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Abstract 

Rainfed agriculture is vital to food security and income in most parts of the world. However, 

one-third of the population of developing countries population lives in the less favoured rainfed 

agricultural regions. Around 75-82% of the total cropland areas in the world are under rainfed 

agriculture and produce more than 60% of the globe’s cereal grains. However, rainfed 

agriculture is most prominent in some regions of Africa, such as Sub-Saharan Africa, where 

more than 95% of the cropland is rainfed. This crucial agriculture sector usually depends on 

the physical environment and, most importantly, the variability and distribution of rainfall. 

Therefore, rainfed farming is vulnerable to climate-related hazards, and the crop yield is 

unreliable and difficult to predict. For instance, the spatio-temporal variability of precipitation 

extreme events often subjects crops to short-term water deficits, causing crop losses. Sudan 

heavily depends on rainfed agriculture—about 90% of arable land dominates rainfed 

cultivation, contributing one-third of the country’s gross domestic product (GDP). Rainfed 

agriculture is the primary source of livelihood for 65% of the population. Unfortunately, 

agriculture in North Darfur of the west Sudan is characterised by environmental hazards, e.g., 

frequent droughts and unpredictable low, poorly distributed, and highly variable monthly/ 

seasonal rainfall.  

Therefore, using various Earth observation data, this study aimed to monitor the 

impacts of rainfall variability on rainfed agriculture in North Darfur State in Sudan. Firstly, the 

study aimed to determine the feasibility of estimating rainfall variability across North Darfur 

State at daily, monthly and annual timescales using six satellite precipitation products (SPPs), 

i.e., the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis 

(TMPA), African Rainfall Climatology (ARC), and Climate Hazards Group Infrared 

Precipitation with Station Data (CHIRPS) were evaluated using four categorical indices, i.e., 

probability of detection (POD), probability of false alarm (POFA), bias in detection (BID) and 

Heidke skill score (HSS), and four continuous indices, i.e., Pearson correlation coefficient (r), 

root mean square error (RMSE), per cent bias (Pbias), and Nash-Sutcliffe model efficiency 

coefficient (NSE) against ground rain-gauge observations. The other SPPs were Integrated 

Multi-satellitE Retrievals for Global Precipitation Measurements (GPM) Final Run 

(GPMIMERG), Precipitation Estimation from Remote Sensing Information using Artificial 

Neural Networks-Climate Data Record (PERSIANN-CDR), and the Tropical Applications of 

Meteorology using SATellite and ground-based observations (TAMSAT). Results of the 

statistical analysis demonstrated that 1) at the daily timescale, the SPPs underestimate daily 

rainfall by 6.53–17.61%, and CHIRPS was the best for detecting rainy days, while 

PERSIANN-CDR performed poorly; 2) monthly and annual scales performed better than daily 

timescale, and TAMSAT and CHIRPS portrayed better performance than the other SPPs.   

  Secondly, the study assessed the capability of optical Earth Observation Data (EOD), 

i.e., Sentinel-2 multispectral dataset, to map crop types in the heterogeneous semi-arid 

environment of North Darfur using machine learning classifiers in Google Earth Engine (GEE) 

platform. Five datasets were compared against random forest (RF) and support vector machine 

(SVM) classification algorithms: (1) 10 Sentinel-2 bands (comprising visible, near-infrared and 

shortwave infrared bands), (2) Sentinel-2 (10 bands) + 8 vegetation indices, (3) visible bands 

and near-infrared bands only, (4) visible and shortwave infrared bands only, and (5) 8 

vegetation indices. The eight vegetation indices were normalised difference vegetation index 

(NDVI), enhanced vegetation index (EVI), soil-adjusted vegetation index (SAVI), green-

normalised difference vegetation index (GNDVI, weighted difference vegetation index 

(WDVI), red edge NDVI (NDVIre), ratio-vegetation index (RVI) and normalised difference 



iii 

 

infrared index (NDII). Results showed that the RF algorithm produced the highest classification 

overall accuracy (OA), i.e., 97% and Kappa coefficient (κ), 0.96, using 10 Sentinel-2 bands 

dataset. Producer’s (PA) and user’s accuracies (UA) were in the range of 40-97% and 40-100%, 

respectively. 

Thirdly, the spatiotemporal trend of drought events and their impact on millet 

production in North Darfur from 1981 to 2020 was analyzed using standardized precipitation 

index (SPI) and reconnaissance drought index (RDI) by employing different timescales, i.e., 3-

month (June-August), 6-month (June-November), and 9-month (June-February) timescales. 

Drought-yield relationships were assessed using Pearson correlation coefficients (r). Results 

indicated that RDI is more sensitive to rainfall variabilities than SPI in detecting drought trends. 

Results revealed that drought events affected North Darfur over broad spatial extents, 

particularly in 1989, 1990, 1992, 1999, and 2001—an extreme drought event was in 2003. 

Correlation analysis between the SPI and RDI and the standardized variable of crop yield 

(SVCY) for millet grain yield showed a strong agreement between them. Moderate to extreme 

reductions in millet crop yield occurred in 1992, 1999, 2001, and 2003, corresponding to the 

moderate to extreme drought indicated by RDI. Severe crop losses were in Kabkabiya and 

Umm Kadadda. 

Fourthly, this study aimed to map and monitor spatio-temporal dynamics of rainfed 

agriculture in North Darfur State from 1984 to 2019 using multitemporal Landsat observation 

data using random forest (RF) classification algorithm. Overall, Landsat Operational Landsat 

Imageries (OLI) outperformed Landsat Multispectral Scanner (MSS), Landsat Thematic 

Mapper (TM), Landsat Enhanced Thematic Mapper Plus (ETM+) in monitoring change in 

agricultural land and other land use land cover (LULC) classes. Overall accuracies ranged 

between 94.7% and 96.9%, while kappa statistics were greater than 0.90. Results showed that 

Goz land used for rainfed agriculture increased by 889,622.46 ha between 1994 and 999, while 

it decreased by 658,568.61 ha between 2004 and 2009. Rainfed cultivation of wadi lands 

expanded significantly by 580,515.03 ha over the 2014–2019 period and decreased by 

182,701.8 ha over the 1994–1999 period. 

Overall, this study enhances the understanding of spatio-temporal rainfall patterns and current 

drought trends, aiding in developing more effective policies and resource management 

strategies. Additionally, it offers crucial spatial data that is currently scarce due to ongoing 

conflicts, empowering decision-makers to establish sustainable land use monitoring systems. 

The methodologies used in this study have proved successful in mapping crop types in a 

fragmented highly heterogeneous fine agricultural semi-arid landscape; such mapping 

approaches can be applied in other environments with similar characteristics.  
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1.1 Importance of rainfed agriculture 

Rainfed agriculture plays a vital role in food security and income in most sections of the world 

(Devendra, 2012; Elagib et al., 2019). One-third of the population in developing countries live 

in agricultural regions that are less favourable (Reddy et al., 2014). Approximately 75-82% of 

the world’s total cropland is used for rainfed agriculture, contributing over 60% of the globe’s 

cereal grain production (Laux et al., 2010; Molden et al., 2011). In some areas, such as Sub-

Saharan Africa, over 95% of cropland relies on rainfed agriculture, which depends on the 

physical environment and the variability and distribution of rainfall (Rockström et al., 2010). 

Sudan heavily depends on rainfed agriculture, in which more than 90% of framing land covers 

rainfed cultivation, contributing to one-third of the GDP of the country and its associated 

livelihood to the Sudanese people (Siddig et al., 2018; Siddig et al., 2020a). Rainfed agriculture 

distributed east and west of the Nile River banks and tributaries provides 65% of the 

population's livelihood, employing 59% of males and 82% of females in rural Sudan. 

(Memorandum, 2015; Siddig et al., 2018). Unfortunately, these lands are characterised by 

frequent droughts, unpredictable low rainfall, poorly distributed and highly variable monthly/ 

seasonal rainfall, population pressure, social change, deforestation, soil erosion/ salinisation, 

and water depletion (Ahmed et al., 2011). 

 

1.2 Impacts of spatio-temporal rainfall variability on rainfed agriculture  

Rainfall is the main variable in the hydrological process. It is also a critical component to track 

climate variability and study natural disasters such as drought conditions, flood, and water 

erosion (Choubin et al., 2019; Lu et al., 2016). Moreover, rainfall is the key environmental 

constraint for ecological and biogeochemical processes, making it the most crucial climatic 

factor (Duhan et al., 2013; Kaptué et al., 2015). Rainfall amount, intensity, frequency and 

duration are the most important climatological variables for characterising the climate system 

of a region (Longobardi et al., 2010; Mengistu et al., 2020). The spatio-temporal variability in 

rainfall is the main factor influencing the function and structure of the arid environment 

ecosystem (Augustine, 2010; Knapp et al., 2001). Factors such as altitude, distance from the 

sea, air pressure and geographical locations affect the spatial and temporal variation of rainfall 

(Grist et al., 2001). Understanding rainfall variability is important for rainfed agriculture and 

wise water resource management (Gbangou et al., 2020; Muchow et al., 1991). 
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Climate variability has emerged as a leading threat to sustainable development due to 

its adverse impact on the environment, human health, food and water security, and socio-

economic development (Gwambene, 2007; Koubi, 2019). Agriculture is one of the most 

weather-dependent sectors, and increasing evidence shows that climate variability significantly 

impacts agricultural production (Craparo et al., 2015; Muthoni et al., 2019). The impact is 

immense, especially in countries that primarily depend on agriculture, where a large proportion 

of the labour force is employed in agriculture, and agriculture contributes a large share of GDP 

(Siddig et al., 2020a). Africa is one of the most vulnerable regions highly affected by climate 

variability and change—a complex web of stressors and low adaptive capacity has aggravated 

the situation (Asfaw et al., 2018; IPCC, 2014). Over 75% of the livelihoods in Africa depend 

on rainfed agriculture, which is highly vulnerable to climate variability (Muthoni et al., 2019; 

Ochieng et al., 2016). The increased frequency of floods, droughts and heat waves significantly 

affects crops and ecosystems (Adhikari et al., 2015). Crop yield is unreliable and difficult to 

predict (Rockström et al., 2010; Sohoulande et al., 2019). The variability in precipitation across 

space and time frequently exposes crops to brief water deficits, resulting in crop losses (Kistner 

et al., 2018). Thus, understanding the spatio-temporal patterns of climate variability is crucial 

for designing and targeting suitable adaptation strategies.  

In its fourth assessment report, the Intergovernmental Panel on Climate Change (IPCC) 

reported that the inter-seasonal, inter-annual, and spatial variability in precipitation during the 

past few decades has severely affected the environment and human activities across Africa 

(WG III, 2007). In the last three decades, Africa has experienced frequent food insecurity and 

water scarcity related to intra-annual rainfall variations, prolonged droughts and frequent 

droughts (Ngcamu et al., 2020). The frequency, duration, and severity of the droughts will 

likely increase in many regions (Asadieh et al., 2017; Meza et al., 2021). Also, the combined 

impacts of climate variability and accelerated population growth will intensify drought risk, 

exposure and vulnerability in the long term (Ahmadalipour et al., 2019). Climate variability 

already poses significant challenges to Sudan by declining agricultural yields, adversely 

affecting food security and rural incomes. Sudan is ranked as one of the most vulnerable 

countries in the world to the adverse effects of climate variability due to its dependence on 

rainfed agriculture, low adaptive capacity and a higher reliance on natural resources for 

livelihood (Dupree, 1977; Waithaka et al., 2013). This emphasizes the importance of 

comprehensively understanding and effectively managing drought. Also, it is necessary to 

consider climate and environmental drivers along with socioeconomic factors that determine 

how susceptible a community, region, system or sector is to drought and their capacity to cope. 
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By 2050, agricultural production will require to increase by 60-110% to meet the 

increasing demand for food worldwide (Siddig et al., 2020a). Several authors have suggested 

that increasing crop yields, rather than clearing more land for food production, is the most 

sustainable path for food security (Foley et al., 2011; Godfray et al., 2010; Phalan et al., 2011). 

Unfortunately, some studies indicate that crop yields are no longer increasing in various regions 

of the world (Cassman, 1999; Ray et al., 2012). Many of these regions are in Africa (Pretty et 

al., 2012). The world's poorest areas will continue to face the potential impacts of climate 

fluctuations like droughts and floods on food security, leading to significant instability and 

reductions in food production (Lobell et al., 2011). 

1.3 Monitoring and mapping rainfed agriculture using Earth Observation 

Data 

Rainfed agricultural lands are continuously changing at global and regional scales due to 

human activities and climatic variability (Waldner et al., 2016). Understanding the spatio-

temporal dynamics of cropland plays an important role in regularly monitoring rainfed 

agriculture production, and supporting land management and understanding the environmental 

impacts of agricultural land (Hao et al., 2018). The spatial distribution of cropland information 

is essential for various applications (Yan et al., 2014). In Africa, cropland information is 

commonly generated by agricultural ministries through agricultural census—data acquired this 

way provides no information on the spatial distribution of cropland (Forkuor et al., 2017). 

 Accurate monitoring of rainfed agriculture land is essential in a better understanding of 

agriculture management and agriculture precision (Abdel‐Rahman et al., 2008). Timely 

analysis of cropland can provide objective information for decision-making in agricultural 

management, food security early warning, and food allocation in the region (Bofana et al., 

2020). In North Darfur, the spatial and temporal rainfall variability aggravates the problem of 

limited soil productivity and the spatial distribution of agricultural lands (Siddig et al., 2020b), 

—therefore, climate-related hazards, e.g., drought, have severe effects on poor rural people, 

because crop yields are unpredictable this combination issues occasionally led to violent 

clashes between nomadic tribes and local farmers (Osman et al., 2014). Understanding and 

monitoring the spatio-temporal of rainfed agriculture dynamics and its determining climatic 

factors in the study area can play a main role in socio-political stability and promoting food 

security , as well as in protecting and restoring ecosystem services (De Marinis et al., 2021). 

Moreover, mapping and monitoring rainfed agriculture remains a challenge in North Darfur 

due to political unrest and conflicts among communities, significantly influencing the spatial 
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distribution of rainfed agriculture, and insufficient ground data, which often shows gaps in crop 

data (Ibrahim, 1984; Kevane et al., 2008). Historically, field-based assessment surveys, expert-

scouting estimates, and crop cut information were the main approaches for monitoring 

agriculture (Kolecka et al., 2018). However, many studies have shown that these methods pose 

extreme danger to field teams, are time consuming and involve significant costs, and are not 

feasible for large-scale agricultural landscape monitoring (Chabalala et al., 2023; Ouzemou et 

al., 2018). 

Nowadays, timely and accurate production forecasts and near-real-time agricultural 

monitoring can be done using RS techniques (Kyere et al., 2019). Satellite remote sensing (RS) 

offers tremendous potential in several technical-scientific fields. Remote sensing (RS) has been 

used worldwide to monitor changes in the environment (Orusa et al., 2020). Remote sensing 

(RS) has been an effective tool for monitoring rainfed land in many locations around the world 

under various environmental conditions (Huete et al., 2002). 

 Numerous studies have aimed to obtain accurate cropland mapping using various 

satellite RS images (Bofana et al., 2020; Gislason et al., 2006; Praticò et al., 2021; Xiong et 

al., 2017).  The applications of different RS technologies for agriculture land monitoring are 

crucial and efficient tools to help map and monitor spatio-temporal agricultural land dynamics 

for sustainable planning and management in various studies (Bai et al., 2016; Sinha et al., 

2022). MODIS satellite data has been extensively used in crop mapping and monitoring at 

regional and global scales (Gilbertson et al., 2017). However, the efficiency of testing MODIS 

data in mapping rainfed agriculture lands is limited (Qader et al., 2021). According to Yin et 

al.(Yin et al., 2018), medium-resolution Landsat imagery provides a great opportunity to map 

agricultural dynamics. High-resolution RS data (< 10 m), i.e., Worldview, Sentinel-2 and 

SPOT imageries, were used to overcome the issue of spectral mixing and improve crop 

mapping in agricultural land at a minor scale (LUO et al., 2020). The application of very-high 

spatial resolution data has been widely used in determining accurate site-specific geospatial 

information for agriculture decisions (Rao et al., 2021). Still, the application of RS for 

agriculture planning and sustainable management in North Darfur is limited due to a myriad of 

challenges. 

In order to attain agriculture planning, development and sustainable management, this 

study aimed to explore spatio-temporal rainfed agriculture patterns using intermediate-

resolution spatial multitemporal Landsat images and high-resolution multispectral Sentienl-2 

data, Satellite precipitation products, Google Earth, Google Earth Engine and historical rainfall 

and yield data. The study provides an in-depth understanding of rainfall variability and related 



6 

 

impacts such as land cover patterns change and unpredictable crop yields on rainfed agriculture 

land patterns in semi-arid North Darfur State. This will aid in water resources management, 

land use/ land cover (LULC) planning, land degradation management, and drought 

preparedness. 

1.4 Statement of the study problem  

North Darfur State is Semi-arid environment, with great geographical and spatio-temporal 

variability in rainfall (Atiem et al., 2022; Mohmmed et al., 2018). North Darfur has been 

characterized as a focal point of environmental decline, facing some of the most significant 

natural challenges in the area. Additionally, it encounters considerable variability in rainfall 

patterns and enduring periods of drought (Osman, 2012; Osman, 2017). Rainfed agriculture is 

the essential for local livelihood for about 80—90 % of North Darfur communities, yet it faces 

significant challenges from climate variability (Siddig, 2010; Siddig et al., 2020a; Young et 

al., 2005). Therefore, rainfed agriculture is vulnerable to climate-hazards, including variability 

the crop yields is unreliable and difficult to predict. Nevertheless, the increasingly irregular 

rainfall patterns and temperature fluctuations threaten the sustainability and productivity of 

agricultural practices in this region (Osman et al., 2013; Siddig et al., 2020a). The Darfur region 

in Sudan faces heightened fluctuations in rainfall, resulting in frequent droughts and crop 

failures (Atiem et al., 2022; Elhag et al., 2018). Moreover, the Darfur region faces resource-

related conflicts emanating from droughts, which have led to desertification and land 

degradation, thus severely reducing the area of arable land available for the farming and grazing 

of livestock (Karamalla-Gaiballa et al., 2021). Studying the spatio-temporal dynamics of 

rainfed agriculture and identifying the climatic factors that influence it in the region can 

significantly enhance food security, socio-political stability, and the preservation of ecosystem 

services and the region characterised by the lack of availability of spatial data for monitoring 

trends in rainfed agriculture (De Marinis et al., 2021; Elagib et al., 2021). Due to political 

instability in certain areas of the study region, conventional agricultural monitoring methods 

such as expert scouting estimates, crop cut data collection, field assessments, and surveys not 

only pose serious risks to field teams but also entail substantial financial expenses (Mohmmed 

et al., 2018; Nakalembe et al., 2021). 

 Nowadays, most of these events can be predicted, and data and tools can provide early 

warning and impact assessment; this underscores the importance of timely and accurate 

production forecasts and near-real-time agricultural monitoring (Sahajpal et al., 2020) Satellite 
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remote sensing (RS) offers useful analysis tools in several technical-scientific fields and has 

been used widely worldwide for monitoring the changes that occur in the environment and the 

identification of their magnitude at different space-temporal resolutions (Carella et al., 2022; 

Orusa et al., 2020). In North Darfur, the efforts to mitigate these challenges of spatial and 

temporal assessments using high-resolution satellite data, such as Observation Earth data, 

combined with Geographic Information Systems (GIS), are limited. There is a critical need to 

systematically map and monitor the specific impacts of climate variability on rainfed 

agriculture using advanced remote sensing technologies and spatial analysis tools. By 

addressing this gap, the study aims to provide actionable insights for adaptive management 

strategies that enhance the resilience of rainfed agriculture in North Darfur State, thereby 

supporting sustainable development and food security in the face of changing climatic 

conditions. 

1.5 Research Aim and objectives  

This research mainly aimed to use multi source remote sensing (RS) dataset accompanied by 

various machine-learning (ML) algorithms to understanding the spatio-temporal dynamics of 

rainfed agriculture in extreme climate conditions in semi-arid North Darfur State, Sudan for 

the period from 1984 to 2019 

The specific objectives of this study were:  

1. To evaluate the feasibility of satellite precipitation products (SPPs) in estimating 

the spatio-temporal rainfall variability across North Darfur State, Sudan from 2000 

to 2019 

2. To map crop types in a highly heterogeneous semi-arid environment using Sentinel-

2 datasets and machine learning (ML) algorithms on the Google Earth Engine 

(GEE) cloud for the 2022 growing season 

3. To analyse spatio-temporal drought trends and impact on millet crop production 

across North Darfur State using standardized precipitation index (SPI) and 

reconnaissance drought index (RDI) from 1981 to 2020 

4. To map and monitor spatio-temporal patterns of rainfed agricultural lands of North 

Darfur State, Sudan, using earth observation data (EOD) for the period from 1984 

to 2019 
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1.6 Scope of the study 

The study aimed to map and monitor the impacts of rainfall variability on rainfed agriculture 

patterns in the semi-arid environment of North Darfur State, Sudan, using multitemporal and 

multispectral RS data. Six SPPs were used to estimate the spatio-temporal variability of rainfall 

and its impact on rainfed agriculture. The effeteness of spectral features from the high-

resolution Sentienl-2 imagery and vegetation indices extracted from Sentinl-2 bands were used 

to map crop types in a highly heterogeneous semi-arid environment using RF and SVM 

classification algorithms on Google Earth Engine cloud. The study compared the performance 

of two drought indices: the standardized precipitation index (SPI) and reconnaissance drought 

index (RDI), to detect drought events and their impact on millet yield from 2000 to 2019. The 

potential of the multitemporal Landsat dataset is evaluated in mapping and monitoring rainfed 

agriculture on a random forest classification model.  

The study collected 250 ground control points of the rainfed agriculture in August 2020,  

and 250 GCPs for the different crops in the field in June–September 2022 using a hand-held 

Global Positioning System (eTrex® 20 GPS Receiver; Garmin, Olathe, KS, USA) . Because 

North Darfur State is expansive, the remaining sample data were generated via on-screen 

digitization on Google Earth, collected 750 GCPs multitemporal Landsat and collected 850 

GCPs from Sentinel-2 MSI images, closely guided by visual interpretation, knowledge of the 

study area, and expert opinion. 

1.7 The study area 

This study carried out in the North Darfur State, the State is situated in western Sudan on the 

northern transitional margin of the Inter Tropical Convergence Zone at latitude 11° 4520°-״49 ׳ 

 E as shown in (Figure 1.1). The State  covers ״47 ׳29 27°-״47 ׳N and longitude 22° 46 ״30 ׳00

about half the territory of the Darfur region—it borders West Darfur, South Darfur, East Darfur, 

Central Darfur, Northern, West Kordofan, and North Kordofan states (Young et al., 2005). In 

addition, North Darfur has a common border with Chad and Libya. The state occupies an area 

of c. 296,420 km2 and an estimated population of 2.8 million in 2021 (Karamalla-Gaiballa and 

El-Kafafi, 2021). The Mara Range (Jebel Mara) is the highest mountain in Sudan (Elagib, 

2009; Young et al., 2005; Zakieldeen, 2009). The region is mainly semi-arid environment, with 

great geographical and spatio-temporal variability in rainfall. Most rainfall of North Darfur 

comes from south-westerly winds and the rainy season is mainly from June to October, with 

average yearly rain ranging between 152 mm yr−1 in the northern parts and 540 mm yr−1 in the 
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southern parts and the rainfall is at its peak in August, the rainy season may comprise a large 

number of dry days and a small number of heavy but short rainstorms (Mohmmed et al., 2018).  

 

Figure 1.1. Map of the study area showing districts and distribution of first class weather 

stations in North Darfur State, Sudan and neighbouring countries of Sudan. 
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During May and June, temperatures regularly rise over 42 °C—in January, temperatures drop 

below 11 °C  (Elagib, 2009; Young et al., 2005). Rainfed agriculture is the primary livelihood 

for about 80% of the population in Darfur, and rain-fed millet, a drought-resistant crop planting 

on goz land, serves as a major food and cash crop, the soils in North Darfur State are 

predominantly characterized by sandy soil types (GOz), with occasional patches of clay soil 

found in the beds of seasonal valleys (wadis) (Siddig, 2010; Young et al., 2005). Unfortunately, 

rainfall variability in space and time significantly impacts on agricultural sector. As a result, 

climate-related risks are a concern for the region's rainfed agriculture, and crop yields are 

unpredictable and difficult to anticipate (Abdelaziz et al., 2012; Håland, 1991; Osman and 

Cohen, 2014). Nevertheless, irrigated agriculture is practiced to cultivate multiple vegetables 

on small plots of wadi land. These crops are grown in saturated alluvial wadi soil, with 

occasional use of shallow wells for irrigation (El-Amin, 2002). 

North Darfur has been described as a hotspot of environmental degradation, 

experiencing among the most prominent natural threats in the region. Also, the region 

experiences high rainfall spatio-temporal variability and persistent drought (Osman et al., 

2013). Persistent security threats in the region due to conflicts among communities and political 

unrest significantly impact the distribution of rain gauge measurements (Ibrahim, 1984; 

Kevane and Gray, 2008). The population of North Darfur State has increased since 1973 from 

530,000 to 1.15 million to 2.8 million in 2021, and the population density increased from 8/km2 

to 23/km2 (Karamalla-Gaiballa and El-Kafafi, 2021; Schimmer, 2008). As the population 

increased, agricultural land conversion into pasture land caused clashes and friction between 

different communities. Additionally, as farmers sought to expand their farms to obtain the crops 

needed to feed more people, it led to soil erosion and decreased land productivity (Bushra et 

al., 2000; Osman, 2012).  
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Figure 1.2. The meteorological climate data of the North Darfur State, Sudan; mean monthly 

rainfall and mean monthly temperature for the period 2000 to 2019 the data were average 

from whole climatic stations. 

 In recent decades, the North Darfur region has experienced increasing rainfall 

variability, causing an increase in the frequency and severe droughts resulting in several cycles 

(Fuller, 1987b; Sayed et al., 2013).  

1.8 Thesis overview  

This thesis aims to achieve the main objectives of this study through four research papers that 

have been submitted to international peer-reviewed journals—one of which has already been 

published, two are being reviewed, and the other one is being prepared for journal submission. 

Each was written as a stand-alone article that can be read independently of the other parts of  

the thesis but draws separate conclusions that are linked to the overall research objectives and  

questions. As a result, there are overlaps and replications in the sections "Introduction" and 

"Method" in the various chapters. When one considers the rigorous peer-review procedure and  

the fact that the various chapters are papers that can be read independently without losing the 

overall context, this problem is of relatively minor importance. The thesis is divided into six 

chapters. 

Chapter two evaluates the applications feasibility of satellite precipitation products 

(SPPs) in capturing the spatio-temporal rainfall variability across North Darfur State, Sudan. 

The chapter focused on download raster files of six SPPs from their websites—the TMPA 

3B42/3B43-7.0, CHIRPS 2.0, PERSIANN-CDR, GPMIMERG 6.0, ARC 2.0, and TAMSAT 

3.1, then the point values from pixels of respective SPPs were georeferenced to rain gauge 

location and using Spatial Analyst tools for the extraction from the download raster files. Then 

the chapter employed a point-pixel pairwise comparison SPPs against rain gauge measurements 

for the 2000-2019 period at daily, monthly and annually timescale to identify the best products 

for capturing rainy days and estimating rainfall amounts and variability trends across the study 

area. However, the rain gauge observations have been disrupted owing to unstable security 

conditions and conflicts. Therefore, accurately estimating and predicting rainfall trends has 

been challenging. 

Chapter three involved mapping crop types over North Darfur State, Sudan using 

Sentinel-2 (S2) datasets and ML algorithms on the Google Earth Engine GEE cloud. The 

chapter performance the RF and SVM using multispectral Sentienl-2 data to mapping cropland 

types in high heterogeneous semi-arid environment under open canopy rainfed agriculture. 
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Eight vegetation indices were extracted from Sentienl-2 bands used for mapping and compared 

the results to determining better dataset for mapping cropland in the study area.   

 Chapter four analysed the spatio-temporal drought trends using widely two drought 

indices based on meteorological data; standardized precipitation index (SPI) and 

reconnaissance drought index (RDI) at three timescales and its impact on millet crop 

production using Preseason correlation coefficient (r) across North Darfur State.  The Darfur 

region experiences exacerbated variability in rainfall, leading to frequent droughts and crop 

failure. Therefore, the SPI and RDI were used to detect drought events between 1981 and 2020 

and investigate the impacts of drought events on millet production from 1998 to 2020. Millet 

crop is highly relied upon for food security and nutrition by in North Darfur. The chapter also 

evaluated the performance of the two indices for monitoring drought during the last 40 years. 

Chapter five was about mapping and monitoring spatio-temporal patterns of rainfed 

agricultural lands of North Darfur state using earth observation data. The chapter used four 

medium-resolution multitemporal Landsat sensors—Multispectral Scanner (MSS) at 60 m 

resolution acquired in 1984; Landsat Thematic Mapper (TM) at 30 m resolution acquired in 

1989, 1994, and 1999; Landsat Enhanced Thematic Mapper Plus (ETM+) at 30 m resolution 

acquired in 2004 and 2009; and Landsat Operational Landsat Imageries (OLI) at 30 m 

resolution acquired in 2014 and 2019 for monitor and map rainfed agriculture for the 1984 to 

2019. Rainfed agriculture and livestock are the primary sources of livelihood for 80-90% of 

the population of the Darfur region. This crucial agriculture sector usually depends on the 

physical environment and, most importantly, the amount and distribution of rainfall. Therefore, 

rainfed agriculture is vulnerable to climate-related hazards, including variability, and the crop 

yield is thus unreliable and difficult to predict. Persistent drought and associated impacts on 

rainfed agricultural practices contribute to regional social and/ or political instability.  

