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ABSTRACT 

Data management in agriculture is very vital for the planning of any country, 
including Kenya. A study was conducted to establish the role that remote sensing 
data can play in the assessment of spatial variability in crop data and the provision 
of crop farm information. The main objective of the study was to develop a remote 
sensing-based crop data information system for estimating green gram and sorghum 
data, respectively, under farm field conditions. The study was carried out in Ikombe-
Katanga area of Machakos County for the green gram crop and in Tharaka Nithi area 
for the sorghum crop. Estimating crop data was based on three approaches: crop area 
estimation, spectral signature library development for sorghum and green gram, and 
assessment of microclimates within agroecological zones. The following parameters 
were estimated and used to calculate the most important crop data for green gram 
and sorghum for the October, November, and December rains. The parameters 
selected for the development of this estimation model were vegetation indices, 
biomass, leaf area index (LAI), enhanced vegetation index (EVI), soil moisture 
index, soil organic carbon, rainfall, land surface temperature, soil pH, soil nutrients 
(NPK), and evapotranspiration. The first crop data estimation involved crop area, 
determined by assessing sorghum and green gram cropping pattern data. The 
identified cropping pattern for the green gram study area and crop area estimates 
were mixed crop (maize and green gram), mixed crop (maize and beans), green gram, 
mixed crop (maize and pigeon pea), mixed crop (maize and cowpea), and maize with 
2445.93 ha, 10,034 ha, 5981 ha, 4697.82 ha, 3743.82 ha, and 586.35 ha, respectively. 
The sorghum crop patterns were mixed crop (sorghum and beans), mixed crop 
(sorghum and cowpea), and sorghum, with crop area estimates of 1988.46 ha, 961.65 
ha, and 469.62 ha, respectively. Furthermore, the development of spectral signature 
libraries was done, and the spectral reflectance ranges for sorghum and green gram 
were 0.230064 to 0.321126 and 0.26900 to 0.07466 across all bands, respectively. 
The results further revealed the existence of microclimates within agroecological 
zones IV and V and four microclimatic zones within the agroecological zones lower 
midland IV and V of Tharaka Nithi and Machakos counties. Using data for October, 
November, and December (OND) rains and cropping season data, it was possible to 
estimate crop yield. Twelve parameters were analyzed and ran through a random 
forest machine learning algorithm to generate sorghum yield estimates. The 
validation of the model was carried out using root mean square error (RMSE) and 
root mean absolute error (RMAE), with results showing that RMSE was 4.036 with 
R2 of 0.98 and RMAE was 3.022 for the green gram crop, while for sorghum, RMSE 
was 6.51 with R2 of 0.99 and RMAE of 5.5. The yield estimates were 4.5 bags/acre 
for green gram and 9 bags/acre for sorghum, respectively. The data estimation under 
farm field conditions was sufficiently optimized using the farm crop data estimation 
(FCropDesti) tool developed from this work using ArcGIS software. The study also 
confirms that employed methodologies were important in creating a homogenous 
environment on farms for the identification of cropping patterns, which further 
determine crop data such as crop area, crop type, and crop yield. Crop data estimation 
is important for policymakers at the county and country level to implement climate-
smart agriculture. The research can be replicated in other important crops in the 
country. 
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CHAPTER ONE: INTRODUCTION 

 
1.1 Background information  

 Statistics on crop production are crucial for agricultural planning and policymaking 

and this key in enables planning within agriculture (FAO, 2023). Sustainable 

agricultural production requires robust information and data acquisition that that can 

benefit from an expanding body of knowledge. Gaining knowledge by integrating 

data from multiple sources can yield significant and practical insights. At the farm 

level, contemporary farmers are confronted with an extensive array of data on a daily 

basis in order to make decisions that affect their livelihoods. Factors such as financial 

resources and loan accessibility, soil health, weather conditions, irrigation practices, 

market conditions, early-warning systems for diseases and pests, government-related 

information, and subsidies all contribute to the decision-making process at the farm 

level (FAO and ITU, 2019). Sub-Saharan Africa has been faced with challenge of 

low productivity level emanating from not only poor soil but also a lack of 

information on the amount of essential inputs required to raise productivity (Thomas, 

2020). This is because there is a lack of adequate crop production statistics that can 

inform a turnaround in productivity. 

In Kenya, where smallholder farmers depend on agriculture for income, crop 

production statistics are even more important (Amwata, 2020). The importance of 

agriculture in Kenya and its role in shaping the economy of the country through 

employment, food security, and national self-reliance cannot be overemphasized 

(Birch, 2018). Kenya reports crop area and yield statistics using different methods 

based on state institutional mechanisms. The crop production statistics are at 

different small scales, calculated for the regional scale (Birch, 2018). These statistics 

are often available at the district scale and, to some extent, at the sub-district scale. 

Sibanda and Mwamakamba (2021) indicate that the district/sub-district scale is 

adequate for the planning of agricultural inputs where the majority of these 

transactions happen, as well as for setting up the minimum support price and for 

national/international selling and procurement decisions. For the purpose of 

agricultural statistics at the regional and national levels, as well as for quantifying 
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the output and productivity of agricultural systems at the research plot level, 

numerous techniques have been developed (Sapkota et al., 2016). However, a 

revolution in the agriculture system is likely to pose a challenge in data estimation 

because different systems require different technologies (Sapkota et al., 2016). The 

reliability and timeliness of agricultural production data are insufficient to meet 

crucial information needed in many African countries (Murphy et al., 1991). For 

example, Sapkota et al. (2016) indicate that crop cutting is prone to bias and errors 

if applied to a crop with raised beds. Precise data estimation in smallholder farms has 

remained a challenge due to the heterogeneous nature of crop performance, 

intercropping, specifically relating but not limited to mixed cropping, and continuous 

planting occasioned by farmer needs (Sapkota et al., 2016). 

Monke et al. (2019) indicate that the changing market in economies demands reliable 

agricultural information for quick decision-making in the agriculture sector, which is 

currently a challenge. The demand for high-quality agricultural statistics for evidence-

based decision-making, planning, and the development of policies for adaptation to 

factors such as climate change are quite pertinent. The need for timely information to 

increase agricultural outputs, raise productivity, and adapt to climate change creates a 

demand for solutions towards adequate and reliable data in the agriculture sector. A 

successful farming system in developed countries has been well organized through a 

farmer information system (Verheye et al., 2011). Study by Panigrahy et al. (2011) 

shows that the use of such systems is important for the organization and ease of 

management of farmers through groups and extension channels for he purpose of 

improving production. The availability of smallholder systems among smallholders is 

still in its formative stages, even though the demand is high (Karienye et al., 2019; 

Srinivasarao et al., 2013). In general, monitoring systems such as the use of remote 

sensing data for yield estimation to secure compliance with restrictions and standards 

in terms of specific production guidelines have become necessary (Fritz et al., 2019). 

According to Jones et al. (2017), data scarcity and limitation are key challenges in 

agricultural monitoring and forecasting. The lack or limited agricultural monitoring 

systems at regional and national levels has been attributed to little or no information 

sharing (Fritz et al., 2019). 
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The variability of crop data and related variables, as well as natural resource use, as 

documented by Ngure et al. (2021), are mainly due to the short- and long-term variation 

of weather and climate conditions. The results from models, according to Makowski et 

al. (2006), can be used to make appropriate decisions and to provide farmers with 

alternative options for their farming system. 

A lot of crop models used for farm data, and specifically yield, are limited when it 

comes to data estimation under such conditions. Gaining an understanding of these 

factors, how they interact with the environment and how they affect management, and 

expanding model capabilities is a challenge for agricultural scientists (Boote et al., 

1996). This research integrates crop models with spatial data to overcome the 

challenge of incorporating all necessary factors for field data estimation under current 

models. Remote sensing emerges as an important technology (Qi et al., 2000) for the 

investigation of spatial variability in crop yield and the provision of crop farm data. 

In the recent past, aerial images have also been used in yield estimation in precision 

farming (Rembold et al., 2015). The images of the crop spectral characterized by 

Reynolds et al. (2000) and Schmedtmann and Campagnolo (2015) inform the 

importance of remote sensing in yield prediction. Vegetation analysis and monitoring 

of changes in vegetation patterns have been found to play a crucial role in providing 

data on crop vigor (Shammi and Meng, 2021). 

Estimating crop yield before the harvest is very important in agriculture since 

variation in crop yield across different years impacts trade, market prices, and the 

overall food supply (Hayes and Decker, 1998). At field level, crop yield data inform 

farmers’ timely decisions for a particular situation, such as whether or not to grow 

alternative crops or avoid farming in a particular season (Hayes and Decker, 1998). 

Various estimation models have been used previously in yield estimation; e.g., Baez-

Gonzalez et al. (2005) who used Landsat ETM+ (enhanced thematic mapper) data in 

an NDVI model to predict the yield of paned corn in Sinaloa, Mexico. In this research, 

an average error of 9.2% in the estimation of corn yields was reported. Yang et al. 

(2008) used the United States Department of Agriculture's (USDA) EPIC model for 

predicting yield in some parts of China. In their investigation, it was evident that the 
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statistical and simulated crop yield was under 10%. Baez-Gonzalez et al. (2005) 

modeled corn yield in Mexico with NDVI derived from NOAA-Advanced Very High-

Resolution Radiometer (AVHRR) images. In this investigation, 89% and 76% 

variability in yields were found for the crops grown under irrigation and non-irrigated 

conditions, respectively. Remote sensing and optical satellite systems have been used 

in the development of national crop inventory programs (Husak et al., 2008). They 

have been found to provide important data for the estimation of cultivated area and 

yield for commercially important crops. 

In this research, green gram (V. radiata L.), or mung bean, was the crop investigated. 

It has recently become an important legume among smallholder farmers in Kenya, 

and consequently, the consumption of mungbean is increasing. According to Hargrave 

(2007), Hill (1987), Purseglove (2003), and Samant (2014), the mung bean is a very 

important short-season crop in the world. In Kenya, green gram is grown successfully 

in the semi-arid areas of Machakos, Kitui, Tharaka-Nithi, and Makueni counties due 

to its ability to mature early (USAID, 2013). Machakos County, which is the study 

area, leads in green gram production. Green gram survives under different soil and 

climatic situations due to its drought tolerating abilities (Wambua et al., 2017). 

Furthermore, the crop is adapted to a variety of soil conditions, including poor soils, 

because it forms associations with Mychorrhiza, and hence plays a role in both 

environmental conservation and food security (Wambua et al., 2017). According to 

Singh et al. (2002), smallholder farms supply up to 90% of the food in developing 

nations, making them the primary suppliers of food in these regions. Understanding 

the production of such vital crops is important for planning and monitoring food 

security (Mugo et al., 2016). Green gram has been recommended in various 

government projects in Kenya as one of the adaptation strategies for climate change 

(Mugo et al., 2020). They consider green gram to be one of the main crops in semi-

arid areas of Kenya. Optimization of green gram crop productivity is very essential to 

addressing food security in Kenya and Africa at large. In Mugo et al. (2016) study, 

the growing condition of green gram were modelled for appropriateness under current 

and future conditions. The conclusion of the study was that suitable green gram-

growing areas will increase during October, November, and December (OND) and 
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decrease during March, April, and May (MAM). The high temperature as a result of 

climate change places green gram, which performs well in dry conditions, as a better 

crop for the dry regions (Mugo et al., 2016). Planting green grams in suitable areas is 

likely to solve the food security problem by increasing food production (Mugo et al., 

2020). A number of challenges are facing green gram production, including low 

technology adoption, poor storage, an inadequate policy framework, and limited 

value-added opportunities. This is exacerbated by the lack of adequate crop data that 

could conveniently shape a proper policy framework for the green gram crop in Kenya 

if such data were available. 

Sorghum, on the other hand, is one of the most important food crops in sub-Saharan 

Africa. Production of food in Kenya over the years has been declining (FAO, 2013). 

The declines in crop productivity, especially maize, have been linked to unreliable 

rainfall and frequent drought episodes, inadequate fertilizers or unbalanced believed 

fertilizers and gas emission believed to be related to climate change events (Meehl 

and Stocker, 2007; Ntinyari and Gweyi-Onyango 2021; Ntinyari et al., 2023). This 

has led to the introduction of crops tolerant to drought, coupled with high water use 

efficiency that can survive under changing weather patterns (Twomlow et al., 2008). 

Crops such as sorghum with high water use efficiency have been introduced to semi-

arid areas such as Kitui, toand the records show than on average the can yield as high 

as 1.57 metric tons (FAO, 2013). Further, FAO (2013) indicates that sorghum is 

tolerant drought well, making it an important crop for the arid and semi-arid lands 

(ASALs) that are highly susceptible to adverse weather patterns. The popularity of 

sorghum in Kenya is high, driven by its adaptability to different climates, coupled 

with its industrial uses in alcohol production. The paper presents the shift from semi-

arid to lower highlands, where the potential for growing sorghum is high but low for 

the maize crop. It is a cereal crop that is quantitatively ranked the fifth most important 

cereal grain in the world after wheat, maize, rice, and barley (Kigen et al., 2014). 

Africa is one of the largest sorghum producers, accounting for one-third of global 

production (Taylor et al., 2003). The suitability and adaptability to tropical 

conditions prevalent in Africa explain the dominance of sorghum (Mwema and 

Mulinge et al., 2013). In sub-Saharan Africa (SSA), the crop is prominently used as 
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a viable cereal crop for the most food-insecure households (Muui et al., 2013). Due 

to increasing trends in global warming and climate change, sorghum is a promising 

alternative for improved food and income security, compared to other staples such 

as maize that often fail due to drought (Muui et al., 2013). In Kenya, sorghum 

production is concentrated in marginal and semi-arid areas whose rainfall regimes 

are low and erratic and where the temperatures are high (Mwema and Mulinge 2013). 

Currently, proper data on the sorghum crop is inadequate, and this has affected its 

adoption by farmers due to lack of data on the productivity and profitability of 

sorghum farming systems. 

1.2 Statement of the problem  

Effective crop data estimation has been the biggest challenge in Kenya. This has 

affected the ability to plan food security. Husak et al. (2008) indicate that 

overestimating the crop area is responsible for a high level of undernourishment in 

Africa. Many times, the planted area does not translate into cropped areas. Changes 

in dynamics and heterogeneous farming activities among these smallholder farmers 

make it even more difficult to collect ground data, which can sometimes be 

laborious (FAO, 2011). Mapping crops is an important measure to determine the 

amount of food produced, where it is produced, and when it is produced. The 

increasing human population and decreasing food availability push for the need to 

monitor crop production (Dixon et al., 1994). 

