quandt test, which evaluates the homoscedasticity of the model's residuals, yields good 

findings, with a p-value of 0.7069 above the 5% threshold. Indeed, the homoscedasticity test 

determines the homogeneity of the residual variances (Sohel Rana et al., 2008). The latter is a 

fundamental property of the linear regression model's premise, indicating that if the p-value is less 

than α, then the residuals are heteroscedastic and if the p-value > α, residuals are homoscedastic 

(Goldfeld & Quandt, 1965). Regarding the Durbin-Watson test, the existence of autocorrelated 
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errors limits a model's relevance to the Durbin-Watson test (Test et al., 1981). The Durbin-Watson 

test, which determines the existence or absence of autocorrelation of residuals in a linear regression 

model, found no autocorrelation of residual errors (DW < 1.69). This confirms the model's 

significance, as the principle accepts the lack of error autocorrelation when the value of this 

statistic (DW) is near to 2 or between 1.5 and 2.5 (Dufour & Dagenais, 1985; Weber & Monarchi, 

1982). Concerning the yield modelling outcomes, it should be noted that the normalized 30-year 

historical period of the Intergovernmental Panel on Climate Change scenarios extends from 1981 

to 2010 and that beyond 2015, the CMIP 6 scenario data are considered the future, this is the reason 

we picked the timeframe for our data, observation and historical scenario. (Peng et al., 2023; Pu et 

al., 2020; Rashid et al., 2022). The IPCC separates simulation horizons into short-, medium-, and 

long-term. The timeframe 2025-2054, over which we made the yam yield projections, fits within 

the short- to medium-term phase (IPCC, 2023a). Over this period, under the ssp2-4.5 scenario, the 

yam yield shifts from 7.7 t/ha to 5.6 t/ha, while under the ssp5-8.5 scenario, the yields fluctuate 

between 8.2 t/ha to 4.8 t/ha. The relative yield gap then computed indicated that yield variations 

could vary between -10% to -45% depending on the climate scenario. In line with our research, a 

World Bank study of food crops in Côte d'Ivoire used IPCC Representative Concentration 

Pathways (RCP) scenarios under Shared Socioeconomic Pathways Three (SSP3) to predict future 

yam yields. This study demonstrated that the percentage point difference in yield and area of 

production with different levels of climate change for yams will be reduced negatively in yield 

under RCP4.5 and RCP8.0 respectively in 2030 and 2050 (RCP4.5: -0.9%; -2.3% and RCP8.0: -

1.0%; -2.4%) (World Bank Group, 2019). The following trends can be expected for yam yields in 

Côte d'Ivoire, especially in the Gontougo region under the SSP2-4.5 scenario from 2025 to 2054. 

According to numerous research, under the SSP2-4.5 scenario, which represents a middle-of-the-

road pathway with moderate climate action and socio-economic development, the future yam yield 

trends from 2025 to 2054 can be influenced by two key factors: global warming, as yams are 

sensitive to temperature changes; and changes in rainfall patterns. There will be an urgent need to 

adapt and employ enhanced seeds. For this goal, continuous improvement in farming practices, 

development of more resilient yam varieties, and effective implementation of climate adaptation 

strategies will be crucial to counteract potential negative impacts on yields (Aka et al., 2023; 

Bobadoye et al., 2016; IPCC, 2022, 2023b, 2023a; Roudier et al., 2011; Sultan et al., 2015). 

Then, under the SSP5-8.5 scenario, which represents a pathway characterized by high economic 

growth, energy-intensive lifestyles, and high greenhouse gas emissions resulting in severe climate 
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change impacts, the future yam yield trends from 2025 to 2054 are likely to be significantly 

affected. Associated key factors and projected trends include increased frequency and intensity of 

both droughts and heavy rainfall events (Enders et al., 2023; Guarin et al., 2023; IPCC, 2023a; Liu 

et al., 2021; Srivastava et al., 2012). Economic growth may not sufficiently offset the negative 

impacts on agriculture, particularly if environmental degradation continues and adaptation 

measures lag behind the pace of climate change. As climate impacts become more pronounced, 

agricultural systems will start to experience significant stress, requiring rapid adaptation and 

resource allocation to maintain yields. 

 

5.5. Conclusion 

This study examines the impact of agro-climatological characteristics on yam and simulated yield 

using CMIP 6 scenarios. Our analysis demonstrates that future yam yield trends in the Gontougo 

region from 2025 to 2054 are expected to face significant challenges due to severe climate impacts. 