Chapter six provides a synthesis of the study and the summary of the outcomes. It 

outlines the main contributions of this research to the identification, mapping and monitoring 

of rainfed agriculture. In this chapter, the limitations of the current study are outlined, and it 

gives an outlook into other research aspects that can be considered in further studies.  

At the end of the thesis, a single reference list from all the chapters is provided
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Abstract 

Accurate rainfall measurement is vital when investigating spatio-temporal precipitation 

variability on agriculture, ecosystem and hydrological modelling for water management, 

especially in semi-arid lands. However, there are many regions worldwide where only a few 

ground-based observations are made available. Therefore, a comparative assessment of satellite 

precipitation products (SPPs) is vital. This research aimed to evaluate the accuracy and 

applicability of six SPPs in the North Darfur State in Sudan, i.e., the Tropical Rainfall 

Measuring Mission “…(TRMM)…”. Multi-satellite Precipitation Analysis (TMPA), African 

Rainfall Climatology (ARC), Climate Hazards Group Infrared Precipitation with Station Data 

(CHIRPS), Integrated Multi-satellitE Retrievals for Global Precipitation Measurements 

“…(GPM) Final Run (GPMIMERG)…”, Precipitation Estimation from Remote Sensing 

Information using Artificial Neural Networks-Climate Data Record (PERSIANN-CDR), and 

the Tropical Applications of Meteorology using SATellite and ground-based observations 

“…(TAMSAT)…”. Four categorical indices, i.e., the probability of detection (POD), probability 

of false alarm (POFA), bias in detection (BID) and Heidke skill score (HSS), and four 

continuous indices, i.e., the Pearson correlation coefficient (r), the root mean square error 

(RMSE), the per cent bias (Pbias), and the Nash-Sutcliffe model efficiency coefficient (NSE) 

were used to evaluate the accuracy of the SPPs. The global-based SPPs were assessed at daily, 

monthly and annual timescales by applying a point-to-pixel comparison with ground-based rain 

gauge data for the period 2000–2019. The overall results of the statistical analysis showed that: 

1) at the daily timescale, the SPPs underestimate daily rainfall by 6.53–17.61%, and CHIRPS 

was the best for detecting rainy days, while PERSIANN-CDR performed poorly, 2) monthly 

and annual scales performed better than daily timescale, and TAMSAT and CHIRPS portrayed 

better performance than the other SPPs, therefore, the two could reasonably estimate rainfall 

amounts in North Darfur State. 

 

Keywords: in situ rainfall data, ARC2.0, CHIRPS, GPMIMERG6, PERSIANN-CDR, TMPA, 

validation statistics, North Darfur State 
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2.1 Introduction 

Rainfall is vital to how water moves through Earth's water cycle, which connects the land, 

atmosphere and oceans (Choubin et al., 2019) therefore, rainfall are essential in Earth’s climate 

system (Duhan and Pandey, 2013; Wedajo et al., 2021). Rainfall is not evenly distributed 

worldwide—some places receive more than normal, while others become prone to droughts 

(Maidment et al., 2017). The variable distribution, rate and amount of rainfall determines 

Earth's ecosystems (Ayehu et al., 2018; Stillman et al., 2014). Reliable measurement of rainfall 

data is essential for understanding the spatio-temporal variability of rainfall at various 

timescales and its effects on hydrology, agriculture and ecosystem functioning (Asfaw et al., 

2018; Ayehu et al., 2018; Brocca et al., 2016). Traditionally, rain gauge observations have 

been used to characterise the spatio-temporal variability of rainfall (Zambrano-Bigiarini et al., 

2017a). However, in developing countries, due to various reasons, rainfall data is often 

unavailable, and even if it does exist, the quality are poor or inaccessible (Field et al., 2014). 

For example, the Meteorological Department of Sudan does not receive sufficient funding from 

the government; this has hampered the recruitment and retention of trained and volunteer 

observers and the ability to rehabilitate malfunctioned and/or abandoned meteorological 

stations (Ibrahim, 1984; Zakieldeen, 2009). In addition, the second Sudanese Civil War 

between 1983 and 2005 interfered with measuring and reporting meteorological data, 

especially in the southern region (Abd Elhamid et al., 2020; Elhag and Zhang, 2018; Osman et 

al., 2002). Therefore, political unrest and conflict significantly influenced the distribution, 

density and quality of rain gauge measurements. It is particularly true in the Darfur region, 

which often shows gaps in temporal rainfall data (Ibrahim, 1984; Kevane and Gray, 2008).  

 

The limitations associated with rain gauge observations have necessitated alternative 

methods to measure rainfall (Maidment et al., 2017). Fortunately, remote sensing provides an 

alternative approach to ground-based rainfall measurement and monitoring methods. Rainfall 

data can be gathered from satellite-based products (Ayehu et al., 2018). A variety of satellite 

precipitation products (SPPs) are produced by the passive microwave (PMW) and thermal 

infrared radiation (TIR) sensors onboard low-Earth orbiting and geostationary satellites, 

respectively. The TIR-based method uses algorithms to assess rainfall from cloud-top 

temperature (Paredes Trejo et al., 2016). The PMW technique can penetrate clouds and produce 

accurate rainfall amounts compared to the TIR-based technique, which has difficulties 



15 

 

identifying rain-producing clouds (Ageet et al., 2022; Kidd et al., 2011). However, the poor 

temporal resolution of low Earth-orbiting satellites makes the PMW technique not helpful in 

assessing accumulated rainfall over a longer duration (Toté et al., 2015). Therefore, 

uncertainties may originate from the temporal resolutions of satellites, the algorithms used to 

assess rainfall from cloud-top temperature, and satellite instruments themselves—these reduce 

the accuracy of satellite rainfall estimates (Gebremichael et al., 2005). Other techniques, e.g., 

combined PMW/TIR (Di Paola et al., 2012) or merged PMW/TIR technique with rain gauge 

observations or numerical weather models (Usman et al., 2018) were developed to enhance the 

accuracy of satellite rainfall assessment. Several studies, i.e., Huffman et al. (Huffman et al., 

1997), Xie et al  (Xie et al., 1998), Boushaki et al.(Boushaki et al., 2009), Ebert et al.(Ebert et 

al., 2007), Katiraie-Boroujerdy et al.(Katiraie-Boroujerdy et al., 2017), Sanogo et al. (Sanogo 

et al., 2015), Dezfuli et al. (Dezfuli et al., 2017), Bai et al. (Bai et al., 2019), Dembélé and 

Zwart (Dembélé et al., 2016) and Ayugi et al. (Ayugi et al., 2016) have been conducted using 

the latter technique at different spatial and temporal scales.  

 

The SPPs play a vital role in accurately mapping the spatiotemporal variability of 

rainfall, which is essential in designing climate change adaptation strategies. Sanogo et al. 

(Sanogo et al., 2015) evaluated the spatio-temporal characteristics of rainfall in West Africa 

using the gridded African Rainfall Climatology Version 2 (ARC 2.0). The results were 

consistent with ground-gauge observation rainfall. Dezfuli et al. (Dezfuli et al., 2017) showed 

that the diurnal precipitation cycle was better captured by the Integrated Multi-satellitE 

Retrievals for Global Precipitation Measurement (IMERG)-Final v6 (IMERG6) than the 

TRMM (Tropical Rainfall Measuring Mission) Multi-satellite Precipitation Analysis- TMPA, 

and the products exhibited a better agreement with ground data in dry East and humid West 

Africa than with the southern Sahel. The Usman et al. (Usman et al., 2018) analysis assessed 

the capability of four satellite-based rainfall models, i.e., TAMSAT (Tropical Applications of 

Meteorology using SATellite) African Rainfall Climatology and Time series- TARCAT, ARC 

2.0, TRMM, and Climate Hazards group Infrared Precipitation with Stations (CHIRPS) to 

portray rainfall trends in West Africa. Additionally, Dembélé and Zwart. (Dembélé and Zwart, 

2016) evaluated how well the TRMM, ARC 2.0, CHIRPS 2.0, Precipitation Estimation from 

Remote Sensing Information using Artificial Neural Networks (PERSIANN), African Rainfall 

Estimation (RFE 2.0), TAMSAT, and TARCAT performed at estimating rainfall amounts in 

the semi-arid Sahelian area in Burkina Faso. The satellites performed poorly at daily time scales 

but better at annual timescales, with the best product being the RFE 2.0. The CHIRPS 2.0 and 
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TARCAT were the best products for assessing drought in the Upper Blue Nile Basin of 

Ethiopia, according to Bayissa et al. (Bayissa et al., 2017)—the study compared the capabilities 

of five satellite precipitation products, i.e., ARC 2.0, CHIRPS 2.0, PERSIANN, TARCAT 2.0 

and TMPA. Toté et al. (Toté et al., 2015) analysed three satellite rainfall estimates i.e., 

TARCAT 2.0, Famine Early Warning System NET work (FEWS NET), RFE 2.0, and CHIRPS 

2.0 for drought and flood monitoring in tropical climate areas of Mozambique—TARCAT 2.0 

was superior at modelling the relative frequency of rainfall events. Ahmed et al. (Ahmed et al., 

2020) evaluated TRMM and RFE 2.0 over the Sudanese portion of the Blue Nile River and 

found that the TRMM product performance was superior to RFE 2.0. Girm,(Girma, 2021) 

explored TAMSAT 3.1 over southern Ethiopia and demonstrated that TAMSAT matched rain 

gauge data. Lu et al. (Lu et al., 2016) evaluated the SPPs in analysing changes in rainfall 

patterns in Namibia and found that the TMPA estimations and the data from the rain gauges 

agreed at monthly and annual timescales. Babaousmail et al. (Babaousmail et al., 2019) showed 

that the National Oceanic and Atmospheric Administration (NOAA) Climate Prediction Center 

Morphing Technique (CMORPH) was the most suitable product for satellite-based 

precipitation estimates for the prevailing Mediterranean climate. However, the majority of the 

aforementioned studies demonstrated that the algorithm performance varies significantly 

depending on topography, location, season and local climate (Abd Elhamid et al., 2020; 

Maidment et al., 2013; Toté et al., 2015; Usman et al., 2018).  

 

The North Darfur region is characterised by spatio-temporal rainfall variability. The 

variability aggravates the problem of limited soil productivity and the spatial distribution of 

agricultural land. Despite these challenges, 80%–90% of the population relies on rainfed 

agriculture and livestock rearing as their main sources of income (Osman, 2012; Siddig et al., 

2020b). Therefore, climate-related hazards, e.g., drought, have severe and disproportionate 

effects, especially on the rural poor, because crop yields are unpredictable and difficult to 

anticipate. The Sahel region's devastating droughts and hunger in the 1970s, 1980s and mid-

1990s, particularly in Chad and Sudan’s Darfur region, occasionally led to violent clashes 

between nomadic tribes and local farmers (Brauch, 2006). Therefore, understanding the spatio-

temporal variation in rainfall, especially in arid and semi-arid regions, is critical for predicting 

extreme hydrological events and mitigating climate-related risks through improved water 

resources planning, agricultural development of agro-pastoral systems and environmental 

management and restoration (Elagib et al., 2021). 
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Hydrological modelling for water management in arid and semi-arid lands requires 

accurate spatio-temporal rainfall measurements. However, mostly, only a few ground-based 

observations are available. Therefore, SPPs can fill the spatio-temporal rainfall data gaps in 

such regions. Satellite precipitation products have performed differently in mapping the spatio-

temporal variability of rainfall. Hence, accurately detecting rainfall variability and trends has 

been challenging. This study aimed to determine whether it is feasible to estimate rainfall 

variability across North Darfur State at daily, monthly and annual timescales using SPPs to 

inform decisions in water management. No relevant studies have been carried out in the North 

Darfur State. The SPPs used were the TRMM (Tropical Rainfall Measuring Mission) Multi-

satellite Precipitation Analysis (TMPA), African Rainfall Climatology (ARC), Climate 

Hazards group Infrared Precipitation with Stations (CHIRPS), Integrated Multi-satellitE 

Retrievals for Global Precipitation Measurements (GPM) Final Run (GPMIMERG), 

Precipitation Estimation from Remote Sensing Information using Artificial Neural Networks-

Climate Data Record (PERSIANN-CDR), and Tropical Applications of Meteorology using 

SATellite and ground-based observations (TAMSAT). 

 

2.2 Materials and methods 

2.2.1 The study area 

The study area is situated in North Darfur State in western Sudan, at latitude 11° 4520°-״49 ׳ 

 E (Figure 2.Error! Reference source not ״47 ׳29 27°-״47 ׳N and longitude 22° 46 ״30 ׳00

found.). The southern part of North Darfur state comprises a higher concentration of population 

and economic activities. The Jabbed Marrah Mountains roughly at 3,000 m above sea level, 

are at the maximum elevation within the study area (Osman, 2012; Osman and Cohen, 2014). 

The region is mainly semi-arid environment, with great geographical and temporal variability 

in rainfall. Most rainfall of North Darfur comes from south-westerly winds  and the rainy 

season is mainly from June to October, with average yearly rain ranging between 152 mm yr−1 

in the northern parts and 540 mm yr−1 in the southern parts and the rainfall is at its peak in 

August (Ibrahim, 1984; Kevane and Gray, 2008). In North Darfur State, Sudan, the rainy 

season may comprise a large number of dry days and a small number of heavy but short 

rainstorms. The few rainy days may take the following forms: (i) rain may start early, followed 

by partial/complete failure, (ii) rain may start late, (iii) the few rainy days may spread 
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throughout the wet season, and (iv) evenly-distributed but infrequent heavy rainfall. Yearly 

mean maximum and mean minimum temperatures are 42 °C and 11 °C respectively 

(Mohmmed et al., 2018). 
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Figure 2.1. Map of the study area in North Darfur State in Sudan; the star symbol shows 

locations of the11 first class rainfall stations (meteorological data). 

 

The largest food crop is millet,  “…grown in sandy soil (qoz) …”  (Siddig, 2010; Young et al., 

2005). Agriculture is constrained by poor soil fertility, small per capita landholding, soil 

degradation and erratic rainfall; as a result, most parts of the area are chronically food 

insecure (Osman, 2012). 

2.2.2 Datasets 

  2.2.2.1 In situ rainfall data 

Daily rainfall data from 2000 to 2019 from 11 rainfall stations were obtained from the North 

Darfur State Ministry of Agriculture (Figure 2.Error! Reference source not found.). The 

rainfall stations in the study area are located in densely populated areas in south-western parts, 

especially in areas of intense agricultural activity, because the northern parts of the North 

Darfur State is mostly desert (Ibrahim, 1984; Mohmmed et al., 2018). Only less than 10% of 

rainfall data were missing at each of the 11 weather stations considered in this study were 

infilled using the modified inverse distance weighting (IDW) method  (Organization, 2017; 

Taye et al., 2023; Zambrano-Bigiarini et al., 2017a). A brief description of the 11 rainfall 

stations is presented in Table 2.1 for the period from 2000 to 2019. The stations are installed 

at different elevations and have been recording data since 1970 to now. 

 

 Table 2.1: Characteristics of the 11 first class rainfall stations in North Darfur State for the 

study period 2000–2019. 

No. Station name 
Latitude 

(°N) 
Longitude 

(°E) 
Elevation 

(amsl) 
Data 

availability 
Mean annual 
rainfall (mm) 

1 Al Fashir 13° 38' 25° 20' 0740 Daily 232.3 
2 Al Liait 11° 57' 27° 04' 0587 Daily 517.1 
3 Dar El Salam 13° 05' 25° 53' 0817 Daily 302.2 
4 El Malha 15° 09' 26° 15' 0900 Daily 211.7 
5 El Tawiesha 12° 29' 26° 59' 0591 Daily 363.4 
6 Kabkabiya 13° 39' 24° 5' 1120 Daily 558.6 
7 Kuma 13° 39' 26° 01' 0875 Daily 220.2 
8 Kutum 14° 21' 24° 40' 1160 Daily 279.8 
9 Mellit 14° 13' 25° 55' 0900 Daily 223.9 
10 Saraf Omra 13° 47' 23° 30' 1105 Daily 404.3 
11 Umm Kadadda 13° 59' 26° 14' 0595 Daily 227.2 

Source: the ministry of agriculture North Darfur State, Sudan 
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2.2.2.2 The satellite-based precipitation products  

Six satellite precipitation products (SPPs) were compared against rain gauge observations to 

evaluate their efficiency in capturing rainfall variability across North Darfur State for 20 years, 

i.e., from 2000 to 2019. The SPPs used were the Tropical Rainfall Measuring Mission-based 

(TRMM) Multi-Satellite Precipitation Analysis (TMPA-3B42 7.0), African Rainfall 

Climatology Version 2 (ARC 2.0), Climate Hazards Group Infrared Precipitation with Stations 

Data (CHIRPS 2.0), Global Precipitation Measurements (GPM)—the Integrated Multi-

satellitE Retrievals Final Runv6 (GPMIMERG 6.0), Precipitation Estimation from Remote 

Sensing Information using Artificial Neural Networks-Climate Data Record (PERSIANN-

CDR), and the Tropical Applications of Meteorological using SaTEllite and ground-based 

observations (TAMSAT 3.1). The parameters of the six SPPs are shown in Table 2.2. 

 

Table 2.2: Parameters of the satellite-based precipitation products (SPPs) used in the study 

for the period 2000–2019; TIR (thermal infrared) and PMW (passive microwave). 

No. 
Satellites-based 

precipitation products 
Sensor 

Temporal 

coverage 

Spatial 

coverage 

Temporal 

resolution 
Spatial resolution 

1 TMPA-3B42 7.0 TIR/PMW 1998–2019 Near global Daily 0.25 ̊ × 0.25  ̊

2 ARC 2.0 TIR 1983–present Africa Daily 0.1  ̊× 0.1  ̊

3 CHIRPS 2.0 TIR 1981–present Near global Daily 0.05 ̊ × 0.05  ̊

4 GPMIMERG 6.0 TIR/PMW 2000–2019 Near global Daily 0.1  ̊× 0.1  ̊

5 PERSIANN-CDR TIR 1982–2020 Near global Daily 0.25 ̊ × 0.25  ̊

6 TAMSAT 3.1 TIR 1983–present Africa Daily 0.0375 ̊× 0.0375  ̊

 

The TRMM-based TMPA provides quasi-global precipitation products for the years 1998 to 

2019 with a spatial resolution of 0.25° × 0.25° and a temporal resolution of daily and three 

hours, covering the latitudes 50°N–50°S (Huffman et al., 2007; Wedajo et al., 2021; Yong et 

al., 2014). The TMPA is combined into gauge-adjusted daily (3B42) and monthly (3B43) post-

real-time precipitation. Only the daily rainfall dataset was downloaded, and TMPA version 7 

used (TMPA-3B42 7.0). The TMPA product was accessed at https://disc.gsfc.nasa.gov/. The 

ARC 2.0 data have been available as daily gridded precipitation data centered over the African 

continent at a spatial resolution of 10 km (0.1°) since 1983. The ARC 2.0 was developed by 

the Climate Prediction Center of the NOAA. ARC 2.0 data were retrieved from the European 

Organization for the Exploitation of Meteorological Satellites (EUMETSAT), which provides 

3-hourly geostationary thermal infrared (TIR) data, and the Global Telecommunication System 
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(GTS) gauge measurements reporting 24-hour rainfall accumulations across Africa. Both the 

EUMETSAT and GTS have high quality data (Novella et al., 2013; Usman et al., 2018). The 

daily ARC 2.0 rainfall estimates for the period were retrieved from https://www.icpac.net/data-

center/arc2/. The CHIRPS Version 2.0 rainfall dataset was developed by the United States 

Geological Survey and the Climate Hazard Group at the University of California. These data 

are available from 1981 onwards and span 50°N–50°S (all longitudes included). To create 

gridded rainfall time series, CHIRPS incorporates the Climate Hazard group Precipitation 

climatology (CHPclim) that incorporates i) satellite information to represent sparsely gauged 

locations, ii) 0.05° resolution cold cloud duration (CCD) -based Climate Hazard group Infrared 

Precipitation (CHIRP) estimates, and iii) rain gauge data (Funk et al., 2015). For this study, 

daily CHIRPS2.0 datasets from 2000 to 2019 were used as obtained from 

https://earlywarning.usgs.gov/.  The GPMIMERG 6.0 has a spatial resolution of (0.1° x 0.1°) 

and a temporal resolution of half an hour. The Global Precipitation Climatology Center's 

(GPCC) monthly gauge analysis is used to calibrate the Integrated Multi-satellitE Retrievals 

for GPM (IMERG), which is produced using combined passive microwave (PMW) and 

infrared (IR) data from the GPM constellation (Huffman et al., 2015; Sungmin et al., 2017). 

The most recent version of GPM (IMERG) is Final Run v 6B (IMERG6), which covers Early 

Run (near real-time with a latency of 6 hours), Late Run (near real-time with a latency of 18 

hours), and Final Run (gauge-adjusted with a delay of four months) (Huffman et al., 2015; 

Wedajo et al., 2021). In this study, daily IMERG6 were obtained from 

https://gpm.nasa.gov/data/. The PERSIANN climate database was created by scientists from 

the University of California's Center for Remote Sensing and Hydrometeorology (Ashouri et 

al., 2015). The PERSIANN product applies the artificial neural network (ANN) model to 

convert IR information into rain rates (Hsu et al., 1997). For this study, daily PERSIANN data 

were downloaded from https://climatedataguide.ucar.edu. The TAMSAT algorithm, based on 

Meteosat thermal infrared (TIR) from EUMESTAT (Dembélé and Zwart, 2016), was 

developed at the University of Reading; the purpose is to estimate rainfall during drought in 

Africa and to provide famine warnings. TAMSAT’s rainfall estimation is based on the 

assumption of a positive linear relationship between the life-time of convective clouds and 

rainfall amount at the surface. Therefore, TAMSAT works best for convective precipitation 

(Grimes et al., 1999; Maidment et al., 2014; Tarnavsky et al., 2014). Since 1982, TAMSAT 

products have been provided with a spatial resolution of 0.0375° and temporal resolutions of 

decadal, seasonal and monthly intervals (Ayehu et al., 2018). In this study, daily TAMSAT 

data for the period 2000–2019 were obtained from https://www.tamsat.org.uk. 
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2.2.3 Methods 

2.2.3.1 Evaluation of satellite products 

The study focused on evaluating the performance of six SPPs—the TMPA 3B42/3B43-7.0, 

CHIRPS 2.0, PERSIANN-CDR, GPMIMERG 6.0, ARC 2.0, and TAMSAT 3.1, to identify 

the best products for capturing rainy days and estimating rainfall amounts and variability trends 

across the study area. This was done by comparing satellite products against rain gauge 

measurements for the 2000–2019 period at daily, monthly and annual timescales. The point 

values from pixels of respective SPPs were georeferenced to gauge location and extracted from 

the downloaded raster files (Diem et al., 2014). The study employed a point-to-pixel pairwise 

comparison approach, in which rainfall estimations from each satellite are created and 

compared with the data from each rain gauge (Ayehu et al., 2018; Wedajo et al., 2021). 

 

2.2.3.2 Validation statistics 

The ability of SPPs to detect rainy days, defined here as days with rainfall totaling more than 

0.2 mm, was assessed based on a contingency table (Table 2.Table 2.3), using categorical 

statistical indices (Equations 2.1–2.4, Table 2.Table 2.4). The categorical statistics used in this 

study were: the probability of detection (POD, i.e., the proportion of observed rain days that 

were detected by the satellite product); the probability of false alarm (POFA, i.e., the proportion 

of satellite-estimated rain days that did not in fact occur); bias in detection (BID, i.e., assesses 

whether SPPs overestimates or underestimates rainy day frequency) and Heidke skill score 

(HSS, i.e., the measure of the overall skill of the rainfall-day estimates accounting for matches 

owing to chance)(Ageet et al., 2022; Diem et al., 2014; Girma, 2021).  

 

Table 2.3: Contingency table for comparing rain gauge measurements and satellite-based 

rainfall estimates. 

 Gauge ≥ 0.2 mm Gauge < 0.2 mm 

Satellite ≥ 0.2 mm Hits (H) False alarm (F) 

Satellites < 0.2 mm Miss (M) Correct no rain (D) 

 

The performance of the SPPs in estimating the amount and variability of rainfall across the 

study area was also evaluated using continuous statistical indices (Equations 2.5–2.8). One of 
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these indices used in this study is the Pearson correlation coefficient (r), which is used to assess 

the correlation's goodness of fit, with a value of 1 being the perfect score (Dembélé and Zwart, 

2016). The root mean square error (RMSE) measures the mean difference between two 

variables; a low RMSE value indicates the predictions are precise (Ayehu et al., 2018; Dembélé 

and Zwart, 2016; Usman et al., 2018). The per cent bias (Pbias) is used to show how well the 

satellite rainfall estimates correspond with the gauge rainfall data average; a positive Pbias 

indicates overestimates, while negative Pbias indicates underestimates. The Nash-Sutcliffe 

efficiency (NSE) coefficient assesses the predictive skill of models—higher values suggest a 

better agreement between observations and satellite estimates (Nash et al., 1970). A negative 

NSE value shows that the observed mean is a better estimator than the model, while a value of 

zero shows that the model predictions are as accurate as the mean of the observed data (Diem 

et al., 2014; Legates et al., 1999). The test-retest reliability was used to assess the consistency 

and reproducibility of the results obtained. 

Table 2.4: Statistical indices for satellite-based precipitation products (SPPs), where G = gauge 

rainfall amount, 𝐺̅ = average gauge rainfall amount; S = satellite rainfall estimates, 𝑆̅= average 

satellite rainfall estimate, N = number of data pairs, H = number of precipitation events detected 

by both satellites and a rain gauge, M = number of precipitation events detected by a rain gauge 

by not detected by satellites; and F = number of precipitation events detected by satellites but 

not detected by rain gauges; D = correct negative it mean when the rain gauge and satellite 

rainfall failed to detect rainfall. 

Statistics indicator Abbreviation Formula Values range Perfect score 

Probability of detection POD   
H

H+M
                            (2.1) [0 , 1] 1 

Probability of false alarm POFA  
F

H+F
                              (2.2) [0 , 1] 0 

Bias in detection BID  
H+F

H+M
                             (2.3) [- ∞ , +∞] 1 

Heidke skill score HSS  
2(HD − FH)

(H + M)(M + D) + (H + F)(F + D)
 (4) (2.4)  [- ∞ , 1) 1 

Pearson correlation coefficient r  
Σ(G−G̅)   (S−S̅)

√Σ((G−G̅)2 ((S−S̅)2
             (2.5) [-1 , 1] 1 

Root mean square error RMSE (mm) √
1

N
∑ (S − G)2n

i=1
           (2.6) [0 , + ∞] 0 

Per cent bias Pbias (%) 
1

N
(

∑(S−G)

G̅
) ∗ 100              (2.7) [- ∞ , +∞] 0 

Nash-Sutcliffe efficiency NSE 1−
∑(G−S)2

∑(G−G̅)2                        (2.8) [- ∞ , 1] 1 

 

2.2.3.3 Assessment of the rainfall trends using various satellite products 
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The rainfall trends were assessed for the individual stations, using the mean monthly and annual 

rain gauge data versus the respective SPPs using the correlation coefficient (r) (Equation 2.5) 

and per cent bias (Pbias) (Equation 2.7).  

 

2.3 Results 

2.3.1 Evaluation of the rainfall estimate performance of the satellite products 

2.3.1.1 Daily rainfall comparisons  

All the daily satellite precipitation products (SPPs) and rain gauge measurements showed 

medium agreement, i.e., the correlation coefficient r ranged from 0.37 to 0.52 and Nash-

Sutcliffe model efficiency (NSE) coefficient showed negative values, i.e., -1.57 to -0.13 (Table 

2.5). The summary of comparisons indicates that Climate Hazards Group Infrared Precipitation 

with Station Data (CHIRPS 2.0) had a relatively high probability of detection (POD). In 

contrast, African Rainfall Climatology (ARC 2.0) and Tropical Rainfall Measuring Mission 

(TRMM) Multi-satellite Precipitation Analysis (TMPA-3B42 7.0) products scored 

comparatively low values for POD (Table 2.5). The CHIRPS 2.0 scored higher probability 

false alarm ratio (POFA) value, 0.37. The ability of all the SPPs to detect rainy days was better 

than random chance, as indicated by Heidke skill score (HSS) values greater than zero. All 

SPPs underestimated daily rainfall rates; higher rates of underestimation of rain also recorded 

higher values of root mean square error (RMSE). Overall, CHIRPS 2.0 was the best-performing 

product, followed by Tropical Applications of Meteorology using SATellite and ground-based 

observations (TAMSAT 3.1). The categorical statistical indices (POD, POFA, BID, and HSS) 

results were not considered at monthly and annual timescales because cumulative monthly and 

annually precipitation cloud does not reflect specific precipitation events detected by SPPs.  

 

Table 2.5: The point-to-pixel evaluation at a daily timescale using continuous and categorical 

statistical tools; probability of detection (POD), probability of false alarm (POFA), bias in 

detection (BID) and Heidke skill score (HSS), correlation coefficient (r), root mean square 

error (RMSE), per cent bias (Pbias), and Nash-Sutcliffe efficiency (NSE). 