Farming in semi-arid regions such as Machakos and Tharaka Nithi Counties has 

expanded over the years as the demand for food increases with dwindling land sizes 

in high-potential areas. Sorghum and green gram are some of the climate-smart crops 

whose uptake by farmers is very low. To increase uptake of these crops among 

smallholder farmers in semi-arid regions, crop data that guides the production trends 

and informs both farmers and the government’s practices, management and planning 

are crucial. To develop policies that address crop data estimation for accurate 

planning, there is a need to recognize the role that crop models play in understanding 

the impact of climate change on agricultural production and overall food security 

(Makowski et al., 2006).  
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In this study, a stepwise crop data estimation tool was developed with a focus on 

ensuring its applicability under farm field conditions. The first step involved digitizing 

the farm boundaries to increase accuracy in crop area estimation and the development 

of spectral signatures for crop identification. Second, the agroecological zones were 

examined for microclimatic zones to ensure a homogenous environment for the 

estimation of yield. Lastly, crop yield estimation was done using ten different remote-

sensing parameters, and the crop yield for sorghum and green gram was estimated and 

validated using field data. This is the first that such sequential and structured has been 

reported in Kenya and SSA region. 

1.3 Objectives  

The main objective of the study was to develop an earth observation-based crop data 

estimation tool for green gram and sorghum under farm field conditions in Machakos 

and Tharaka Nithi Counties. 

1.3.1 The specific objectives were 

i. To establish the spatial distribution and spectral signatures of sorghum and 

green grams at farm field conditions for crop type and crop area estimation  

ii. To establish micro-climatic zones within the existing agroecological zone 

IV and V of Ikombe katangi and Chiakariga study areas  

iii. To estimate and model yields of Sorghum and green grams at farm field 

conditions  

iv. To develop an earth observation-based farm data estimation tool for 

sorghum and green grams 

1.4. Research Hypothesis 

H0  Spatial distribution and spectral signatures of sorghum and green grams 

 cannot be determined under farm field conditions for crop type and crop 

 area  

H0  Existing agro-ecological zones IV and V of Ikombe katangi and Chiakariga 

 the study area in Kenya have no clear micro-climatic zones  
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H0  Sorghum and green gram crop yield cannot be estimated under farm field 

 condition. 

H0  Earth observation-based farm data estimation tool cannot be developed 

 for sorghum and green gram  

1.5 Justification of the study 

The growing of crops has become a big challenge for small-holder farmers, as they 

are unable to monitor the crop in the field. The challenge is intensified by agriculture’s 

extreme susceptibility to changing weather patterns. The negative impacts come as a 

result of increased temperatures, unpredictable weather patterns, shifting boundaries 

of the agroecosystem, emerging pests and diseases, and more frequent unpredictable 

weather events. In most countries, especially Kenya, the assessment of food security 

is further challenged by a lack of crop data that can be delivered timely and whenever 

needed. 

 
The continuous availability of spatial data in sorghum and green grams in a timely 

and effective manner will provide the prerequisite data that the government and 

research institutions will require to address food production needs in Kenya. This 

information is essential for improving crop yield prediction, management, proper 

resource utilization, economic planning, and monitoring development interventions. 

Forecasting and monitoring agricultural production is very important for local food 

demand and overall food security. 

 
Farm data estimation in a timely manner is critical for addressing climate change 

issues as well as solving food security problems that are exacerbated every day with 

a growing population. Working with existing information, technologies, and 

principles of sustainable agriculture, farm data estimation plays a key role in ensuring 

minimized food losses and the sustainable maximization of available resources for 

agricultural production. This will ensure smallholder farmers can solve all crop 

production problems for sorghum and green gram, thereby averting losses and 

enabling increased income at the household level. The financing and planning of 

policymakers in Kenya cannot be accurate without accurate farm data. 
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1.5 Significance of the study 

The study addresses the effect of climate variability on crop and food security issues 

by providing a crop data estimation tool that will enable the management of crops 

under farm field conditions. This crop data information will provide real-time spatial 

data for use in monitoring sorghum and green gram crops. The earth observation-

based farm data estimation tool enables monitoring of crop data such as crop health, 

crop area, and crop yield at farm field conditions. This information will be useful to 

farmers, agricultural researchers, agriculture-promoting institutions and non-

governmental organizations such as the World Bank and Food and Agriculture 

Organization (FAO), agricultural policy makers (including the Ministry of 

Agriculture, Livestock, and Fisheries), extension officers, and farmers, especially 

those in Sub-Saharan Africa. 

 
The technology has been developed to integrate farmer practices while allowing crop 

monitoring for early decision-making. The study attempts to solve the problem of crop 

area estimation through digitization of farm boundaries, upon which crop 

classification on specific cropped areas improved the accuracy in estimating the area 

that the crop has been grown in any particular season. The study also creates crop 

spectral signatures for sorghum and green gram using multitemporal datasets. This 

lets the researchers identify the crops, which makes area estimates more accurate. This 

technology can be applied to develop spectral crop libraries in Africa for increased 

precision in crop identification that determines the crop area as well as enabling crop 

monitoring. 

 
The study further enables the assessment of agro-ecological zones for any existing 

microclimatic zones in an attempt to create a homogeneous environment from which 

crop yields and important crop data can be estimated. The models created are 

assembled in an ARCGIS tool and can be accessed for decision-making relating to 

food security in Kenya and Africa at large. The research provides evidence and the 

possibility of creating crop spectral libraries that would increase the use of remote 

sensing data in crop data estimation, which is key for policymakers. 



10 

  

1.6 Conceptual framework of the study 

In this study, the model of the research uses the integrated approach schematized in 

Figure 1.0. The method involves developing spatial data outputs in steps, such as farm 

delineation, spectral signature tools, and agro-ecological sub-zonation tools, from 

objectives 1 to 2. These steps create a consistent environment for crop yield models 

to work correctly in farm field conditions, which is objective 3.Further integration of 

three models provides the final aspect of the concept, which is the crop data estimation 

tool, which is objective 4. The data inputs for the approach include farm boundary 

data, crop spectral reflectance data, agroecological zone data, crop data, soil data, and 

climate data.
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Figure 1.1 Conceptual framework 
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CHAPTER TWO: LITERATURE REVIEW  

2.1 Agricultural production  

Since agriculture provides the majority of household income in developing nations, 

UNEP (2011) has demonstrated the role that agriculture plays in their economic and 

social development. More than 60% of people living in Africa rely on agriculture as 

a source of livelihood (FAO, 2004). In South Asia, 75% of the poor living in rural 

areas depend on rain-fed agriculture, livestock, and forests for subsistence (Sapkota 

et al., 2015). Waongo et al. (2015) reported that high rainfall variability and the lack 

of adaptation strategies limit production in smallholder farming systems across Sub-

Saharan Africa. In the end, it affects food security and the economy, leading to more 

poor people on the African continent. Climate change, without adaptation, is projected 

to negatively impact crop productivity. Indeed, temperature increases of 2oC or more 

are expected to negatively affect the major crops (i.e., wheat, rice, and maize) in 

temperate and tropical regions (Meehl and Stocker, 2014). For temperature, Lobell 

and Gourdji (2012) found that each degree above 30oC reduces crop yield. 

  
Eighty percent of Kenya is made up of dry and semi-arid regions that are extremely 

vulnerable to the effects of climate change (Mugo et al., 2020 (Manzi and Gweyi-

Onyango 2020). These areas are part of the marginal areas of Kenya, highly 

vulnerable to degradation due to sensitive landscapes. The semi-arid areas of Kenya 

are characterized by fluctuating rainfall patterns that are highly unreliable. The 

amount of rainfall is low with very high temperatures, which cause high 

evapotranspiration rates (Mugo et al., 2020). Climate variability in both spatial and 

temporal forms is one of the causes of decreased agricultural productivity in these 

areas (Samwel et al., 2021). There is general agreement that climate change is 

changing and that the agricultural sector, among others, will be affected by future 

climates. Adverse weather events may have an impact on Kenyan agriculture and 

farmer adaptation, making current agricultural use unsustainable (Samwel et al., 

2021). The Inter-Tropical Convergence Zone (ITCZ), a low-pressure zone abroad, 

describes the climatic condition in Kenya (Hills, 1979). The ITCZ occurs as a result 
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of the intersection of the northeast and southeast trade winds of the two hemispheres 

(Hills, 1979). 

 
Temperatures can be described as equatorial, characterized by minimal average 

monthly and annual temperatures closely correlated with altitude (Ngure et al., 2021). 

Bolt et al. (2019) describe the temperature (from 1961–2005) for both the short 

(October, November, and December) and long (March, April, and May) rainy seasons 

in Kenya as increasing by more than 0.8 °C. They further highlight that the increases 

have been more significant in the north-eastern and north-western parts of the country 

in both the short and the long October, November, and December rains. The increases 

in these particular regions have been documented to be greater than 1°C. The East 

Africa region where Kenya lies has been documented to be one of the topographically 

diverse regions and one of those whose meteorological complexity is unique and the 

only one within Africa (Berhane and Zaitchik, 2014). Berhane and Zaitchik (2014) 

further indicates that the rainfall variability, i.e., interannual, inter-seasonal, and intra-

seasonal time scales, has had a huge impact on rainfed agriculture and food security 

as a whole. The economy of Kenya is highly dependent on rainfed agriculture. The 

shortened droughts have had a huge impact on both food security and the economy. 

 
2.2. Agricultural monitoring systems 

Agriculture and natural resources are under strong pressure due to population growth, 

increased consumption of calorie- and meat-intensive diets, and an increasing use of 

cropland for bioenergy production (Bousbih et al., 2019; FAO, 2014; Foley et al., 

2011; Hills, 1979). Bridging the gap and reducing the pressure on agriculture and 

natural resources has necessitated various options that include: 1) expansion of land 

under cultivation; 2) intensification on currently available farmlands; 3) reducing the 

yield gaps in farmers’ fields; 4) raising the yield levels through higher yield varieties; 

and 5) reducing post-harvest losses and food waste (Charles et al., 2010; Keating et 

al., 2014; Struik and Kuyper, 2017). Ramankutty et al. (2008) indicated that half of 

the land suitable for agriculture is already under cultivation today. The negative 

impacts of this are highlighted by Folley et al. (2011) as part of agricultural 
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expansion and intensification. According to the AGRA Africa Agriculture-Status 

Report (2014), different climatological scenarios have shown the limitations of 

diversification options for agropastoral systems that are common in semi-arid 

regions. Agricultural monitoring on a regional and national level has been in place 

for decades, as attested by the following examples: the Food and Agriculture 

Organization's (FAO) Global Information and Early Warning System (GIEWS), the 

United States Agency for International Development's (USAID) Famine Early 

Warning Systems Network (FEWSNET), CropWatch in China, and the European 

Commission's (EC) Monitoring Agriculture with Remote Sensing System (MARS). 

These systems have tended to function rather autonomously, with little information 

sharing, with the emphasis on either food security for developing countries or food 

production for the global market (Fritz et al., 2019). 

 
Data recorded by remote sensing satellites mainly assists with the assessment of crop 

conditions and crop anomalies, which can then be used to infer information on yield, 

area, and production reductions. However, this approach is not able to provide 

quantitative crop area and production forecasts, which are ideally needed for food 

security interventions. Crop growth and yield forecasting models are data intensive 

and are currently applied only for the US by the USDA system and for Europe (Fritz 

et al., 2019). Moreover, (Fritz et al., 2019) puts its that remote sensing-based 

methods for agricultural statistical forecasting needs historical archives of high-

quality statistics, which are not available in all countries. 

 
Remote sensing data can provide timely, synoptic, cost-effective, and repetitive 

information about the status of the Earth’s surface (Singh et al., 2002). Data from 

remote sensing satellites can provide two components of crop production; yield 

(Hoefsloot et al., 2012; Rembold et al., 2013) and acreage(Atzberger, 2013; Zhang 

et al., 2013). Additionally, remote sensing data can provide crop phenological 

information (Sakamoto et al., 2005), stress situations (Hoefsloot et al., 2012). Among 

other things, the retrieved information allows decision makers to understand climatic 

events and to obtain good information for areas risk assessment ( Zhang et al., 2013). 
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Remote sensing remains key in monitoring of agricultural activities since the sector 

faces problems that are not common to other economic sectors (FAO, 2011).  

A study reported by Bobade et al. (2010) in the Seoni district of Madhya Pradesh, 

India, on land evaluation for agricultural planning indicated the incorporation of GIS 

technology in soil survey data collection. Soil-based GIS data was used for land use 

suitability and fertility assessment for the Seoni district. They found the use of 

geospatial technology to be of great importance in farm production planning and 

decision support. Currently, geospatial information technologies are becoming 

increasingly important in the decision-making process of land management planning 

(Singha and Swain, 2016). GIS, coupled with satellite data, gives decision-makers an 

opportunity to assess landscapes for improved natural resource management. The use 

of geo-spatial information links local knowledge and science together with national 

development strategies. 

 
One general benefit of geospatial data is the increased accuracy of data collection and 

analysis (Atzmanstorfer and Blaschke, 2013). These technologies have been found to 

successfully enable the management of land-related resources in industrialized 

countries. The increasing availability of remote sensing images makes it possible to 

develop monitoring systems capable of automatically producing and regularly 

updating land cover maps of the considered site (Hoefsloot et al., 2012). Remote 

sensing can significantly contribute to the monitoring of the agricultural sector, as it 

enables the gathering of information over large areas with a high frequency of revisits 

(Atzberger, 2013). 

 

2.3 Crop area estimation and crop mapping using remote sensing technology 

Smallholder farms are subdivided into several parcels whose boundaries are hard to 

distinguish (Fritz et al., 2008). Spatial information on agricultural fields and how 

they vary across the region is important in monitoring crop condition and yield. This 

information is essential for improving crop yield prediction, management, proper 

resource utilization, economic planning, and monitoring development interventions 
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(Singh et al., 2002). Forecasting and monitoring agricultural production is very 

important for local food demand and overall food security (Reynolds et al., 2000). 

Remote sensing tools have been widely used in crop area estimation, crop type 

identification, and yield estimation (Fritz et al., 2019). The standard methods of crop 

area estimation have relied on techniques such as area statistical frame studies 

(Tsiligirides, 1998). These are some of the field-based survey studies that can take 

up a great deal of time and resources. These standard methods require a lot of 

resources to establish crop areas among small-holder farmers (Singha and Swain, 

2016). Earth observation data coupled with good cropping pattern training data have 

revolutionized crop identification, making it easy to understand the spatial 

distribution of crops (Atzberger, 2013). This has helped to address food security 

issues that are common in most semi-arid areas of Africa. 

 
Data from remote sensing has played a significant role in identifying different crops, 

evaluating crop health, and assessing yields (Nellis et al., 2009). Supervised and 

unsupervised classification has been applied for mapping the geographical 

distribution of crops and characterization of cropping practices (Boitt et al., 2014). 

Different band ratios, multispectral data, and classification schemes have been used 

to generate crop information such as crop diversity, field size, crop phenology, and 

soil conditions (Nellis et al., 2008). Hyperspectral remote sensing has played a major 

role in advancing crop classification (Thenkabail and Wu, 2012). Wang et al. (2007), 

for example, used satellite remote sensing of NDVI for analysis of landscape-level 

patterns of net primary productivity within the U.S. 