While early years might see some variability, the long-term trend points toward declining yields 

and increased vulnerability. Among all the variables, those that most affect yields are CUS, WD, 

LODS, Tmin and Tmax. They have a weak correlation ranging from -0.3 to 0.2 except for 

minimum temperature which has a significant negative correlation with yam yield ( r= -0.6) at the 

5% threshold.  Using multiple linear regression (MLR) statistical models to simulate yam yields, 

the robustness test of the model after validation of the conditions indicates a 50% performance of 

the model in predicting yam yields in the study area. The statistical results used to validate the 

model reveal that the error percentages are acceptable for prediction. As a result, these new 

technologies have the potential to be utilized to establish food safety monitoring and warning 

systems. In terms of variation, large inter-annual oscillations will characterize declines, while the 

falling yields are more pronounced in the ssp5 scenario than in the ssp2. Effective and robust 

adaptation strategies, agricultural innovation, and substantial investment are crucial to mitigate 

these negative impacts and sustain yam production in the face of rapid climate change. It is worth 

noting that our study had some limitations including the use of national crop data from the 

FAOSTAT database to estimate yields instead of actual observation, and then, due to the lack of 

weather stations, in-situ climate observation data was not used to assess local climate change 

conditions. In addition to climatic factors, yield prediction can also be linked to pedological, 
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environmental, physiological, phytopathological, and socio-economic aspects. Further 

investigations should take these considerations into account. 

. 
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GENERAL CONCLUSION 
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The study's overarching aimed to contribute to achieving food security in Côte d'Ivoire by reducing 

yam production risks in the Gontougo region. First of all, it examined LULC change analysis and 

its effects on LST using ML through GEE. We could discriminate six classes: annual crops, 

perennial crops, savannah, forest, bareland/settlement, and waterbody. The prevailing LULC class 

is perennial crops. It occupies more than 60% of the area of each LULC map. The NDVI and LST 

reclassifications correspondence have shown that Non-vegetation land corresponds to very high 

temperature while low vegetation land corresponds to high temperature. Then, the 

physicochemical parameters of soil in Tanda's (forest area) and Bondoukou's departments 

(savannah area) were analyzed. It has been established that the presence of trees improves the 

physicochemical qualities of soil. Indeed, forest soils contain more physicochemical components 

than savannah soils for many reasons, including climate, edaphic conditions, and ecology. This is 

why Bondoukou soil is largely sandy, with coarse sand and a low amount of clay, as opposed to 

Tanda soil, which is less sandy and contains a lot of clay. Concerning climate analysis and local 

knowledge aspects, the findings underline the importance of understanding and using weather 

information while cultivating yam crops and farmers' adaptive reactions to the threats they meet. 

In the Gontougo region, almost 25% of the time (early years), the growing season began around 

the 50th day of the year, i.e. around 20 February under the long rainy season, compared to the 

220th day of the year (around the end of the first decade of August) under the short rainy season. 

Furthermore, the typical cessation of the growing season is July 22 to 24 during the long rainy 

season, and November 20 to 26 during the short rainy season. Concerning perceptions, it is worth 

noting that farmers' insights into yam production and climate change are crucial in shaping their 

farming practices. Many farmers recognise the impacts of climate variability on their yam crops, 

particularly the challenges posed by irregular rainfall, prolonged dry spells and rising 

temperatures. However, there is often a gap between this awareness and the adoption of adaptive 

practices. Limited access to information, resources and agricultural extension services hampers the 

widespread implementation of modern, climate-resilient techniques. Regarding prediction, large 

inter-annual oscillations will characterize declines, and the falling yield will be more pronounced 

in the ssp5 scenario than in the ssp2. By the way, the model predictions have resulted between 6 

t/ha to 7.2 t/ha of yam yield under the ssp2-4.5 scenario and, under the ssp5-8.5 scenario, the  

yield declined steadily from 4.5 t/ha to 7.5 t/ha from 2025 to 2054. These results lead us to believe 

that the sustainability of yam production in the Gontougo region under climate change is doubtful 

without targeted actions. Addressing the highlighted threats is critical to preserving the local 
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population's food security and economic well-being in the face of present and projected climatic 

risks.  

In sum, Gontougo region experiences a tropical climate with distinct wet and dry seasons. Since 

yam is a rain-fed crop, it extremely depends on the time and amount of rainfall. Climate change 

has increased variability in rainfall patterns, with some years seeing lengthy droughts and others 

seeing heavy rains. These variations not only disturb the growing season but also cause soil erosion 

and nutrient leaching, which reduces yam yields. 

The region's soil is more or less rich, with a loamy-sandy texture in the northern and clay-loamy-

sandy in the middle and southern part, allowing for yam farming. However, its fertility is 

deteriorating due to continual cultivation without adequate nutrient replenishment, resulting in 

decreasing yields over time. Gontougo's vegetation, which is mostly savannah and mixed forest, 

also helps to preserve the microclimate and protect the soil from erosion. However, deforestation 

and soil degradation caused by extensive agriculture (cashew, cocoa, rubber trees, and even yams) 

without improved land use/cover planning are continuous issues that jeopardize soil health and 

consequently, yam productivity. 

From an economic viewpoint, yams are an important crop in the Gontougo region, providing both 

a staple food and a source of income for local farmers. The crop's economic importance extends 

to regional marketplaces where yams are exchanged, assuring farmers' financial security. 