Dataset POD POFA BID HSS r 

RMSE  

(mm day-

1) 

Pbias (%) NSE 

TMPA-3B42 

7.0 
0.43 0.27 0.59 0.23 0.41 57.85 -15.45 -1.41 

CHIRPS 2.0 0.53 0.37 0.91 0.23 0.44 45.51 -12.15 -0.58 

ARC 2.0 0.45 0.33 0.68 0.2 0.37 59.51 -17.61 -1.57 
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GPMIMERG 

6.0 
0.46 0.29 0.65 0.23 0.4 57.53 -15.36 -1.23 

PERSIANN-

CDR 
0.51 0.31 0.9 0.16 0.49 24.47 -6.53 -0.21 

TAMSAT 3.1 0.48 0.28 0.98 0.24 0.52 31.34 -8.37 -0.13 

                                       

 

2.3.1.2 Monthly rainfall comparisons  

Monthly rainfall comparisons reveal reliable agreement between the six SPPs and ground-

based rain gauge measurements, with the NSE coefficient ranging from 0.36 to 0.49, and a 

strong correlation coefficient of r ≥ 0.66 (Table 2.6). Based on the statistical analysis, 

TAMSAT 3.1 performed better in estimating the monthly rainfall in the region than the other 

SPPs; TAMSAT 3.1 produced the best value of NSE, 0.49 and the lowest RMSE, 47.1. All 

SPPs overestimated the rainfall amount, except the ARC 2.0 product; the highest per cent bias 

(Pbias) value was produced by the Precipitation Estimation from Remote Sensing Information 

using Artificial Neural Networks-Climate Data Record (PERSIANN-CDR), 48.88% (Table 

2.6). The SPPs produced relatively strong correlation coefficients against rain gauge 

observations; the TAMSAT 3.1 scored the highest r value, 0.71.  

 

Table 2.6: The point-to-pixel evaluation at a monthly timescale using continuous statistical 

tools; correlation coefficient (r), root mean square error (RMSE), per cent bias (Pbias), and 

Nash-Sutcliffe efficiency (NSE). 

Dataset r 
RMSE  

(mm month-1) 
Pbias (%) NSE 

TMPA-3B42 7.0 0.71 52.73 15.34 0.36 

CHIRPS 2.0 0.73 50.64 1.49 0.41 

ARC 2.0 0.67 51.19 -20.25 0.4 

GPMIMERG 6.0 0.72 51.49 18.01 0.39 

PERSIANN-CDR 0.66 76.66 48.88 -0.35 

TAMSAT 3.1 0.75 47.1 10.29 0.49 

                  

 

2.3.1.3 Annual comparisons of rainfall totals  

Strong agreement between the six SPPs and rain gauge measurements was demonstrated by 

annual comparisons, producing NSE coefficients ranging from 0.19 to 0.61 (Table 2.7), and 

reliable correlation coefficients (r) ranging from 0.58 to 0.81 (Table 2.7). The Integrated Multi-

satellitE Retrievals for Global Precipitation Measurements (GPM) Final Run (GPMIMERG 

6.0) produced a relatively high correlation value. Based on the statistical analysis, the results 
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indicated that TAMSAT 3.1 performed better than the other SPPs products; TAMSAT 3.1 

produced the best value for the NSE and RMSE (Table 2.7). All SPPs overestimated the 

rainfall amount, except the ARC 2.0 product which provided an underestimate. The highest 

Pbias values was by PERSIANN-CDR, 82.69%.  

Table 2.7: The point-to-pixel evaluation at an annual timescale using continuous statistical 

tools; correlation coefficient (r), root mean square error (RMSE), per cent bias (Pbias), and 

Nash-Sutcliffe efficiency (NSE). 

Dataset r 
RMSE  

Pbias (%) NSE 
(mm annual−1) 

TMPA-3B42 7.0 0.8 110.2 21.33 0.5 

CHIRPS 2.0 0.78 112.4 22.85 0.39 

ARC 2.0 0.76 89.8 -16.9 0.35 

GPMIMERG 6.0 0.81 100.4 10.19 0.19 

PERSIANN-CDR 0.58 235.2 82.69 -0.57 

TAMSAT 3.1 0.71 8.7 14.98 0.61 

                 

 

 

2.3.2 Mean monthly rainfall trends 

Spatio-temporal variation in the mean monthly precipitation for the 11 rain gauge stations using 

the six SPPs are shown in Figure 2.2. The SPPs estimated the trends in rainfall for the rainy 

season, i.e., from May to October, with peak rainfall occurring during August and September 

(Figure 2.2). All SPPs show that, comparatively, Kabkabiya, Saraf Omra, and Kutum, located 

in the Marra Mountains, receive more rainfall. As indicated by the SPPs, Kabkabiya, at an 

elevation of 1120 m, receives a monthly rainfall range 2.2-295.9 mm, while Saraf Omra, at an 

elevation of 1105 m, receives 2-380.5 mm. Kutum area at an elevation of 1160 m north of 

Marra mountains ranges 1.5-170.9 mm. Mellit and El Malha areas at lower elevation, recorded 

1-119.7 mm and 3-129.2 mm, respectively.
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Figure 2.2. Comparison of rain gauge observations based on monthly rainfall trends for 11 stations over North Darfur State and six-satellite precipitation 

products over the 20-year study period (2000–2019).
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TMPA-3B42 7.0 and CHIRPS 2.0 in Al Fashir (Table 2.8), recorded the highest correlation 

values. Al Liait recorded the lowest correlation values. The highest overestimated trends in 

rainfall were by PERSIANN-CDR), while the most underestimated trends in rainfall were by 

ARC 2.0. 

Table 2.8: The Performance of six SPPs in estimating rainfall trends on a monthly timescale 

at 11 stations, using Pearson’s correlation coefficient (r) and per cent bias (Pbias %). 

Stations Statistic 
TMPA-

3B427.0 

CHIRPS 

2.0 

ARC 

2.0 

GPMIMERG 

6.0 

PERSIANN-

CDR 

TAMSAT 

3.1 

Al Fashir 
r 0.83 0.84 0.61 0.80 0.80 0.72 

Pbias 24.91 -10.23 -19.72 5.56 67.57 3.62 

Al Liait 

 

r 0.48 0.41 0.25 0.42 0.20 0.48 

Pbias -17.78 -13.79 0.05 70.88 -9.39 -3.36 

Dar El Salam 
r 0.61 0.62 0.56 0.59 0.45 0.72 

Pbias 15.19 1.99 -6.96 4.68 72.00 8.17 

El Malha 
r 0.68 0.65 0.71 0.71 0.64 0.64 

Pbias 4.19 -20.84 -43.36 28.49 -4.58 7.50 

El Tawiesha 
r 0.47 0.65 0.43 0.53 0.53 0.66 

Pbias 17.68 11.16 9.91 29.21 85.50 17.41 

Kabkabiya 
r 0.54 0.71 0.74 0.54 0.55 0.53 

Pbias 0.55 23.57 -34.98 5.67 16.10 28.46 

Kuma 

 

r 0.56 0.61 0.44 0.57 0.55 0.61 

Pbias -15.65 -14.13 27.71 37.49 -2.47 29.27 

Kutum r 0.77 0.79 0.79 0.70 0.67 0.67 

 Pbias 29.53 -1.92 -24.32 24.89 21.77 5.25 

Mellit 
r 0.66 0.70 0.69 0.64 0.61 0.61 

Pbias 14.59 -10.77 -24.68 21.38 25.45 -1.94 

Saraf Omra r 0.50 0.70 0.68 0.39 0.46 0.72 

 Pbias 20.90 14.25 42.32 143.12 27.26 49.51 

Umm Kadadda 
r 0.61 0.41 0.44 0.55 0.57 0.60 

Pbias 59.96 26.08 16.65 50.98 76.68 40.04 

 

 

2.3.3 Mean annual rainfall trends  

Spatio-temporal variation in the mean annual precipitation for the 11 rain gauge stations using 

the six SPPs are shown in Figure 2.3. El Malha receives between 26 and 542.1 mm, while 

Mellit receives 92-545 mm. The wetter Kabkabiya, Saraf Omra and Kutum areas recorded 

rainfall in the range 206-1113 mm, 188-1205 mm, and 103-551 mm, respectively. 
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Figure 2.3. Comparison of rain gauge observations based on annual rainfall trends in 11 stations over North Darfur State and six SPPs over the 

20-year study period (2000–2019).
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The highest correlation values were in El Malha by GPMIMERG 6.0 and ARC 2.0 (Table 2.9). 

Others were TAMSAT 3.1 in Kutum and PERSIANN-CDR in Kuma, Kutum and Kabkabiya. 

The PERSIANN-CDR reported the most overestimated trends in rainfall, while the most 

underestimated trends in rainfall were by CHIRPS 2.0. Generally, the best performing SPPs 

were TMPA-3B42 7.0 (Al Fashir, Dar ES Salam) and TAMSAT 3.1 (Kabkabiya, Saraf Omra). 

 

Table 2.9: The rainfall trends for the 20-year study period (2000–2019) were assessed at the 

annual timescale for six SPPS at 11 stations using the Pearson’s correlation coefficient (r) and 

per cent bias (Pbias %). 

Stations 
Statistic/ 

products 

TMPA-

3B42 7.0 
CHIRPS 2.0 

ARC 

2.0 
GPMIMERG 6.0 PERSIANN-CDR TAMSAT 3.1 

Al Fashir 
r 0.47 0.57 0.66 0.36 0.67 0.46 

Pbias 0.79 -24.26 -9.45 -16.26 65.96 -20.22 

Al Liait 

 

r 0.22 0.38 0.46 0.55 0.66 0.34 

Pbias -6.37 -13.09 -20.22 -10.03 83.53 -37.56 

Dar El Salam r 0.43 0.51 0.39 0.17 0.47 0.46 
Pbias -1.64 2.45 -13.79 7.22 92.38 -21.26 

El Malha 
r 0.42 0.34 0.82 0.83 0.37 0.52 

Pbias 29.50 -15.47 -44.78 6.97 12.97 -15.97 

El Tawiesha 
r 0.41 0.22 0.43 0.42 0.64 0.36 

Pbias 21.54 14.30 1.72 10.25 106.48 -16.81 

Kabkabiya 
r 0.23 0.46 0.56 0.70 0.72 0.25 

Pbias 23.25 -38.37 -3.59 25.58 1.12 1.30 

Kuma 

 

r 0.14 0.57 0.54 0.44 0.76 0.25 

Pbias -7.25 -35.51 -38.05 -6.63 18.67 -37.98 
Kutum r 0.50 0.57 0.56 0.61 0.72 0.74 

 Pbias 20.87 -0.96 -27.45 25.11 32.83 9.99 

Mellit 
r 0.61 0.44 0.58 0.57 0.61 0.43 

Pbias 19.08 -8.07 -26.94 11.15 42.91 -16.70 

Saraf Omra r 0.51 0.40 0.51 0.62 0.63 0.28 

 Pbias 31.81 19.48 3.03 37.85 161.07 -0.90 

Umm Kadadda 
r 0.25 0.63 0.38 0.44 0.46 0.21 

Pbias 44.79 24.72 10.07 53.00 103.54 12.45 

 

2.4 Discussion 

Rainfall in Africa is challenging to estimate accurately because it is majorly a result of 

convective rainstorms, which are very localized spatially and temporally. The seasonal 

movement of the Inter-Tropical Convergence Zone (ITCZ) mainly regulates rainfall in Sudan. 

Therefore, the rainfall is convective in nature, derived from showers and thunderstorms. The 

rainfall depicts an extreme spatial variation which the existing rain gauge network cannot 

monitor effectively. In fact, it is argued that no conceivable rain gauge network would be 

adequate for the country. The reliability and applicability of the current satellite precipitation 

products (SPPs) against rain gauge observations across North Darfur State of Sudan was 

evaluated for a 20-year study period, i.e., 2000–2019. The SPPs were the Tropical Rainfall 

Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA-3B42 7.0), 

African Rainfall Climatology Version 2 (ARC 2.0), Climate Hazards Group Infrared 

Precipitation with Station Data (CHIRPS 2.0), Integrated Multi-satellitE Retrievals for Global 
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Precipitation Measurements (GPM) Final Run v 6 (GPMIMERG 6.0), Precipitation 

Estimation from Remote Sensing Information using Artificial Neural Networks-Climate Data 

Record (PERSIANN-CDR), and the Tropical Applications of Meteorology using SATellite 

and ground-based observations (TAMSAT 3.1). The satellite-based rainfall estimation was 

assessed at daily, monthly, and annual timescales using point-to-pixel-based pairwise 

statistics.  

 

2.4.1 Validation of satellite precipitation products at daily timescale 

Although CHIRPS 2.0 recorded the highest probability of detection (POD), the probability of 

false alarm (POFA) was also the highest (Table 2.5). To the contrary, the TMPA-3B42 7.0 

performed poorly—it only detected 43% of the observed rainfall events in the study area, 

although it reported the lowest POFA and bias in detection (BID). The PERSIANN-CDR 

reported the lowest root mean square error (RMSE) and per cent bias (Pbias). Daily satellite 

rainfall had a low correlation (r) with the rain gauge data—the TAMSAT 3.1 recorded the 

highest correlation value, 0.53. The weak agreement between the SPPs and rain gauge 

observations is in line with Usman et al. (Usman et al., 2018) and Dembélé and Zwart 

(Dembélé and Zwart, 2016) in the Sudano Sahelian zone of Nigeria and Burkina Faso, 

respectively—and that CHIRPS 2.0 was the product most capable of detecting rainy days. The 

subpar performance of the rainfall products can be primarily attributed to errors in satellite 

models when predicting the accumulation and distribution of rainfall (Dembélé and Zwart, 

2016; Zambrano-Bigiarini et al., 2017b). Another reason could be the presence of a high 

variance and lack of dynamic range in daily rainfall estimates (Mekonnen et al., 2023). The 

POD metric indicates that SPPs fail to identify precipitation events with short durations. 

Rainfall events in the study area are spatially and temporally discontinuous, and the duration 

of rainfall may not last for long, therefore, satellite sensors may not capture the rainfall events 

(Haile et al., 2013). Another source of error is the presence of the Marrah highlands—the 

magnitude of rainfall is underestimated because satellite estimates normally miss precipitation 

that is enhanced by flow lifting over mountains (Castro et al., 2015).  
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2.4.2 Validation of satellite precipitation products at monthly timescales 

Overall, all SPPs relatively correlated well with rain gauge observations—as the time scale 

increases, the performance of SPPs improves significantly (Ayehu et al., 2018; Dinku et al., 

2007; Wedajo et al., 2021; Wu et al., 2019). The TAMSAT 3.1 showed the best correlation 

with rain gauge observations (Table 2.6). The best performance in RMSE was the TAMSAT, 

while the CHIRPS 2.0 recorded the lowest overestimation of monthly rainfall. The 

PERSIANN-CDR was the worst because it reported the lowest correlation coefficient, the 

highest RMSE, and the highest Pbias. Also, Gadouali et al. (Gadouali et al., 2020) in Morocco 

and Dembélé and Zwart (Dembélé and Zwart, 2016) of Burkina Faso reported PERSIANN-

CDR as the worst at detecting monthly rainfall events. The poor performance can be attributed 

to cloud-top infrared (IR) observations (Beck et al., 2017). The only underestimation of 

rainfall was from ARC 2.0, which is in agreement with Ayehu et al. (Ayehu et al., 2018). The 

other five SPPs overestimated rainfall—Wedajo et al. (Wedajo et al., 2021) and Girma, 

(Girma, 2021) reported overestimations of rainfall data from the TMPA-3B42 7.0, CHIRPS 

2.0 and GPMIMERG 6.0, and TAMSAT 3.1, respectively. Gebremicael  et al. (Gebremichael 

et al., 2005) found that the CHIRPS 2.0 and TMPA-3B42 7.0 products underestimated rainfall 

in northern Ethiopia—the inconsistency with the current study may be due to differences in 

topography and/or climate conditions. Satellite precipitation products (SPPs) are known for 

overestimation of rainfall in arid and semiarid areas and underestimation in humid areas 

(Ibrahim et al., 2022). The overestimations are due to the fact that raindrops might evaporate 

before striking the surface (McCollum et al., 2000), and the underestimation over higher 

altitude is due to strong scattering of the microwave (MW) signal by mountains  (Huffman et 

al., 2007) and misses the discrimination of warm clouds by IR sensors commonly found on 

the tops of mountainous regions (Cavalcante et al., 2020). Also, during the rainy season, 

satellite sensors have limited capability in identifying rainfall events because of non-raining 

clouds that could produce brief localized showers (Su et al., 2017). As well, intense rainfall 

can cause radar signals to attenuate, leading to inaccurate measurements (Cheema et al., 

2012). 

 

Generally, the TAMSAT 3.1 and CHIRPS 2.0 performed better, and the PERSIANN-

CDR performed poorly in all indices—this is consistent with Ageet et al. (Ageet et al., 2022), 

Grimes et al. (Grimes et al., 1999), Fenta et al. (Fenta et al., 2018), Basheer et al. (Basheer et 

al., 2019) , and Dinku et al. (Dinku et al., 2007). The TAMSAT's primary benefit is that it 
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employs local calibration datasets, where the temperature threshold and regression parameters 

are geographically and temporally variable (Dinku et al., 2007). The strong performance of 

CHIRPS 2.0 in this study is in line with its high temporal and spatial resolution, capacity to 

integrate satellite data and ability to gauge and reanalyse outputs (Funk et al., 2015). The use 

of CHPClim, a gauge-satellite climatological tool, also offsets bias. 

2.4.3 Validation of satellite precipitation products at annual timescales 

The GPMIMERG 6.0 and TMPA-3B42 7.0 were the highest correlated SPPs with rain gauge 

measurements (Table 2.7). The PERSIANN-CDR performed dismally, i.e., it recorded the 

lowest correlation coefficient, the worst RMSE, the highest overestimation of rainfall, and a 

negative Nash-Sutcliffe Efficiency (NSE). The TAMSAT 3.1 reported the least RMSE. Only 

ARC 2.0 underestimated annual rainfall, while the rest of the SPPs overestimated rainfall in 

the range. The TAMSAT 3.1 recorded the highest NSE value—higher values suggest a better 

agreement between rain gauge measurements and satellite estimates (Nash and Sutcliffe, 

1970). Overall, TAMSAT 3.1 performed better and the PERSIANN-CDR performed poorly 

in all indices. These results are in line with prior research on the Sudanese Blue Nile basin 

and the East African Sio-Malaba-Malakisi River basin (Abd Elhamid et al., 2020; Omonge et 

al., 2022). However, a study carried out in Ethiopia's Upper Blue Nile basin contradicted the 

superiority of TAMSAT 3.1 at annual timescales (Bayissa et al., 2017). The 

underperformance of the PERSIANN-CDR in capturing rainfall variability amounts is also 

consistent with studies conducted in East Africa and northern Egypt (Kimani et al., 2017; 

Roushdi, 2022). The PERSIANN-CDR is calibrated based on Global Precipitation 

Climatology Project (GPCP) (Liu et al., 2017); however, this does not guarantee improved 

performance in the study area. The performance of GPMIMERG 6.0 in rainfall estimations is 

superior to that of ARC 2.0 and PERSIANN-CDR, as confirmed by Zhang et al. (Zhang et al., 

2019). Owing to the dual and high-frequency channels, which improve the detection of light 

and solid precipitation, GPMIMERG 6.0 has a superior performance (Huffman et al., 2015). 

This can be explained by the greater efficiency of MW sensors—satellite products that use 

MW sensors to measure rainfall perform better than those that use IR sensors (Bitew et al., 

2011). Generally, the IR sensor compared to passive/active MW can lead to high POFA, and 

low POD, especially in sub-tropics and semi-arid and arid regions (Kidd et al., 2022). 
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2.4.4 Station-wise mean monthly and annual rainfall trends 

In this study, the rate of rainfall is linearly related to altitude—comparatively, the area located 

in the south, around the Marrah Mountains, roughly receives more rainfall compared to the 

north, the lowland. Station-wise monthly rainfall trends showed that not all SPPs followed 

similar pattern as the rain gauge data—notable was the PERSIANN-CDR and ARC2. The 

PERSIANN-CDR curve was conspicuously above the rain gauge and other SPPs curves in Al 

Fashir, Al Liait, and Dar el Salam. Severally, the PERSIANN-CDR curve exhibited a bimodal 

distribution, e.g., El Tawiesha, Kabkabiya, Saraf Omra, and Umm Kadadda, while the rain 

gauge curve showed only a single peak. Only in El Malha and Kutum stations, the 

PERSIANN-CDR closely followed the rain gauge curve. The ARC 2.0 curve was mostly 

below the rain gauge and other SPPs curves—only in Saraf Omra that the ARC 2.0 curve was 

almost the same as the rain gauge curve. The TAMSAT 3.1 and CHIRPS 2.0 closely followed 

the rain gauge curve pattern. The PERSIANN-CDR remains the worst at station-wise level 

with relatively low correlation coefficient compared to other SPPs. The TAMSAT 3.1 and 

CHIRPS 2.0 were better performers, with higher correlation coefficients. Compared to station-

wise mean monthly rainfall trend, station-wise mean annual rainfall trends are different. The 

PERSIANN-CDR has relatively higher correlation coefficients compared to TAMSAT 3.1 

and CHIRPS 2.0 in almost all rain gauge stations, although the PERSIANN-CDR relatively 

overestimated the mean annual rainfall, compared to the other SPPs. Overall, the TAMSAT 

3.1 and CHIRPS 2.0 were the best performers. Generally, all SPPs revealed increasing trends. 

 

2.4.5 The Study limitations  

This study used six SPPs and 11 rain gauge stations which are not spatially distributed in the 

climatic zones of North Darfur State. The variations in the quantity, quality, and distribution 

of rain gauge stations in the study area might have introduced errors that led to uncertainties 

in the performance of SPPs in capturing the spatio-temporal rainfall variability (Mekonnen et 

al., 2023). Also, the uncertainties attributed to errors in the retrieval algorithm, rain gauge 

measurement, and bias correction processes may render SPPs measurement of rainfall 

unreliable, because it may distort interpretation of the rainfall’s behaviour and simulation 

results by penetrating into other models such as the crop, hydrological and meteorological 

models. The reliability of a particular rainfall dataset could vary with the temporal period of 

evaluation (Mekonnen et al., 2023). Another uncertainty may be associated with the point-to-
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pixel approach used that compared two datasets at different spatial scales (Mekonnen et al., 

2023). Therefore, these errors cannot be ignored when using SPPs in various applications 

(Taye et al., 2023). The errors could be the reason why several SPPs underestimated and/or 

overestimated rainfall in the study area. Therefore, comprehensive uncertainty 

characterization of satellite-derived rainfall products is vital. But the main limitation is the 

spatial and temporal resolutions of the data—investigating spatio-temporal variability of 

rainfall requires the use of precipitation datasets that have high spatial and temporal 

resolutions (Pierre et al., 2011).  

2.5 Conclusions 

For climate studies and meteorological applications in data-poor regions of Africa, such as the 

Darfur region, satellite precipitation products (SPPs) represent an alternative source of rainfall 

data. The daily time intervals showed that there was a weaker agreement between SPPs and 

rain gauge measurements—the Climate Hazards Group Infrared Precipitation with Station 

Data (CHIRPS 2.0) was identified to be better in detecting rainy days. The results of the 

monthly and annual time scales showed that there was a stronger agreement between rain 

gauge observations and SPPs. Overall, the Tropical Applications of Meteorology using 

SATellite and ground-based observations (TAMSAT 3.1) and CHIRPS 2.0 were 

comparatively better—therefore, TAMSAT 3.1 and CHIRPS 2.0 could be reliable sources of 

rainfall data for stakeholders and researchers, in North Darfur. All SPPs exhibited errors in 

the continuous and categorical indices used—the SPPs indicated underestimations and 

overestimations in the analyses. Since the accuracy and reliability of satellite datasets is vital, 

future research should focus on more sophisticated algorithms and technological advancement 

that can provide near-real time data effective in improving the accuracy and reduce the 

uncertainties of estimated precipitation in data-scarce regions worldwide. Advanced SPPs data 

fusion techniques for infrared (IR) and microwave (MW) datasets should be explored. 
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CHAPTER THREE 

Mapping cropland types in a highly heterogeneous semi-arid environment 

using Sentinel-2 dataset and machine learning algorithms on Google Earth 

Engine cloud 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This Chapter based on: 

Altoom, M.B., Adam, E., & Ali, K.A. (in preparation). Mapping cropland types in a highly 

heterogeneous semi-arid environment using Sentinel-2 dataset and machine learning 

algorithms on Google Earth Engine cloud
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Abstract 

Monitoring crops ensures national, regional, and global food security. Monitoring crops entails 

gathering information such as the health and growth of crops and environmental conditions. 

Therefore, monitoring crops aids farmers in making well-informed decisions, enhancing 

productivity, and reducing environmental impact. This, in turn, leads to improved economic 

outcomes and long-term agricultural sustainability. Monitoring crops in arid and semi-arid 

lands is critical because water availability is a major factor limiting crop growth. This study 

used Sentinel-2 (S2) image collection in Google Earth Engine (GEE) to classify crop types in 

North Darfur State, Sudan using support vector machine (SVM) and random forest (RF) 

models classifiers. Eight vegetation indices (VIs), i.e.,normalised difference vegetation index 

(NDVI), enhanced vegetation index (EVI), soil-adjusted vegetation index (SAVI), green-

normalised difference vegetation index (GNDVI, weighted Difference vegetation index 

(WDVI), red edge NDVI (NDVIre), ratio-vegetation index (RVI), and normalised difference 

infrared index (NDII) were used as additional bands. The results show that the RF models 

produced overall accuracies (OA) in the range of 90–97%, and 0.87–0.96 for kappa coefficient 

(κ). The SVM models reported OA and κ values in the range of 84–95% and 0.81–0.94, 

respectively. Producer’s (PA) and user’s accuracies (UA) were in the range 83–97% and 81–

98%, respectively. Highest F1 scores for both classifiers were 0.98. The findings of this study, 

along with the derived classification maps, would enable farmers, policymakers, and other 

stakeholders to make well-informed decisions regarding agricultural production, land use 

planning, and resource management in North Darfur and arid environments. 

 

Key words:  Sentinel-2 image collection, crop type mapping, food security, North Darfur State, 

semi-arid lands, Google Earth Engine, machine learning algorithms. 
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3.1 Introduction  

Accurate mapping and monitoring of agricultural land at the crop type level is crucial in 

precision agriculture, especially in regions facing rapid climate variability (Brinkhoff et al., 

2019; Chabalala et al., 2022). Lack of adequate data due to insufficient resources and 

difficulties with access to some areas, probably because of security concerns and other 

obstacles, means that traditional approaches to collecting agricultural data are challenging 

(Eklund et al., 2017; Qader et al., 2021). Furthermore, Crop yield assessment based on 

conventional data collection techniques such as crop cut data, expert scouting estimates, and 

field surveys lacks reliability because they are resource-intensive, time consuming, and 

susceptible to errors (Ge et al., 2016; Sinha et al., 2022). Therefore, embracing such an 

approach may introduce uncertainties as yields can display significant spatial variations within 

farmland (Lobell et al., 2019; Paliwal et al., 2020). As the demand for addressing food 

insecurity and enhancing livelihoods grows, the significance of dependable farm-level yield 

estimates derived from crop type maps is increasingly paramount (Karst et al., 2020; Sapkota 

et al., 2016). 

 

In order to address the ongoing and escalating demands for future food needs, 

employing accurate, timely, reliable, cost-effective, and inclusive agricultural intelligence 

technology is essential (Löw et al., 2013; Ouzemou et al., 2018). Such technology will facilitate 

improved management of the agricultural landscape and accurate mapping of crops (Defourny 

et al., 2019; Mazarire et al., 2020). Satellite remote sensing (RS) has become a crucial and 

efficient technology, allowing for spatiotemporal monitoring of crops. Remote sensing (RS) 

helps identify crop types, evaluate actual distribution and extent of damage, assess nutrient 

status, and predict yields (Asgarian et al., 2016). Remote sensing (RS) saves time and conserve 

resources in agricultural management (Asgarian et al., 2016; Cui et al., 2022; Felegari et al., 

2021; Kosari et al., 2020).  Remote sensing (RS) offers the advantage of monitoring vast spatial 

expanses (Böhler et al., 2020; Chabalala et al., 2023; Gourlay et al., 2017). Nevertheless, 

monitoring crops in heterogeneous arid environments faces frequent hindrances due to 

challenges such as limited input datasets, high soil background reflectance, the coexistence of 

green and senescent grasses, and the prevalence of shrubs in grasslands, which share similar 

reflective characteristics to cropland (Ozdogan, 2010; Qader et al., 2023; Tran et al., 2022). 

Recent improvements in spatial, spectral, and temporal resolutions, exemplified by sensor 
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datasets like those from the Sentinel-2 Multispectral Imager (MSI), provide new opportunities 

for monitoring smallholder farms. The global coverage and free access to such datasets further 

contribute to their utility. The Sentinel-2 MSI sensor comprises shorter revisit periods to 

accommodate the temporal dynamics of crop growth (Malenovský et al., 2012). The high 

spatial resolution across a broad range of spectral channels facilitates the discrimination of 

intricate vegetation spectral signatures (Defourny et al., 2019). Furthermore, it boasts high 

radiometric and spectral resolution, enabling the identification of detailed vegetation 

properties. 

 

Vegetation indices (VIs) serve as valuable tools in precision agriculture, such as 

mapping crop types for policy makers to make well-informed decisions (Thenkabail et al., 

2000). Due to the numerous light, environmental, and biological variables in agriculture, 

researchers have devised various vegetation indices (Rouse et al., 1974; Xue et al., 2017). 

Selecting the appropriate VI is crucial for achieving accurate results, and this choice depends 

on factors such as sensor type, environmental conditions, crop type, and growth stage (Hatfield 

et al., 2019; Kang et al., 2019). Therefore, in crop mapping, gaining insight into the inherent 

strengths and limitations of commonly used indices aids in selecting the most suitable one 

(Delavarpour et al., 2021). The RGB sensors exclusively generate VIs based on visible light, 

capturing what is perceptible to the human eye with subtle variations (Xue and Su, 2017). On 

the other hand, multispectral sensors, such as Sentinel-2 (S2), provide VI choices derived from 

invisible infrared wavelengths, thereby uncovering details that are not discernible to the human 

eye (Kganyago et al., 2021). 