 
This research has used similar methods with an improvement, where additional tools 

that enable crop area estimation through digitized boundaries and creation of 

homogenous area through reclassification of agro-ecological zones were realized.  
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2.4 Agro-ecological zone 

The role of the agroecological zone in defining the crop environment has been 

generated from the agroclimatic zone of Kenya. An agroecological zone is an area 

that is defined by its relevant agroclimatic factors and differentiated by soil pattern. 

It provides a framework for the ecological land use potential (FAO, 1996). 

Generalized agro-ecological zones were established by FAO (1996) that were suited 

for decision-making in agricultural policy. A more detailed agro-ecological 

zonation was done by Jiitzold and Kutsch (2000), which provided a more 

differentiated system showing the probabilities and risks in farming. For example, 

zone groups based on temperature belts defined according to the maximum 

temperature limits within which the main crops in Kenya can flourish were: cashew 

and coconuts for the lowlands; sugar cane and cotton for the lower midlands; 

Arabica coffee for the upper midlands; tea for the lower highlands; and pyrethrum 

for the upper highlands (Jiitzold and Kutsch, 2000). The main zones were based on 

their probability of meeting the temperature and water requirements of the main 

leading crops, i.e., the climatic yield potential, calculated by computer (FAO, 1996). 

The zones are roughly parallel with Braun's climatic zones of the 

Precipitation/Evaporation Index, with a few differences influencing the length and 

intensity of arid periods. This study intends to further generate micro-agroecological 

zones to reduce spatial variability in all the data sets that shall be generated (Jiitzold 

and Kutsch’, 2000). 

 
2.5 Crop discrimination using remote sensing data 

The crop spectral signature plays a significant role in crop identification, especially 

the mapping of cropped areas (Awad et al., 2019). This provides vital information 

that can be used to forecast crop yield in any given season of planting. Evaluation 

of the spectral signature of crops has been very useful in crop identification, 

especially during phenological cycles and spectral similarity (Duong et al., 2014; 

Kachhwaha, 1983). The spectral signature provides useful information that can be 

retrieved by analyzing the temporal signatures and directional reflectance properties 
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of vegetation (Wardlow et al., 2007). Reflectance is related to the absorption and 

transmission of each wavelength, thus representing the status of the plant under 

ambient or experimental conditions (Garriga et al., 2014). Since the early 1980s, 

crop types have been distinguished using temporal and spectral characteristics 

(Badhwar, 1982). Time periods with the highest differences between crop types are 

often previously identified (Kyei-Mensah et al., 2019). 

 
Nidamanuri and Zbell (2012) indicate that the comparison of spectral signatures 

between different authors is a problematic issue due to the many different techniques 

used for the capture of spectral field data. Furthermore, Awad et al. (2019) say that 

the creation of a database of crop spectral signatures is a complex task owing to the 

demand for consistent data from seeding to harvesting. There are other spectral 

signature libraries for agriculture research purposes, such as the SPECCHIO 

Spectral online database maintained by the Remote Sensing Laboratories in the 

Department of Geography at the University of Zurich (Hueni et al., 2009). This 

database displays metadata about crop characteristics, date of acquisition, 

vegetation biophysical parameters, soil characteristics, and other important crop 

information (Hueni et al., 2009). Bojinski et al. (2003) indicate that the library has 

been tested, albeit with the challenges of a non-structured multi-criteria query. In 

addition, crop-specific information is difficult to get due to the hundreds of records 

that the search brings. 

 
The limitation in spectral signature data for Africa was a motivation to undertake the 

current research to develop crop spectral signatures for sorghum and green gram in 

specific locations in Kenya to improve crop management and help establish precision 

in agricultural practices, especially among smallholder farmers. Heupel et al. (2018) 

found that previous studies on crop-type classification had differences regarding the 

method applied in analysis, the number and type of data sets, the study area, as well 

as the availability of field and training data. There is consequently no consistent crop-

type classification approach due to multiple regional conditions and characteristics. 
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2.6 Crop area estimation using spatial data 

According to Husak et al. (2008), a 2003 FAO study demonstrated that a significant 

portion of Africa's undernourishment can be attributed to either an overestimation or 

an underestimation of the crop area.  Many times, the planted area does not translate 

into cropped areas. This is attributed to germination effects that may result from 

various environmental conditions (Reynolds et al., 2000). These can be soil- or 

climatic-related conditions that interfere with crop growth. The estimation of cropped 

area among small-holder farmers in developing countries has faced the challenge of 

poor estimation due to unreliable data (FAO, 2013). Changes in dynamics and 

heterogeneous farming activities among these smallholder farmers make it even more 

difficult to collect ground data, which can sometimes be laborious (FAO, 2011). 

 
Mapping crops is an important measure to determine the amount of food produced, 

where it is produced, and when it is produced (Nidamanuri and Zbell, 2012). The 

increasing human population and decreasing food availability push for the need to 

monitor crop production (FAO, 2011). The advent of satellite imagery presents an 

opportunity for the estimation of cropped areas but also for the monitoring of the crop 

at different stages of growth (Heupel et al., 2018). Medium-resolution satellite 

imagery such as Landsat and Sentinel has, on different occasions, used different 

methodologies in the assessment of the cropped area under agriculture (Cunha et al., 

2010). For example, area frame sampling has been applied several times to establish 

cropped areas. The challenge of this particular methodology is the laborious field 

survey, while the use of satellite images through supervised classification has resulted 

in pixel mixing (Jamal-Eddine et al., 2018). The results are therefore not properly 

estimated in the long run. When crop classification is carried out by spectral signature 

identification, the spatial distribution of the crop can be determined (Hueni et al., 

2009). 
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2.7 Crop yield estimation using remote sensing data 

Remote sensing data has been widely applied to many research problems and 

practical applications in agriculture (Ren et al., 2012). One such solution is the use 

of remote sensing data for yield estimation. Compared to traditional data collection 

methods, the ability of remote sensing techniques to provide timely information 

over a wide spatial extent at a wide range of spatial, temporal, and spectral 

resolutions is appreciated by numerous users for yield estimation (Awad, 2019). 

Agriculture is one of the main users of remote sensing data (Moulin et al., 1998) 

and numerous research efforts have devoted time to seeking relationships between 

remotely sensed spectral information and crop yields and consequently obtaining 

robust estimation and forecasting for agricultural productions (Idso et al., 1977). 

There are two strategies that have been used in estimating crop yields based on 

remote sensing data (Ferencz et al., 2004). The first one is based on crop growth 

models, which incorporate remote sensing data into agrometeorological or 

biophysiological models (Ferencz et al., 2004). For example, Ansarifar et al. 

(2021) highlight some of the significant crop yield estimation models that are being 

used in agriculture. These models include nonlinear ones such as APSIM20, 

DSSAT21, 22, RZWQM23, and SWAP/WOFOST24, which, based on 

physiological data and soil processes, predict crop yield and other phenotypes. 

These models provide explicit interactions between traits and environmental 

conditions in different phases of the crop growth cycle (Ansarifar et al., 2021). 

However, the collection of trait measurement data and the calibration of model 

coefficients can be a challenge due to the intensive labor and time required in 

developing them (Lamsal et al., 2017). As a result, the models have low 

computation speeds and low accuracy, unlike some machine learning algorithms. 

 
Another commonly used method is to empirically relate remote sensing data to 

crop yields on a local or regional scale. These types of relationships are always 

investigated through the use of some indices generated from remotely sensed 

imagery. Wang et al. (2021) researched the assimilation of remote sensing data 
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into crop growth models in India. In this study, the potential of combining high-

resolution LAI data with crop modeling to assess crop yields at field scale was 

investigated. The study confirmed that with the assimilation of remotely detected 

satellite data, crop yields could be easily predicted under rainfed and irrigated 

conditions using field data (Wang et al., 2021). Remote sensing data uses three 

types of crop yield estimation methods: (1) empirical models based on vegetation 

indices (VIs). García-Martínez et al. (2020) (2) crop yield estimation where 

mechanistic models are combined with remote sensing data (Wang et al., 2021); 

(3) semi-empirical production estimation models that use gross primary production 

(GPP) or net primary production (NPP) for crop yield estimation. The research 

indicates that the estimation precision of net primary productivity is significantly 

influenced by the type of models and input of key surface parameters of ecosystems 

(Wang et al., 2020). Furthermore, it indicates that advancements in remote sensing 

data and the rapid development of remote sensing data processing technologies 

have resulted in NPP estimation models based on remote sensing data. As such, 

there has been improvement in the NPP estimation models (Wang et al., 2020). 

 
Studies have highlighted that plant physiology, stress, and yield capabilities are 

expressed in the spectral reflectance from crop canopies and could be quantified 

using spectral vegetation indices (Wang et al., 2021). Vegetation indices use 

empirical models’ due to their simplicity in estimating crop yield estimation (Wang 

et al., 2021). This method generally uses the vegetation index at a single growth 

stage or the combined index to enable multiple growth stages to build univariate 

or multivariate models for yield estimation (Dente et al., 2008). Vegetation indices, 

notably the normalized difference vegetation index (NDVI), have been used in the 

estimated study. It is noted that “Chlorophyll “a” and “b” in the palisade layer of 

healthy green leaves absorb most of the incident red radiant flux while the spongy 

mesophyll leaf layer reflects much of the near-infrared radiant flux" (Shen et al., 

2009). The NDVI reflects the relationship between healthy green vegetation and 

the spectral reflectance of near-infrared and red wavelengths to determine crop 
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green vegetation health and volume. This particular research study used multiple 

parameters in the estimation of sorghum and green gram yield. The generation of 

yield from satellite, soil, and relief data is crucial since each plant species depends 

on complex factors for yield formation and differs for every crop type (Lang et al., 

2023). However, research on this topic has indicated that remote sensing alone is 

generally not capable of producing accurate yield estimations (Ruby 2002). This 

has led scientists to look for other techniques that can be combined with remote 

sensing data to give better results. Present crop yield estimation uses methods and 

data sources like field surveys, expert knowledge, trend analysis, regression 

analysis, statistical models, and crop growth simulation models (Hoogenboom et 

al., 2019). In the early 1980s, Tucker (1980) found that arithmetic calculations of 

vegetation reflectance in the red and near infrared are particularly useful for 

vegetation classification. The index became most popular for studying vegetation 

health and crop production. The success of the NDVI is a result of the canopy leaf 

area index (LAI) and fAPAR (fraction of absorbed photosynthetically active 

radiation) (Myneni and Williams, 1994). The linear relationship with fAPAR and 

the NDVI enables an indirect measure of primary productivity. 

 
One obstacle that affects modeling and prediction of crop yields using remotely 

sensed data is the classification of image masks (Wardlow et al., 2007). Image 

masking, which involves analyzing a subset of pixels in a region during yield 

prediction, has been found to be important. For instance, Doraiswamy et al. (2003) 

used three years of AVHRR NDVI imagery to assess spring wheat yields in North 

and South Dakota in the US. They concluded that the most promising way to improve 

the use of AVHRR NDVI for estimating crop yields is to use better crop masks. 

Working with medium- or coarse-resolution images (about 25–100 ha/pixel) for the 

development of crop masks is difficult and not feasible at regional scale. This is 

particularly true in low-producing regions with a sparse crop distribution. The 

unmixing of medium- and coarse-resolution data for a specific crop is challenging, as 

demonstrated by Atzberger (2013) and Rembold et al. (2013). The combined use of 
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high-resolution and medium-resolution data for crop area estimation is further 

demonstrated by Zhang et al. (2013). A more feasible alternative is cropland masking, 

which refers to the use of pixels dominated by "arable land," as described by 

Doraiswamy et al. (2003). This approach neglects crop-specific growth patterns. To 

overcome the shortcomings related to cropland masking and crop-specific masking 

(Wardlow et al., 2007), they proposed a new masking technique called yield-

correlation masking. Yield crop correlation masking is challenged by the change in 

the selected landcover for yield. This requires the use of crop models in remote 

sensing to improve the accuracy of information (Wardlow et al., 2007). 

 
2.8 Crop Modeling 

Modeling is a way to simplify a system, where system is defined as a part of reality 

that contains interacting components  (Liang et al., 2008). Crops are populations of 

plants, of which the growth is managed by humans for any of the various uses they 

may have for (parts of) these plants (Jones et al., 2017). Crop modeling is a way of 

simplifying the part of reality (i.e., system) known as a crop (Hoogenboom et al., 

2019). At first, crop models were developed mainly to increase understanding of the 

basic processes of crop growth and development (Ansarifar et al., 2021). The 

increasing number of applications resulted in the development of a multitude of 

different models, and soon the need was felt to combine different models in one 

single framework for handling the modeling and analysis needs of different 

cropping systems in different environments (Hoogenboom et al., 2019). Two 

examples of such simulation frameworks are Decision Support System for Agro 

technology Transfer (DSSAT)(Boote et al., 1996), and Agricultural Production 

Systems Simulator (APSIM), (Jones et al., 2017). They provide structures to 

easily incorporate new models and to enable the simulation of different crops. The 

diversity of models leads to a diversity of reuses and abuses of models (Boote et al., 

1996). Models are used to enable the simulation, extrapolation, description and 

understanding the functions of a dynamic systems (Lamsal et al., 2017). This is not 

different for crop models: they can be and are, used for various objectives (from 
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understanding crop functioning to scenario analysis exploration) by different users 

(from researchers to policy makers) and at various scales (from gene to globe). 

Because of this plethora of models and their uses, the quest for balance in crop 

modeling between the objectives of the simulation and the approaches selected has 

become a subtle exercise (Hoogenboom et al., 2019). 

 
Crop growth modelling started in the late 1960s (Makowski et al., 2006) . Initially, 

crop models were developed to increase understanding of the mechanisms (i.e., 

physiological processes) underlying crop growth and development. Subsequently, 

the focus in crop modelling was the understanding to which main abiotic factors 

(weather and soil) constrain crop yields (Boote et al., 1996). As a result, each crop 

growth model tended to focus on one crop and one specific set of conditions. 

Different modelling approaches have been developed to simulate the same process 

(Lamsal et al., 2017). For example, various algorithms have been used for the 

simulation of biomass accumulation. Some models comprise a very detailed 

description of the processes related to photosynthesis and respiration Jones et al. 

(2017) while others use the radiation use efficiency approach Hoogenboom et al. 

(2019) representing the detailed photosynthesis and respiration models by one 

parameter. Similar differences in modelling approaches and detail can be found 

for other crop physiological processes(Lamsal et al., 2017). Therefore, there is a 

need for balanced crop modelling where the focus is the understanding of the impact 

of a wide range of conditions, while at the same time employing empirical 

approaches with the purpose of estimation, but specific to a particular set of (local) 

biophysical conditions (Husak et  al . ,  2008). 