However, the economic feasibility of yam production is harmed by climate-related hazards such 

as poor harvests, higher production costs due to soil management and high labour expenses, and a 

shortage of manpower who have turned to other crops. The economic future of yam crops in 

Gontougo is thus uncertain, necessitating investments in sustainable agricultural techniques and 

climate-resistant infrastructure to provide food security and economic stability. 

To reduce the hazards associated with climate change, appropriate adaptation methods must be 

implemented. These might include the creation and spread of climate-resilient yam cultivars, 

improved farming practices such as soil conservation, and water management, and the introduction 

of early warning systems to better anticipate and respond to climate-related challenges. 

 

Recommendations  

Through the results, we highlight the need to integrate climate change concerns into agricultural 

policy and food security initiatives. Policymakers need to prioritize expenditure on agricultural 

research, extension services and infrastructure that promote climate adaptation in yam production.  
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We must provide the region with a regular rainfall calendar for the growing season, especially for 

yams, to boost yields. And then strengthen ANADER's staff and establish a special unit dedicated 

to the yam industry's sustainability and promotion. In addition, strengthening community 

resilience through education and support programs is crucial. Furthermore, the decision-makers, 

the state, NGOs, and donors should help farmers by developing hydro-agricultural facilities; 

Promoting yam festival celebrations in each producing region and rewarding farmers; Making 

fertilizers, improved climate-resistant yam varieties and farm equipment available to peasants free 

of charge. Moreover, the combination of agroforestry, in particular the yam-cashew pairing, crop 

rotation, fallowing and the use of intercropping should be encouraged as a solution to regenerate 

and increase soil fertility, reduce pressure on biodiversity and increase the flow of ecosystem 

services. Finally, farmers' perceptions of their vulnerability and exposure to climate change, as 

well as their endogenous agronomic practices must be considered in actions to increase food 

security  

 

Limitations and outlooks  

As with every scientific research that seeks less boastful, it is always scientifically modest to accept 

the study's limitations. If we have these wonderful achievements and are happy with what we've 

achieved so far, it's because of the obstacles and disappointments accompanying our trip. It would 

thus be wise to recognize these limits and turn them into opportunities to conduct future research.  

➢ The study's drawbacks include the inability to map the yam crop directly. This would have 

allowed us to directly analyze how LSTs affected yams. This element will be addressed in 

future studies, employing very high spatial resolution images or a drone. 

➢ One of the limitations of our study is the use of national yam data from the FAOSTAT 

database to estimate yields, instead of actual field observation data. Secondly, due to a 

shortage of weather stations and reliable data, in situ climate observation data was lacking, 

so we relied on online climate data to assess local climate change conditions. In light of 

the above, we will now gather climate data using reliable rain gauges accessible from 

locally based agricultural services to examine the characteristics of the growing seasons. 

➢ In terms of productivity and yield prediction, we will establish yearly monitoring of field 

samples in each of the region's departments, allowing us to estimate yield directly after 

harvesting across multiple years and extrapolate to regional scales. 
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➢ We also intend to investigate and promote sustainable agronomic practices that increase 

soil fertility and production, such as integrated soil fertility management, agroforestry, and 

conservation agriculture. This study will assess the effectiveness of these methods in the 

specific agroecological context of Gontougo. 

➢ Future research might also focus on developing and testing climate-resistant yam cultivars 

that are more suited to the changing climatic conditions in the Gontougo region. These 

include varieties with better drought tolerance, pest resistance, and shorter growth cycles. 

In short, future perspectives on yam production hazards in the Gontougo region should use a 

multidisciplinary approach that considers agronomic, economic, social, and policy aspects. This 

comprehensive approach will aid in the development of tailored interventions that can successfully 

minimize risks and strengthen the resilience of the region's yam production systems. 

 

NB: In order to promote the results of this doctoral research and ensure that they are put to 

good use by farmers, policy-makers, the scientific community and the general public, we will 

put in place an effective global communication strategy. 

✓ Firstly, we will produce a concise, easy-to-understand summary of the research results in 

the form of an infographic highlighting the key points of the findings and disseminate it to 

the country's agricultural agencies and local authorities. 

✓ Secondly, to work with agricultural extension services and other outreach organisations to 

translate our research findings into practical recommendations and resources for farmers. 

✓ Engage with stakeholders such as farmers' associations, government agencies and food 

security advocacy groups to share findings and discuss potential applications of our 

research in practical contexts. 

✓ Publish in journals widely read by policy makers and the general public to increase the 

visibility of the work and make it more accessible. 

✓ Present the results at relevant conferences and events related to our field of study in order 

to reach a targeted audience of farmers, policy makers and other stakeholders interested in 

the research topic. 

✓ Finally, exploit social media platforms to share the research findings and connect with a 

wider audience and spark conversations around the research topic. 



 

169 
 

This is how we will implement these strategies to effectively promote the results of our doctoral 

research. 
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