 

The development of machine learning (ML) algorithms presents an intriguing 

opportunity to understand how classifiers operate within heterogeneous agricultural landscapes 

(Mazarire et al., 2020). Therefore, the choice of classification method is equally crucial for 

successful crop type mapping besides selecting the appropriate RS data (Sothe et al., 2017). 

Different ML algorithms have been used for mapping crop types using satellite imagery, e.g., 

(Camargo et al., 2019; Friedman, 2002; Jony et al., 2018; Loukika et al., 2021; Mahalanobis 

et al., 1996; Nitze et al., 2012; Qian et al., 2014; Rodriguez-Galiano et al., 2012). 

Non-parametric classifiers are deemed appropriate and superior due to their capacity to 

disregard the dataset's assumption of a normal distribution, and they do not necessitate 

statistical parameters when distinguishing between image classes (Adam et al., 2014; Inglada 

et al., 2015; Ouzemou et al., 2018; Sothe et al., 2017). Hence, contemporary algorithms are 
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preferred as they overcome the limitations of traditional ones by being able to synthesize 

classification functions using both discrete and continuous datasets (Sothe et al., 2017). 

Machine learning (ML) algorithms are also robust to noise, ensuring that they are not 

constrained by assumptions related to parametric distributions (Löw et al., 2013). Moreover, a 

gap exists in identifying which machine learning algorithms are most suitable for the distinctive 

classification of crop types (Mazarire et al., 2020). 

 

While the acquisition and availability of satellite imagery data have seen significant 

improvements, traditional hardware and software methods remain time-consuming, mainly 

when undertaking image processing on a larger scale (Gorelick et al., 2017; Kumar et al., 2018; 

Mashala et al., 2023). Therefore, massive challenges exist in RS images download and 

processing efficiency on large scale. Using high-resolution images for identifying crop types 

across extensive regions is expensive, demanding substantial computation power for image 

processing and significant storage capacities (Chong et al., 2021; Loukika et al., 2021; 

Shaharum et al., 2020; Sujud et al., 2021). To address these challenges effectively, Google 

developed the Google Earth Engine (GEE), a free cloud computing and storage platform, which 

enables high-speed analysis using advanced techniques for processing data (Amani et al., 2020; 

Sonobe et al., 2014). Thus, GEE enhances researchers’ and practitioners’ accessibility to 

computationally demanding analyses, particularly those with limited access to advanced 

computational resources. Google Earth Engine (GEE) incorporates freely accessible satellite 

imagery from Sentinel, MODIS, and Landsat, among other sources. In GEE, client libraries are 

created in JavaScript to handle the code editing and built-in ML algorithms (Pimple et al., 

2018; Shelestov et al., 2017).  

 

Like most developing countries in the Sahel region, Sudan faces multiple challenges, 

such as high poverty, a decline in agricultural productivity and other socioeconomic challenges 

and environmental degradation (Mirzabaev et al., 2021). Nevertheless, agriculture constitutes 

approximately one-third of the GDP and is the predominant source of employment, with over 

75% of the labour force engaged in agricultural and related activities (Osman, 2017). Sorghum, 

millet, groundnuts, wheat, and sugar cane are grown in Sudan (Abbas et al., 2013; Altoom et 

al., 2023; Ibrahim, 1978).  

 

In North Darfur, employing RS technology in agriculture poses specific challenges, 

e.g., the communal landscape is primarily marked by fragmented, small parcel-sized fields with 
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varying crop types within a pixel, contributing to highly heterogeneous crop cover. This 

limitation arises from various crop types exhibiting significant variability in phonological 

stages within fields, encompassing early sprouting, establishment, and maturation. 

Consequently, these variations may result in identical spectral signatures at specific points in 

their development (Asgarian et al., 2016). This study utilised high-resolution Sentinel-2 optical 

satellite dataset in GEE, to map crops in North Darfur using random forest (RF) and support 

vector machine (SVM) classification algorithms. Also, eight VIs, i.e., normalised difference 

vegetation index (NDVI), enhanced vegetation index (EVI), soil-adjusted vegetation index 

(SAVI), green-normalised difference vegetation index (GNDVI), weighted difference 

vegetation index (WDVI), red-edge NDVI (NDVIre), ratio-vegetation index (RVI), and 

normalised difference infrared index (NDII) were extracted from the S2 image collection.  

 

3.2 Materials and Methods  

3.2.1 Study area  

The North Darfur is a vast region located in western Sudan at latitude 11° 45״30 ׳00 20°–״49 ׳ 

N and longitude 22° 46״47 ׳29 27°–״47 ׳ E, occupying more than half of the Darfur region 

(Figure 3.1). The highest point is Marrah Mountain (3,000 m above sea level) (Altoom et al., 

2023; Ibrahim, 1984). Locally, the state shares borders with Northern, North, and South 

Kordofan and internationally with Libya and Chad. North Darfur State comprises eleven 

districts, and Al Fashir is the capital city.  
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Figure 3.1. Geographical location of the study area in Sudan shown using Sentinel-2 (S2) false 

colour composite (RGB: 123).  

 

The inter-tropical convergence zone's (ITCZ) seasonal movement and the southwest 

monsoon's northerly movement determine the rainfall pattern and amount in the arid and semi-

arid North Darfur state. Rain falls in the summer, i.e., from June to October, with an average 

annual rainfall range of 152 mm in the north and 540 mm in the south, with wettest months 
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being July and August, where 80% of rainfall occurs (Kevane and Gray, 2008). The average 

annual temperature ranges from 42 °C in the hot months of April and May to 11 °C in the cold 

months of January and December (Mohmmed et al., 2018).  Rainfed agriculture sector is the 

key economic activities for 85% of the population in the North Darfur area; millet and 

groundnuts are planted  mostly in goz lands, while cash crops and vegetables are grown in wadi 

lands (Osman and Cohen, 2014). These crops are substantial sources of food security, and their 

productivity mainly depends on land fertility and rainfall occurrence (Osman, 2012). 

 

3.2.2 Data acquisition and pre-processing 

Several Earth Observation Data (EOD) from the previous three decades, encompassing satellite 

images from popular platforms such as MODIS, Landsat, and Sentinel, as well as other 

geographical data, are stored in the cloud-based Google Earth Engine (GEE) environment 

(Loukika et al., 2021). These data can be accessed in the GEE cloud database 

through https://earthengine.google.com/. In this study, Sentient-2 (S2) multispectral (MSI) 

Level-1C images were imported into the GEE platform and processed using the built-in 

.ee.Image Collection (“COPERNICUS/S2_SR”) command. The S2 satellites were launched by 

the European Commission (EC) and the European Space Agency on 23 June 2015 (Sentinel-

2A) and 07 March 2017 (Sentinel-2B) with a revisit frequency of 5 days (Inoue et al., 2020; 

Xie et al., 2022). The two satellites provide continually open-access multispectral data, with 

both high spatial, spectral, and temporal (10 days from one satellite and 5 days by both 

satellites) resolutions (Table 3.1). The S2 bands used in this study are blue (B2), green (B3), 

red (B4), vegetation red edge (B5, B6, B7, and B8A), near-infrared (B8), shortwave infrared 

(B11), and shortwave infrared (B12). Therefore, Top-of-Atmospheric- (TOA) corrected S2 

(MSI-1C) data were obtained for 01/07/2022 to 30/09/2022 using GEE JavaScript-based 

environment, which was utilized to map crops in this study. More detail about spectral bands 

presented in Table 3.1.  

 

Table 3.1: Properties of Sentinel-2 (S2) images used to map crop types in North Darfur State, 

Sudan. 

Bands Description Abbreviation Resolution (m) Central Wavelength (nm) 

Band 1 Coastal aerosol C 60 443.9 (S2A)/ 442.3 (S2B) 

Band 2 Blue B 10  496.6 (S2A)/492.1 (S2B) 

Band 3 Green G 10  560 (S2A)/559 (S2B) 

Band 4 Red R 10  664.5 (S2A)/665 (S2B) 

Band 5 Vegetation Red Edge VRE 20  703.9 (S2A)/703.8 (S2B) 
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Band 6 Vegetation Red Edge VRE 20  740.2 (S2A)/739.1 (S2B) 

Band 7 Vegetation Red Edge VRE 20  782.5 (S2A)/779.7 (S2B) 

Band 8 Near-infrared NIR 10  835.1 (S2A)/833 (S2B) 

Band 8A Vegetation Red Edge VRE 20  864.8 (S2A)/864 (S2B) 

Band 9 Water vapor W 60 945 (S2A)/943.2 (S2B) 

Band 10 Shortwave–Cirrus SWIR–C 60 1373.5 (S2A)/ 1376.9 (S2B) 

Band 11 Shortwave Infrared SWIR 20  1613.7 (S2A)/1610.4 (S2B) 

Band 12 Shortwave Infrared SWIR 20  2202.4 (S2A)/2185.7 (S2B 

 

This study applied radiometric and geometric corrections, including orthorectification 

and spatial registration to a global reference system with sub-pixel accuracy for the Sentinel-2 

MSI Level-1C TOA reflectance images. Because optical remote sensing (RS) images are 

greatly affected by cloud conditions, pixels heavily affected by dense and cirrus clouds were 

removed from all Sentinel-2 MSI images by applying the QA60 Quality Assessment band. All 

20 m resolution bands were resampled to 10 m resolution bands by using the nearest neighbour 

method. This resampling algorithm has been widely used, due to its easy implementation and 

spectral information conservation (Roy et al., 1994). The ‘filter’ function was applied to filter 

and mosaic images. The date parameters (start and end) were set to cover the period from June 

1st to September 30th, 2022. The ‘filter. Bound ()’ function was utilized to crop filtered images 

to match the boundaries of the study area. The resulting stacked images were normalized to 

account for illumination variations and reduce clouds presence. Composite imagery was 

generated using the median reducer to produce cloud-free composites (Abubakar et al., 2023). 

A median value is assigned to each pixel for the entire stack of images, resulting in a single 

image for the entire image collection. According to the local agricultural calendar, the growing 

season of crops is four months, i.e., June to September; this is considered the rain season, and 

it offers few cloud-free days for acquiring optical remotely sensed data. Therefore, S2 images 

of minimal cloud cover (<10%) of the study area finally, to attain quality results, image 

enhancement and smoothing were performed. The image acquisition dates correspond to the 

sprouting and/or harvesting time of crops in order to make discrimination between them easier 

(Abubakar et al., 2023; Mazarire et al., 2020).  

 

The study selected S2 images because its bands are more suitable for monitoring 

vegetation, wavelength sensitivity to chlorophyll content and phonological state and also its 

finer spatial resolution compared to other satellite images (Sánchez-Espinosa et al., 2019). 

Eight most widely used vegetation indices (VIs), i.e., normalised difference vegetation index 

(NDVI) (Rouse et al., 1974), enhanced vegetation index (EVI) (Huete et al., 2002; Praticò et 

al., 2021), and soil-adjusted vegetation index (SAVI) (Huete, 1988) were computed from the 
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S2 dataset. Others were the green normalised difference vegetation index (GNDVI) (Gitelson 

et al., 1996), weighted difference vegetation index (WDVI) (Richardson et al., 1977), red edge 

NDVI (NDVIre) (Frampton et al., 2013), ratio-vegetation index (RVI) (Jordan, 1969), and 

normalised difference infrared index (NDII) (Kimes et al., 1981). Table 3.2 shows the 

equations used to calculate the VIs adopted in this work and computed in GEE.  

 

Table 3.2: The vegetation indices (VIs) applied in this work and computed in the Google Earth 

Engine (GEE); NIR near-infrared, SWIR shortwave infrared. 

Vegetation index Abbreviation Formula Equation # Reference 

Normalised difference 

vegetation index 
NDVI 

𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁𝐼𝑅+𝑅𝑒𝑑
                                          (3.1) (Rouse et al., 1974) 

Enhanced vegetation index EVI 
2.5 × (𝑁𝐼𝑅−𝑅𝑒𝑑)

𝑁𝐼𝑅 + 6.0× 𝑅𝑒𝑑 −7.5 × 𝐵𝑙𝑢𝑒 + 1
            (3.2) (Huete et al., 2002) 

Soil-adjusted vegetation index SAVI 
1.5 × ((𝑁𝐼𝑅−𝑅𝑒𝑑))

((𝑁𝐼𝑅 + 𝑅𝑒𝑑+1.5))
                              (3.3) (Huete, 1988) 

Green normalised difference 

vegetation index 
GNDVI 

𝑁𝐼𝑅−𝐺𝑟𝑒𝑒𝑛

𝑁𝐼𝑅+𝐺𝑟𝑒𝑒𝑛
                            (3.4) (Gitelson et al., 1996) 

Weighted difference vegetation 

index 
WDVI 

𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛
                                           (3.5) 

(Richardson and 

Wiegand, 1977) 

Rededge NDVI NDVIre 
Rededge − Red

Rededge  +  Red
                            (3.6) 

(Frampton et al., 

2013) 

Ratio-vegetation index RVI 
𝑁𝐼𝑅

𝑅𝑒𝑑
                                           (3.7) (Jordan, 1969) 

Normalised difference infrared 

index 
NDII 

𝑁𝐼𝑅−𝑆𝑊𝐼𝑅 1

𝑁𝐼𝑅+𝑆𝑊𝐼𝑅 1
                                     (3.8) (Kimes et al., 1981) 

 

3.2.3 Acquisition of ground control data 

To improve the quality of classification results, the choice of validation and training points is 

a critical step (Praticò et al., 2021). The target crops were millet (MI), groundnut (GN), 

vegetables (VE) and tobacco (TO). Other land cover classes include dunes (SD), bare soil (BS), 

water body (WB), woody vegetation (WV), and grassland (GL). This study collected ground 

control data of the different crops (Table 3.3) in the field in June–September 2022 using a hand-

held Global Positioning System (eTrex® 20 GPS Receiver; Garmin, Olathe, KS, USA). 

Because North Darfur is expansive, the remaining sample data were generated via on-screen 

digitization on Google earth and Sentinel-2 MSI images, closely guided by visual 

interpretation, knowledge of the study area, and expert opinion (Figure 3.1). A total of 2824 

samples were shared between training and testing datasets, i.e., 70% (1977) and 30% (847), 

respectively. Mean reflectance curves were constructed from Sentinel-2 dataset using reference 

ground control points (Table 3.3).  
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Table 3.3:  Reference data for cropland sites and common land cover/land use classes. The 

mean reflectance curves were constructed using spectral data Sentinel-2 Multi-Spectral 

Instrument (MSI) dataset using reference points. 

Crops 

/ Other land use land 

cover (LULC) 

Field observation 

images 

Earth observation 

(sentinel-2 images) 

Spectral reflectance curves Total 

sample 

points 

 

Sand dunes 

(SD) 

   

 

 

686 

 

Bare Soil 

(BS) 

   

 

 

346 

 

Water body 

(WB) 

   

 

 

110 

 

Woody vegetation 

(WV) 

  

 

 

 

480 

 

Millet 

(MI) 

   

 

 

358 
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Groundnuts 

(GN) 

   

 

 

111 

 

Vegetables 

(VE) 

   

 

 

112 

 

Tobacco 

(TO) 

   

 

 

95 

 

Grassland 

(GL) 

   

 

 

526 

Typical images of crop and coexisting LULC were taken during the field survey to study area in September 2022 

 

3.2.4 Crop type mapping  

To map crop types, five pixel-oriented classification models based on RF and SVM algorithms 

were trained and evaluated using the ground truth data collected in the field. The five data 

subsets extracted from the S2 MSI dataset are: (1) the visible and near-infrared (VNIR) bands, 

(2) visible and shortwave infrared (VSWIR) bands, (3) ten S2 bands, i.e., blue (band 2), green 

(band 3), red (band 4), vegetation red edge (bands 5, 6, 7, and B8A), near-infrared (band 8), 

shortwave infrared (band 11), and shortwave infrared (band 12), (4) eight vegetation indices 

(VIs), and  (5) ten S2 bands + eight vegetation indices. The five models were later compared 

for crop type mapping in North Darfur State.  
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3.2.5 Image classification  

Two supervised machine learning (ML) algorithms available in the GEE platform were 

selected based on their different classification mechanisms, resulting in different nonlinear or 

linear boundaries for the same data and performed in GEE (Gorelick et al., 2017). Random 

Forest (RF) has been one of the ensemble learning techniques that built numerous classifiers 

and has been proven to improve classification accuracy. RF classifier employs a bagging 

(bootstrap aggregation) operation where a number of trees (ntree) are constructed based on a 

random subset of samples derived from the training data (Foody, 2002). Each tree is 

independently grown to maximum size based on a bootstrap sample from the training dataset 

without pruning. Each node is split using the best among a subset of input variables (mtry) 

(Breiman et al., 1984). Furthermore, the RF builds trees using randomly replaced bootstrapped 

comprising two thirds of the training samples, decreasing the variance in classification error 

(Genuer et al., 2015). The RF has low sensitivity overtraining or noise and a high ability to 

handle high-dimensional data and its capacity to determine variable importance  (Rodriguez-

Galiano et al., 2012; Xie and Niculescu, 2022). The support vector machine (SVM) classifier 

is a supervised classification algorithm used to solve classification and regression problems 

based on a statistical learning framework (Loukika et al., 2021). It uses a hyperplane to classify 

the data points distinctly, and there are many possible methods for the hyperplane to separate 

the support vectors in which the key goal of SVMs is to find the hyperplane that has the 

maximum margin (Maxwell et al., 2018; Shaharum et al., 2020). The support machine learning 

comprises various hyperplane parameters such as kernel type, penalty value (C) and gamma 

(γ). These hyperparameters can be tuned and adjusted to improve the performance of SVM in 

classification images.  

 

3.2.6 Accuracy assessment 

 Confusion matrices were generated using 30% of ground reference data, from which kappa 

coefficient (κ), overall accuracies (OA), user accuracies (UA), producer accuracy (PA) and F1 

score were computed to assess the performance of the models (Table 3.4). Overall accuracy 

(OA) is defined as the proportion of the total number of correctly classified pixels to the total 

number of pixels (Foody, 2002). The κ presented the agreements between classification and 

truth values, while the PA reflects the conditional probability that a specific location on the 
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classification map output is consistent with any random sample in the test dataset. User 

accuracy (UA) consists of selecting a random sample with the same conditional probability as 

the actual type of ground from the classification maps (Rwanga et al., 2017). The F1 score is 

an important metric that balances the difference between PA and UA for each class by 

formulating a harmonic mean. 

 

Table 3.4:  Confusion matrix equations used to calculate kappa (κ), overall accuracy (OA), 

producer accuracy (PA), user accuracy (UA), and F1 score. 

Accuracy measure Abbreviation Formula Equation # 

Overall accuracy OA (
∑ 𝑃𝑖𝑖𝑛

𝑖=1

𝑁
)× 100                 

(3.9) 

Kappa κ 𝑁 ∑ 𝑃𝑖𝑖−∑ (𝑃𝑖+ × 𝑃+𝑖)𝑛
𝑖=1

𝑛
𝑖=1

𝑁2−∑ (𝑃𝑖+ × 𝑃+𝑖)𝑛
𝑖=1

     
(3.10) 

User accuracy UA (
𝑃𝑖𝑖

𝑃𝑖+
) × 100    (3.11) 

Producer accuracy PA (
𝑃𝑖𝑖

𝑃+𝑖
) × 100                      (3.12) 

F1-score F1-score (
𝐴𝑈×𝑃𝐴

𝐴𝑈+𝑃𝐴
) × 2                       (3.13) 

 

Where n is the total number of columns of the confusion matrix; Pii is the number of correctly 

classified upper crop type samples in the i row and i column of the confusion matrix, Pi+ and 

P+i are the total number of crop-type samples in row i and column i, and N is the total number 

of samples included for verification. 
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3.3 Results 

3.3.1 Crop type classification maps 

The classification maps of crops in the study area derived from optical Sentinel-2 (S2) data 

using random forest (RF) and support vector machine (SVM) in Google Earth Engine (GEE) 

are presented in Figure 3.2.  However, the results from the two classifiers show that the spatial 

distribution of crops across the study area is depicted differently by different models; there are 

visually noticeable differences among the maps.  



51 

 

 
 

Figure 3.2. Classification results of spatial distribution of Crops based on the following datasets: (a) RF—10 Sentenil-2 (S2) bands, (b) RF—10 

S2 bands + 8 vegetation indices (VIs), (c) RF—visible + near-infrared (VNIR) bands, (d) RF—visible + shortwave infrared (SWIR) bands, (e) 

RF—8 VIs; (f) SVM—10 S2 bands, (g) SVM—10 S2 bands + 8 VIs, (h) SVM—VNIR bands, (i) SVM—VSWIR bands (j) SVM—8 VIs  for 



52 

 

2022 growing season in North Darfur, Sudan. The 10 S2 bands used— B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12; 8 VIs used— normalised 

difference vegetation index (NDVI), enhanced vegetation index (EVI), soil-adjusted vegetation index (SAVI), green-normalised difference 

vegetation index (GNDVI, weighted Difference vegetation index (WDVI), red edge NDVI (NDVIre), ratio-vegetation index (RVI), and normalised 

difference infrared index (NDII); VNIR— visible and near-infrared; VSWIR— visible and shortwave.
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The estimated area coverage for specific crop types in the classified maps derived from 

various datasets was assessed using the RF and SVM classifier algorithms. The corresponding 

results are presented in Tables 3.5 and 3.6, respectively. Notably, there are differences in the 

area covered by each specific crop. For example, millet covered 1, 359, 488 ha using ten 

Sentenil-2 bands (bands 2, 3, 4, and 8 represent blue, green, red, and near-infrared bands, 

respectively, while bands 5, 6, 7, and 8A are vegetation red edge bands, and bands 11 and 12 

are shortwave), but 1, 426, 106 ha by VSWIR (visible and shortwave infrared) bands (Table 

3.5). Groundnuts occupied 249, 525 ha, as shown by a combination of ten S2 bands and eight 

vegetation indices (VIs), but the VIs alone indicate that groundnuts covered 576, 358 ha. 

Similarly, tobacco had varied spatial distribution in the study area; a combination of ten S2 

bands and eight VIs showed tobacco covered 53, 069 ha, while VIs alone showed 186, 006 ha 
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Table 3.5: Total estimated area (in ha) of crop types in the classified maps derived from various datasets using random forest (RF) classifier; 10 

Sentinel-2 (S2) bands used— B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12; 8 vegetation indices (VIs) used— normalised difference vegetation 

index (NDVI), enhanced vegetation index (EVI), soil-adjusted vegetation index (SAVI), green-normalised difference vegetation index (GNDVI, 

weighted Difference vegetation index (WDVI), red edge NDVI (NDVIre), ratio-vegetation index (RVI), and normalised difference infrared index 

(NDII); VNIR— visible and near-infrared; VSWIR— visible and shortwave. 

Class 10 S2 bands Percent (%) 10 S2 bands + 8 

VIs 

Percent (%) VNIR bands Percent (%) VSWIR 

bands 

Percent (%) 8 VIs Percent (%) 

Sand dunes 14,644,714 63.40 14,348,403 62.12 14,543,447 62.96 14,443,447 62.53 13,896,840 60.16 

Bare soil 1,929,655 8.35 1,915,642 8.29 1,561,230 6.76 1,661,230 7.19 1,826,934 7.91 

Water bodies 320,097 1.38 401,163 1.73 158,517 0.69 158,517 0.68 320,167 1.39 

Woody vegetation 1,609,335 6.96 1,408,074 6.096 2,354,865 10.19 2,254,865 9.76 2,191,030 9.49 

Millet 1,359,488 5.88 1,395,427 6.041 1,326,106 5.74 1,426,106 6.17 1,412,910 6.12 

Ground nuts 247,465 1.07 249,525 1.08 275,805 1.19 265,805 1.15 576,358 2.49 

Vegetables 218,062 0.94 206,000 0.89 200,693 0.87 220,693 0.96 307,879 1.33 

Tobacco 94,736 0.41 53,069 0.23 171,287 0.74 161,287 0.69 186,006 0.81 

Grassland 2,672,786 11.57 3,119,035 13.50 2,504,388 10.84 2,504,388 10.84 2,378,214 10.29 

Total 23,096,338 100.00 23,096,338 100.00 23,096,338 100.00 23,096,338 100.00 23,096,338 100.00 
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The SVM classifier showed that millet covered 1, 277,434 ha using ten S2 bands. 

However, VSWIR bands showed it was 1, 189,634 ha. Additionally, the groundnut area was 

estimated as 401 928 ha by ten S2 bands, while the ten S2 bands alone showed 311, 928 ha. 

The area covered by vegetables and tobacco was in the range 160, 587-254, 763 ha and 48, 

442-104, 417 ha, respectively, as indicated by the various datasets. 
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Table 3.6:  Total estimated area (in ha) of crop types in the classified maps derived from various datasets using support vector machine (SVM) 

classifier: 10 Sentinel-2 (S2) bands used— B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12; 8 vegetation indices (VIs) used— normalised difference 

vegetation index (NDVI), enhanced vegetation index (EVI), soil-adjusted vegetation index (SAVI), green-normalised difference vegetation index 

(GNDVI, weighted Difference vegetation index (WDVI), red edge NDVI (NDVIre), ratio-vegetation index (RVI), and normalised difference 

infrared index (NDII); VNIR— visible and near-infrared; VSWIR— visible and shortwave.  

Class 10 S2 bands Percent (%) 10 S2 bands + 8 

VIs 

Percent (%) VNIR 

bands 

Percent (%) VSWIR bands Percent (%) 8 VIs Percent (%) 

Sand dunes 14,189,862 61.44 14,289,862 61.87 14,298,619 61.91 14,513,962 62.84 14,448,059 62.56 

Bare soil 1,602,201 6.94 1,302,201 5.64 1,329,330 5.76 1,513,054 6.55 1,842,476 7.98 

Water bodies 235,274 1.02 234,274 1.01 193,532 0.84 228,867 0.99 373,776 1.62 

Woody vegetation 1,427,283 6.18 1,428,283 6.18 1,992,935 8.63 1,540,794 6.67 1,820,599 7.88 

Millet 1,277,434 5.53 1,487,434 6.44 1,546,018 6.69 1,189,634 5.15 1,367,438 5.92 

Groundnuts 311,928 1.35 401,928 1.74 253,456 1.10 267,919 1.16 214,899 0.93 

Vegetables 182,557 0.79 192,557 0.83 254,763 1.10 203,773 0.88 160,587 0.69 

Tobacco 58,442 0.25 48,442 0.21 104,417 0.45 61,512 0.27 98,635 0.42 

Grassland 3,811,357 16.50 3,711,357 16.07 3,123,268 13.52 3,576,823 15.49 2,769,869 11.99 

Total 23,096,338 100.00 23,096,338 100.00 23,096,338 100.00 23,096,338 100.00 23,096,338 100.00 
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3.3.2 Classification accuracy 

The performance of the various data sets classified using RF and SVM algorithms was 

compared and presented in Table 3.7, 3.8, and 3.9. The RF classifier obtained the best accuracy 

score of 97.1% using VNIR (visible and near-infrared) bands (Table 3.7). The VIs composite 

performed the least of the datasets. Both producer accuracy (PA) and user accuracy (UA) 

ranged from 83-98% (Table 3.9). Generally, VIs scored relatively lower PA and UA values 

than S2 multispectral bands. Tobacco and groundnuts reported the lowest PA and UA values. 

Table 3.10 shows the F1 scores used to assess class-wise performance for RF and SVM 

classifiers using five different datasets, i.e., VNIR bands, VSWIR bands, ten S2 multispectral 

bands, eight VIs, and ten S2 bands + eight VIs. Groundnuts reported the highest F1 score, i.e., 

0.98 from the ten S2 multispectral bands. Again, VIs performed poorly compared to the optical 

datasets.  

 

Table 3.7: Confusion matrices for random forest (RF) models used to map crop types in North 

Darfur State, Sudan for 2022 growing season; SD—sand dunes, BS—bare soil, WB—water 

bodies, WV—woody vegetation, MI—millet, GN—groundnuts, VE—vegetables, TO—

tobacco, GL—grassland. 10 Sentinel-2 (S2) bands used— B2, B3, B4, B5, B6, B7, B8, B8A, 

B11, B12; 8 vegetation indices (VIs) used— normalised difference vegetation index (NDVI), 

enhanced vegetation index (EVI), soil-adjusted vegetation index (SAVI), green-normalised 

difference vegetation index (GNDVI, weighted Difference vegetation index (WDVI), red edge 

NDVI (NDVIre), ratio-vegetation index (RVI), and normalised difference infrared index 

(NDII). 