 
Empirically derived agricultural models contain many simple relationships that do 

not completely represent actual plant processes. Testing of models against observed 

data (calibration and validation process) provides data that can be used to understand 

crop situations under current climate conditions (Makowski et al., 2006). However, 

problems can arise from the simplification of the crop models. For example, 

agricultural models make the assumption that weeds, diseases, and insect pests do 
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not exit or are controlled. Jones et al. (2017), that the soil conditions are adequate for 

the crop grown (Brisson et al., 2003), and that the weather events are within the 

normal range (Adam et al., 2012). A range of agricultural models are widely used by 

scientists, technical extension services, commercial farmers, and resource managers 

(Adam et al., 2012). 
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CHAPTER THREE  

MATERIALS AND METHODS 

3.1 Description of the study site 

This chapter outlines a description of the study area, research designs used to achieve 

each research objective, data collection methods for secondary and primary data, and 

methods used in statistical data analysis. The research was carried out in Chiakariga, 

Tharaka Nithi County, and Katangi-Ikombe Wards, in Machakos County of Kenya, 

for the year 2015,2017,2018,2020 and 2021 as shown in Figure 3.1. This research 

covered both sorghum and green gram.  

 
Figure 3.1: Map of the Ikombe-Katangi Ward and Chiakariga study area 
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3.2 Estimation of spatial distribution and spectral signatures of sorghum and 
green gram. 

 3.2.1 Spatial data for sorghum and green gram 
 
The study presents a multifaceted approach to identifying green gram-growing areas 

in semi-arid areas of agroecological zones IV and V (Figure 3.1) using a suite of 

methods, including reflectance data and image statistics, and temporal-based 

approaches to the identification of cropping patterns and spectral signature ranges for 

crop identification in specific crop stages, seasons, and agroecological zones. The 

study used a time series of 16-day, 30-m spatial resolution, seven-band reflectance 

data from the medium-resolution imaging spectroradiometer (Landsat OLI8) sensor, 

as well as ancillary spatial data sets and field plot observations, to identify and classify 

green gram areas over a large spatial extent. In this study, the demarcation of cropped 

areas was applied through field survey data and the establishment of crop spectral 

signature ranges for the same field in a particular season for a particular phenological 

stage to enable the phenological cycle and their statistical (di)similarity. Furthermore, 

the landscape vector data for the study area was acquired from the Kenyan 

administrative ward data to help extract the area of interest in the satellite imagery. 

The study used data from 2013, 2015, 2017, 2018, and 2020 to build the historical 

data required for spectral reflectance calculation while ensuring the selection of days 

with minimal to no cloud cover for the study area during the OND rains period where 

green gram and sorghum cultivation was carried out. To counter the challenges of 

non-uniformity of coverage and seasonal differentiation of crops, the research 

acquired images with similar temporal resolution, working in a specific 

agroecological zone for one phenological stage of crop in a particular growing season. 

The following equipment was used in the field: 

1. GPS device-Trimble Juno 

2. Satellite imagery (medium - Landsat 8) 

3. GIS, Remote sensing and Statistics Software (R, QGIS, ARCGIS, ENVI and 

Terrset) 

4. Soil Auger 
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3.2.2 Remotely sensed image data 

The research used Landsat 8 data for the October November December rain season 

for 5 years i.e., 2020,2018,2017,2015 and 2013 within the study area. Multi-temporal 

Landsat data have been found to be very useful in crop monitoring. The NASA 

satellites Landsat-8 provide images every 16 days with a spatial resolution of 30 m. 

Acquisition of data considered images within the same temporal resolution.  

3.2.3 Field data collection 

The field data collection followed on farm correlational research design, 

(Kitrell,1974) at and farmers surveys. The following activities were carried out in the 

field to enable the field research study to complement the data collected through 

remote sensing. The GPS coordinates extracted from the field survey from the year 

2020 was instrumental in generating data that enabled cropping pattern data 

assignment in ARCGIS software on the various parcels of farm. 

i. Farm parcel digitization 

ii. Setting up green gram farms for data collection (long and short season) 

iii. Collection of historical data on green gram farms 

iv. Soil Data Collection and Analysis 

v. Acquisition of satellite imagery data Landsat 8(2013,2015,2017,2018 and 

2020) 

3.2.4 Training data 

Ground observation data for the various cropping patterns was collected for the year 

2020, and a socioeconomic survey (Appendix 1.0 questionnaire) was conducted to 

collect more data for the cropping patterns undertaken for the last 10 years. These sets 

of data were important in understanding the changing cropping patterns across small-

holder farms. 
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3.2.5 Soil Data Collection and analysis 

Soil data was collected for all 15 farms that formed the controls within the study areas. 

The soil collected was analyzed for soil pH and soil nitrogen, potassium, and 

phosphorus at KARLO Mwea, and Figure 3-3 shows the soil sampling data collection. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2: Soil sampling in Chiakariga(A) and Ikombe-Katangi(B) study areas 

 

3.2.6 Setting up farm control in the field. 

The method used for data collection and setting up the farm controls was the 

multistage random sampling design, where a homogeneous population was generated 

through the elimination of farms that were not representative of the study (Figure 3.2 

below). The experiments was done according to Stafford et al., (2006) who used 

multistage sampling on rice fields to select plots in the landscape that had a population 

of rice farmers. This method used all digitized farms within the study area for the 

sampling design (Figures 3.6 and 3–7). The farms were digitized from online 

gazetteers (Google Earth). The number of farms in the study area was 10,000, which 

is equivalent to the total number of farms confirmed from the field survey. Figures 

A B 
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3.2. Level 1 of the sampling involved the elimination of farms under irrigation to 

remain with rainfed farms only. The irrigated farms were 5% of the total farms within 

the study area. The irrigated farms were identified through the Normalized Difference 

Moisture Index, which is calculated using the Near Infrared (NIR) and Short-Wave 

Infrared (SWIR) as follows: 

NDMI = (NIR – SWIR) / (NIR + SWIR) ……………….3-1 

Normalized Difference Moisture Index (NDMI) is used to detect moisture level in 

vegetation and therefore applied on the digitized farms in the dry season to identify 

farms under irrigation. This enabled the identification of irrigated farms using sentinel 

2 satellite and these farms were eliminated from the sample. Decision tree algorithm 

in ARCGIS software was used to preselect the rainfed farms only. 

 
This resulted in n = 9,500 farms available for sampling. Level 2 of the sampling 

involved the elimination of farms that did not have any crop planted or where the crop 

was planted late within the planting season in question, i.e., short rains (OND) from 

the total population of farms under level one. Investigation into farms that were not 

cropped was carried out using Sentinel 2 satellite data, where the Normalized 

Difference Vegetation Index (NDVI) was run for the study area. The NDVI was used 

to detect vegetation on the digitized farms in the study area. This resulted in 35% of 

9500 farms from level one being eliminated, which resulted in 6175 farms. At level 

four of the sampling, sublocation administrative data was used to select areas where 

green grams had been grown in the last five years. The first level involved 

interviewing the government extension officer to understand administrative areas 

where green gram is grown within the study area. Six sublocations out of the total of 

10 were selected, resulting in 3705 farms. Of the 3705 farms, another criterion 

selected farms where green gram had been grown for at least ten consecutive years. 

Identification of farms where green gram and sorghum have been grown was done 

through conducting a survey of three questions (whether the farmer has grown green 

gram or sorghum, the frequency of growing green gram or sorghum, and what season 

the crop was grown). The sample questionnaire can be found in Annex 1. This resulted 
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in 820 farms, of which 10% were sampled for data collection. The 10% sample 

selection was done using the formula. 

 
These steps were also followed for the Chiakariga study site, resulting in the initial 

selection of 1014 farms. There were no irrigated farms or multiple sublocations 

growing sorghum in the Chiakariga area, but all other elimination criteria were 

followed. Of the total population, 875 farms were planted late or did not plant the 

sorghum crop. There were 771 farms left for sampling. Furthermore, farms that had 

grown sorghum for the last 10 years were selected. There were 123 farms that had 

grown sorghum consecutively in the last 10 years. This means that 648 farms were 

eliminated from the initial sample population. Of the 123 farms, 10% were sampled 

for data collection. 10% of the statistics are arrived at based on a sampling study by 

Cohen et al. (2007), who discuss in detail various research methods. In his study, he 

highlights that for a sample population less than 1000, a 10% population sample size 

is representative. The 10% representative sample was selected using the formula; 

n = [(N) (p) (1 − p)] / [(N − 1) (B/C) 2 + (p) (1 − p)]…………….3-2 

Where n is the computed sample size needed for the desired level of precision; N is 

the population size; p is the proportion of the population expected to choose; B is the 

acceptable amount of sampling error, or precision; and finally, C is the Z statistic 

associated with the confidence level, which is 1.96 and corresponds to the 95% level. 

B was set at 0.05, which is ± 10, 5% of the true population value, respectively. The 

acceptable amount of sampling error or precision was set at 0.05 or 5%. A confidence 

level of 1.96 corresponding to the 95% level. 

For green gram 

Where N =820, p = 0.1, B = 0.05, C = 1.96 

n =       [(820) (0.1) (1-0.5)] / [(820-1) (0.05/1.96)2 + (0.5) (1-0.5)] 

n=        [(820) (0.1) (0.5)]/ [(819) (0.0255)2 + (0.5) (0.5)] 

n=        (41)/ (1.56+ 0.25) 

n=        41/ 1.81 

n=        22.65 ≈ 23 for green gram 
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For Sorghum 

Where N =123, p = 0.1, B = 0.05, C = 1.96 

n =       [(123) (0.1) (1-0.5)] / [(820-1) (0.05/1.96)2 + (0.5) (1-0.5)] 

n=        [(123) (0.1) (0.5)]/ [(819) (0.0255)2 + (0.5) (0.5)] 

n=        (6.15)/ (1.56+ 0.25) 

n=        6.15/ 1.81 

n=        3.397 ≈ 4  

 
The sampled farms for cropping pattern training data were 82 farms for green grams 

and 12 farms for sorghum (Figures 3.3 and 3.4, respectively). The sample size was 

increased to ensure enough ground truth data for satellite imagery training. Of the 

farms selected, there were 12 and 3 control farms for green gram and sorghum, 

respectively. A control farm involved having a pure stand of the crop in the field where 

all the good agricultural practices, such as the use of appropriate inputs (certified seed 

and fertilizers), weeding, and pest control. 
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Farms in the study area 

N=10,000 

Irrigated farms 

n=500 

Farms that are 

rainfed 

n=9500 
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planted on time 
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grams the study area 
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10% of the sample population Farms 

in the study area 
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source of water Rainfed or Irrigated  

Figure 3.3: Random sampling design for the Ikombe-Katangi study area 
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Figure 3.4: Random sampling design for the Chiakariga study area  
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The field survey was set up for the 2020 (OND) rains and the 2021 short rains. This 

exercise involved planting certified seeds, fertilizer application, weeding, and 

generally monitoring this crop from planting to harvesting (Figure 3.4 for field crop 

monitoring photos). 

 
Figure 3.5: Monitoring of the crop of sorghum (A) and green gram (B) in the 

field  

3.2.7 Spatial distribution and crop spectral signature assessment for sorghum 

and green gram 

3.2.7.1 Digitization of farm parcel boundaries using Google Earth engine 

Farm parcels within the study area were identified and GPS coordinates were 

collected, and these were used to digitize the farm using an online gazetteer, i.e., 

Google Earth. Figures 3.6 and 3.7 illustrate the farm parcel digitized, which was used 

in the calculation of the estimated area for green gram and sorghum. The study 

therefore allowed the generation of spatial distribution data for green grams and 

sorghum for the five years investigated, i.e., 2015, 2017, 2018, 2020, and 2021, over 

large areas of agroecological zones IV and V, through the use of decision tree 

A 
B 
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algorithm classification and field-generated socioeconomic data depicting the 

growing patterns of farmers using multitemporal remote sensing data. 

 
 

Figure 3.6: Digitized farm for Ikombe-Katangi, Green gram study area 
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Figure 3.7: Digitized farms for Chiakariga Ward, Sorghum study area 

 
This was a method of digitizing advanced area frame sampling by using a 

geographical information system in 4 stages. Stage one was automated object 

segmentation using high-resolution imagery such as online gazetteers like Google 

Earth to generate data that was used for farmed land sampling units based on the 

administrative units. The first step of the process was to use the feature statistics layers 

(i.e., NDVI, NDMI, and NIR) and threshold them into interest areas that approximated 

the boundaries of the thematic classes that were to be classified. This was done using 

fully convolutional networks (FCN) using MATLAB and R (Mudrik, 2019). 

Furthermore, this data was used as training data in the classification of the Landsat 8 

OLI images to obtain farmed land within the administrative units. Once the farmed 

land was extracted and classified, the decision tree algorithms were applied to separate 

rainfed and irrigated farmed lands from the initial farmed land sampling units. Once 

the rainfed farms were removed, training data from the field survey along with 

algorithms by Mudrik (2019) was applied to identify sorghum and green gram farms 
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in the Landsat 8 OLI satellite image. This provided much-needed cropped data for 

sorghum and green gram within the study area. Spatial distribution was determined 

using supervised classification using a maximum likelihood classifier. The research 

used Landsat 8 data in all four stages of the assessment of the spatial distribution of 

green gram and sorghum. 

 

3.2.7.2 Extraction of Green gram and Sorghum spectral signatures  

This involved the calculation of the top-of-atmosphere reflectance from the original 

bands for the satellite images that were downloaded for 2015, 2017, 2018, 2020, and 

2021. Table 3.1 shows the source, date, and time of the image. The calculation of 

TOA reflectance for bands 2, 3, 4, 6, and 7 is very important in the identification of 

cropped areas on Landsat 8 satellite imagery. 
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Table 3.1 Landsat 8 OLI scene satellite imagery metadata. 
Landsat 8 

product 

Type of 

product 

Path Row Date of 

acquisition 

Cloud 

cover 

LC08_L1TP Collection 2 

level 1 

168 61 20/02/2020 1.30 

LC08_L1TP Collection 2 

level 1 

168 61 2018-01-29 0.02 

LC08_L1TP Collection 2 

level 1 

168 61 2017-12-28 0.26 

LC08_L1TP Collection 2 

level 1 

168 61 2015-01-05 2.48 

LC08_L1TP Collection 2 

level 1 

168 61 2013-11-15 3.59 

 

A normalization procedure was used in order to remove variations between these 

images due to sensor differences, Earth-Sun distance, and solar zenith angle (Bruce 

and Hilbert, 2006). Conversion from DN to TOA reflectance was done using the 

equation illustrated below. Top-of-atmosphere reflectance was calculated by using the 

rescaling coefficients in the MTL format file found alongside the downloaded satellite 

images (USGS website), as shown in equations 3–3. 

ρλ′=MρQcal+Aρρλ′=MρQcal+Aρ……………….3-1 

where: 

ρλ'   = TOA planetary reflectance, without correction for solar angle.  Note that ρλ' 

does not contain a correction for the sun angle. 

Mρ=Band-specific multiplicative rescaling factor from the metadata  

(REFLECTANCE_MULT_BAND_x, where x is the band number). 
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Aρ =Band-specific additive rescaling factor from the metadata 

(REFLECTANCE_ADD_BAND_x, where x is the band number) 

Qcal = Quantized and calibrated standard product pixel values (DN) 

The TOA reflectance with a correction for the sun angle is then: 

ρλ=ρλ′cos(θSZ) =ρλ′sin(θSE) ρλ=ρλ′cos⁡(θSZ) =ρλ′sin⁡(θSE) 

where: 

ρλ= TOA planetary reflectance 

θSE = Local sun elevation angle. The scene center sun elevation angle in degrees is 

provided in the metadata (SUN_ELEVATION). 

θSZ =Local solar zenith angle; θSZ = 90° - θSE 

 

3.2.7.3 Spectral similarity assessment 

All cropping pattern spectral signatures generated and identified from the ground 

observation were subjected to the Euclidean distance spectral similarity assessment 

by comparing all patterns against possible outcomes. 

3.2.7.4 Supervised maximum likelihood classifier for land cover classification  

In this study, a statistical conclusion rule that examines the likelihood function of a 

pixel for each of the classes and assigns the pixel to the class with the highest 

probability, a maximum likelihood classifier, was used (Richards, 1999). The 

classifier assumptions are based on training statistics; each class has a normal or 

'Gaussian' distribution. The classifier then uses the training statistics to compute a 

probability value for whether it belongs to a particular land cover category class. This 

allows for within-class spectral variance. In this study, expert opinion knowledge was 

used to weight the probability function. The calculation of the variance-covariance 

matrix V for each class i in the Maximum Likelihood Classifier algorithm is illustrated 

in equation 1 below. 

𝑔𝑔𝑖𝑖(𝑋𝑋) = ln ρ(ω𝑖𝑖)  −  1
2� ln|Σ𝑖𝑖| − 1

2� (x −𝑚𝑚𝑖𝑖 )TΣ𝑖𝑖−1(x −𝑚𝑚𝑖𝑖 )……….Equation 3-4 

 

𝑊𝑊ℎ𝑒𝑒𝑒𝑒𝑒𝑒: 
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𝑖𝑖 =  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 

 

𝑥𝑥 =  𝑛𝑛 − 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 (𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑛𝑛 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) 

 

𝑝𝑝(𝜔𝜔𝜔𝜔) =   

 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡ℎ𝑎𝑎𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝜔𝜔𝜔𝜔 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎 𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 

 

|𝛴𝛴𝛴𝛴|  =  𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝜔𝜔𝜔𝜔 

 

𝛴𝛴𝛴𝛴 − 1 =  𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 

𝑚𝑚𝑚𝑚 =  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 

 

3.2.7.5 Kappa coefficient statistics for accuracy assessment 

The confusion matrix was performed by comparing the error values for each class that 

was classified with its respective value in the ground truth data. The ground truth 

points used for the accuracy assessment were obtained from the field during data 

collection. The kappa coefficient works in such a manner that the same number of 

columns and rows, which are equal to the number of classes, is achieved. The land 

cover classes in the ground-truth image head the rows, while the same classes for the 

classified image head the columns. The Kappa coefficient (K) is then calculated using 

the formula illustrated in the equation below: 

𝐾𝐾∧ = 𝑁𝑁∑ 𝑋𝑋𝑋𝑋𝑋𝑋−∑ 𝑋𝑋𝑖𝑖+𝑋𝑋+𝑖𝑖 𝑟𝑟
𝑖𝑖=1

𝑟𝑟
1=1
𝑁𝑁2−∑ 𝑋𝑋𝑖𝑖𝑟𝑟

𝑖𝑖=1 +𝑋𝑋+𝑖𝑖
………………………Equation 3-5 

Where; 

r is the number of rows/columns in the confusion matrix. 

Xii is the number of observations in row i and column i 

Xi+ is the total number of rows i 
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X+I is the total number of columns in column i 

N is the number of observations. 

 
3.3 Extraction of micro agroecological zones in the study area 

3.3.1 Agroecological zones  

This study focused on using the GIS-based multicriteria analysis (MCA) approach to 

define the subzones of agroecological zones IV and V in Kenya. This was achieved 

by applying the agroecological zonation criteria using remote sensing data. The 

process defined any changes that may affect the suitability of land for the growth of 

green gram and sorghum in AEZ IV and V. The research adopted additional 

parameters recommended by Manzi and Gweyi-Onyango (2020) to accommodate any 

changes that may result from climate change. The data used to establish the 

microclimatic zones in AEZ zones IV and V were soil, climatic, and topographic data. 

The soil data was composed of annual soil moisture averaged over 15 years, soil 

temperature averaged for 15 years, soil drainage, soil pH, and soil texture. The 

climatic data considered in the study were the precipitation average annually for 15 

years and the land surface temperature annual average for 15 years. Finally, the 

topographic data was composed of slope and elevation. 

 

3.3.1.1 Soil Characteristics 

The data on soil characteristics was used in the study area, including soil pH, soil 

texture, soil moisture, soil temperature, and soil drainage. Data sets for soil 

characteristics were extracted from the International Soil Reference and Information 

Centre (ISRIC) database and the Goddard Earth Science Data and Information 

Services Center (GIOVANNI)/National Aeronautics and Space Administration 

(NASA) website for soil moisture and soil temperature. 

3.3.1.2 Climatic parameters 

In this study, the climatic parameters that were used were rainfall and land surface 

temperatures. Rainfall data was extracted from the Climate Hazards Group InfraRed 
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Precipitation with Station Data (CHIRPS) website for the study areas in both sorghum 

and green gram. Data processing was done in an ARCGIS environment. The land 

surface temperature was extracted from the GIOVANNI/NASA website for the study 

regions for both green gram and sorghum. 

3.3.1.3 Topographical data  

The topography of the study area refers to the slope and elevation properties of the 

land in the study area. Slope and elevation were calculated using Digital Elevation 

Models (DEM), which were downloaded from the USGS Earth Explorer in the 

ArcGIS environment. The Universal Transverse Mercator (UTM) projection and the 

WGS 84 datum (WGS 84 37S) were used in ArcGIS to make the topographical maps 

and fix the projection.The slope was determined by calculating the maximum rate of 

change between each cell and its neighbors. In the output raster, each cell had a slope 

value. 

3.3.2 Mapping of micro-agroecological zones 

3.3.2.1 Multi-criteria Decision-Making GIS Analysis Tool 

This approach typically involves the use of multiple-criteria decision analysis 

(MCDA) models or decision rules for tackling spatial problems such as site selection 

problems and land use and suitability analyses (Ehrgott et al., 2010; Manzi and 

Gweyi-Onyango 2022). To successfully implement this assessment of subzones, an 

optimization model whose distinguishing characteristics have a geographical model 

was used. The quantity to be optimized is defined as the criterion in these types of 

models. 

 
The subzone was undertaken by carrying out the assessment of land suitability in AEZ 

zones IV and V. This process involves known land suitability analysis, as documented 

by Khan et al. (2022). The FAO land suitability assessment considers various 

parameters, such as climatic, geographical, soil, vegetation, and other characteristics 

of the land, to determine suitable lands for specific uses. To evaluate the land 
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suitability of pulse crop land (green gram), eleven criteria were considered: 

topography (slope and elevation), climate (rainfall, land surface temperature), soil 

characteristics (soil texture, soil drainage, soil moisture, soil pH, soil depth, and soil 

temperature). Sorghum crop multicriteria analysis picked parameters similar to green 

gram crop but differed in the weighted scores assigned for the various parameters. 

The multicriterial overlay analysis methodology is illustrated in Figure 3.8. 

 
The criteria used in the analysis were classified according to expert opinion and the 

literature. It was seen that a similar approach was used by Akinci et al. (2013), Everest 

et al. (2021), Mustafa et al. (2011), and Topuz and Deniz (2023), who used expert 

opinion in undertaking agricultural land suitability using GIS and the AHP process. 

In this study, the expert opinions were sourced from government agriculture extension 

officers who had experience and information having worked in the study area for more 

than 10 years. The weights of the criteria were assigned based on the experiences of 

agricultural extension officers within the study area, supported by different scientific 

literatures through pairwise comparison following the Analytical Hierarchy Process 

(AHP). AHP is a widely accepted decision-making method (Eskandari et al., 2012) 

that constructs a pairwise comparison matrix by assigning a value in the range of 1–

9, as shown in Table 3.1 (Saatsaz et al., 2018). This method follows that, by assigning 

values for each factor against every other (Saatsaz et al., 2018), it finally gives an 

eigenvector weight, indicating that all criteria were ranked according to their 

significance following expert opinions and literature. Several studies have proven that 

the AHP process works in building criteria for land suitability assessment as well as 

addressing other land issues. The MCDA GIS analysis process for this study is 

summarized in Figures 3–6 below. 

 

 

Table 3.2 Analytical Hierarchy Process (AHP) process 



 

 

45 

  

Intensity of 

Importance 

Definition Explanation 

1 Equal importance Two activities contribute equally to 

the objective. 

3 Moderate importance 

of one over another 

Experience and judgment slightly 

favor one activity over another 

5 Essential or strong 

importance 

Experience and judgment strongly 

favor one activity over another. 

7 Demonstrated 

importance 

An activity is strongly favored, and 

its dominance is demonstrated in 

practice 

9 Extreme importance The evidence favoring one activity 

over another is of the highest possible 

order of affirmation. 

2,4,6,8 intermediate values 

between the 

two adjacent judgments 

When compromise is needed 

Reciprocal of 

above non 

Zero Number 

If activity ‘m’ has one 

of the above non-zero 

numbers assigned 

compared to activity 

“n”, then n has the 

reciprocal value 

compared with m. 
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Figure 3.8: Subzone Multicriteria Overlay Analysis Methodology 
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3.3.2.2 Reclassification of parameters 

The raster layers were reclassified in order to create a classification parameter that 

would enable the weighted overlay analysis for the agroecological subzone or 

microclimatic zones. Based on the AHP process of assigning eigen vector weights, 

FAO criteria on land suitable for agriculture, especially sorghum and green gram, 

were used for the reclassification of all parameters. This resulted in the following 

classes: very poor, poor, moderately poor, good, moderately good, and very good. 

These classes were used as a prerequisite for MCDA analysis to classify all 

parameters. Finally, a score was assigned to each class of each parameter. The 

reclassified criteria illustrated the area and spatial distribution of the various suitability 

levels of the criteria. Priority levels among the criteria were determined with the help 

of AHP analysis, and a weight was assigned to each criterion. This was followed by 

the deployment of a weight overlay in ArcGIS and the development of a final subzone 

map. 

 
3.4 To estimate and model yields of sorghum and green grams in varied AEZ 

zones 

 3.4.1 Parameters used for crop yield estimation for green gram and sorghum 

crops 

The study used parameters derived from remote sensing for the estimation of the 

green gram and sorghum yield. The research improved on crop yield estimation by 

taking into consideration crop yield models alongside other important datasets such 

as crop signatures, micro-agro-ecological zones, and prior crop mapping to 

specifically identify cropland areas. The following parameters were used in the 

calculation and estimation of the model: 

i. Soil Moisture at 10- 40cm 

ii. Soil type (from existing soil database) 

iii. Precipitation amount        

iv. Leaf area index 
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v. Enhanced Vegetation Index 

vi. Land Surface Temperature 

vii. Nutrient status (soil fertility) that is, measure of N, P and K 

viii. Crop biomass 

ix. Crop area determined from area estimation in the previous methodology  

x. Crop type (determined from the second methodology that establishes the 

classification map of the crop varieties through crop signatures) 

 
These parameters were evaluated in the vegetative stages of growth for each of the 

crops selected for the research, as mentioned in the previous methodology on crop 

variety discrimination. The selected phenological stage of growth was determined 

based on the critical stages of growth for each crop, that is, sorghum and green grams, 

which are likely to greatly influence crop yield. The assumption was that, in these 

micro-ecological zones, variability in crop management is at its minimum and 

homogenous fields can be achieved. The yield estimation involved the extraction of 

data for the various parameters mentioned above through the methods discussed for 

each parameter. 

 

3.4.1.1 Soil Moisture 

In this study, we used Landsat 8 and sentinel TOA data to retrieve the daily 

estimation of soil moisture patterns. Soil moisture was developed using the 

perpendicular soil moisture index (PSMI), which quantifies the status of soil 

moisture using reflectance values in the red, near-infrared, and thermal bands of 

satellite imagery. The ground cover and the Thermal Infrared Red (TIR) defined the 

trapezoidal space that represents the wet (db) and dry (c-e) edges of soil moisture. 
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Figure 3.9: Perpendicular soil moisture graph. Source Shafian and Maas, 

(2015) 

 
A straight perpendicular line e-f (Di) with a slope of -1 between the wet and dry 

edges was used against the ground cover to estimate soil moisture. Perpendicular 

Soil Moisture Index (PSMI) The thermal InfraRed (TIR) variation is mainly 

influenced by soil moisture, and the relationship between the index and soil moisture 

is due to fluctuations in the thermal emittance of the surface and the proportion of 

ground cover. The process involved the following steps: performing a cell statistic 

of the thermal infrared bands and consequently normalizing the resultant TIR raster. 

𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖,𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 =
(𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 − 𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚)
𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚

… … … … … 3 − 6 

The distance Di is 

𝐷𝐷𝑖𝑖 = �𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖,𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 + 𝐺𝐺𝐺𝐺𝑖𝑖� √2⁄ … … … . .3 − 7 

The index: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 =
𝐷𝐷𝑖𝑖

1 + 𝐺𝐺𝐺𝐺𝑖𝑖
… … … … … .3 − 8 
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3.4.1.2 Soil Type 

The study used the latest spatial soil database for Kenya, SOTWIS from ISRIC data 

hub (Batjes et al., 2007),This harmonized set of soil parameter estimates for Kenya 

(KENSOTER), at scale 1:1M, compiled by the Kenya Soil Survey. The parameters 

estimates are presented by unit of soil for fixed depth intervals of 0.2 m to 1 m depth 

for organic carbon, total nitrogen, PH (H2O), CEC soil, CEC clay, base saturation, 

effective CEC, aluminum saturation, CaCO3 content, gypsum content, exchangeable 

sodium percentage (ESP), electrical conductivity of saturated paste (ECe), bulk 

density, content of sand, silt and clay, content of coarse fragments, and available water 

capacity.  

 

3.4.1.3 Precipitation amount   

The processing of the downloaded rainfall products from CHIRPS involved, 

converting the files to raster in ArcMap using the multidimensional toolbox or 

extraction of binary files using a software such as PowerISO, evaluation for 

completeness, projection to an appropriate coordinate system, rescaling to a common 

resolution and reclassifying to a similar extent for easy comparison of data from 

different sources. In this research, precipitation data from the CHIRPS website was 

downloaded and processed using ARCGIS software for use in estimating green gram 

and sorghum yield. 

 

3.4.1.4 Leaf area index 

In this study, the leaf area index was calculated using an approach by Kang et al. 