10 Sentiel-2 bands  

Classes SD BS WB WV MI GN VE TO GL 

SD 477 1 0 1 3 0 0 0 1 

BS 2 215 0 2 1 0 0 2 2 

WB 0 1 78 0 0 0 0 0 0 

WV 1 6 0 332 0 0 0 0 1 

MI 2 0 1 2 244 1 0 0 2 

GN 0 0 0 0 1 71 0 0 0 

VE 1 0 1 1 1 0 68 0 1 

TO 0 0 0 1 0 0 2 58 0 

GL 1 5 1 4 1 0 2 0 331 

Total 484 228 81 343 251 72 72 60 338 

Overall accuracy (OA) 97% 

Kappa Coefficient (κ) 0.96 

10 Sentienl-2 (S2) bands + 8 vegetation indices (VIs) 

 SD BS WB WV MI GN VE TO GL 

SD 467 3 1 2 3 3 1 0 3 

BS 8 202 2 6 0 0 0 0 6 

WB 1 2 72 1 1 0 0 0 2 

WV 2 9 0 324 0 0 0 1 4 
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MI 3 1 0 3 239 2 1 1 2 

GN 0 0 0 1 5 65 0 0 1 

VE 0 1 1 1 1 0 64 1 4 

TO 0 2 0 4 0 0 1 53 1 

GL 8 8 0 9 2 1 0 0 317 

Total 489 228 76 351 251 71 67 56 340 

Overall accuracy (OA) 96.5% 

Kappa Coefficient (κ) 0.94 

Visible + near-infrared (VNIR) bands 

 SD BS WB WV MI GN VE TO GL 

SD 475 1 0 2 3 1 0 0 1 

BS 2 214 0 3 0 0 0 1 4 

WB 0 1 78 0 0 0 0 0 0 

WV 3 9 0 324 2 0 1 0 1 

MI 0 1 1 2 247 0 0 0 1 

GN 0 0 0 0 4 68 0 0 0 

VE 1 0 1 0 2 0 68 1 0 

TO 0 0 1 1 0 0 1 58 0 

GL 3 4 1 3 3 1 0 0 330 

Total 484 230 82 335 261 70 70 60 337 

Overall accuracy (OA) 97.1% 

Kappa Coefficient (κ) 0.95 

Visible +shortwave infrared (VSWIR) bands 

 SD BS WB WV MI GN VE TO GL 

SD 475 2 0 2 3 1 0 0 0 

BS 3 212 1 3 0 0 0 2 3 

WB 1 0 78 0 0 0 0 0 0 

WV 1 10 0 324 0 0 0 1 4 

MI 0 0 1 0 245 1 0 0 5 

GN 0 0 0 0 4 67 0 0 1 

VE 1 0 1 0 0 0 69 0 2 

TO 0 0 0 2 0 0 2 57 0 

GL 2 6 2 4 6 2 0 0 323 

Total 483 230 83 335 258 71 71 60 338 

Overall accuracy (OA) 96.5% 

Kappa Coefficient (κ) 94% 

8 vegetation indices (VIs) 

 SD BS WB WV MI GN VE TO GL 

SD 460 4 0 7 4 0 1 2 5 

BS 16 171 3 9 8 5 2 0 10 

WB 1 0 78 0 0 0 0 0 0 

WV 19 9 1 302 5 0 0 0 4 

MI 5 2 1 4 234 1 0 1 4 

GN 1 2 0 1 3 62 1 0 2 

VE 2 1 1 1 3 0 64 1 0 

TO 1 0 1 4 3 0 1 51 0 

GL 11 5 2 11 10 2 3 2 299 

Total 516 194 87 339 270 70 72 57 324 

Overall accuracy (OA) 90% 

Kappa coefficient (κ) 0.87 

 

However, Table 3.8 results show that the SVM classifier’s best overall accuracy (OA) was 

95%, achieved by combining ten S2 bands and eight vegetation indices. Like with the RF 

classifier, the VI data set performed the least, achieving an OA value of 84%. The PA was 81-
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94%, while UA ranged between 87% and 97% (Table 3.9). Generally, VIs scored relatively 

lower PA and UA values than S2 multispectral bands. Yet again, tobacco and groundnuts 

reported the lowest PA and UA values, while the S2 multispectral bands outperformed the VIs 

dataset. Millet and vegetables reported the highest F1 score, i.e., 0.94, each, by VNIR bands 

and the ten S2 bands/eight VIs dataset, respectively (Table 3.10).  

 

Table 3.8: Confusion matrices for support vector machine (SVM) models used to map crop 

types in North Darfur State, Sudan for 2022 growing season; SD—sand dunes, BS—bare soil, 

WB—water bodies, WV—woody vegetation, MI—millet, GN—groundnuts, VE—vegetables, 

TO—tobacco, GL—grassland. 10 Sentinel-2 (S2) bands used— B2, B3, B4, B5, B6, B7, B8, 

B8A, B11, B12; 8 vegetation indices (VIs) used— normalised difference vegetation index 

(NDVI), enhanced vegetation index (EVI), soil-adjusted vegetation index (SAVI), green-

normalised difference vegetation index (GNDVI, weighted Difference vegetation index 

(WDVI), red edge NDVI (NDVIre), ratio-vegetation index (RVI), and normalised difference 

infrared index (NDII). 

10 Sentienl-2 bands  

Classes SD BS WB WV MI GN VE TO GL 

SD 467 3 1 2 3 3 1 0 3 

BS 8 202 2 6 0 0 0 0 6 

WB 1 2 72 1 1 0 0 0 2 

WV 2 9 0 324 0 0 0 1 4 

MI 3 1 0 3 239 2 1 1 2 

GN 0 0 0 1 5 65 0 0 1 

VE 0 1 1 1 1 0 64 1 4 

TO 0 2 0 4 0 0 1 53 1 

GL 8 8 0 9 2 1 0 0 317 

Total 490 228 76 351 251 71 67 56 340 

Overall accuracy (OA) 93% 

Kappa coefficient (κ) 0.92 

10 Sentienl-2 bands+ 8 vegetation indices 

 SD BS WB WV MI GN VE TO GL 

SD 465 6 1 3 3 1 1 1 2 

BS 6 207 2 0 1 4 2 1 1 

WB 0 2 74 1 0 0 2 0 0 

WV 1 10 3 317 1 0 3 2 3 

MI 3 4 3 0 225 4 6 3 4 

GN 0 1 1 0 0 63 3 0 4 

VE 0 1 2 2 1 0 64 3 0 

TO 0 3 0 1 0 0 0 56 1 

GL 3 5 6 8 2 1 2 3 315 

Total 478 239 92 332 233 73 83 69 330 

Overall accuracy (OA) 95% 

Kappa coefficient (κ) 0.94 

Visible + near-infrared bands 

 SD BS WB WV MI GN VE TO GL 

SD 466 2 1 3 1 2 1 0 7 

BS 5 200 2 6 2 0 2 0 7 

WB 0 1 75 1 0 0 1 0 1 

WV 8 9 0 320 0 0 0 1 2 

MI 6 1 0 3 237 3 0 1 1 

GN 2 0 0 1 2 64 0 0 3 

VE 0 1 1 3 0 0 65 1 2 

TO 0 2 0 3 1 0 1 54 0 

GL 11 5 2 3 5 2 0 0 317 
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Total 498 221 81 343 248 71 70 57 340 

Overall accuracy (OA) 93% 

Kappa coefficient (κ) 0.91 

Visible + shortwave infrared bands 

 SD BS WB WV MI GN VE TO GL 

SD 471 2 0 1 4 2 0 0 3 

BS 6 194 1 14 1 0 0 0 8 

WB 1 0 73 1 3 0 0 0 1 

WV 3 9 2 320 0 0 0 0 6 

MI 4 1 1 5 228 4 2 1 6 

GN 2 0 0 0 7 61 1 0 1 

VE 1 1 0 2 0 0 64 1 4 

TO 0 3 0 2 0 0 1 54 1 

GL 7 7 1 7 5 2 0 0 316 

Total 495 217 78 352 248 69 68 56 346 

Overall accuracy (OA) 92% 

Kappa coefficient (κ) 0.90 

8 vegetation indices 

 SD BS WB WV MI GN VE TO GL 

SD 460 2 2 7 6 1 1 0 4 

BS 14 179 1 9 6 2 0 1 12 

WB 0 0 78 0 0 0 0 1 0 

WV 9 8 1 307 5 0 1 0 9 

MI 3 2 1 6 236 1 1 0 2 

GN 0 1 0 0 5 63 1 0 2 

VE 1 2 1 2 2 1 62 1 1 

TO 2 3 0 2 1 0 1 52 0 

GL 9 12 5 9 10 2 2 2 294 

Total 498 209 89 342 271 70 69 57 324 

Overall accuracy (OA) 84% 

Kappa coefficient (κ) 0.81 
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Table 3.9: The user and producer accuracy performance of random forest (RF) and support vector machine (SVM) using various datasets; SD—

sand dunes, BS—bare soil, WB—water bodies, WV—woody vegetation, MI—millet, GN—groundnuts, VE—vegetables, TO—tobacco, GL—

grassland, S2—Sentinel-2, VI—vegetation index, VNIR—visible and near-infrared, VSWIR—visible and shortwave, RF—random forest, SVM—

support vector machine. 10 S2 bands used— B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12; 8 VIs used— normalised difference vegetation index 

(NDVI), enhanced vegetation index (EVI), soil-adjusted vegetation index (SAVI), green-normalised difference vegetation index (GNDVI, 

weighted Difference vegetation index (WDVI), red edge NDVI (NDVIre), ratio-vegetation index (RVI), and normalised difference infrared index 

(NDII). 

(a) RF Producers Accuracy                                 (b) RF Users Accuracy 

Class 10 S2 bands 10 S2 bands+8 VIs VNIR bands VSWIR bands 8 VIs 10 S2 bands 10 S2 bands + 8 VIs VNIR bands VSWIR bands 8 VIs 

SD 0.98 0.98 0.98 0.98 0.95 0.98 0.98 0.98 0.98 0.91 

BS 0.96 0.94 0.95 0.95 0.80 0.94 0.92 0.93 0.93 0.86 

WB 0.98 100 0.98 0.97 0.97 0.96 0.96 0.95 0.96 0.92 

WV 0.97 0.95 0.95 0.96 0.88 0.96 0.95 0.96 0.95 0.86 

MI 0.96 0.97 0.98 0.96 0.92 0.97 0.94 0.94 0.93 0.88 

GN 0.98 0.93 0.94 0.91 0.83 0.98 0.94 0.97 0.97 0.88 

VE 0.93 0.94 0.93 0.93 0.87 0.94 0.97 0.97 0.97 0.91 

TO 0.95 0.93 0.95 0.91 0.83 0.96 0.95 0.96 0.98 0.83 

GL 0.96 0.93 0.95 0.98 0.86 0.97 0.95 0.97 0.98 0.91 

(a) SVM Producers Accuracy (a) SVM Users Accuracy 

SD 0.96 0.97 0.96 0.97 0.95 0.95 0.99 0.93 0.95 0.89 

BS 0.90 0.94 0.89 0.86 0.78 0.88 0.90 0.90 0.89 0.84 

WB 0.91 0.88 0.94 0.92 0.89 0.94 0.93 0.92 0.93 0.85 

WV 0.95 0.92 0.94 0.94 0.88 0.92 0.94 0.94 0.90 0.85 

MI 0.94 0.91 0.94 0.90 0.89 0.95 0.94 0.95 0.91 0.89 

GN 0.90 0.91 0.88 0.84 0.81 0.91 0.93 0.90 0.88 0.87 

VE 0.87 0.96 0.89 0.87 0.82 0.95 0.92 0.92 0.94 0.91 

TO 0.86 0.86 0.88 0.88 0.82 0.94 0.97 0.94 0.96 0.88 

GL 0.91 0.96 0.91 0.91 0.83 0.93 0.91 0.93 0.91 0.91 

 

 

 



62 

 

 

Table 3.10: F1 scores class-wise performance of random forest (RF) and support vector machine (SVM) algorithms using five different datasets; 

SD—sand dunes, BS—bare soil, WB—water bodies, WV—woody vegetation, MI—millet, GN—groundnuts, VE—vegetables, TO—tobacco, 

GL—grassland, S2—Sentinel-2, VI—vegetation index, VNIR—visible and near-infrared, VSWIR—visible and shortwave. 10 S2 bands used—

B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12; 8 VIs used—normalised difference vegetation index (NDVI), enhanced vegetation index (EVI), soil-

adjusted vegetation index (SAVI), green-normalised difference vegetation index (GNDVI, weighted Difference vegetation index (WDVI), red 

edge NDVI (NDVIre), ratio-vegetation index (RVI), and normalised difference infrared index (NDII). 

Class Random forest (RF) Support vector machine (SVM) 

10 S2 bands 10 S2 bands + 8 

VIs 

VNIR VSWIR 8 VIs 10 S2 bands 10 S2 bands + 8 VIs VNIR VSWIR 8 VIs 

SD 0.98 0.98 0.98 0.98 0.93 0.95 0.98 0.94 0.95 0.92 

BS 0.95 0.93 0.93 0.93 0.83 0.89 0.92 0.89 0.87 0.81 

WB 0.97 0.90 0.96 0.95 0.94 0.92 0.90 0.92 0.92 0.87 

WV 0.96 0.95 0.95 0.96 0.87 0.93 0.93 0.94 0.91 0.86 

MI 0.96 0.95 0.95 0.94 0.89 0.94 0.92 0.94 0.90 0.89 

GN 0.98 0.93 0.95 0.93 0.85 0.90 0.92 0.88 0.85 0.84 

VE 0.93 0.95 0.94 0.94 0.89 0.90 0.94 0.90 0.90 0.86 

TO 0.95 0.94 0.95 0.93 0.83 0.90 0.91 0.90 0.91 0.85 

GL 0.96 0.93 0.95 0.97 0.88 0.92 0.93 0.91 0.91 0.87 
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 3.4 Discussion  

This study aimed to use Google Earth Engine (GEE) to compute metrics used in mapping crop 

types in North Darfur State, Sudan, using datasets extracted from high-resolution Sentinel-2 

(S2) data. Two machine learning (ML) classification algorithms, i.e., random forest (RF) and 

support vector machine (SVM), were used. The application of ML algorithms in mapping the 

spatial distribution of crops has increased in the last three decades (Loukika et al., 2021; Rao 

et al., 2021). However, mapping crops in highly heterogeneous arid environments is difficult 

due to the similarity of the reflectance value of the pixels (Ozdogan, 2010). Also, remote 

sensing (RS) data for agriculture monitoring faces high-cost constraints (Khanal et al., 2020). 

Open access RS datasets and the computing power of the GEE platform provide free access to 

vast volumes of satellite data and facilitate powerful processing of big geo data covering large 

areas (Abubakar et al., 2023; Pimple et al., 2018; Shelestov et al., 2017; Sujud et al., 2021).  

 

The successful launch of the satellite constellation of Sentinel-2A & B by the European 

Space Agency (ESA) has provided unprecedented high spatial, temporal and spectral resolution 

data for land applications and has shown their potential in diverse applications such as 

agriculture (Bontemps et al., 2015; Defourny et al., 2019; Segarra et al., 2020; Vuolo et al., 

2018).  The visible and near-infrared (VNIR) bands of S2 represent a promising data source 

for mapping crop types in regions characterized by small field areas (Tran et al., 2022). The 

S2’S VNIR and the ten S2 bands (B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12) datasets 

reported relatively higher classification accuracies than the other datasets for the RF classifier, 

i.e., 97.1% and 97%, respectively (Tables 3.7 and 3.8). An integrated dataset comprising ten 

S2 bands and eight vegetation indices (VIs) achieved the same overall accuracy (OA) as the 

VSWIR dataset, i.e., 96.5%. Therefore, VIs in the ten S2 bands/VIs dataset improved the 

negative effects associated with large sets of correlated variables and decreased the 

classification accuracies (Tables 3.7, 3.8 and 3.10). The eight VIs dataset reported the lowest 

classification accuracies reported by both RF and SVM. Hence, the classification accuracies 

for the VIs dataset did not achieve the highest levels, as indicated in the studies by Kobayashi 

et al. (Kobayashi et al., 2020) and Zhang et al. (Zhang et al., 2020); but the findings of the 

current study agree with (Pasternak et al., 2022). Also, SWIR (shortwave infrared) bands had 

the same effect because of redundant information. Hence, the utilization of additional variables 

does not necessarily improve classification accuracy (Pasternak and Pawluszek-Filipiak, 

2022).  
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The results of this study are in line with previous studies conducted by Praticò et al.; 

Rao et al.,  (Praticò et al., 2021; Rao et al., 2021) whom reported that the optical images was 

able to map cropland types at the field-scale with high accuracy in smallholder systems. Also 

the study results are in agreement with Sujud et al.(Sujud et al., 2021) who achieved high 

classification accuracies using machine learning classifiers while mapping crop types using S2 

data. 

 

Overall, the RF algorithm offered the best model for mapping crops than SVM, although the 

gap between the two was not significant. The RF combine numerous soft linear boundaries at 

the surface of decision, while SVM performs well with sparse training, making it a better choice 

when less data are available (Shetty, 2019). Random Forest algorithm is resilient and less 

affected by parameters, while SVM is more sensitive to hyperparameters (Chang et al., 2019). 

Considering the total area occupied by each crop type (Tables 3.5 and 3.6), it can observed that 

the two classifiers produced quite different results. Based on the classified maps, the results 

show that there existed confusion among classes; due to similarity of reflectance by different 

classes, e.g., tobacco and vegetables. Based on results presented in Tables 3.9 and 3.10, millet 

recorded highest producer accuracy (PA), user accuracy (UA), and F1 scores, followed by 

groundnuts; the reason could be due to their unique reflectance characteristics, and higher 

number of ground reference data, especially for millet (groundnuts class had comparatively 

fewer sample data collected in the field).  

 

 3.5 Conclusion 

Accurate spatial distribution information for crops is important for agricultural management 

and food security. In this research, the mapping of crop types in North Darfur State was carried 

out using random forest (RF) and support vector machine (SVM) classifiers with the Sentinel-

2 (S2) optical dataset within the Google Earth Engine (GEE) environment. By analysing and 

comparing classification performance, RF and SVM algorithms could map crops in the study 

area; the classifiers produced acceptable results. To enhance classification accuracy, images 

from key growth periods for each type of crop cultivated should be considered when designing 

methodologies for crop type mapping. However, data gaps in optical time series existed 

because of cloud contamination. Furthermore, reliable cloud and cloud shadow detection 
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algorithms are lacking. Future research will consider optical images from alternative sources, 

and the incorporation of radar images, which remain unaffected by time of day or weather 

conditions; data integration and more sophisticated data fusion techniques are required. 

Additionally, the reliance on error matrices to estimate classification accuracy based on field-

collected samples introduces bias in conclusions. Consequently, future research will evaluate 

model performance using metrics such as balanced accuracy, bias score, Matthew’s Correlation 

Coefficient, and others. 
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CHAPTER FOUR 

Spatio-temporal Analysis of Drought and Impact on Millet Production 

across North Darfur State Using Standardized Precipitation Index (SPI) 

and Reconnaissance Drought Index (RDI) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This Chapter based on:  

Altoom, M.B., Adam, E., & Ali, K.A. (under review). Spatio-temporal Analysis of Drought 

and Impact on Millet Production across North Darfur State Using Standardized Precipitation 

Index (SPI) and Reconnaissance Drought Index (RDI)
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Abstract 

Drought severely affects the agricultural sector, and it has been made worse by the global 

warming climate scenario. Drought has been chiefly studied globally and often overlooked at 

the local or regional scale. Therefore, accurate and timely characterization of agricultural 

drought at a local or regional scale is essential for developing adaptation and mitigation 

strategies. This study analyzed the spatio-temporal trend of drought events and their impact on 

millet production in North Darfur State, Sudan, from 1981 to 2020. The Standardized 

Precipitation Index (SPI) and the Reconnaissance Drought Index (RDI) for the 3-month (June-

August), 6-month (June-November), and 9-month (June-February) timescales were used to 

assess the drought events. The drought-yield relationships were assessed using the Pearson 

correlation coefficients (r). Results indicate that the RDI index is more sensitive to rainfall 

variabilities than the SPI index for detecting drought trends. Drought events affected North 

Darfur over broad spatial extents, particularly in 1989, 1990, 1992, 1999, and 2001; an extreme 

drought event was in 2003. The correlation coefficient analysis (r) between the SPI and RDI, 

and the standardized variable of crop yield (SVCY) for millet grain yield showed a strong 

agreement between them. Moderate to extreme reductions in millet crop yield occurred in 1992, 

1999,     2001, and 2003, corresponding to the moderate to extreme drought indicated by the 

RDI. Severe crop losses were in Kabkabiya and Umm Kadadda. This study contributes to a 

clearer understanding of drought impacts on the local scale and thus to insights into developing 

more effective and targeted management strategies and to enhancing crop resilience. 

Keywords: North Darfur State, drought trends, millet yield, RDI, SPI, standardized variable 

of crop yield
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4.1 Introduction 

 Drought is one of the most costly and little understood natural disasters, and it impedes long-

term socioeconomic growth (Jiao et al., 2019). Drought, one of the most common natural 

disasters, significantly impacts the agricultural economy (Yao et al., 2018), vegetation 

degradation, and changes in the soil properties (Hedo de Santiago et al., 2016; Zarch et al., 

2015). Depending on their different impacts, droughts are categorized into four drought types: 

agricultural, meteorological, hydrological, and socioeconomic droughts (Elhag and Zhang, 

2018).  Agricultural drought occurs due to soil moisture deficit at a critical time of the growing 

season, while meteorological drought results from reduced precipitation over an area (Hasan 

et al., 2019). Hydrological drought arises from a reduction in groundwater and stream flow, 

and socioeconomic drought refers to the adverse effects of the above types of droughts on the 

lives of the human population (Hasan et al., 2021; Heim Jr, 2002).  

 

Droughts are slow-onset disasters—they neither have a clear beginning nor end—it is 

a creeping phenomenon that operates on different time scales and severely impacts economies. 

Drought causes more damage to agricultural productivity than other common disasters. 

Globally, from 1964 to 2007, crop yield was reduced by about 10% due to droughts (Lesk et 

al., 2016). Studying droughts is crucial for evaluating agricultural production in countries that 

heavily rely on rainfed agriculture (Masupha et al., 2018). Most sub-Saharan African countries, 

including Sudan, are adversely affected by recurrent droughts. Small-scale farming in Sudan 

is rainfed and, therefore, heavily relies on soil moisture and fertility (Edreira et al., 2018; Elhag 

and Zhang, 2018).  Sudan suffered from severe drought events during the 20th century, i.e., 

from 1972 to 1979 and 1980 to 1984 (Atiem et al., 2022; Teklu et al., 1992). Sudan experienced 

its worst drought in 1984, which led to a significant drop in crop production, and 4.5 million 

people suffered from hunger (Elhag and Zhang, 2018; Osman and Shamseldin, 2002). Sudan’s 

Darfur region experiences exacerbated variability/reduction in rainfall, leading to frequent 

droughts and crop failure (Atiem et al., 2022; Mohmmed et al., 2018).  

 

 Several studies have demonstrated that droughts and subsequent land degradation in the 

Darfur region have led to resource conflicts (Dagne, 2009; Faris, 2007; Karamalla-Gaiballa 

and El-Kafafi, 2021). Therefore, , there is a need to evaluate drought impacts on agricultural 
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production and facilitate climate adaptation measures in the region (Selby et al., 2014). 

Previous studies have examined the spatio-temporal patterns of drought status in the wide 

world using meteorological indicators (Abdelmalek et al., 2020; Atiem et al., 2022; Marini et 

al., 2019b; Mohmmed et al., 2018; Zarch et al., 2015). Therefore, many indices are used for 

studying, evaluating, and monitoring drought. The Standardized Precipitation Index (SPI) has 

widely been used in characterizing drought on various time scales (McKee et al., 1993). The 

SPI compares the amount of rainfall measured in a given location over several months to the 

distribution of precipitation in the long term for that time period. The Palmer Drought Severity 

Index (PDSI) utilizes precipitation and mean temperature to estimate long-term dryness 

(Palmer, 1965). PDSI timescale of about nine months makes it to inaccurately detect drought 

because it lacks long-term continuous soil moisture data and actual evapotranspiration. Also, 

PDSI assumes that all precipitation is rain (Yu et al., 2019). The standardized water-level Index 

(SWI) ) is computed using precipitation and PET (Bhuiyan et al., 2006). To characterize 

drought, the Reconnaissance Drought Index (RDI) is calculated using precipitation and 

temperature data (Tigkas et al., 2016; Zarch et al., 2015). Determining a suitable drought index 

is vital in evaluating drought risk (Atiem et al., 2022; Feng et al., 2020). In regions with scarce 

and/or sparse meteorological stations, droughts are estimated by applying statistical methods 

by spatially interpolating spatial data. However, the interpolation process is affected by several 

factors, leading to high uncertainties (Rhee et al., 2010). 

 

 Therefore, this study used SPI and RDI to assess drought events in North Darfur 

between 1981 and 2020. The RDI is best for smaller spatial-scale studies, while SPI is suited 

for comparing varying time scales (Merabti et al., 2018). Although there are different indices 

in use today, SPI is widely accepted on the basis of its straightforward structure and because it 

uses solely precipitation data. Due to its being able to simulate the intensity of drought on 

spatial-temporal dimension, the World Meteorological Organization (WMO) in 2010 made the 

SPI a key meteorological drought indicator (Svoboda et al., 2012). The temperature variations 

(minimum and maximum) and PET used to compute RDI play a role in determining the 

response of different crop varieties to drought (Peña-Gallardo et al., 2019). Furthermore, PET 

is considered the main factor for agricultural studies (Adnan et al., 2017). The RDI includes 

PET because drought severity may be as a result of other factors such as changes in 

temperature, speed of wind, humidity, and PET. The impact of drought on millet crop yield 

was assessed by examining the correlation between SPI-3, SPI-6, SPI-9, as well as RDI-3, RDI-
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6, and RDI-9 values and the Standardised variable of crop yield (SVCY) from 1998 to 2020. 

The 3, 6, and 9 represent the months of June-August, June-November, and June-February, 

respectively. 

 

4.2 Materials and Methods 

4.2.1 Study area. 

North Darfur State is situated in western Sudan at latitude 11° 45״30 ׳00 20°-״49 ׳ N and 

longitude 22° 46״47 ׳29 27°-״47 ׳ E as shown in (Figure 4.1). The State of North Darfur covers 

about half the territory of the Darfur—it borders West Darfur, South Darfur, East Darfur, 

Central Darfur, Northern, West Kordofan, and North Kordofan states. Also, North Darfur has 

a common border with Chad and Libya. The state has an area of c. 296,420 km2 and an 

estimated population of 2.8 million in 2023. North Darfur has five districts, namely, Umm 

Kadadda, Kabkabiya, Kutum, Mellit, and AL Fashir (Mohmmed et al., 2018; Young et al., 

2005). North Darfur includes part of the Mara Range (Jebel Mara), which dominates most of 

the west of the south. The state covers more than 50% of the territory of the Darfur region. 

Rainfall is slightly higher in the south, with variables of temperature and the crops grown 

include millet, maize, and peanuts. The northern region of the state is entirely a desert. The 

climate is predominantly hot, with long summers (Mohmmed et al., 2018; Siddig, 2010). 
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Figure 4.1. Map of the study area showing districts and distribution of first class weather 

stations in North Darfur State, Sudan, showing mean rainfall and mean temperature in the study 

area during the study period. 
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The distribution of precipitation in the region is characterized by high variability both 

temporally and spatially. The rainy season spans from June to October, with 70% of the rain in 

July and August. The growth season for millet extends from late June to October. The average 

annual rainfall in North Darfur ranges from 152 mm in EL Malha in the north to 630 mm in 

AL Liait in the south. During the summer, temperatures can reach a maximum of 42°C, while 

below 11°C in winter (Altoom et al., 2023; Mohmmed et al., 2018).  

 

Rainfed agriculture is the primary livelihood for about 80% of the population in Darfur, 

and millet, a drought-resistant crop, serves as a major food and cash crop (Siddig, 2010; Young 

et al., 2005). The soils in the south, low in fertility, are known as goz sands (Ibrahim, 1982; 

Siddig, 2010). 

4.2.2 Dataset   

Meteorological data from 1981 to 2020 from 11 weather stations distributed across five districts 

in North Darfur State were obtained from the Ministry of Agriculture (Figure 4.1). The data 

included monthly rainfall and minimum and maximum temperature. The missing monthly data 

in all weather stations amounted to less than 1%, and the missing data were interpolated using 

inverse distance weighting (IDW). Table 4. 1, shows briefly describes the 11 weather stations 

used in this study. The production data for Millet in tons ha−1 from 1998 to 2020 for the five 

districts was also obtained from the Ministry of Agriculture in North Darfur. 

Table 4.1: Characteristics of first class weather stations in North Darfur State from which 

meteorological data used in this study was obtained for the period from 1981-2020. 

ID Name Data type Period Latitude Longitude Elevation masl (m) 

1 Al Fashir Monthly 1981-2020 13° 38' 25° 20'   740 

2 Kutum Monthly 1981-2020 14° 21' 24° 40' 1160 

3 Mellit Monthly 1981-2020 14° 13' 25° 55'   900 

4 Kabkabiya Monthly 1981-2020 13° 39' 24° 5' 1120 

5 EL Malha Monthly 1981-2020 15° 09' 26° 15'   900 

6 Umm Kadadda Monthly 1981-2020 13° 59' 26° 14'   595 

7 ELTawiesha Monthly 1981-2020 12° 29' 26° 59'   591 

8 AL Liait Monthly 1981-2020 11° 57' 27° 04'   587 

9 Saraf Omra Monthly 1981-2020 13° 47' 23° 30' 1105 

10 Kuma Monthly 1981-2020 13° 39' 26° 01'   875 

11 Dar EL Salam Monthly 1981-2020 13° 05' 25° 53'   817 

Source: the ministry of agriculture North Darfur State, Sudan 
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4.2.3 Methods  

The study used the Mann-Kendall test and the Standardized Precipitation Index (SPI) and 

Reconnaissance Drought Index (RDI), to analyse drought patterns and trends over the past four 

decades in North Darfur State. The SPI and RDI can be computed using different monthly time 

scales, generally from 1 to 48 months (Eze et al., 2022). The time series of ≤ 3 months is most 

appropriate for basic monitoring of drought, while ≤ 6 months can be used to monitor 

agricultural impacts, and ≥ 12 months is ideal for hydrological impacts (Raziei et al., 2009; 

Svoboda et al., 2016). Therefore, SPI-3 (June-August), SPI-6 (June-November), and SPI-9 

(June- February)—the RDI used the same timescales—were used to assess drought events 

between 1981 and 2020. The DrinC—Drought Indices Calculator (Lab. of RW & WRM, 

NTUA, Athens, Greece) software was used to compute SPI, RDI, and potential 

evapotranspiration (PET)—the three have relatively small data requirements. The DrinC 

software can calculate drought indices across multiple time scales and generates output as an 

Excel spreadsheet (Tigkas et al., 2016).  