(2016). The method adopted was the EVI2 vegetation index. EVI2 is less saturated at 

high LAI ranges and is less sensitive to the soil background and atmospheric noise 

(Kang et al., 2016). It is also the strongest for crop-specific relationships. The formula 

for calculating LAI using the EVI2 vegetation index is illustrated in Equations 3–16 

below. (Long and Eitel, 2008; Name and Range, 2004) 

                             𝐿𝐿𝐿𝐿𝐿𝐿 = (5.3√𝐸𝐸𝐸𝐸𝐸𝐸2 − 1.66)
3
2 … … … … … … .3 − 9 
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(Kang et al., 2016) were able to establish that saturation is less common in 

relationships using EVI and EVI2 compared to NDVI, and in some cases, EVI and 

EVI2 are linearly related to LAI, indicating an ability to resolve LAI differences over 

a wider range of canopy conditions. In this case, the global LAI-VI relationships that 

were built by Kang et al. (2016) in Table 3.3 show the LAI-VI relationships for 

specific crops as obtained from the study. It is from this table that the coefficients for 

maize and soy beans were used for sorghum and green gram, respectively. 

 
Table 3.3: Crop coefficient for various crops vegetation indices. Source Kang et 

al., (2016)  

 

3.4.1.5 Enhanced Vegetation Index 

The study acquired the images and corrected for reflectance using equation 3-10 and 

3-11 below. Landsat 8 OLI band data was converted to TOA planetary reflectance 

using reflectance rescaling coefficients provided in the product meta-data file (MTL 
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file). The following equation was used to the convert the DN values to TOA 

reflectance for Landsat 8OLI data as follows: 

pA' =Mp*Qcal + Ap  ……………….3-10 

where: 

pA' = TOA planetary reflectance, without correction for solar angle. Note that pA' 

does not contain a correction for the sun angle. 

Mp = Band-specific multiplicative rescaling factor from the metadata 

(REFLECTANCE_MULT_BAND_x,  where x is the band number). 

Ap = Band-specific additive rescaling factor from the metadata 

 (REFLECTANCE_ADD_BAND_x, where x is the band number) 

Qcal = Quantized and ca liberated standard product pixel values (DN) 

TOA reflectance with a correction for the sun angle is then: 

pA = pA'/cos(theta_sz) = pA'/sin(theta_se)………………3-11 

where 

pA = TOA planetary reflectance 

theta_se= Local sun elevation angle. The scene center sun elevation angle in degrees 

is provided in the meta-data (SUN_E LEVATION). 

theta_sz = Local so lar zenith angle; theta_sz=90- theta_se 

The atmospherically corrected image was cropped to the extents of the study area. 

The EVI formula from equation 3-19 was applied to the georeferenced image to obtain 

EVI values of the image using any GIS platform ARCGIS10.8 or QGIS, etc. 

 EVI = 2.5 * ((Band 5 – Band 4) / (Band 5 + 6 * Band 4 – 7.5 * Band 2 + 1))….3-12 

In ARCGIS 10.8 the EVI value was calculated using the model builder tool through 

the calculate value tool, which allows the use of the Python math module to perform 

more complex mathematical operations. Once the EVI values were obtained. The EVI 

formulas used were; 

𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐺𝐺 ∗ 𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌 − 𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌 + (𝐶𝐶1𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋 − 𝐶𝐶2𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋) + 𝐿𝐿……….3-13 

and can be rewritten as; 

𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐺𝐺 ∗
𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌
𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌

−
1𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌
𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌

+ �𝐶𝐶1 − 𝐶𝐶2𝑋𝑋
𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌
𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌�

+
𝐿𝐿

𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌
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Where: 

L is a soil adjustment factor, 

C1 and C2 are coefficients used to correct aerosol scattering in the red band using the 

blue band 

The ρblue, ρred, and ρnir represent reflectance in the blue (0.45-0.52μm), red (0.6-0.7μm) 

Near-Infrared (NIR) wavelengths (0.7-1.1μm)  

G is a gain factor.  

In Landsat 8 the equation would be formulated as follows; 

𝐸𝐸𝐸𝐸𝐸𝐸 = 2.5 ∗ (
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵5 − 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵4

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵5 + 6 ∗ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵4 − 7.5 ∗ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵2 + 1
) 

 

where NIR corresponds to the near-infrared band (LANDSAT band 4), RED 

corresponds to 

The red band (LANDSAT band 3), BLUE corresponds to the blue band (LANDSAT 

band 1) 

 

3.4.1.6 Land surface temperature (LST) 

The method used was a single channel algorithm that uses one band in the thermal 

radiance region. For example, Landsat 8 has two thermal bands, band 10 and 11. The 

formula used to calculate the land surface temperature is as shown: 

𝑳𝑳𝑳𝑳𝑳𝑳 = 𝑻𝑻𝑻𝑻𝑻𝑻𝑻𝑻
{𝟏𝟏+�(𝝀𝝀𝑻𝑻𝑻𝑻𝑻𝑻𝑻𝑻𝝆𝝆 )𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳�}

     …….. 3-14 

   Where 𝜌𝜌 =h𝒄𝒄
𝝈𝝈
    …….3-15                                                                                  

Where; 

LST= Land Surface Temperature 

TToA =Brightness Temperature of the top of the Atmosphere Radiance 

𝜆𝜆= Effective Band Wavelength 

LSE= Land Surface Emissivity 

𝜌𝜌= Power emitted from the surface of the earth 

h = Planck’s constant 
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c = velocity of light 

𝜎𝜎= Boltzmann constant 
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The method used in the calculation of the temperature of the soil surface can be 

summarized in the following steps. 

a. Normalized Difference Vegetation Index and the Proportion of Vegetation 

Cover 

NDVI was used to express the amount of vegetation in a given area. It was calculated 

from the visible red and near-infrared light reflected by vegetation as shown in the 

following equation. 

                                                 NDVI=(NIR-R)/NIR+R  ……..3-16 

Using NDVI values, the proportion of vegetation cover was calculated as 

Input Band 10 

Top of atmospheric 
spectral radiance 

Conversion of 
radiance to at-
sensor temperature 

Input Band 4 Input Band 5 

Calculating NDVI 

Calculate the 
proportion of 
vegetation 
PV 

Determination of 
ground emissivity 

LST calculations 

LST results 

Figure 3.10: Summary of the process of obtaining land surface 

temperature from satellite imagery 
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𝑷𝑷𝒚𝒚 = (
𝑵𝑵𝑵𝑵𝑵𝑵𝑰𝑰𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝒎𝒎𝒎𝒎𝒎𝒎

𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝒎𝒎𝒎𝒎𝒎𝒎−𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝒎𝒎𝒎𝒎𝒎𝒎
))𝟐𝟐……3-17. 

where NDVImax = 0.5 indicates the presence of vegetation on the lands and 

NDVImin = 0.2 represents only bare soil on the surfaces of the land. NDVI value less 

than 0 indicates water, and NDVI value greater than 0.5 indicates full vegetation. 

NDVI values range between -1 and +1, which can include a mixture of vegetation. 

etc. This mixture of land surface characteristics is required for the calculation of Pv 

using the equation above. 

 
b. Determination of Land Surface Emissivity 

Emissivity is the ratio of the thermal radiation from a surface to the radiation from an 

ideal black surface at the same temperature as given by the Stefan-Boltzmann law 

(Wan and Zhao, 1997). The emissivity was calculated from reflectivity values in the 

red region of the image. where NDVI lies between 0.2 and 0.5, which was the case 

for the study area. The surface emissivity (LSE) for a given band i can be related to 

the NDVI and proportion of vegetation (Pv) (Vanhellemont, 2020), as shown in 

equation 4 below. 

 

𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖 = �
𝑎𝑎𝑖𝑖𝜌𝜌𝑟𝑟𝑟𝑟𝑟𝑟 + 𝑏𝑏𝑖𝑖                                           𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 < 0.2                  
𝜀𝜀𝑣𝑣,𝑖𝑖𝑃𝑃𝑣𝑣 +   𝜀𝜀𝑠𝑠,𝑖𝑖(1 − 𝑃𝑃𝑣𝑣) + 𝐶𝐶𝑖𝑖                 0.2 ≤ 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 ≤ 0.5       
𝜀𝜀𝑣𝑣,𝑖𝑖 + 𝐶𝐶𝑖𝑖                                                                        𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 > 0.5,     

……3-18  

Where; 

ɛv,i- emissivity of fully vegetated surfaces 

ɛs,i - emissivity of barren soil in band i 

Pv - proportion of vegetation 

ai, bi, the coefficients that can be estimated from laboratory spectra of soils using 

statistical fits, assuming that the emissivity and the reflectivity in the red band have a 

linear relationship. 

Ci, the roughness of the land surfaces. For rough and heterogeneous surfaces such as 

soil-vegetation mixed pixels; Ci denotes the increment in emissivity resulting from 

the cavity effect and multiple scattering in the mixed pixels. 
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Taking emissivity values of soil and vegetation into account from the NDVI, the 

emissivity of land surfaces (LSE) were calculated according to the NDVI-threshold 

method as; 

                                               LSE = ɛv Pv + ɛs(1-Pv) +C ……3-19   

The emissivities (ɛvand ɛs) were estimated using the MODIS UCSB (University of 

California, Santa Barbara, CA, USA) emissivity library. For example, the emissivity 

values for soil and vegetation for TIR bands 10 and 11 in Landsat 8 used are shown 

in the table 3.4 below. 

 
Table 3.4: Emissivity values of soil and vegetation 
          Emissivity Values  

TIR band 

 

Vegetation(ɛv) Soil(ɛs) 

Band 10 0.9863 0.9668 

Band 11 0.9896 0.9747 

From the above approximation were done using the following equation. 

C= (1- ɛs) (1-Pv) F ɛv ………3-20 

where F is a shape factor that was considered by under different geometrical 

distributions having a mean value of 0.55(Sobrino and Jiménez-Muñoz, 2005). 

Taking both equations into account, 

LSE = mPv+n                          ……3-21 

Where; 

m= ɛv- ɛs-(1- ɛs) F ɛv, and n= ɛs+(1- ɛs) F ɛv’ 

 
c. Determination of Top-of-Atmosphere (ToA) Brightness Temperature 

The Top of Atmosphere (TOA) Reflectance brightness temperature is a unitless 

measurement which provides the ratio of radiation reflected to the incident solar 

radiation on a given surface. The brightness temperature is uniquely related to the 

radiance for a given wavelength by the Planck function and was determined in a two-

step process. 
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Step 1: Conversion of level-1 DN values of a satellite imagery thermal infrared data 

to at-satellite 

(ToA) Spectral Radiance Values 

𝐿𝐿𝜆𝜆,𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑀𝑀𝐿𝐿 × 𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 + 𝐴𝐴𝐿𝐿,                            ……….3-22 

  

where ML is the multiplicative scaling factor for the given band. For Landsat, it is 

available in the image metadata file as RADIANCE_MULT_BAND_n, with n being 

the band;  

AL is the radiance additive scaling factor for the given band. For Landsat it is available 

in the same file as RADIANCE_ADD_BAND_n, with n being the band and  

Qcal is the level-1 pixel value stored as DN values in the image for Landsat it is 

available for both OLI and TIRS bands e.g., in Landsat 8. 

Step 2: Involved the use of L𝜆𝜆ToA Image data from the equation above to calculate 

ToA in the K (Kelvin) unit by inverting Planck’s radiation equation. 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 𝐾𝐾2
ln ( 𝐾𝐾1

𝐿𝐿𝜆𝜆𝜆𝜆𝜆𝜆𝜆𝜆
  +  1)

,                     ........3-23 

where Toa K1 and K2 are the thermal conversion constants for the given band. They 

are usually available in the image metadata file. For Landsat, they are available as 

K1_CONSTANT_BAND_n and K2_CONSTANT_BAND_n with n being the band. 

The ToA brightness temperature in degrees Celsius(°C) units can be estimated by 

subtracting 273.15 

in Equation above. 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 𝐾𝐾2
ln ( 𝐾𝐾1

𝐿𝐿𝜆𝜆𝜆𝜆𝜆𝜆𝜆𝜆
  +  1)

− 273.15                              ……….3-24 

These parameters were then used in equation 3-15  and used to calculate the land 

surface temperature. The result for these LST products was obtained from a model 

created using ARCGIS Model Builder in which all the parameters highlighted through 

equations 3-16 to 3-21 were been taken into account.   
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3.4.1.7 Crop biomass 

The study used nondestructive methods such as Spectral vegetation indices especially 

the Normalized Difference Vegetation Index (NDVI), Normalized Difference 

Moisture Index (NDMI) and Soil Adjusted Vegetation Index (SAVI. The 

methodology illustrated in Figure 3.12 below was used to establish the crop biomass 

parameter

Figure 3.11: A model showing the process involved in the calculation of the 

land surface temperature. 
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Data Acquisition 

Sentinel-2 Field data 

Image pre-processing Extraction of vegetation 
Indices  

Estimation of Biomass from 
field Samples 

Linear Relationship between vegetation 
indices and AGB 

Graphically weighted Regression 

Extraction of pixel values from 
the vegetation indices Correlation 

matrices 

AGB Maps 

Figure 3.12 Methodology for biomass estimation 



 

 

61 

  

3.4.1.8 Soil Nutrients 

1. Soil nitrogen 

Methods based on remote sensing with spectral and thermal approaches were used as 

potential indicators to allow fast identification of soil nitrogen status. Satellite data 

observations in the visible and near-infrared spectral spectra provided information on 

leaf chlorophyll content, which permits the early detection of plant nutrient 

deficiency. The methodology used in the calculation of soil nitrogen is shown in 

Figure 3.13. 

 

Figure 3.13: Methodology for extraction of soil Nitrogen 

 
The satellite imagery data from Landsat 8 OLI/TIRS was downloaded, and the three 

bands needed for true-color imagery are: B4 is red (0.64–0.67 μm), B3 is green (0.53–

0.59 μm), and B2 is blue (0.45–0.51 μm). After acquiring the image, atmospheric 

correction of the image was done, and cropping of the study area extent was 

established. Furthermore, the 250M resolution of soil nitrogen was obtained from the 

ISSRIC website, and using the ArcMap extraction tool from ArcMap, the soil values 

of random points on the map were obtained, including those obtained in the field, to 

generate enough data for the estimation of nutrients. MCRI2 and SAVI were used 

together with the blue band, red band, NIR band, SWIRR1 band, and SWIR2 band. 

Dataset aquisition

Preprocessing image

Soil sampling PLS-R Method

Obtaining nitrogen values
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2. Extraction of organic carbon, phosphorus, and potassium from soil 

Soil samples were generated from existing spatial soil nutrients datasets from the 

ISRIC website.  These were used alongside field data collected during soil sampling.  

Table 3.5 provides information on the data used for sampling.  