 

4.2.3.1 Standardized Precipitation Index (SPI)  

The SPI, by McKee et al.(McKee et al., 1993) is a widely accepted quantitative measure of 

drought. The index responds well to dry and/or wet weather conditions (Adhyani et al., 2017). 

The SPI compares the rainfall amount recorded in a locality for a specific number of months 

with the long-term distribution of precipitation for the same number of months (Sirdaş et al., 

2003). The SPI does not account for the temperature component in detecting droughts because 

water balance and use are not accounted for (Eze et al., 2022). The index is calculated monthly, 

with rainfall accumulation periods typically 1, 3, 6, 9, 12, 24, or 48 months. The corresponding 

SPIs are denoted as SPI-1, SPI-3, SPI-6, SPI-9, SPI-12, SPI-24, and SPI-48. However, it is 

better to use in a short time, like 3-6 months, to detect agricultural drought (Raziei et al., 2009). 

In this study, the SPI was focused on SPI-3, SPI-6, and SPI-9, corresponding to the 

precipitation data in the past 3, 6, and 9 months, respectively, to investigate the Spatio-temporal 

variability of drought from 1981 to 2020. The multiple SPIs are very useful in differentiating 

between types of droughts and are thus crucial in quantifying the impacts of rainfall deficit on 

water-usable sources. The rainfall data was first applied to calculate SPI to obtain the estimated 

gamma parameters. Then, gamma fitting on the precipitation distribution was performed. The 

gamma probability density function is defined by Equation 4.1: 
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𝑔(𝑥) =
1

𝛽𝛼Γ(𝛼)
𝑥𝛼−1𝑒−𝛽

𝑥

                                (4.1) 

 

Where x (> 0), β (> 0), and α (> 0) are the precipitation, scale parameter, and shape parameter, 

respectively. 

The range of SPI values is from -3 (dry condition) to +3 (wet condition), and its severity 

consists of several classes (McKee et al., 1993; Zhong et al., 2019) (Table 3.2). 

 

4.2.3.2 Reconnaissance Drought Index (RDI)  

The Reconnaissance Drought Index (RDI) is recommended by the World Meteorological 

Organization (WMO) as an index for drought characteristics (Hayes et al., 2011). It was also 

selected for this study because it is highly reliable and broadly accepted by researchers 

(Vangelis et al., 2013). It is calculated based on rainfall and PET data, making RDI sensitive 

to climatic variability. The PET is calculated using the following equation (Hargreaves et al., 

1985). 

 

𝑃𝐸𝑇 = 0.00231 × 𝑅𝑎 × (𝑇𝑚𝑒𝑎𝑛 + 17.8) × 𝑇𝑅0.5          (4.2) 

 

Where Ra is the extra-terrestrial radiation, and TR is the daily temperatures difference between 

the daily maximum (Tmax) and daily minimum (Tmin) in °C (Tmax–Tmin).  

The standardized RDI used in this study was calculated using Equation 4.3. 

 

𝑅𝐷𝐼(𝑠𝑡𝑑)
(𝑖)

=
𝑦𝑘

(𝑖)
− у̅К

𝜎уК

                                  (4.3) 

 

Where 𝑦𝑘,у̅𝑘, and 𝜎у𝑘
 are the ln(α(i)

k), arithmetic mean of 𝑦𝑘 and standard deviation, 

respectively.  
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The values of 𝛼𝑘 follow gamma as well as ln distributions—but the former is the most in 

diverse study locations and time series (Zarch et al., 2017). Therefore, the gamma probability 

density function was applied to fit the frequency distribution of 𝛼𝑘 (Tsakiris et al., 2008). The 

RDI positive values indicate the wet period, while negative values indicate the dry period in 

comparison to the ordinary conditions of the locality (Table 4.2). 

 

 

4.2.3.3 Drought Trend Analysis  

The Mann-Kendall test (Kendall, 1975; Mann, 1945) and Sen’s slope (Sen, 1968) were used 

for drought trend analysis. Mann Kendall is a non-parametric method widely used to detect 

trends in climate and hydro-meteorological variables such as precipitation, temperature, and 

stream flow. In addition, the Sen method is suitable for estimating the slope of a linear trend. 

Therefore, the Sen slope determines the magnitude of change of climatic variables in time 

series models (Lettenmaier et al., 1994). The Mann-Kendall test is based on two hypotheses—

null (H0) expresses the existence of no trend, while alternative (H1) expresses the existence of 

a linear trend. Using a significant level of 5%, if the P value ≤ 0.05, H1 is not rejected, meaning 

the existence of a trend in the data, while if the P value ≥ 0.05, H0 will be not rejected, which 

shows lack of a trend in the data. Positive values of Q indicate an increasing trend, while 

negative values indicate a decreasing trend. Values of Z greater than 1.96 are an indication of 

a significant increasing trend, whereas Z values less than -1.96 indicate a significant decreasing 

trend (Marini et al., 2019a).  

 

This study-evaluated drought trends using SPI-3, SPI-6, SPI-9, RDI-3, RDI-6, and RDI-

9 for Umm Kadadda, Kabkabiya, Kutum, Mellit, and AL Fashir districts. If the time series 

showed a linear trend, then the Sen Slope was applied to determine its slope and the change 

rate of the SPIs and RDIs values. 

 

4.2.3.4 Crop yield analysis 

The most efficient way to assess how droughts affect agriculture is to evaluate agricultural 

productivity (Foster et al., 2015; Madadgar et al., 2017). Since rain-fed agriculture is majorly 

practiced in the study area, precipitation and PET significantly determine the rise or drop in 

crop production. Years of low-yield are indicated by negative deviations from normal 
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productivity—confirming the existence of drought (Dutta et al., 2015). Therefore, the 

standardized variable of crop yield (SVCY) was used to assess the effects of drought on 

agricultural production. The yield per hectare data was used to compute SVCY for each of the 

regions within North Darfur in all districts (Equation 4.4)(Eze et al., 2022):  

𝑆𝑉𝐶𝑌 =
(𝑌𝑗 − у̅)

𝜎
                                     (4.4) 

 

The SVCY was used to compute the crop yield loss ratio (YLR) of the each district (Equation 

4.5): 

𝑌𝐿𝑅 =
(у̅ − 𝑌𝑗)

у̅
× 100%                              (4.5) 

 

Where 𝑌𝑗,у̅, and  𝜎 are the crop yield in j year for the state, long-term average crop yield, and 

standard deviation of Y, respectively.  

 

Table 4.2: Drought and yield classification based on SPI, RDI, and SVCY values. 

SPI/RDI/ values Drought class SVCY values Yield class 

≥ 2.0 Extremely wet 1.0 ≥ No yield losses 

1.5 to 1.99 Very wet 0 to - 0.49 Normal yield 

1.0 to 1.49 Moderately wet -0.5 to -0.99 Low yield losses 

-0.99 to 0.99 Near normal -1.0 to -1.49 Moderate yield losses 

-1.00 to -1.49 Moderately dry -1.5 to -1.99 Severe yield Losses 

-1.50 to -1.99 Severely dry ≤ - 2.0 Extreme yield losses 

 ≤ -2.0 Extremely dry   

 

 

4.2.3.5 Relationship between droughts and crop yield  

To assess the impact of drought on agricultural production in North Darfur, the SVCY was 

correlated with SPI-3, SPI-6, SPI-9, RDI-3, RDI-6, and RDI-9 in Umm Kadadda, Kabkabiya, 

Kutum, Mellit, and AL Fashir districts. The main millet crop areas were Kutum, Kabkabiya, 

and portions of Al Fashir. The Pearson correlation coefficient (r) was implemented to analyse 



77 

 

the relationships. Interpretation of the strength of association among variables was guided by 

Table 4.3, according to the groupings of (Cohen et al., 2013). 

 

Table 4.3:  Interpretation of correlation coefficients. 

Positive relationship Negative relationship 

Coefficients Strength Coefficients Strength 

0.10 to 0.29 Weak -0.10 to -0.29 Weak 

0.30 to 0.49 Moderate -0.30 to -0.49 Moderate 

0.50 to 1.00 Strong -0.50 to -1.00 Strong 

 

 

4.3 Results 

4.3.1 Spatio-temporal distributions of droughts in North Darfur State from 1981 

to 2020 

The drought analysis shows drought status in negative SPI and RDI values and vice versa. The 

spatial distribution of drought using RDI-3 shows that 1983, 1990, 1992, 1999, and 2001 

predominantly experienced moderate drought events—but 1983, 1990, and 1999 also had 

pockets of severe drought (Figure 4.2). The SPI-3 reported moderate drought in 1990, and a 

relatively small area in Umm Kadadda experienced severe drought. 

 

Generally, during the study period, the RDI-3 and SPI-3 showed that only 11 and 9 

drought events were reported, respectively. Both SPI-6 and RDI-6 reported 12 incidences of 

drought during the study period. The SPI-6 recorded eight events of predominantly moderate 

drought, i.e., 1989, 1990, 1992, 1999, 2000, 2001, 2002, and 2008—the RDI-6 reported only 

7, i.e., 1989, 1990, 1992, 1999, 2001, 2002, and 2009. Still, both indices recorded severe 

drought in parts of Kabkabiya in 1989, Umm kaddada in 1990, and Kutum and Kabkabiya in 

1999. 
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Figure 4.2. Spatial patterns of drought in North Darfur State from 1981 to 2020 based on 

Standardized Precipitation Index (SPI) and Reconnaissance Drought Index (RDI), in those 

years not visible on the map, North Darfur did not experience any form of drought. 

 

The SPI-9 reported moderate droughts in 2001, 2004, 2007, and 2013, while the RDI-9’s were 

in 1989, 2003, 2004, and 2013. Both indices and their respective months recorded events of 

extreme drought in 2003. Overall, the RDI index detected more years of drought than the SPI 

index. In 2003, the extreme drought experienced in North Darfur was more intense in Kutum 

and Mellit districts (Figure 4.3). Generally, more drought events were in Al Fashir, Kabkabiya, 

and Umm Kadadda, compared to Kutum and Mellit districts. 
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Figure 4.3. Standardized Precipitation and Reconnaissance Drought Indices values in North 

Darfur State at three timescales (3-months, 6-months and 9-months from 1981-2020). 

 
 

4.3.2 Trend analysis of drought in North Darfur State 

The Mann-Kendall test and Sen's slope estimator results are summarized in Table 4.4 and show 

drought trends were not significant at 5% in the five districts of North Darfur State. A positive 

trend indicates increased precipitation and vice versa. The SPI and RDI trend (Kendall Tau-b) 

ranges from 0.262 to -0.255 (Table 4.4). The Sen's slope ranges from 0.028 to -0.022. The 

correlation of SPI and RDI trend (Kendall Tau-b) for the 3-month timescale for the SPI and 

RDI showed a positive trend for all five districts. The same applied for the 6-month timescale 

for all districts except Kutum, which had a -0.233 for the SPI, symbolising rising drought 

intensity. The 9-month timescale for the SPI shows a positive trend for all districts, but the RDI 

shows a negative trend—therefore, the RDI is pointing out an increasing drought intensity in 

all five districts. Numbered lists can be added as follows: 

 



80 

 

 

Table 4.4: The statistical trend test results for different timescales of SPI and RDI over the 

period 1981-2020 of the five districts. 

 

District 

MK (Z) P-Valuea-months Sen's Slope Estimate (Q) 

SPI-3 SPI-6 SPI-9 SPI-3 SPI-6 SPI-9 SPI-3 SPI-6 SPI-9 

Al Fashir 0.103 0.114 0.023 0.009 0.038 0.017 0.018 0.000 0.006 

Kutum 0.146 -0.233 0.074 0.106 0.087 0.023 0.000 0.018 0.012 

Mellit 0.152 0.168 0.082 0.118 0.101 0.022 0.021 0.017 0.012 

Kabkabiya 0.262 0.006 0.131 0.151 0.139 0.028 0.000 0.019 0.022 

Umm Kadadda 0.121 0.125 0.062 0.060 0.073 0.016 0.016 0.008 0.010 

 RDI-3 RDI-6 RDI-9 RDI-3 RDI-6 RDI-9 RDI-3 RDI-6 RDI-9 

Al Fashir 0.103 0.049 -0.130 0.357 0.666 0.244 0.017 0.008 -0.021 

Kutum 0.146 0.100 -0.255 0.188 0.370 0.024 0.023 0.017 -0.022 

Mellit 0.172 0.113 -0.243 0.121 0.311 0.030 0.022 0.016 -0.022 

Kabkabiya 0.262 0.154 -0.135 0.018 0.166 0.226 0.028 0.020 -0.019 

Umm Kadadda 0.121 0.049 -0.136 0.279 0.666 0.221 0.016 0.007 -0.012 

 

4.3.3 Impact of drought on millet production 

The spatial and severity variability of droughts also led to variability in a drop in millet crop 

yield in the five districts of North Darfur. Based on the threshold values listed in Table.3.2, 

extreme crop losses, SVCY ≤ - 2.0, were not recorded in any district during the study period, 

while severe crop losses, -1.5 <SVCY> -1.99, were recorded in Al Fashir, Kabkabiya, and 

Umm Kadadda districts in 2003. Furthermore, moderate crop losses, -1.0 <SVCY>-1.49, were 

recorded in Kabkabiya and Umm Kadadda in 2000, 2001, 2003, 2004, 2005, 2007, 2009 and 

2015. All districts recorded low crop losses, -0.5 <SVCY> -0.99, as shown in Figure 4.4. By 

comparing SPI and RDI for the respective timescales for the five districts in North Darfur, 

overall, their values have positive relationship with crop yield, i.e., an increase in the indices 

resulted to a rise in crop yield and vice versa. 
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Figure 4.4. Drought and crop yield analysis of Um kadada, Kabkabiya, Kutum, Mellit, and Al 

Fasher districts, the North Darfur from 1998-2020. 

 

The statistical relationship between SVCY and drought trend using the SPI and RDI using the 

Pearson correlation coefficient (r) is shown in Table 4.5. The results depict a moderate to strong 

relationship between drought and SVCY for the indices for all timescales used in the study for 

all districts, except Mellit (SPI- and RDI-9) which showed a weak relationship. In general, the 

results show that droughts impacted millet yield in North Darfur State. 

Table 4.5: Statistical relationship between SVCY and drought trend using SPI and RDI, 

using Pearson correlation coefficient 

SVCY/Indices SPI-3 SPI-6 SPI-9 RDI-3 RDI-6 RDI-9 

Al Fashir 0.57 0.50  0.43  0.58  0.55  0.38  

Kutum 0.65  0.55  0.38  0.66  0.65  0.36  

Mellit 0.63  0.64  0.14  0.63  0.68  0.15  

Kabkabiya 0.40 0.63  0.55  0.62  0.65  0.47  

Umm Kadadda 0.49 0.51 0.50 0.48 0.51 0.48 



82 

 

4.4 Discussion 

This study was performed a spatio-temporal analysis of drought and how drought had affected 

millet yield in North Darfur using the Standardized Precipitation Index (SPI) and the 

Reconnaissance Drought Index (RDI). The nonparametric Mann-Kendall test and Sen’s slope 

approach were utilized to investigate the long-term trend of droughts in the study area. The 

Pearson correlation (r) was used in the analysis of the relationship between drought and millet 

crop yield. 

 

Rainfall and minimum and maximum temperatures covering about 40 years were used 

to calculate the drought indices, i.e., SPI and RDI, used to detect drought in the study area. The 

indices were calculated at varying timescales (3, 6, and 9 months) between 1981 and 2020. 

Only drought events were examined even though the SPI and RDI time series included both 

drought and non-drought statuses. The main periods of drought, according to the SPI, were 

1989, 1990, 1992, 1999, 2000, 2001, 2002, 2004, 2003, 2007, 2008, and 2013. The RDI 

reported droughts in 1983, 1989, 1990, 1992, 1999, 2000, 2001, 2002, 2004, 2003, 2009, and 

2013 (Figure 4.2). The results of the drought analysis in this study agree with previous studies 

such as Elhag and Zhang. (Elhag and Zhang, 2018) and Mohamed et al.(Mohmmed et al., 

2018). The analysis depicted normal conditions and drought status using the positive and 

negative SPI and RDI values—positive values indicated wetness, while negative values were 

related to dryness (Figure 4.3). This analysis shows that drought is a frequent phenomenon in 

the study area. Even though the SPI and RDI values showed that drought intensity and 

frequency faded in some years, they recurred within a few years. Differences were evident 

between the SPI and RDI for the respective timescales. The spatial analysis shows the 

variability of drought patterns across the state over the years. Parts of Umm Kadadda and 

Kabkabiya districts were the most affected by drought—even during years when other parts of 

North Darfur were under normal conditions, some places in Umm Kadadda and Kabkabiya 

were experiencing drought, e.g., RDI-3 (1989), SPI-3 (1992), and SPI-6 (2007). When other 

places experienced moderate drought, parts of Umm Kadadda and Kabkabiya would still 

experience severe drought, e.g., RDI-3 (1999) and SPI-6 (1999). Drought trend in short-term, 

i.e., based on 3- months for SPI and RDI, showed that North Darfur State was affected by 

extreme, severe, and moderate drought conditions. Short-term drought events are linked to El 

Nino/Southern Oscillation (ENSO) (Elhag and Zhang, 2018). This study found that the RDI 

index is more sensitive to variabilities than the SPI index for detecting drought trends. For 
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example, the SPI index results showed that 1999 and 2003 were normal conditions in 

Kabkabiya and AL Fashir districts. Still, compared with the RDI values, the results showed 

that Kabkabiya and Al Fashir were severe to extreme droughts. This sensitivity is due to an 

effect of the temperature element in PET used to calculate the RDI (Peña-Gallardo et al., 2019). 

This consideration is consistent with several studies worldwide reported that PET is considered 

the main factor for agricultural studies (Abdelmalek and Nouiri, 2020; Abubakar et al., 2020; 

Adnan et al., 2017). 

 

Droughts have persisted in North Darfur and threaten agricultural productivity 

(Mohmmed et al., 2018). Results of the impact of drought on millet crop yield showed that 

droughts led to decreased production in North Darfur State. Severe crop losses occurred in 

Umm Kadadda, AL Fashir, and Kabkabiya in 2003. Moderate losses in crop yield were in 

Umm Kadadda and Kabkabiya in 2000, 2001, 2003, 2004, 2005, 2007, 2009, and 2015. The 

five districts of North Darfur recorded low crop losses during the study period as shown in 

Figure 4.4. These results agree with a study conducted in Sudan by Elhag and Zhang. (Elhag 

and Zhang, 2018). According to Liu et al. (Liu et al., 2018), short- to medium-term droughts 

could impact Millet yield in North Darfur State. Overall, the correlation analysis between the 

standardized variable of crop yield (SVCY) and drought depicts a moderate to strong 

relationship between them for the SPI and RDI for all timescales. The SPI and RDI values 

showed positive relationships with crop yield—a decrease in the indices' values resulted in a 

fall in crop yield, while an increase in the SPI and RDI values meant a rise in crop yield (Figure 

4.4). Therefore, this highlights the role drought plays in controlling the vulnerability of 

agricultural communities in the study area—it makes North Darfur State susceptible to 

droughts and climate change. 

 

The North Darfur State experiences extreme temperatures, fluctuating rainfall, and 

drought. The unreliable rain combined with the drought makes North Darfur highly vulnerable 

to the slightest decrease in rainfall or a temperature rise (Cheeseman, 2016). The temperature 

increases have resulted in a decline in precipitation. Indeed, under its current climate, North 

Darfur is faced with recurrent food insecurity and water scarcity, decreasing soil fertility, and 

absence of physical security, triggered and/or exacerbated by climate variability, which alters 

agricultural productivity (Twongyirwe et al., 2019). Therefore, drought, the main determining 

factor in crop yield—the low soil moisture content and high PET losses reduced crop 
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productivity. Low precipitation has contributed to the increased drought in the study area 

severely affecting rainfed agriculture mainly practiced in North Darfur (Mohmmed et al., 

2018). If no significant adaptations are made, climate change will put the livelihoods of those 

living in most of the study area at increased risk from drought. Thus, farmers should use 

techniques that minimize soil moisture loss and be informed about probable planting dates in 

each new season. Farmers should also implement appropriate measures if the weather 

forecasting systems indicate an unreliable rainfall year. North Darfur is very vulnerable to 

drought impacts due to its high exposure and sensitivity (Mohmmed et al., 2018). Natural 

meteorological conditions, as well as the low level of socioeconomic development in the study 

area, have contributed to the vulnerability (Noureldeen et al., 2020). Aggravating droughts and 

related hazards will increase across North Darfur (Arias et al., 2021; Gizaw et al., 2017). The 

drought trend analysis showed that the RDI indicated an increasing drought intensity over the 

last 40 years in all five districts of North Darfur. As much as adaptations to climate change are 

implemented in a timely and effective way, controlling population growth could be better in 

mitigating drought risk because it improves socioeconomic vulnerability, which can reduce 

potential exposure to drought (Mohmmed et al., 2018). 

 

4.5 Conclusions 

Climate change has led to more intense local and regional droughts and related impacts—North 

Darfur is no exception. Quantifying and understanding drought occurrence and its 

consequences on agricultural production and ecosystems is particularly important. This study 

carried out a spatio-temporal analysis of drought and the effect of drought on rainfed millet 

crop production in North Darfur State in Sudan, using the Standardized Precipitation Index 

(SPI) and the Reconnaissance Drought Index (RDI), and the standardised variable of crop yield 

(SVCY). Climate change has significantly threatened human well-being and food security in 

North Darfur. Generally, the results of this study will provide a better understanding of the 

spatio-temporal evolution of drought in North Darfur State to decision-makers to help mitigate 

the devastating impacts of droughts. Therefore, local and international future development 

programs concentrating on adaptation and mitigation of climate change effects could be based 

on these results, targeting the most vulnerable agricultural areas. This study suggests improving 

the drought severity mapping by comprehensively comparing different spatial estimation 

approaches to develop an efficient drought-monitoring system.  
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Abstract 

Rainfed agriculture in northern Darfur is influenced by erratic seasonal and decadal rainfall 

patterns and frequent droughts. Understanding the spatio-temporal variation in rainfed 

agriculture is crucial for promoting food security, socio-economic stability and protecting 

vulnerable ecosystems. This study aimed to investigate the spatio-temporal dynamics of rainfed 

agriculture in North Darfur State from 1984 to 2019 using multitemporal Landsat observation 

data. Using the random forest (RF) technique, multitemporal images were classified into 

common land use/ land cover (LULC) classes and rainfed agriculture on goz (sandy) and wadi 

(seasonal river) lands. Overall accuracies (OA) were assessed using confusion matrices. 

Results revealed that OAs were in the range of 94.7-96.9%, while the kappa statistics (κ) were 

greater than 0.90. The results showed that goz land used for rainfed agriculture increased by 

889,622.46 ha over the 1994-1999 period, while it decreased by 658,568.61 ha between 2004 

and 2009 south of the 232.9 mm isohyet. Rainfed cultivation of wadi lands expanded 

significantly by 580,515.03 ha over the 2014-2019 period and decreased by 182,701.8 ha over 

the 1994-1999 period, especially in the 362.8-477.2 mm isohyets—which is beyond the 

climate-adapted 500 mm isohyet agronomic dry limit. These spatial trends need further 

investigation as they may exacerbate both regional land degradation and disputes among 

farmers over scarce wadi lands. This study provides essential spatial data which are lacking 

owing to ongoing conflicts—this can help decision-makers formulate sustainable land use 

monitoring systems. 

 

Keywords: Remote sensing, Sudan, Change detection, Random forest classifier, Land cover.
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5.1 Introduction 

Rainfed agriculture plays an essential role in food security in most regions worldwide (Elagib 

et al., 2019). Around 75–82% of the total cropland areas in the world are under rainfed 

agriculture (Bradford et al., 2017; Elagib et al., 2019; Laux et al., 2010). This crucial sector of 

agriculture usually depends on the physical environment and, most importantly, the variability 

and distribution of rainfall. Therefore, rainfed farming is vulnerable to climate-related hazards, 

and the crop yield is unreliable and difficult to predict (Rockström et al., 2010; Sohoulande et 

al., 2019). Sudan in north-eastern Africa is among the sub-Saharan African countries that 

depend on rainfed agriculture. More than 90% of cultivated land comprises rainfed farming, 

accounting for one-third of the GDP (Siddig et al., 2018; Siddig et al., 2020a). The rainfed 

agriculture subsector essentially encompasses private mechanised farming distributed to the 

east and west of the Nile River banks and its tributaries. Unfortunately, these parts are 

characterised by environmental and socio-economic hazards such as frequent droughts, 

unpredictable low, poorly distributed, and highly variable monthly/ seasonal rainfall, 

population pressure; social change; deforestation; soil erosion; salinisation, and water 

depletion.  

 

For example, Darfur, a semi-arid region in western Sudan, witnessed three droughts 

between 1950 and 1990. The drought was mild in the mid-1960s but relatively severe between 

1972 and 1975. The region experienced a catastrophic drought between 1982 and 1984 when 

average rainfall was reduced by 50% or more in many areas (Fuller, 1987a; Ibrahim, 1984). 

Hence, Darfur has been described as a hotspot of land and environmental degradation, 

experiencing among the most prominent natural threats in the region. Despite the high rainfall 

variability and persistent drought, rainfed agriculture and livestock are the primary sources of 

livelihood for 80–90% of the population of the Darfur region (Osman et al., 2013; Siddig et 

al., 2020a). This crucial agriculture sector usually depends on the physical environment and, 

most importantly, the amount and distribution of rainfall. Therefore, rainfed agriculture is 

vulnerable to climate-related hazards, including variability, and the crop yield is thus unreliable 

and difficult to predict. Persistent drought and associated impacts on rainfed agricultural 

practices contribute to regional social and/or political instability (Abdelaziz et al., 2010; Ali et 

al., 2016; Brauch, 2006; Osman, 2012; Osman, 2007). 
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Rainfed agriculture in North Darfur State lies between the 250 mm and 600 mm 

isohyets. The region is characterised by rainfall variability in both time and space, high 

maximum temperatures, significant temperature differences between day and night, strong 

winds, and low humidity. This complex climate condition is reflected in an increased vapour 

pressure deficit with implications for water use efficiency, transpiration, and evaporation. 

Therefore, the rainfed agriculture system is largely a function of climate and cultural practices, 

with more emphasis on climatic variables. 

 

There are two farming systems in North Darfur State. The first and most widespread is 

rainfed cultivation by smallholder farmers—mostly of bulrush millet and secondary cash crops 

include groundnuts and sesame on goz (sandy) soils. This type of farming system starts with 

removing the sparse trees and grassland covering the land to be cultivated, then seeds are 

planted traditionally by hand, using a hoe or digging stick, shortly after the first rains. Farmers 

weed the fields assiduously until the harvesting season between September and December to 

maintain the soil moisture and allow the crops to flourish. Owing to population increase, sandy 

soils are repeatedly farmed without fallow periods, and cultivation has expanded into less 

fertile and ecologically vulnerable areas. This ultimately destroys the region’s vulnerable 

ecological system and vegetation cover in the region. Furthermore, due to the high spatial and 

temporal rainfall variability, farmers prepare their fields and plant in advance in different areas 

near their homesteads and hope for rain (Ibrahim, 1978; Ibrahim, 1984). The vegetation 

removal from goz soils has intensified soil erosion and further deteriorated soil fertility, 

resulting in low land productivity and crop yields. Therefore, farmers have been forced to 

cultivate larger areas and extend into the rangeland and ecologically vulnerable areas. This has 

resulted in environmental degradation and has fomented local tensions between pastoralist 

groups and the farming communities (Mohammed et al., 2013; Mohmmed et al., 2018; Siddig 

et al., 2020a). 

 

The second farming system is practiced in the clay soils found along alluvial and 

seasonal valleys, known as wadis, originating from the Jebel Marra volcanic massif and the 

surrounding Precambrian Basement Complex hills. This farming system combines rainfed, 

flood retreat and small-scale irrigation, using either hand or diesel-powered pumps. The wadi 

soils are relatively rich in alluvial loam and are more productive than farming on the goz—they 

are therefore used for growing tobacco and vegetables (Osman and Cohen, 2014; Young et al., 
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2005). Understanding the spatio-temporal dynamic of rainfed agriculture and the determining 

climatic factors in the study area can play a key role in promoting food security and socio-

political stability, as well as in protecting and restoring ecosystem services (De Marinis et al., 

2021; Elagib et al., 2021; Thyagharajan et al., 2019).  

The lack of availability of spatial data for monitoring trends in rainfed agriculture is not 

only a threat to food security but also an impediment to understanding the study area’s 

environment, climatic hazards, and socio-economic dynamics. Owing to political instability in 

some parts of the study area, traditional approaches to agricultural monitoring, such as expert 

scouting estimates, crop cut information, field assessment, and surveys, pose extreme danger 

to field teams, in addition to significant financial costs (Nakalembe et al., 2021; Sahajpal et al., 

2020). Nowadays, most of these events can be predicted, and data and tools can provide early 

warning and impact assessment; this underscores the importance of timely and accurate 

production forecasts and near-real-time agricultural monitoring (Nakalembe et al., 2021; 

Sahajpal et al., 2020). Satellite remote sensing (RS) offers useful analysis tools in several 

technical-scientific fields and has been used widely worldwide for monitoring the changes that 

occur in the environment and the identification of their magnitude at different space-temporal 

resolutions (Carella et al., 2022; Orusa et al., 2021; Orusa et al., 2020). In addition, satellite 

remote sensing is crucial in monitoring rainfed agriculture since its data has continuous spatial 

coverage, is freely accessible, and can be acquired at high temporal resolutions. This is 

particularly relevant in areas where ground data are insufficient, lacking, or unsafe to obtain 

(Melaas et al., 2013; Rembold et al., 2019; Schaefer et al., 2019; Yang et al., 2012). Therefore, 

various types of remotely sensed data have been used to map and monitor rainfed agriculture, 

such as Moderate-resolution Imaging Spectro-radiometer (MODIS), used to map rainfed wheat 

(Sabzchi-Dehkharghani et al., 2021), SPOT-VEGETATION, with high spatial resolution, 

Sentinel 1 and 2, and Landsat (Colombo et al., 2011; Nakalembe et al., 2021; Rembold et al., 

2019). Since 1972, Landsat has been freely available (Schaefer and Thinh, 2019). Launching 

medium-resolution Landsat sensors has offered unprecedented opportunities to study the 

change in agricultural lands at higher spatial resolution.  

 

This study aimed to map and monitor the spatio-temporal patterns of rainfed agriculture 

in North Darfur State from 1984 to 2019 using RF supervised classifier and multitemporal 

Landsat data. The specific objectives were: (a) to quantify the transformation of rainfed 

agricultural land for significant land cover classes using change detection, and (b) to identify 



90 

 

and detect spatio-temporal trends in changes in LULC, particularly for rainfed agriculture lands 

in North Darfur State. The outcomes of this study are essential for decision-makers to adopt 

suitable strategies for sustainable agricultural land use management and planning. 

 

5.2 Materials and Methods 

   5.2.1 Study Area 

The North Darfur State is located in North-western Sudan, covering an area of about 30 million 

hectares (ha)—the state occupies more than half of the Darfur region. North Darfur State 

consists of twelve districts, i.e., El Malha, Mellit, and Kutum in the north, Kuma and Umm 

Kaddada in the east, Dar El Salam, El Tawiesha, and Al Liait in the south. Kabkabiya, Saraf 

Omra, and EL Siseaf are in the west, while Al Fashir, the state’s capital city, is placed centrally 

(Figure 5.1) (Mohmmed et al., 2018).  

 

North Darfur extends between at latitude 11° 45״30 ׳00 20°-״49 ׳ N and longitude 22° 

 E and supports typical Sahelian vegetation. The highest point is Marrah ״47 ׳29 27°-״47 ׳46

mountain (3,042 m above sea level) (Ibrahim, 1984). Hot, arid and semi-arid climatic 

conditions characterise the area. The rainfall pattern is mono-modal, falling in the summer (i.e., 

from May to October) with an average annual rainfall ranging from 152 mm per annum in the 

north to 530 mm per annum in the south. About 85% of the rainfall occurs in July and August. 

The average maximum and minimum temperatures are 42 ° C and 11 ° C, respectively 

(Mohmmed et al., 2018). Rainfed agriculture is the main economic activity for 85% of the 

population in the area. Millet and groundnuts are grown mainly in goz lands, while tomato, 

onion, and okra are grown in wadi lands. These crops are significant sources of food security, 

and their productivity depends on soil fertility and rainfall occurrence (Fadul, 2004).  
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Figure 5.1. Location of the study area with spatial distribution of the samples in Landsat-8 

image 2019. The northern boundary for rainfed agriculture was identified in 1984 using field 

observation. 
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According to the recent National Census of Sudan conducted in 2008, the population of North 

Darfur is approximately 1.7 million compared with 1.1 million in the 1984 census. The 

population density was estimated to be 9.1 persons per km2 (Ali Ahmed, 2008).  

5.2.2 Remote Sensing Data Acquisition and Pre-Processing 

The image acquisition date was selected based on the availability of satellite imagery and the 

rainfed agriculture growing season. In all, 176 scenes were used corresponding to four main 

sensors, i.e., Landsat Multispectral Scanner (MSS) at 60 m resolution acquired in 1984; 

Landsat Thematic Mapper (TM) at 30 m resolution acquired in 1989, 1994, and 1999; Landsat 

Enhanced Thematic Mapper Plus (ETM+) at 30 m resolution acquired in 2004 and 2009; and 

Landsat Operational Landsat Imageries (OLI) at 30 m resolution acquired in 2014 and 2019. 

All images for October and November, under cloud-free conditions, were obtained from the 

United States Geology Survey Earth Explorer Website (https://earthexporer.usgs.gov/) (ID 

data see in supplementary material). 

  

In this study, all images were radiometrically and geometrically corrected using the 

FLAASH module in ENVI® software, Version 5.1. FLAASH tool 5.1 was developed by ENVI 

5.1 Tool. FLAASH atmospheric correction is used to solve atmospheric disturbance problems. 

To standardise the spatial resolution of the Landsat data, Landsat Multispectral Scanner (MSS) 

images for 1984 were resampled to 30 m spatial resolution using the nearest neighbour method 

(Lossou et al., 2019). In addition, the 22 scenes of each year were mosaicked into a new raster 

image, and then the area of interest was subset based on rainfed agriculture that took place in 

the study area. Finally, all Landsat imageries used in this study were projected into the 

Universal Transverse Projection system zone 35N and datum of World Geodetic System 84 

(WGS84) using ArcMap10.5 software and ERDAS Imagine 2020 software.  

 

5.2.2 Reference Data 

The reference data were derived from satellite images and Google Earth—the latter is very 

helpful in providing ground truth data when fieldwork cannot be done, and the features on 

satellite images are unclear (Levi, 2010). The six most common land use and land cover classes 

(LULC) were identified in the study area. These are bare soil, pastureland, and rainfed 

agriculture on goz land, sand dunes, woody vegetation and rainfed agriculture on wadi land—

the typical image of each land use class is shown in Table 5.1. The reference data were digitised 
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for each LULC class on the multitemporal images. The number of training points varies based 

on class size and visibility. We used Google Earth to verify the classes visually. The reference 

data were then divided into 30% for the testing data set and 70% for the training data set. 

 

Table 5.1:  Description of the land use and land cover (LULC) classes in the study area. 

No. Class name Typical image of land use class Description  

1 

 

 

Bare soil 

 

 

 

Wasteland and fallow lands with rocks 

and gravel. Bare soil is situated in 

mountainous terrain in the west and some 

north part of the study area. 

2 

 

 

 

Pastureland 

 

 

 

Vast areas are covered with grassland and 

shrub used for grazing livestock. 

3 

 

Rainfed 

agriculture on 

goz land 

 

 

Goz areas comprise undulating sandy 

accumulations of old and stabilised dune 

belts used for farming millet, sorghum and 

groundnut. 

4 

 

 

 

Sand dunes 

 

 

Areas covered with large masses of 

shifting sand and un-vegetated old dunes 

with low levels of organic matter and 

nitrogen. They occupy most parts of the 

study area.  

5 

 

 

Woody 

vegetation  

 

 

 

Areas covered with woody vegetation, 

mostly Acacia tree species. 

6 

 

 

Rainfed 

agriculture on 

wadi land 

 

 

 

Wadi areas are generally wetter areas for 

growing vegetables (on clay soils) and 

tobacco (on alluvial soils). 

Typical images of rainfed agriculture and common LULC were taken during the field survey to study area in August 2020 
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5.2.3 Classification of Images 

This study used a random forest (RF) machine learning algorithm developed on ERDAS 

Imagine 2020 software to classify the six LULC classes on the multitemporal Landsat images. 

RF employs a bagging (bootstrap aggregation) operation where several trees (ntree) are 

constructed based on a random subset of samples derived from the training data. Each tree is 

independently grown to maximum size based on a bootstrap sample from the training dataset 

without pruning. Each node is split using the best among a subset of input variables (mtry) 

(Breiman, 2001). The multiple classification trees then vote by plurality on the correct 

classification. In addition, at each node, variables are randomly selected from all predictor 

variables, and one of them is chosen as the splitting criteria. When the bootstrap sample set is 

drawn by sampling with a replacement for each tree in the forest building process, about one-

third of the original instances are left out (Tsoumakas et al., 2009). This set of instances is 

called OOB (out-of-bag) data (Breiman, 2001). Each tree has its own OOB data set, which is 

used for error estimation of individual trees in the forest, and by averaging the OOB error rates 

from all trees, the random forest algorithm gives an error rate called the OOB classification 

error for each input variable. The RF was selected for this study owing to its reliability. It 

requires limited parameters to be optimised and obtains classification results rapidly (Puissant 

et al., 2014). A critical feature of the RF approach is the ability to rank predictors according to 

an internal measure of variable importance (Verikas et al., 2011).  

 

The two parameters, i.e., ntree and mtry, were optimised to improve the accuracy of 

the LULC classification using a grid search and a 10-fold cross-validation method. The default 

number of trees (ntree) is 500, while the default number of variables (mtry) is the square root 

of the total number of spectral bands used in the study, i.e., √P  (Colombo et al., 2011). The 

grid search values for the ntree were set to vary between 500 and 10,000, with an interval of 

1,000, while the grid search value for the mtry parameter was 2.   

 

5.2.4 Change Detection 

In remote sensing, change detection is the process of identifying changes/differences in 

geographical surface phenomena by comparing scenes of the same location acquired at 

different times (Singh, 1989). A variety of change detection algorithms have been developed 
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in the last few years, such as matrix comparison, principal component analysis, post-

classification comparison, and image differencing (Kumar et al., 2020). In this study, the image 

differencing change detection method was used to map LULC change in hectares in North 

Darfur State for the years 1984-1989, 1994-1999, 2004-2009 and 2014-2019. Transition 

statistics were generated by the image differencing method. For more information on transition 

statistics see (Islam et al., 2018; Kumar and Jain, 2020). 

 

5.2.5 Accuracy Assessment 

An error matrix is the most common technique to represent the classification accuracy of data. 

In this study, 70% of the dataset was used to train the classification model, and 30% was used 

to develop the confusion matrix for the accuracy assessment. The confusion matrix was used 

to calculate the overall accuracies (OAs), user’s and producer’s accuracies (UAs and PAs, 

respectively), and kappa coefficient (κ). The κ was computed as follows in Equation 5.1:  

                                 
𝑁 ∑  𝑋𝑖𝑖 −  ∑ (× 𝑖 +𝑟

𝑖=1
𝑟
𝑖=1  ∗ 𝑋 + 𝑖) 

𝑁2 −  ∑ (𝑋𝑖 +𝑟
𝑖=1 ∗ 𝑋 + 𝑖)

                  (5.1)  

Where N is the total number of observed pixels, r is the number of rows; Xi is the number of 

observations in row I and column i, Xi+ and X+i are the marginal totals of row and column 

(Congalton, 1991; Lossou et al., 2019).  

 

5.3 Results 

5.3.1 Spatial Distribution of Rainfed Agriculture and Other Land Cover Classes 

The rainfed agriculture and common land cover classification maps were obtained using multi-

temporal analysis of Landsat imageries using RF classification. Figure 5.2 and Table 5.2 show 

the spatial distribution of rainfed agriculture and other LULC classes for 1984, 1989, 1994 and 

1999. The 1984 classified map shows that the most dominant class, sand dunes, covered 48.8% 

(15,491,287.71 ha) of the study area, followed by pastureland at 19.19% (6,087,037.68 ha), 

and rainfed agriculture on goz land 12.6% (3,997,107.09 ha), whereas woody vegetation took 

up 10.2% (3,255,871.68 ha). Rainfed agriculture on wadi land covered only 6.5% 

(2,063,802.42 ha), while 2.6% (829,963.35 ha) of the area was covered by bare soil. The 1989 

LULC map shows that about 47.2% (15,001,726.86 ha) of the area for that year was covered 
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by sand dunes, followed by pastureland at 16.75% (5,316,714.45 ha), with rainfed agriculture 

on goz land at 12.99% (4,120,391.79 ha) and mostly in the vicinity of villages. The analysis 

also indicated that 9.95% (3,155,611.14 ha) of the study area was covered by woody vegetation. 

An area of 3,038,405.4 ha (9.58%) of North Darfur State was occupied by rainfed agriculture 

on wadi land, and bare soil covered 3.44% (1,092,219.57 ha) of the area. 

 

The 1994 LULC map of North Darfur State shows that 55.43% (17,586,085.59 ha) of the area 

was under sand dunes, 13.33% (4230, 389.88 ha) was under pastureland, and 12.35% 

(3,919,095.54 ha) of the area was covered by rainfed agriculture on goz land. However, the 

area of woody vegetation accounted for 8.86% (2,809,914.39 ha). Rainfed agriculture on wadi 

land occupied 8.14% (2,582,809.29 ha), and the proportion with bare soil was 1.88% 

(596,770.74 ha). The results for the 1999 classified map indicate that the dominant class of 

land cover was sand dunes covering 58.49% (18,438,988.41 ha), followed by rainfed 

agriculture in goz land estimated at 15.25% (48, 087, 18.01 ha), and pastureland estimated at 

10.04% (3,165,771.51 ha). Rainfed agriculture on wadi land covered 7.61% (2,400,107.49 ha), 

and woody vegetation covered 6.83% (2,155,598.64), while the bare soil accounted for 1.76% 

(554,768.19 ha). Figure 5.3 and Table 5.2 show the spatial distribution of rainfed agriculture 

and other LULC classes in 2004, 2009, 2014 and 2019. 
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Figure 5.2. Spatial distribution of the rainfed agriculture and other LULC classes in 1984, 

1989, 1994 and 1999. The classification was obtained using Landsat-5 MSS, Landsat-5TM, 

and random forest classifier. 

 

The 2004 classified map shows that the sand dunes covered 49.10% (15,579,090.63 ha) of the 

study area, followed by pastureland at 17.56% (5,572,342.98 ha). Rainfed agriculture on goz 

land covered 12.88% (4,085,995.14 ha), woody vegetation was 8.15% (2,586,354.75 ha), and 
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coverage by rainfed agriculture on wadi land was 8.99% (2,852,367.39 ha), with bare soil 

taking up 3.3% (1,048,919.04 ha) of the area. 

 

  

 
Figure 5.3. Spatial distribution of the rainfed agriculture and other LULC classes in 2004- 

2009 and 2014-2019. The classification was obtained using Landsat-7 ETM+, Landsat-8 OLI, 

and random forest classifier. 
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The 2009 classified map shows that 47.69% (15,128,433.0 ha) of the area was under sand 

dunes, 19.15% (6075850.59 ha) under pastureland, and 10.8% (3,427,426.53 ha) of the area 

was under rainfed agriculture in goz land, and woody vegetation occupied 7.87% (2,497,371.93 

ha). Further, 10.49% (3327608.88 ha) of North Darfur State was under rainfed agriculture on 

wadi land, and bare soil covered 4% (1,268,379 ha). In 2014, the classified map of North Darfur 

State shows that sand dunes covered 53.90% (17,098,441.11 ha), followed by pastureland at 

13.03% (4,135,044.24 ha), while rainfed agriculture on goz land accounted for 12.46% 

(3,952,211.58 ha) of the area. Woody vegetation covered 10.96% (3,478,485.15 ha), and 

rainfed agriculture on wadi land occupied 6.56% (2,082,289.68 ha). The bare soil took up at 

least 3.09% (978,837.93 ha) of the study area.  

 

The 2019 classified map shows that around 54.09% (17,161,364.97 ha) of North Darfur 

State was covered by sand dunes, followed by pastureland, which was estimated at 13.13% 

(4,164,688.62 ha). In contrast, rainfed agriculture on goz land covered 12.34% (3,917,382.48 

ha), and woody vegetation took up 8.58% (2,722,680.9 ha) of the area. The map shows that the 

rainfed agriculture on wadi land covered 8.39% (2,662,804.71 ha), and bare soil comprised 

3.46% (1,096,148.25 ha) of the area.
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Table 5.2: Area coverage in hectares of rainfed agriculture and other LULC classes for the 

period between 1984 and 2019. 

Cla

ss  

1984  

Area (ha) 

1989  

Area (ha) 

1994 

Area (ha) 

1999 

Area (ha) 

2004 

Area (ha) 

2009 

Area 

(ha) 

2014 

Area (ha) 

2019 

Area (ha) 

BS 
829,963.3

5 

1,092,219.

57 

596,770.7

4 

554,768.1

9 

1,048,919.

04 

1,268,37

9.0 

978,837.9

3 

1,096,148.

25 

PL 
6,087,037.

68 

5,316,714.

45 

4230, 

389.88 

3,165,771.

51 

5,572,342.

98 

6075850.

59 

4,135,044.

24 

4,164,688.

62 

RG 
3,997,107.

09 

4,120,391.

79 

3,919,095.

54 

48, 

087,18.01 

4,085,995.

14 

3,427,42

6.53 

3,952,211.

58 

3,917,382.

48 

SD 
15,491,28

7.71 

15,001,72

6.86 

17,586,08

5.59 

18,438,98

8.41 

15,579,09

0.63 

15,128,4

33.0 

17,098,44

1.11 

17,161,36

4.97 

WV 
3,255,871.

68 

3,155,611.

14 

2,809,914.

39 

2,155,598.

64 

2,586,354.

75 

2,497,37

1.93 

3,478,485.

15 

2,722,680.

9 

RW 
2,063,802.

42 

3,038,405.

4 

2,582,809.

29 

2,400,107.

49 

2,852,367.

39 

33,276,0

8.88 

2,082,289.

68 

2,662,804.

71 

NOTE: BS = bare soil, PL = pastureland, RG = rainfed agriculture on goz land, SD = sand dunes, WV = woody vegetation, RW = rainfed 
wadi land 
  
 
 

 

 

5.3.2 Accuracy Assessment 

The classification accuracies were calculated using a confusion matrix and the test dataset 

(30%). The results are shown in Figure 5.4. The overall classification accuracies ranged from 

94% to 97%, and the kappa statistics ranged from 0.96 to 0.93. Notably, the 1994 image 

classification had the highest overall accuracy of 96.9 and a Kappa statistics value of 0.96%. 

The classification accuracy for the 2009 image was relatively lower, with an overall accuracy 

of 94.7 and a Kappa statistics value of 0.94% compared to other classified images. Table 5.3 

shows the PA and UA for rainfed agriculture on goz land, rainfed agriculture on wadi land and other 

LULC in the study area. 
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Figure 5.4. The overall accuracy and kappa coefficient achieved by random forest classifier 

for mapping rainfed agriculture and other LULC classes for the period between 1984 and 2019 

with five years interval. 

User’s accuracies (UAs) for the rainfed agriculture class ranged from 89.7% to 98.2%, and PAs 

ranged from 87.9% to 98.3%. User’s accuracy (UA) for the land cover classes was over 89%. 

The highest UA was achieved by rainfed agriculture on wadi land (RW) at 98.2% in 1994 and 

sand dunes (SD) at 97.8% in 2004 as compared to the other land cover classes. The lowest UA 

was recorded by bare soil (BS) at 89.7% in 2019. Similarly, all land use-land cover (LULC) 

classes achieved over 85% PA. The highest PA was recorded for sand dunes (SD) at 98.1% in 

2004 and for rainfed agriculture on wadi land (RW) at 98.3% in 1994. The lowest PA was 

reported for pasture land (PL) at 87.9% in 1984 (Table 5.3).  

 

Table 5.3: User and producer accuracies for mapping rainfed agriculture and other LULC 

classes for the period between 1984 and 2019 in five-year intervals. The accuracies were 

calculated using the test dataset (30%) and the confusion matrix. 

Years\Accuracy Types BS PL RG SD WV RW 

1984 Producer 95.7 87.9 96.2 96.6 95.7 96.0 

1984 User 93.1 90.1 95.8 95.9 95.3 97.2 

1989 Producer 92.7 94.5 96.9 95.8 95.4 95.9 

1989 User 91.6 96.5 96.5 95.8 96.3 94.4 

1994 Producer 96.4 97.6 95.8 96.1 97.4 98.3 

1994 User 97.4 96.7 96.7 96.5 93.8 98.2 

1999 Producer 93.8 90.5 95.1 98.1 92.4 95.8 

1999 User 92.4 93.7 95.5 96.8 95.5 94.9 

2004 Producer 94.7 96.1 97.2 98.1 92.1 96.2 

2004 User 97.4 95 96.3 97.8 92.3 97.4 

2009 Producer 89.5 92.8 94.7 98.2 96.3 93.2 

2009 User 92.3 94.8 95.4 95.6 94.1 95.8 

2014 Producer 93.7 96.3 95.1 97.7 94.4 95.6 

92.50%

93.00%

93.50%

94.00%

94.50%

95.00%

95.50%

96.00%

96.50%

97.00%

97.50%

1984 1989 1994 1999 2004 2009 2014 2019

Year of the study 

Overall accuracy Kappa
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2014 User 97.2 95.9 95.8 94.9 91.7 96.9 

2019 Producer 94.6 96.8 95.1 98.5 93.6 92.7 

2019 User 89.7 95.2 95.9 94.9 96.4 96.2 

NOTE: BS = bare soil, PL = pasture land, RG = rainfed agriculture on goz land, SD = sand dunes, WV = woody vegetation, RW = rainfed 

agriculture on wadi land. 

 

5.3.3 Spatio-temporal trends of the rainfed agriculture and other land cover 

classes 

The classification results were compared to determine the magnitude of changes in rainfed 

agricultural land use and other LULC classes (Figure 5.5). The Figure indicates that there have 

been significant changes and transitions among various land use/cover classes over the last four 

decades (1984 to 2019). The main changes and transitions are among agricultural land types 

and vegetation cover. 

 

 

 

Figure 5.5. The magnitude of change for rainfed agriculture lands and other LULC types (BS 

= bare soil, PL = pastureland, RG = rainfed agriculture on goz land, SD = sand dunes, WV = 

woody vegetation, RW = rainfed agriculture on wadi land) of North Darfur from 2019-1984. 

 

5.3.3.1 Trends in rainfed agriculture and other land cover classes from 1984 to 1989 

In this period, rainfed agriculture on goz land maintained 159,112.00 ha of its initial area and 

expanded by 123,284.7 ha into new areas between 1984 and 1989 by gaining 418.7 ha from 

sand dunes, 279.9 ha from woody vegetation, and 61,651.4 ha from rainfed agriculture on wadi 

land. Rainfed agriculture on wadi land maintained 117,497.7 ha of the initial area and increased 

by an area of 974,602.98 ha because it gained 283.03 ha from woody vegetation, 2,872.98 ha 

from pastureland, and 1,445.50 ha from sand dunes (Figure 5.5 and Table 5.4.). It is also 
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interesting to note that the bare soil maintained 15,046.8 ha of its initial area, expanding to 

262,256.22 ha, and gaining 29.81 ha from pastureland. It further gained 122.23 ha from rainfed 

agriculture on goz land and 486.23 ha from woody vegetation. Meanwhile, pastureland 

maintained 208,773.2 ha of its initial area but decreased by 770,323.23 ha during these five 

years, whereas 29.8 ha changed into bare soil, and 2,872.9 ha was converted into rainfed 

agriculture on wadi land. A further 5.13 ha changed from pastureland into woody vegetation 

(Figure 5.5 and Table 5.4.) 

 

Table 5.4: Change matrix of the rainfed agriculture and other LULC types in hectares of North 

Darfur State from 1984 to 1989. The bold values in the change matrix indicate unchanged land 

types between the initial and final years. 

  
INITIAL STATE 1984 

 

  
BS PL RG SD WV RW Total 

FINAL 

STATE 

1989 

BS 15,046.80 29.81 122.23 804.90 486.23 1,507.02 17996.98 

PL 72.1 208,773.20 85,505.09 11,589.50 13.00 15,124.68 321077.57 

RG 95.43 41,758.94 159,112.00 418.70 279.97 61,651.45 263316.5 

SD 1,297.30 43,977.31 32,404.27 48,065.40 31.28 3,772.72 129,520.1 

WV 1,111.82 5.13 53.80 351.31 171.40 497.412 2,190.873 

RW 979.22 2,872.98 41,783.83 1,445.50 283.03 117,497.70 164,862.3 

 
Total 18,537.77 297,417.40 318,981.20 62,675.31 1,236.761 200,051.00 898,899.4 

 
Image 

difference 
-48.88 23,595.31 -55,664.73 68,134.91 603.15 -36,619.76  

NOTE: BS = bare soil, PL = pastureland, RG = rainfed agriculture on goz land, SD = sand dunes, WV = woody vegetation, RW = rainfed 
agriculture on wadi land. 

 

5.3.3.2 Trends in rainfed agriculture and other land cover classes from 1994 to 1999 

The rainfed agriculture on goz land retained 88,305.13 ha of its initial area and increased 

889,622.46 ha via 158.7 from the transformation of bare soil, 3,098.0 ha from pastureland, 

663.6 ha from sand dunes, and 37,301.7 ha from rainfed agriculture on wadi land. However, 

the rainfed agriculture on wadi land maintained 72,346.17 ha of the initial cover area but 

decreased by around 182,701.8 ha (with 1,060.0 ha lost to bare soil, 37,301.0 ha into rainfed 

agriculture on goz land and 694.1 ha to sand dunes (Figure 5.5 and Table 5.5). During this 

period, bare soil maintained 18,385.5 ha and decreased by 42,002.55 ha, with 21.2 ha changed 

to pastureland and 158.7 ha transformed into rainfed agriculture on goz land. There was further 

a loss of 5,591.4 ha to sand dunes. Pastureland maintained 52,827.9 ha of the initial 

classification and decreased by an area of 1,064,618.37 ha (with 2,133.99 ha changed into sand 

dunes, 118.48 ha transformed into bare soil, and 3,098 ha on goz land becoming rainfed 



104 

 

agricultural land, and a further 910.37 ha transformed into woody vegetation (Figure 5.5 and 

Table 5.5). 

 

Table 5.5: Change matrix of the rainfed agriculture and other LULC types of North Darfur 

State in hectares from 1994 to 1999. The bold values in the change matrix indicate unchanged 

land types between the initial and final years. 

  INITIAL STATE 1994  

  BS PL RG SD WV RW Total 

FINAL 
STATE 
1999 

BS 18,385.5 118.48 570.41 9,165.10 3,986.31 1,060.09 33,285.89 

PL 21.22 
52,827.9

0 
16,730.92 9,785.05 352.81 3,090.45 82,808.35 

RG 158.71 3,098.00 88,305.13 663.55 4,034.80 37,301.67 161,443.90 

SD 5,591.4 2,133.99 393.12 5,517.13 231.90 694.10 1,4561.64 

WV 6,854.67 910.37 2,147.27 632.94 30,085.10 17,869.56 58,499.91 

RW 1,845.35 5,410.52 41,580.27 1,069.50 19,959.00 72,346.17 142,210.80 

 Total 32,856.85 
92,381.2

6 

149,727.1

0 
26,833.27 58,649.92 

132,362.0

0 
475,637.67 

 
Image 

difference 
429.04 -9,572.91 11,716.74 

-

12,271.60 
-150.01 9,848.77  

NOTE: BS = bare soil, PL = pastureland, RG = rainfed agriculture on goz land, SD = sand dunes, WV = woody vegetation, RW = rainfed wadi 

land. 

 

5.3.3.3 Trends in rainfed agriculture and other land cover classes from 2004 to 2009 

This period shows a significant decline in rainfed agriculture on goz land (658,568.61 ha) and 

maintaining just 131,389.00 ha of its initial state. This decline was the result of 868.71 ha lost 

to woody vegetation, 21,091.70 ha transformed into rainfed agriculture on wadi land, and 

63,336.03 ha becoming pastureland, while rainfed agriculture on wadi land maintained 

72,582.91 ha while also showing an increment of 475,241.49 ha. This increment was 1,489.39 

ha from pastureland, 21,091.70 ha from rainfed agriculture on goz land, and 14,348.10 ha 

gained woody vegetation (Figure 5.5 and Table 5.6). Bare soil maintained 17,032.80 ha but 

increased by 219,459.96 ha, gained by 10.40 h from pastureland, 320.57 ha from rainfed 

agriculture on wadi land and 6,807.70 ha from woody vegetation. In contrast, pastureland 

maintained 31,568.5 ha of its initial state while increasing by 503,507.61 ha (resulting from 

gains of 63,336.03 ha from rainfed agriculture on goz land and 140.052 ha from woody 

vegetation (Figure 5.5 and Table 5.6).  

 

Table 5.6: Change matrix of the rainfed agriculture and other LULC types of North Darfur 

State in hectares from 2004 to 2009. The bold values in the change matrix indicate unchanged 

land types between the initial and final years. 
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INITIAL STATE 2004 

 

  
BS PL RG SD WV RW Total 

FINAL 

STATE 

2009 

BS 17,032.80 10.40 24.312 91,873.10 6,807.70 320.57 116,068.9 

PL 13.05 141,499.50 63,336.03 5,872.80 140.052 5,328.17 216,189.6 

RG 431.25 25,311.30 131,389.00 2,011.46 1,449.68 44,494.65 204,699.2 

SD 192.10 42,262.14 3,720.20 41,957.00 907.90 210.88 89,250.2 

WV 4,004.68 715.02 868.71 7,561.90 31,568.50 9,117.55 53,192.8 

RW 1,489.39 1,469.56 21,091.70 1,754.07 14,348.10 72,582.91 112,735.7 

 
Total 22,775.15 210,624.4 220,430.0 151,030.3 55,221.93 132,054.7 792,136.5 

 
Image 

difference 
93,293.73 5,565.20 -15,730.7 -61,780.1 -2,029.08 -19,319.0  

NOTE: BS = bare soil, PL = pasture land, RG = rainfed agriculture on goz land, SD = sand dunes, WV = woody vegetation, RW = rainfed 
agriculture on wadi land. 