Table 3.5: Sources of soil nutrient data sets for use in sampling 
Data Measurement 

unit 

Depth(cm) Link 

Total 

Phosphorus 

Mg/kg 0 - 30 https://data.isric.org/geonetwork/srv/e

ng/catalog.search#/metadata/f72f569

8-4a3d-4af2-ae12-a4b1cf151cec 

 

Exchangeable 

Potassium 

Cmolc/kg 0 - 20 https://data.isric.org/geonetwork/srv/e

ng/catalog.search#/metadata/48d2e63

6-6bda-4fa3-93c0-fb689fcf3340 

 

Soil Organic 

Carbon 

g/kg 0 - 5 https://data.isric.org/geonetwork/srv/e

ng/catalog.search#/metadata/9a66a37

e-8a4e-463b-b83a-fd49049c323a 

 

The raster files obtained were for potassium, phosphorus, and soil organic carbon at 

250 m resolution. Field samples were used in conjunction with other generated 

random samples within the study area. Landsat 8 satellite imagery was used in this 

study. The Landsat images were subjected to radiometric and atmospheric corrections. 

The atmospheric correction was performed using the dark object subtraction method. 

From the satellite image, the normalized difference vegetation index (NDVI) and the 

land surface temperature were derived. The slope and elevation were also generated 

using a digital elevation model. pH, aluminum, iron, and cation exchange data were 

also downloaded from the ISRIC portal. 
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Table 3.6: Derived variable of CEC, extractable Al, and extractable iron 
Data Measurement  Depth(

c 

Link 

 unit m)  

CATION 

EXCHANGE 

cmolc/kg 0 - 5 https://data.isric.org/geonetwork/srv/

eng/catalog.search#/metadata/e0d92

1ff-5f7b-48e5-ae27-7c1515055e3b 

EXTRACTABLE 

ALUMINIUM 

mg/kg (ppm) 30 https://data.isric.org/geonetwork/srv/

eng/catalog.search#/metadata/a36f7

919-0d6e-4044-902c-64a74feade6b 

EXTRACTABLE 

IRON 

mg/kg (ppm) 30 https://data.isric.org/geonetwork/srv/

eng/catalog.search#/metadata/5cd53

36c-2f45-4430-a9a8-312aa2095cb6 

 

The organic carbon was investigated using elevation, slope, land surface temperature, 

NDVI, and pH, phosphorus was investigated using elevation, slope, land surface 

temperature, aluminum, iron, cation exchange, and pH. Potassium was investigated 

using cation exchange, land surface temperature, and pH. The equations based on the 

parameters selected were then used to predict soil nutrients within the study area.  The 

ArcGIS model builder was used to create a model that incorporates these equations. 

Figures 3.14 and 3.15 below that shows flow chart of the methodology and the model 

developed in an ARCGIS environment for use in the estimation of NPK and organic 

carbon of the study area. 
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Figure 3.14: Methodology for extraction of organic carbon, phosphorus, and potassium from soil 
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Figure 3.15: Model developed in ARCGIS environment for soil organic carbon, 

phosphorus, and potassium extraction 
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3.5 Calibration and Validation of the random forest machine learning yield 

estimation model 

Elkan proposed a general approach to update the probability estimates for a binary 

outcome y to a population with a different unconditional event probability, termed the 

base rate. b = P(y = 1) is the base rate in the population in which the model has been 

developed and assume the availability of a model for which the probabilities P(y = 

1|x) can be estimated for observations with characteristics x. To obtain updated 

probability estimates P′(y = 1|x) for observations of another population with base rate 

b′ = P′(y = 1), it is assumed that the change in base rate is the only difference between 

the two populations. In particular, the assumption is that the distribution of individual 

characteristics remains the same in both classes, that is, P(x|y = 0) = P′(x|y = 0) and 

P(x|y = 1) = P′(x|y = 1). Under these assumptions, P′(y = 1|x) can be expressed as a 

function of P(y = 1|x), b and b′  

………………3-22 

 

3.5.1 Accuracy metrics that were utilized in the validation of the yield 

estimation model are 

The root mean square error (RMSE), correlation factor (R), and relative mean absolute 

error (RMAE) are common accuracy metrics that were used in validating the accuracy 

of the GIS-based yield estimation model. The root mean square error (RMSE) is the 

standard deviation of the residuals (prediction errors). Residuals are a measure of how 

far from the regression line data points they are; RMSE is a measure of how spread 

out these residuals are. In other words, it tells you how concentrated the data are 

around the line of best fit. The correlation factor (R) measures the linear relationship 

between the predictions of the regression model and the real values. The mean 

absolute error (MAE) is the average of the estimation differences (in physical units). 

This metric is expressed as a percentage relative to the mean yield, being called 
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RMAE instead of MAE. The equation below shows how these metrics are calculated, 

where y is the real yield value, Ŷ represents the yield estimation, i is the number of 

samples, ȳ is the average of the real yield values, and Ŷ is the average of predictions: 

………………..3-23 

……3-24 

 

3.6 GIS-based farm data management tool for sorghum and green grams 

This study used the ARCGIS model builder to develop a crop data estimation tool that 

has a series of models that drive towards the final output, i.e., estimated crop area and 

crop signature range development, microclimatic mapping of the agroecological zone, 

and finally yield estimation using remote sensing data based on the data from the 

previous two steps, which form part of the entire model. The analytical part consists 

of three modules: crop area estimation module, crop signature module, agro-

ecological sub-zonation module, and finally yield estimation module. The yield 

estimation module has three sub-modules: the meteorological module, the soil 

module, and the crop growth module.  
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Spatial distribution and spectral signatures of sorghum and green grams  

4.1.1 Spatial estimation of cropping patterns in the study area under farm field 

conditions 

The cropping pattern identified in the field for the Ikombe-Katangi study area was 

greengram, maize, mixed crop maize and beans (MB), mixed crop maize and cowpea 

(MC), mixed crop maize and greengram (MG), mixed crop maize and pigeon pea 

(MP), and vegetables (Figures 4.1 a and b, respectively) and Table 4.1.  

 

Figure 4.1a: Digitized farms with cropping pattern data for crop identification 

Ikombe-Katangi study area 
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Figure 4.1b: Digitized farm with cropping pattern data for crop identification 

Chiakariga study area 
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Table 4.1: Cropping pattern data for Chiakariga and Ikombe- Katangi study 
area for year 2020,2018,2017,2015 and 2013. 

FarmID 

Farm 

Size 2020 2018 2017 2015 2013 

1 2 Mixed crop (MP) Mixed crop(MPB) Mixed crop(MP) Mixed crop(MC) Mixed crop(MP) 

2 3 Mixed crop (MP) Maize Maize Mixed crop(MP) Maize 

3 4 Mixed crop (MP) Mixed crop (MB) Maize Mixed crop(MP) Mixed crop(MP) 

4 3.5 Mixed crop (MP) Maize Maize Mixed crop(MB) Greengram 

5 2 Mixed crop(MP) Mixed crop(MP) Mixed crop(MB) Maize Mixed crop(MP) 

6 3 Mixed crop(MP) Maize Maize Maize Mixed crop(MB) 

7 8 Mixed crop(MP) Maize Mixed crop(MB) Maize Mixed crop(MP) 

8 3 Mixed crop(MP) Mixed crop(MP) Maize Mixed crop(MB) Mixed crop(MP) 

9 5 Mixed crop(MP) Maize Mixed crop(MP) Mixed crop(MB) Mixed crop(MC) 

10 5 Mixed crop(MP) Maize Maize Mixed crop(MP) Mixed crop(MB) 

11 2 Mixed crop(MG) Mixed crop(MB) Mixed crop(MP) Mixed crop(MP) Mixed crop(MP) 

12 2 Mixed crop(MP) Mixed crop(MP) Mixed crop(MPB) Mixed crop(MP) Mixed crop(MP) 

13 2.5 Mixed crop(SC) Mixed crop(SC) Sorghum Mixed crop(SB) Mixed crop(SC) 

14 2 Sorghum Mixed crop (SC) Sorghum Mixed crop(SC) Mixed crop(SB) 

15 2 Sorghum Mixed crop (SB) Mixed crop(SC) Mixed crop(SC) Sorghum 

 

The identified cropping pattern data has been presented in Table 4.1. This farmer 

survey was able to identify common cropping patterns for study areas within a 5-year 

period. Cropping intensity through multiple cropping is important for food security 

and the development of policy (Wu et al., 2018). As such, the need for correct and 

efficient cropping pattern maps is becoming increasingly important (Zhong et al. 

2014). Furthermore, the spatial distribution and temporal dynamics of crop planting 

patterns are important in the understanding of climate change and the overall response 

to environmental issues emanating from agriculture (Wu et al., 2018). Establishing 

these patterns is key to mapping spectral signature libraries. Establishing the 

difference between the planted area and harvesting is critical to understanding the 

available food for the people. Establishing cropped areas in developing countries is 

important for addressing food security issues. In addition, Wu et al. (2018) indicated 
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that the spatial distribution and temporal dynamics of crop planting patterns have great 

implications for the overall understanding of agricultural production. Smallholder 

farms are usually subdivided into parcels whose boundaries are hard to distinguish 

and/or clearly delineate (Fritz et al., 2019). Spatial information on agricultural fields 

is important for the appropriate understanding, planning, and management of crop 

growth conditions. Graesser and Ramankutty (2017) detected cropland field parcels 

using Landsat imagery. The study showed success in the use of 30 m of Landsat 

satellite imagery in farm delineation and crop pattern identification and the results 

agrees with those of Yan and Roy (2014) who provided the capabilities of crop field 

extraction from multi-temporal web-enabled Landsat data. The study indicated that, 

through an understanding of crop phenologies, complex crop probability maps can be 

generated, which is in concurrence with the current study. Medium-spatial-resolution 

remote sensing data provides the spectral-temporal profiles of the crops of interest 

using a set of multispectral images acquired within a temporal period of time (Qiu et 

al., 2022). The current research findings are in agreement with those of Feyisa et al. 

(2020), who also used a combination of farmer surveys and remote sensing was found 

to improve cropping pattern data accuracy. A study by HAO et al. (2020) similarly 

pointed out the challenges of generating early-season crop type distribution at 30 m. 

The research by HAO et al. (2020), the maximum vegetative growth period was found 

to be good for cropping pattern identification. The use of single-date satellite data, as 

was the case for current research, is confirmed by Potgieter et al. (2021), who showed 

various situations when single-date satellite data could be used, i.e., areas with limited 

images due to cloud cover. Cloud cover affected the availability of multitemporal 

images for this research, so a single-date image was considered every year. This is 

also argued by Matvienko et al. (2020) in their research on single crop classification 

approaches. The research examined the possibility of using single-date satellite data. 

Limitations of Landsat data were pointed out in a study where Saini and Ghosh (2018) 

identified complex reflectance signals within and between fields to affect crop type 

determination.   
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To counter the challenge, the research used boundary delineations, as argued by 

Castillejo-González et al. (2009), where segmentation of images and object-based 

classification reduce noise that brings spectral noise. The thematic cropland results 

capture the key cropping patterns of the study area, and the detection of individual 

field parcels illustrates the broad range of field sizes across this vast area. The crop 

classification gives the accuracy of these methods in data estimation. 

4.1.2 TOA Reflectance’s calculations 

The calculation of TOA reflectance for bands 2, 3, 4, 6, and 7, which are very 

important in the identification of cropped areas, was done, and the data is represented 

in Tables 4.2a and b for the Ikombe-Katangi and Chiakariga study areas. The top of 

the atmosphere reflectance values were different for each cropping pattern in the 

Ikombe-Katangi study area, as shown in Table 4.2a. Similarities in reflectance values 

were observed over the years for each of the cropping patterns. Table 4.2a Calculation 

of the top of the atmosphere reflectance for all the cropping patterns in bands 2, 3, 4, 

6, and 7 for the five-year period in the Ikombe-Katangi study area. 
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Table 4.2a Calculation of the top of atmosphere reflectance for all the cropping 
patterns for the band 2,3,4,5,6 and 7 for the five-year period for Ikombe-
Katangi  

Year 

Band 

Wavelength 

Mixed 

Crop 

(MPB) 

Mixed 

Crop 

(MG) 

Mixed 

Crop 

(MB) Maize 

Green 

Gram 

Mixed 

Crop 

(MP) 

Mixed 

Crop 

(MC) 

Mixed 

Crop 

(MPC) Bean 

Mixed 

Crop 

(MCB) 

2013 0.455 0.08927 0.09586 0.09782 0.09714 0.09611 0.09523 0.09042 0.09455 0.10394 0.00000 

2013 0.56 0.08397 0.09349 0.09682 0.09286 0.09467 0.09320 0.08738 0.09497 0.10117 0.00000 

2013 0.655 0.11389 0.11269 0.12533 0.11367 0.12188 0.11541 0.11783 0.11799 0.12419 0.00000 

2013 0.865 0.17718 0.19634 0.19709 0.17834 0.20016 0.18541 0.19077 0.18765 0.19208 0.00000 

2013 1.62 0.24180 0.24705 0.27321 0.24897 0.26900 0.26013 0.26677 0.26864 0.28703 0.00000 

2013 2.2 0.19331 0.19179 0.21507 0.19643 0.20815 0.20364 0.20649 0.20739 0.23309 0.00000 

2015 0.455 0.08178 0.07869 0.07738 0.07785 0.07845 0.07767 0.07505 0.07827 0.00000 0.00000 

2015 0.56 0.08142 0.07211 0.07469 0.07497 0.07489 0.07526 0.07280 0.07605 0.00000 0.00000 

2015 0.655 0.08380 0.07236 0.08117 0.08121 0.07564 0.07716 0.06525 0.08031 0.00000 0.00000 

2015 0.865 0.24936 0.19873 0.23230 0.22657 0.22178 0.23125 0.26128 0.22892 0.00000 0.00000 

2015 1.62 0.22320 0.18761 0.20874 0.20457 0.19699 0.20628 0.17366 0.19619 0.00000 0.00000 

2015 2.2 0.15126 0.12995 0.14266 0.14050 0.13043 0.13868 0.10051 0.13174 0.00000 0.00000 

2017 0.455 0.07797 0.07567 0.07891 0.07801 0.07696 0.07651 0.07704 0.00000 0.00000 0.07734 

2017 0.56 0.07738 0.07425 0.07842 0.07528 0.07466 0.07421 0.07032 0.00000 0.00000 0.07668 

2017 0.655 0.09232 0.08937 0.08987 0.08499 0.08390 0.08719 0.07688 0.00000 0.00000 0.09117 

2017 0.865 0.19938 0.19458 0.20790 0.19507 0.19822 0.19126 0.15944 0.00000 0.00000 0.20300 

2017 1.62 0.23083 0.21366 0.22584 0.21146 0.19725 0.21912 0.19497 0.00000 0.00000 0.22754 

2017 2.2 0.16924 0.15447 0.15943 0.15161 0.14430 0.15880 0.14508 0.00000 0.00000 0.16386 

2018 0.455 0.08929 0.09017 0.09379 0.09033 0.09632 0.09112 0.09249 0.08673 0.08868 0.09468 

2018 0.56 0.08767 0.09264 0.09586 0.08924 0.09672 0.09212 0.09578 0.08645 0.08932 0.09685 

2018 0.655 0.10684 0.12070 0.12362 0.11328 0.11869 0.12156 0.12807 0.11046 0.11701 0.11856 