 

 

 

5.3.3.4 Trends of rainfed agriculture and other land cover classes from 2014 to 2019 

The rainfed agriculture on goz land maintained 91,644.91 ha of the initial area and decreased 

by 34,829.1 ha. This reduction resulted from a loss of 485.17 ha to bare soil, 1,625.43 ha to 

woody vegetation, 1,222.68 ha to sand dunes and 16,800.80 ha transformed into rainfed 

agriculture on wadi land. The rainfed agriculture on wadi land maintained 79,704.27 ha and 

showed an increment of 580,515.03 ha (resulting from 2,247.70 ha gained from bare soil, 

1,779.92 ha from pastureland and 716.4 ha from sand dunes) (Figure 5.5 and Table 5.7). The 

bare soil maintained 22,383.1 ha of its initial area and expanded by 117,310.32 ha (84.61 ha 

from pastureland, 485.17 ha from rainfed agriculture on goz land, and 9,172.8 ha from sand 

dunes). Similarly, the pastureland maintained 25,370.4 ha of its initial area and extended by 

29,644.38 ha (17,985.62 ha from rainfed agriculture on Goz land, 160.18 ha from woody 

vegetation, 7,579.45 ha from sand dunes, and 160.18 ha from woody vegetation) (Figure 5.5 

and Table 5.7).  

 

Table 5.7:  Change matrix of the rainfed agriculture and other LULC types of North Darfur 

State in hectares from 2014 to 2019. The bold values in the change matrix indicate unchanged 

land types between the initial and final years. 

 
INITIAL STATE 2014  

FINAL 

STATE 

2019 

 
BS PL RG SD WV RW Total  

BS 22,383.1 84.61 485.17 9,172.8 3,810.49 685.50 36,621.67  

PL 88.8 25,370.4 17,985.62 7,579.45 160.18 110.1 51,294.55  

RG 99.28 1,7951.2 91,644.91 686.31 3,627.22 39,411.50 15,3420.4  

SD 187.14 4,890.45 1,222.68 14,668.8 42.2 101.50 21,112.77  
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WV 1,027.6 295.69 1,625.43 2071.4 47,767.8 11,759.44 64,547.36  

RW 2,247.70 1,779.92 16,800.80 716.4 34,313.0 79,704.27 135,562.1  

Total  
26,033.6

2 

50,372.2

7 
129,764.6 34,895.16 89,720.89 131,772.3 462,558.9  

 
Image 

difference 

10,588.0

5 
922.28 23,655.81 -13,782.4 -25,173.5 3,789.78   

NOTE: BS = bare soil, PL = pastureland, RG = rainfed agriculture on goz land, SD = sand dunes, WV = woody vegetation, RW = rainfed 

agriculture on wadi land 

 

The general trends of rainfed agriculture from 1984 to 2019 are summarised in Figure 5.6. 

Variability in the rainfall results in variability in total areas of rainfed agriculture in both wadi 

and goz land, although this is especially high in wadi lands. 

 

Figure 5.6.  Compare area coverage by rainfed agriculture on goz land (RG) and on wadi lands 

(RW) and mean annual rainfall from 1984 to 2019. 

 

5.4 Discussion 

This research attempted to map and monitor the patterns of rainfed agriculture in North Darfur 

State over the last 35 years using a supervised classifier algorithm, i.e., random forest (RF) and 

multitemporal Landsat images. This is critically important in providing up-to-date information 

about agricultural lands (Figures 5.2 and 5.3) and the spatial distribution of crops, which 

decision-makers and planners could be used to estimate food production. The lack of spatial 

data infrastructure at all levels of government in the Darfur States has been reported as a major 

barrier to quick access to data availability and sharing for effective management (Nakalembe 

et al., 2021). The state usually conduct two traditional field-based surveys to estimate the crops, 

especially millet. These two surveys run through informal interviews with the farmers after 
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planting and post-harvesting. Owing to poor accessibility, civil wars, and time-consuming 

interview methods, the field survey approach is ordinarily incomplete and unreliable. Despite 

this, this study shows the potential of earth observation techniques in mapping and monitoring 

rainfed agriculture in a hot civil war area. Despite the challenge of the rainfed agriculture 

spectral signature due to the small scale of the farms, low crop density, and open canopies, the 

study obtained high overall accuracies ranging between 94.7% and 96.9%. The accuracies 

achieved are comparable to previous studies conducted in a similar landscape, such as those by 

Ibrahim, (Ibrahim, 1984) which investigated land use land cover (LULC) changes over four 

decades in the Ghubaysh area, Sudan. Their study achieved overall accuracies (OAs) ranging 

from 89.6% to 98.2%. Furthermore, high OAs ranging from 86% to 96%  were reported by 

Biro et al. (Biro et al., 2013) in mapping LULC changes in the Northern part of the Gadarif 

region, Sudan. More specifically,  the user’s and the producer’s accuracies obtained in this 

study for rainfed agriculture compare favourably with another study in a semi-arid environment 

in the Niger Delta Region (Nababa et al., 2020). 

 

Results of this study revealed that rainfed agriculture on goz and wadi lands in North 

Darfur State underwent significant changes, as shown in Figures 5.2 and 5.3 and Table 5.2. 

These changes have varied over time, space, and magnitude. The changes in agricultural land 

use can be attributed to population growth and climate change, specifically spatial and temporal 

rainfall variability. Studies have shown that the Sahel zone, in general, is overpopulated, even 

though the average population density in the Sahel zone is less than ten inhabitants per square 

kilometre (Ibrahim, 1978). This is owing to two reasons; first, the population is concentrated 

in regions where the drinking water supply is secured. Second, soil productivity is 

comparatively low. To compensate for lower yields resulting from high spatial and temporal 

variability in the rainfall and the loss of soil productivity, the farmers tend to cultivate a larger 

area falling in different locations better to meet their respective families’ food security needs. 

This practice helps ensure that some fields get sufficient rainfall, even if others do not receive 

rain due to the variability. Similarly, in polygamous households, different wives would be 

responsible for cultivating different plots located far from each other as a risk-spreading 

strategy (Ibrahim, 1982). This was confirmed by Osman (Osman and Cohen, 2014), who, in 

their 2014 study, observed that there had been an expansion in rainfed agricultural land use in 

North Darfur State since the 1960s. 
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The findings of this study reveal that rainfed agriculture on wadi land (RW) has shown 

ongoing expansion since 1994. In particular, from 2004 to 2009, the extent and location of 

rainfed agriculture on wadi and goz lands changed significantly. There was an increase of 

475,241.49 ha in wadi land and a decline of 658,568.61 ha in goz land, as shown in (Figure 

4.5). This is confirmed by Osman (Osman, 2012), who stated that the land tenure system and 

rainfall variability have greatly affected rainfed agriculture in North Darfur State. This could 

be attributed to a decline in soil fertility in goz land from over-cultivation, desertification and 

the expansion of sand dunes (Ali and Mohamedain, 2016). Over-cultivation can also be seen 

throughout the multitemporal images in the surroundings of settlements, where the soil is also 

exhausted, and there is a concentration of desertification phenomena. The farmers have long 

realised the importance of the fertile alluvial soil in the wadi lands for cultivating vegetables 

and snuff tobacco to compensate for the yield reduction in the goz lands. Thus, the noticeable 

expansion from 1994 in rainfed agriculture on wadi land (as observed in this study) is hardly 

surprising. Of concern, however, is that only a few farmers have access to the fertile wadi 

lands—many studies have indicated that the limited access to fertile soil, such as the wadi bed 

land, contributes significantly to the current conflict in North Darfur (Abdul-Jalil et al., 2013; 

Osman and Cohen, 2014). Local communities have adopted different strategies to cope with 

the current deterioration in the productivity and the profitability of rainfed agriculture in the 

goz lands. For example, farmers have intensified cultivation to compensate for lower yields. 

This can be seen in the study area in the widespread cultivation that extends beyond the 

climatically adapted agronomic dry limit, where the average rainfall is less than 500 mm 

(Ibrahim, 1984). Rainfed cultivation in inappropriate areas has led to cumulatively 

impoverishing the environment. Prior to tilling the land, farmers aggressively clear the land of 

vegetation, further reducing the fallow period. Losing vegetation over ever-larger ecologically 

vulnerable areas makes the sandy soil more susceptible to wind erosion and dune movement 

toward the northern part of the region (Fuller, 1987a). The spread of the dunes can be seen in 

the classified images for the study years, particularly 2014 and 2019 (Figure 5.3). Many studies 

have therefore concluded that rainfed cultivation is potentially the main factor contributing to 

desertification in Darfur (Ali and Mohamedain, 2016; Ibrahim, 1982). With the intensive 

current rainfed cultivation and the scarcity of unused arable land, it remains unclear how the 

region will be able to increase its agricultural production and thus keep pace with population 

growth. 
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We have seen the expansion of rainfed cultivation in the southern part owing to the 

relatively high rainfall. Therefore, since the early 1970s, there has been some population 

movement from North Darfur to South Darfur. However, the acute drought periods experienced 

most intensely in the area, during years including 1983, 1985 and 1994, have greatly 

accelerated the population movement into Northern Darfur from South Darfur. The massive 

“agro-migrant” and occupation of lands in Northern Darfur have escalated the overall conflict 

and the emergence of extreme dilemmas in the socio-political landscape, which are proving 

difficult to engage in a sustainable peace process. 

 

Although the study provides a basis for constructing reliable spatial information on 

rainfed agriculture and other land cover patterns, it also has some limitations. Some concerns 

should be addressed when the proposed method is used in real-world applications. The 

reference data used to classify and validate the histological images need to be strengthened by 

some more ground data. The ground and higher spatial resolution data, such as Sentinel-2, 

would better enhance the rainfed agriculture mapping to the crop type level in the sand dune 

and Goz lands. 

 

5.5 Conclusions 

Understanding the spatio-temporal dynamic of rainfed agriculture in the North Darfur region 

is particularly crucial, but challenging. This study aimed to test the ability of earth observation 

data to assess the trends of rainfed agricultural lands and other common LULC types in the 

North Darfur region. The results show that Landsat images are promising in monitoring the 

Spatiotemporal patterns of rainfed agriculture in both the goz and wadi areas and other land 

cover classes, with overall accuracies ranging from 94% to 97% and the kappa statistics ranging 

from 0.93 to 0.96. A high spatial and temporal variability characterises the rainfed agriculture 

patterns.  The cultivation areas have been extended beyond the climate-adapted agronomic dry 

limit of less than 500 mm of average rainfall to compensate for lower yields. Such widespread 

cultivation in ecologically vulnerable areas may contribute to land degradation. The study also 

shows that since 1994, the rainfed agriculture on wadi land has significantly extended. 

Unfortunately, the wadi lands are limited, which may foment disputes between local 

communities. Our work sheds some light on the Spatio-temporal pattern of rainfed agriculture 



110 

 

in the Northern Darfur State, where spatial data on environmental and socio-economic 

activities is lacking owing to ongoing conflicts. 

Further studies may need to be conducted to understand better the factors that drive the 

spatial distribution of rainfed agriculture and their environmental impacts. This could 

contribute to developing effective strategies for sustainable agricultural land use.
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CHAPTER SIX 

Synthesis 
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 6.1 Introduction  

Rainfed agriculture supports approximately 60% of the world’s population and is the primary 

source of food and nutrition (Biradar et al., 2009). Almost 80% of the agricultural land 

worldwide is under rainfed agriculture, characterised by low yield levels and high on-farm 

water losses (Rockström et al., 2003). In Sub-Saharan Africa, more than 95% of the farmed 

land is rainfed agriculture, especially in arid and semi-arid regions (Tubiello et al., 2013; Wani 

et al., 2009). On average, rainfed agriculture contributes about 35% of gross domestic product 

(GDP) and employs 70% of the population (Wani et al., 2009). North Darfur State, Sudan 

depends on rainfed agriculture, the principal source of income and livelihood for 60% to 80% 

of the population (Elgali et al., 2010; Siddig et al., 2018). 

 

Understanding the spatio-temporal dynamic of rainfed agriculture and its underlying 

climatic factors plays a key role in promoting food security and socio-political stability, and 

the preservation and restoration of ecosystem services (De Marinis et al., 2021; Thyagharajan 

and Vignesh, 2019). The lack of availability of spatial data for monitoring trends in rainfed 

agriculture is not only a threat to food security but also an impediment to understanding the 

study area’s environment, climatic hazards, and socio-economic dynamics. Owing to political 

instability in some parts of North Darfur State, traditional approaches to agricultural 

monitoring, such as expert scouting estimates, crop cut information, field assessment, and 

surveys, pose extreme danger to field teams, in addition to significant financial costs 

(Nakalembe et al., 2021). Satellite remote sensing (RS) offers useful analysis tools for 

monitoring rainfed agriculture since its data has continuous spatial coverage, is freely 

accessible, and can be acquired at high temporal resolutions (Schaefer and Thinh, 2019). 

This research work aimed to map and monitor rainfall variability impacts on rainfed agriculture 

in arid environments, using different remote sensing datasets, including satellite precipitation 

products data, Sentinel-2 MSI Level-1C TOA reflectance images and multitemporal Landsat 

observation dataset. The objectives of this thesis were as follows:  

1. To evaluate the feasibility of satellite precipitation products (SPPs) in estimating the 

spatio-temporal rainfall variability across North Darfur State, Sudan. 

2.  To mapping crop types in a highly heterogeneous semi-arid Environment using 

Sentinel-2 datasets and machine learning (ML) algorithms on the Google Earth 

Engine (GEE) cloud. 
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3. To analyse spatio-temporal drought trends and impact on millet crop production across 

North Darfur State using standardized precipitation index (SPI) and reconnaissance 

drought index (RDI). 

4. To map and monitor spatio-temporal patterns of rainfed agricultural lands of North 

Darfur State, Sudan, using earth observation data (EOD). 

 

 6.2 Evaluating satellite precipitation products in capturing the spatio-

temporal rainfall variability across North Darfur State, Sudan. 

Rainfall is essential for the Earth's water cycle, which interconnects the land, atmosphere, and 

oceans and significantly influences the planet's climate system (Choubin et al., 2019; Wedajo 

et al., 2021). Reliable rainfall measurement is the key of understanding the spatio-temporal 

variability of rainfall at various time scales and its effect on agriculture monitoring, hydrology, 

and ecosystem functioning (Ayehu et al., 2018). Usually, rain gauge observations have been 

used to analysis the spatio-temporal variability of rainfall (Zambrano-Bigiarini et al., 2017a). 

Due to various reasons, rainfall data is often unavailable, and the quality is poor or inaccessible 

(Field and Barros, 2014). Remote sensing provides an alternative approach to ground-based 

rainfall measurement and monitoring methods. Rainfall data can be collected  from satellite-

based products (Ayehu et al., 2018).  Hence, there is a need to identify a satellite product with 

abilities to detect rainfall variability. This study, therefore, aimed to estimate rainfall variability 

across North Darfur State at daily, monthly and annual timescales using various satellite 

precipitation products (SPPs) to inform decisions in water management and agriculture 

monitoring. 

 

The feasibility of six SPPs, i.e. Tropical Rainfall Measuring Mission (TRMM) Multi-

satellite Precipitation Analysis (TMPA), African Rainfall Climatology (ARC), Climate 

Hazards Group Infrared Precipitation with Station Data (CHIRPS), Integrated Multi-satellitE 

Retrievals for Global Precipitation Measurements (GPM) Final Run (GPMIMERG), 

Precipitation Estimation from Remote Sensing Information using Artificial Neural Networks-

Climate Data Record (PERSIANN-CDR), and the Tropical Applications of Meteorology using 

SATellite and ground-based observations (TAMSAT) in detecting rainfall variability was 

evaluated using four categorical indices, i.e., the probability of detection (POD), probability of 

false alarm (POFA), bias in detection (BID) and Heidke skill score (HSS), and four continuous 
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indices, i.e., the Pearson correlation coefficient (r), the root mean square error (RMSE), the per 

cent bias (Pbias), and the Nash-Sutcliffe model efficiency coefficient (NSE) against ground-

rain-gauges. This study’s results have shown a medium agreement between satellite 

precipitation products and rain gauge measurements, i.e., the correlation coefficient r ranged 

from 0.37 to 0.52 and Nash-Sutcliffe model efficiency (NSE) coefficient. Overall, CHIRPS 2.0 

was the best-performing product, followed by Tropical Applications of Meteorology using 

SATellite and ground-based observations (TAMSAT 3.1) at a daily time scale. However, 

monthly time scale results show reliable agreement between the six SPPs and ground-based 

rain gauge measurements, with the NSE coefficient ranging from 0.36 to 0.49 and a strong 

correlation coefficient of r ≥ 0.66. Based on the statistical analysis, TAMSAT 3.1 performed 

better in estimating the monthly rainfall in the region. At the annual time scale, the results 

showed strong agreement between the six SPPs and rain gauge measurements as demonstrated 

by annual comparisons, which produced NSE coefficients ranging from 0.19 to 0.61 and 

correlation coefficients (r) ranging from 0.58 to 0.81. 

6.3 Mapping crop types in a highly heterogeneous arid Environment using 

Sentinel-2 datasets and machine learning (ML) algorithms on the Google 

Earth Engine (GEE) cloud 

Satellite RS is an efficient tool for spatio-temporal monitoring crops, i.e., evaluating actual 

distribution, identifying crop types and assessing nutrient status, and predicting yields—this 

not only saves time but also conserves resources in agricultural management (Asgarian et al., 

2016; Kosari et al., 2020). However, monitoring crops using remote sensing technologies in 

heterogeneous arid environments such as North Darfur State faces frequent hindrances due to 

challenges such as high soil background reflectance, the coexistence of green and senescent 

grasses, limited input datasets, and the prevalence of shrubs in grasslands, which share similar 

reflective characteristics to cropland (Qader et al., 2021; Tran et al., 2022). The North Darfur 

State has a heterogeneous arid and semi-arid environment characterised by various land 

use/land cover such as vast sand dunes, grassland, and open canopy croplands (Mohmmed et 

al., 2018). The spatial distribution of cropland in North Darfur State lies between the 250 mm 

and 600 mm isohyets and shows wide disparity on goz (sandy) soils, including millet, 

Groundnuts and sesame, and in the clay soils located along alluvial and seasonal valleys 

(known as wadis) originating in the Jebel Marra volcanic massif and the surrounding Basement 
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Complex hills including Tobacco and vegetables (Osman and Cohen, 2014; Young et al., 

2005). 

The RF and SVM machine learning (ML) classifiers were used in this work to map 

cropland and common land use/land cover on the Sentinel-2 (S2) dataset. This study examined 

the capability of optical data and vegetation indices to mapping cropland and other LULC in a 

heterogeneous arid environments using high-resolution Sentinel-2 imagery. The RF and SVM 

effectiveness in classifying crop types in the study area was compared. The results showed that 

RF and SVM classifiers effectively mapped crop types. The S2’s visible and near-infrared 

(VNIR) bands and the ten S2 bands (B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12) datasets 

reported relatively higher classification accuracies than the other datasets for the RF classifier, 

i.e., 97.1% and 97%, respectively. An integrated dataset comprising ten S2 bands and eight 

vegetation indices (VIs) achieved the same overall accuracy (OA) as the VSWIR dataset, i.e., 

96.5%. Therefore, VIs in the ten S2 bands/VIs dataset improved the negative effects associated 

with large sets of correlated variables and decreased the classification accuracies. The eight 

VIs dataset reported the lowest classification accuracies reported by both RF and SVM. 

6.4 Spatio-temporal analysis of drought and impact on millet crop 

production across North Darfur State using standardized precipitation 

index (SPI) and reconnaissance drought index (RDI) 

Drought is one of the most common natural disasters, and it significantly impacts the 

agricultural economy, changes soil properties and vegetation structure (Yao et al., 2018; Zarch 

et al., 2015). Droughts are slow-onset disasters with neither a clear beginning nor end—they 

are a creeping phenomenon that operates on different time scales and severely impacts 

economies. Drought causes more damage to agricultural productivity than other common 

disasters (Lesk et al., 2016). Studying droughts is crucial for evaluating agricultural production 

in countries heavily relying on rainfed agriculture (Masupha and Moeletsi, 2018). However,   

Sudan suffered from severe droughts during the 20th century, i.e., from 1972 to 1979 and 1980 

to 1984, which led to a significant drop in crop production and 4.5 million people suffered from 

hunger (Atiem et al., 2022; Elhag and Zhang, 2018). The study area experiences exacerbated 

variability in rainfall, leading to frequent droughts and crop failure, therefore it is necessary to 

assess the drought impacts on rainfed agriculture.  

Therefore, the study examined the performance of the standardized precipitation index 

(SPI) and the reconnaissance drought index (RDI) for the 3-month (June-August), 6-month 
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(June-November), and 9-month (June-February) timescales in evaluating the spatiotemporal 

trend of drought events and their impact on millet production in North Darfur State, Sudan, 

from 1981 to 2020. The Pearson correlation coefficients (r) was used to assess the drought-

yield relationship. The results indicated that the RDI is more sensitive to variabilities than the 

SPI for detecting drought trends. Drought events affected North Darfur over broad spatial 

extents, particularly in 1989, 1990, 1992, 1999, and 2001—an extreme drought event was in 

2003. The correlation coefficient analysis (r) between the SPI and RDI and the standardized 

variable of crop yield (SVCY) for millet grain yield showed a strong agreement between them. 

Moderate to extreme reductions in millet crop yield occurred in 1992, 1999, 2001, and 2003, 

corresponding to the moderate to extreme drought indicated by the RDI. Severe crop losses 

were in Kabkabiya and Umm Kadadda. 

6.5 Mapping and monitoring spatio-temporal patterns of rainfed agriculture 

lands of North Darfur State, Sudan, using earth observation data 

Understanding the spatio-temporal dynamic of rainfed agriculture and its determining climatic 

factors in the study area can play a key role in promoting food security and socio-political 

stability, as well as in protecting and restoring ecosystem services (De Marinis et al., 2021; 

Elagib et al., 2021; Thyagharajan and Vignesh, 2019). The lack of availability of spatial data 

for monitoring trends in rainfed agriculture is not only a threat to food security but also an 

impediment to understanding the study area’s environment, climatic hazards, and socio-

economic dynamics. Owing to political instability in some parts of the study area, traditional 

approaches to agricultural monitoring, such as expert scouting estimates, crop cut information, 

field assessment, and surveys, pose extreme danger to field teams, in addition to significant 

financial costs (Nakalembe et al., 2021; Sahajpal et al., 2020). Nowadays, most of these events 

can be predicted, and data and tools can provide early warning and impact assessment; this 

underscores the importance of timely and accurate production forecasts and near-real-time 

agricultural monitoring (Nakalembe et al., 2021; Sahajpal et al., 2020). Satellite remote sensing 

(RS) offers useful analysis tools in several technical-scientific fields. Remote sensing (RS) has 

been used widely worldwide for monitoring the changes in the environment and the identifying 

their magnitude at different space-temporal resolutions (Carella et al., 2022; Orusa and 

Borgogno Mondino, 2021; Orusa et al., 2020). In addition, satellite remote sensing is crucial 

in monitoring rainfed agriculture since its data has continuous spatial coverage, is freely 

accessible, and can be acquired at high temporal resolutions. This is particularly relevant in 
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areas where ground data are insufficient, lacking, or unsafe to obtain (Melaas et al., 2013; 

Rembold et al., 2019; Schaefer and Thinh, 2019; Yang et al., 2012). The North Darfur State 

heavily depend on rainfed agriculture—more than 90% of cultivated land comprises rainfed 

farming, which employs 80% of Darfur people, therefore mapping the dynamics of rainfed 

agriculture is important.  

 

Therefore, the study explored the potential of remote sensing to map and monitor 

spatio-temporal dynamics of rainfed agriculture in North Darfur State from 1984 to 2019 using 

multitemporal Landsat observation data. Multitemporal Landsat imagery, i.e. Landsat 

Multispectral Scanner (MSS), Landsat Thematic Mapper (TM), Landsat Enhanced Thematic 

Mapper Plus (ETM+) and Landsat Operational Landsat Imageries (OLI) to classify and map 

dynamics of rainfed agriculture and common land use/ land cover classes in arid desert 

environment of North Darfur State, using Random forest. The study shows that the Landsat 

Operational Landsat Imageries (OLI) played the most important data in mapping and 

monitoring rainfed agriculture, with overall accuracies (OAs) ranging between 94.7% and 

96.9%. At the same time, the kappa statistics (κ) were greater than 0.90. The results showed 

that the high spatial variability in goz land used for rainfed agriculture increased of (889,622.46 

ha) over 1994-1999, while it decreased by 658,568.61 ha over the 2004-2009 period south of 

the 232.9 mm isohyet. Rainfed cultivation of wadi lands expanded significantly by 580,515.03 

ha over the 2014-2019 period and decreased by 182,701.8 ha over the 1994-1999 period, 

especially in the 362.8-477.2 mm isohyets. The findings of this study provide essential spatial 

data lacking owing to ongoing conflicts—this can help decision-makers formulate sustainable 

land use monitoring systems. 

6.6 Conclusions  

The aim of this study was to map and monitor the impacts of rainfall variability on rainfed 

agriculture patterns in the semi-arid environment of North Darfur State using remote sensing 

(RS) technology. The outcomes of this study show that RS can be used for mapping and 

monitor rainfed agriculture in arid environments.  

The following conclusions can be made based on main findings made in line with the 

objectives of the study.   

 Several studies have evaluated satellite precipitation products (SPPs) as alternative 

source rainfall data. Reliable information on precipitation at sufficiently detailed spatio-
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temporal scales is essential to assess the impacts on the agricultural economy. However, 

these studies are mainly conducted at regional scale, encompassing diverse physical 

and climatic condition across multiple regions.  

 The outcomes of this study show that the CHIRPS 2.0 and TAMSAT 3.1 were the best-

performing product for detecting rainy days. However, monthly time scale results show 

reliable agreement between the six SPPs and ground-based rain gauge measurements, 

with the NSE coefficient ranging from 0.36 to 0.49 and a strong correlation coefficient 

of r ≥ 0.66. Based on the statistical analysis, TAMSAT 3.1 performed better than the 

other SPPs in estimating the monthly rainfall in the region. 

 The classification of cropland and coexisting LULC classes in a heterogeneous semi-

arid environment using widely machine learning algorithms using optical data S2, the 

outcomes produced highest accuracies 97% for the RF classifier and 93% for SVM 

classifier using ten S2 bands (B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12) datasets 

and produced 97.1% for RF and 93% for SVM using visible bands of S2, while kappa 

coefficient (κ) range from 0.87–0.96 for RF and range from 0.81–0.94 for SVM. 

 Spatio-temporal drought trends evaluated using the reconnaissance drought index 

(RDI) and the standardized precipitation index (SPI). The study outcomes indicated that 

(RDI) is more sensitive to variabilities than (SPI) for detecting drought trend events. 

The outcomes show that the whole of North Darfur State was influenced by extreme 

drought in 2003.  

 Spatio-temporal patterns of rainfed agriculture lands and common LULC classes can 

be mapped and monitored using earth observation data and produced high accuracies 

ranging between 94.7% and 96.9%, while the kappa statistics were greater than 0.90 

using RF classification algorithm. The results indicated that the high spatial variability 

in goz land used for rainfed agriculture increased by 889,622.46 ha over between 1994 

and 1999, while a decrease of 658,568.61 ha was recorded between 2004 and 2009 

south of the 232.9 mm isohyet. 

In summary, this study revealed a relatively cost-effective of different techniques for map and 

monitor rainfed agriculture patterns over large arid environments. The method used in this 

study can help researchers to repetitively carry out rainfed agriculture surveys and monitoring 

sites based on spatial analysis. The findings of this study help to understanding spatio-temporal 

dynamic of rainfed agriculture and quantify specific site of cropland over arid environment of 

North Darfur. 
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6.7 The limitation and future research 

This work provided good method using for mapping and monitoring rainfed agriculture 

patterns in arid environment using multitemporal and multispectral Earth observation data. The 

study recognized that the effective methods and sensors that can using for mapping and 

monitoring rainfed agriculture in arid areas, several challenges still require the attention of 

researches. 

 In this study four different categorical statistical tools: probability of detection (POD), 

probability of false alarm (POFA), bias in detection (BID) and Heidke skill score 

(HSS) were used to assess  the ability of each SPPs to correctly detect rainy days , there 

is require to test other categorises indices (e.g., (fBias) frequency bias and (PC) percent 

correct) to evaluate the ability of each SPPs to identify different intensities of daily 

precipitation     

 This study was used the Nash-Sutcliffe efficiency (NSE) to evaluate the performance 

of SPPs to detect spatio-temporal rainfall variability, there need to test other coefficient 

to assess the SPPs performance i.e., Willmott’s index of agreement (d) 

 In this study two widely drought indices i.e., reconnaissance drought index (RDI) and 

the standardized precipitation index (SPI) based on meteorological data were used to 

evaluate the drought events there is need to utilise other indices based on remote 

sensing data to monitor the vegetation condition such as Vegetation Condition Index 

(VCI), indices involving soil moisture information based on microwave remote sensed 

soil moisture information i.e., Microwave Integrated Drought Index (MIDI) and the 

Standardized Soil Moisture Index (SSI). 

 For the future research to mapping and monitoring rainfed agriculture more reliable 

could use high-resolution satellite RS images i.e., Quick Bird Worldview (WV-2) and 

GeEye for improved maps produced accuracies. 

 This study was mapped crop types on one grown season using different vegetation 

indices were extracted from Sentienl-2 multispectral images for monitoring rainfed 

agriculture in arid environment there is need to apply other method to map crop types 

such as  model and predict crop yield (Bayesian modelling).
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