2018 0.865 0.20444 0.21914 0.22083 0.20093 0.20667 0.21193 0.22814 0.20931 0.21768 0.21566 

2018 1.62 0.23805 0.26873 0.29415 0.25914 0.26891 0.27938 0.29846 0.24534 0.26241 0.29436 

2018 2.2 0.17199 0.19829 0.22210 0.19884 0.20345 0.21170 0.23097 0.18363 0.19895 0.21677 

2020 0.455 0.00000 0.07989 0.07765 0.07880 0.08206 0.07922 0.00000 0.00000 0.00000 0.00000 

2020 0.56 0.00000 0.07697 0.07615 0.07766 0.07916 0.07814 0.00000 0.00000 0.00000 0.00000 

2020 0.655 0.00000 0.07061 0.06397 0.06949 0.07047 0.06976 0.00000 0.00000 0.00000 0.00000 

2020 0.865 0.00000 0.24227 0.27798 0.26834 0.24387 0.26933 0.00000 0.00000 0.00000 0.00000 

2020 1.62 0.00000 0.18978 0.18944 0.19581 0.19269 0.19582 0.00000 0.00000 0.00000 0.00000 

2020 2.2 0.00000 0.11448 0.10414 0.11376 0.11354 0.11367 0.00000 0.00000 0.00000 0.00000 

 

Spectral signatures, in general, can be defined as characteristics of surface objects in 

the transmission, absorption, and reflection of electromagnetic radiation. The spectral 

signature is expected to be stable and unique for a given surface material. Spectral 

signatures have been used for a long time for object detection and classification as 
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similarly reported by Duong et al. (2014). The ability to distinguish between the 

green-up and senescence stages is especially important for the interpretation of 

satellite data over regions where multiple cropping is common as emphasized by 

Nguy-Robertson et al. (2013). Spectral spaces, that is, relationships between 

reflectances in different spectral bands, can provide additional information, from that 

gained from vegetation indices, about the phenological and physiological status of 

vegetation (Nguy-Robertson et al., 2013). The reflectance values that determine the 

spectral signature libraries for sorghum were observed for all bands across the 

different cropping patterns and years, as shown in Table 4.2b. The TOA spectral 

reflectances were different for the different cropping patterns but showed similarities 

across the years for each cropping. Several studies have supported the use of spectral 

reflectance in retrieving the properties of vegetation. For example, by using spectral 

signatures, useful information can also be retrieved by analyzing the directional 

reflectance properties of vegetation (Wardlow et al., 2007). Reflectance, shown by 

the spectral signature, is connected to the absorption and transmission of each 

wavelength. This is an indication of plant performance in real life or in an experiment 

(Garriga et al., 2014). Shelestov et al. (2017) indicate that images acquired at different 

dates during the crop growth period are usually required to discriminate against 

certain crop types. Further, Shelestov et al. (2017) indicate that issues such as (i) 

nonuniformity of coverage of ground truth data and satellite scenes; (ii) seasonal 

differentiation of crop groups; are critical when handling multitemporal satellite 

images for cropped areas. The temporal resolution of satellite data is also critical for 

crop discrimination and mapping due to the dynamic character of agricultural systems 

(Lobell and  Gourdji, 2012). 
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Table 4.2b Calculation of the top of atmosphere reflectance for all the cropping 
patterns for the band 2,3,4,5,6 and 7 for the five-year period for 
Chiakariga  

 
Crop BAND2 BAND3 BAND 4 BAND 5 BAND 6 BAND 7 

Year Wavelength 0.455 0.56 0.655 0.865 1.62 2.2 

2020 SORGHUM 0.32112577778 0.50665555556 0.58084655556 0.25338822222 0.34301233333 0.39544044444 

2018 SORGHUM 0.28889400000 0.45267160000 0.47863480000 0.16826400000 0.16191500000 0.15071280000 

2017 SORGHUM 0.29937616667 0.47473366667 0.50826100000 0.17148000000 0.16677800000 0.15194983333 

2015 SORGHUM 0.25767883333 0.42981683333 0.51798316667 0.14225700000 0.15863100000 0.14692433333 

2013 SORGHUM 0.23006400000 0.38210860000 0.47235073333 0.13865183333 0.14739180000 0.14354920000 

2020 

Mixed Crop 

SB 0.22082218333 0.37148566667 0.43560933333 0.11779908333 0.13447933333 0.13753716667 

2018 

Mixed Crop 

SB 0.12795785714 0.27312600000 0.52125757143 0.08368161429 0.12599942857 0.12923385714 

2017 

Mixed Crop 

SB 0.12287225000 0.26344275000 0.50516712500 0.08128298750 0.12502712500 0.12960975000 

2015 

Mixed Crop 

SB 0.21254851667 0.34515845000 0.47880116667 0.15284408333 0.17418625000 0.17337833333 

2020 

Mixed 

CropSC 0.29151820000 0.42769120000 0.41173240000 0.17652380000 0.15276240000 0.15094820000 

2018 

Mixed 

CropSC 0.30147633333 0.43665966667 0.37911333333 0.17603233333 0.16082333333 0.15890800000 

2017 

Mixed 

CropSC 0.26061300000 0.39292250000 0.39609050000 0.14095575000 0.14174325000 0.14496275000 

2015 

Mixed 

CropSC 0.21372000000 0.35873466667 0.48198600000 0.12918270000 0.13910666667 0.13843733333 

2013 

Mixed 

CropSC 0.19384900000 0.34371033333 0.48985600000 0.10693466667 0.13756033333 0.13874900000 

 

This study used TOA reflectance, which enhances the identification of cropped areas, 

as well as development spectral reflectance libraries (Tables 4.2 a and b) and Figure 

4.2. The study results are similar to those of from the research of Estévez et al. (2022), 

who underscored the need to rectify satellite data for atmospheric issues. The 

calculation of reflectance is crucial when creating multitemporal mosaics, as it largely 

removes variations between these images due to sensor differences, Earth-sun 



 

 

76 

  

distance, and solar zenith angle (caused by different scene dates, overpass time, and 

latitude differences) (Bruce and Hilbert, 2004). The conversion from DN to TOA 

reflectance has been applied in many studies. According to Mohan (1998), it is the 

most crucial step in producing ‘accurate’ spectral reflectance. Other studies, such as 

those by Fang and Liang (2003), have confirmed that the use of surface reflectance 

and TOA produced validly accurate results in the estimation of the LAI index. This 

has provided evidence that in some types of indices, such as LAI, atmospheric errors 

do not affect resultant outputs. Several studies have in the past advocated for the use 

of TOA to avoid potential errors that can result due to subsequent retrieval processes 

(Estévez et al., 2022). Analysis of atmospheric correction influence on spectral 

reflectance values has been researched by Liang et al. (2001) and  Rumora et al. 

(2021), or by using just one classification method (Thenkabail and  Wu, 2012). This 

particular step in the study ensured all the vegetation indices used in the crop yield 

estimation would be accurate. This part of the study looks at how spectral resolution, 

which is measured by green gram spectral signatures, impacts the amount and type of 

thematic information that can be gathered from a satellite scene, specifically how well 

it can tell the difference between plants. This argument is in accordance with those of 

Jensen (2000), who defined spectral resolution as the width of the spectral intervals 

(bands) used. A calculation of TOA reflectance increased the probability of 

identification of cropping patterns in the study area, especially with the focus of 

training data that had identified all possible cropping patterns. The current findings 

are in agreement with those of Hansen and Indeje (2004), who confirm that the 

identification of crops on agricultural surfaces was the best performed by 

multitemporal classification and the use of spectral reflectance, just as was the case 

for this particular study. Blickensdorfer et al. (2022) found that changes in 

meteorological variables make crop differences between regions bigger. To get 

around this problem, this study focused on agroecological zones where meteorological 

data is very similar. In further research, micro-agroecological factors were further 

examined for micro-climates to reduce these crop variations. 
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Figure 4.2: Spectral reflectance for Ikombe-Katangi study area for OND rains season 
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Separation of different classes and development of unique spectral libraries for each of the 

cropping patterns was achieved in this study, as shown in Figures 4.2 and 4.3 across different 

bands for sorghum and green gram. The spectral reflectance curves of different crops and 

crop mixtures were evident for all bands analyzed (2, 3, 4, 6, and 7). The spectral reflectance 

for the Ikombe-Katangi study area for the year 2018 is shown in Figure 4.2b. The ability to 

discriminate between crop types and crop mixtures is more evident at Bands 4, 5, 6, and 7. 

This is similar for spectral reflectance for the years 2020, 2017, 2015, and 2013, as shown 

in figures 4.2 a, c, d, and e. These findings agree with those of Ryerson et al. (1997) ; 

Ishimwe (2014) ; Nawaz et al. (2010), which suggest that the basis for separating one crop 

from another in remote sensing technology is the supposition that each crop species has a 

unique appearance or spectral signature. Similarly, the spectral signature of sorghum gave 

a positive result at bands 4, 6, and 7, as shown in figures 4.3 a, b, c, d, and e. The common 

practice for remote sensing is the utilization of red, NIR, and SWIR bands in vegetable 

identification (Wardlow and Egbert, 2010). Evidently, the current research was able to 

confirm this through the spectral reflectance discrimination being more evident in bands 4, 

6, and 7, which are NIR, NIR, and SWIR. The ability of Landsat satellite data to enable crop 

type discrimination is reaffirmed by Shoko et al. (2018), who used Sentinel 2 and Landsat 

8 data for spatial variation of C3 and C4 grasses. What is more important is the ability to 

differentiate grass species using Landsat data (Shoko et al., 2018). This confirms the 

research capabilities in crop type and crop pattern identification through spectral signature 

libraries for sorghum and green gram in the Kathaana and Ikombe-Katangi in the current 

study areas. 
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Figure 4.3: Spectral reflectance for Ikombe-Katangi study area OND rains season 
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The consideration of crop phenology while executing crop discrimination was also 

considered, where the research focused on the vegetative stage of growth, and this 

would give results superior to mono-temporal classifications as recommended by 

Kyei-Mensah et al. 2019; Clevers et al., 1994; Waldhoff et al., 2017). This is further 

confirmed by Shen et al. (2009), where variability in cropland is reduced through 

satellite data coverage of one key phenological phases of the crop, since surface 

reflectance changes with the growth stages of the crop. This particular approach 

improves the homogeneity of the environment by taking care of several factors that 

cause a heterogeneous nature in the identification of crops using satellite imagery. The 

use of cost-effective remote sensing data can lead to the development of a crop type 

database for the spatial-temporal identification of crop sequences (Waldhoff et al., 

2017). 

4.1.3 Assessment of the spectral reflectance discrimination for Ikombe-Katangi 

and Chiakariga study area 

The proximity matrix using Euclidian distance was calculated and is represented in 

Tables 4.3 a and b for the Ikombe-Katangi and Chiakariga study areas. The table result 

showcases the levels of dissimilarity among the various cropping patterns for each of 

the TOA reflectance’s. 
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Table 4.3a Euclidean distance proximity matrix for all cropping patterns 
identified in Ikombe-Katangi study area for all years and all reflectance 
bands 

 

The proximity matrix using Euclidian distance was calculated for three cropping 

patterns identified and surveyed in the Chiakariga study area. High levels of 

dissimilarities were identified across the cropping pattern reflectance values. The 

results are presented in Table 4.3b below. 

 
Table 4.3b Euclidean distance proximity matrix for all cropping patterns 

identified in the Chiakariga study area for all years and reflectance 
bands 

Proximity matrix (Euclidean distance):       

Cropping pattern Mixed Crop(SC) Mixed Crop(SB) Sorghum 

Mixed Crop(SC) 0 0.364 0.386 

Mixed Crop(SB) 0.364 0 0.079 

Sorghum 0.386 0.079 0 

 

The analysis looked at the levels of similarities at a dissimilarity threshold of 0.95 as 

displayed in Table 4.4aandb. High levels of dissimilarities were identified across the 

cropping pattern reflectance values. In table 4.4a the dissimilarities of cropping 

Proximity matrix (Euclidean distance): 

  

Mixed 

Crop(MPB) 

Mixed 

Crop(MG) 

Mixed 

Crop(MB) Maize GreenGram 

Mixed 

Crop(MP) 

Mixed 

Crop(MC) 

Mixed 

Crop(MPC) Bean Mixed 

Crop(MCB) 

Mixed Crop(MPB) 0 0.259 0.288 0.278 0.257 0.280 0.059 0.221 0.344 0.337 

Mixed Crop(MG) 0.259 0 0.054 0.048 0.029 0.045 0.263 0.333 0.393 0.400 

Mixed Crop(MB) 0.288 0.054 0 0.037 0.042 0.027 0.292 0.365 0.440 0.443 

Maize 0.278 0.048 0.037 0 0.036 0.017 0.284 0.350 0.425 0.424 

GreenGram 0.257 0.029 0.042 0.036 0 0.033 0.261 0.333 0.407 0.418 

Mixed Crop(MP) 0.280 0.045 0.027 0.017 0.033 0 0.283 0.349 0.426 0.430 

Mixed Crop(MC) 0.059 0.263 0.292 0.284 0.261 0.283 0 0.182 0.323 0.354 

Mixed Crop(MPC) 0.221 0.333 0.365 0.350 0.333 0.349 0.182 0 0.243 0.397 

Bean 0.344 0.393 0.440 0.425 0.407 0.426 0.323 0.243 0 0.319 

Mixed Crop(MCB) 0.337 0.400 0.443 0.424 0.418 0.430 0.354 0.397 0.319 0 
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patterns of Ikombe-Katangi study area at dissimilarity threshold of 0.95 have been 

displayed. 
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Table 4.4a: List of similar objects at a dissimilarity threshold of 0.95 for Ikombe Katangi study area for all years and 
reflectance bands 

List of similar objects(Dissimilarity threshold = 0.95): 
Object1 Object2 Dissimilarity 

Mixed Crop (MPB) Mixed Crop (MG) 0.259 
Mixed Crop (MPB) Mixed Crop (MB) 0.288 
Mixed Crop (MPB) Maize 0.278 
Mixed Crop (MPB) GreenGram 0.257 
Mixed Crop (MPB) Mixed Crop (MP) 0.280 
Mixed Crop (MPB) Mixed Crop (MC) 0.059 
Mixed Crop (MPB) Mixed Crop (MPC) 0.221 
Mixed Crop (MPB) Bean 0.344 
Mixed Crop (MPB) Mixed Crop (MCB) 0.337 
Mixed Crop (MG) Mixed Crop (MB) 0.054 
Mixed Crop (MG) Maize 0.048 
Mixed Crop (MG) GreenGram 0.029 
Mixed Crop (MG) Mixed Crop (MP) 0.045 
Mixed Crop (MG) Mixed Crop (MC) 0.263 
Mixed Crop (MG) Mixed Crop (MPC) 0.333 
Mixed Crop (MG) Bean 0.393 
Mixed Crop (MG) Mixed Crop (MCB) 0.400 
Mixed Crop (MB) Maize 0.037 
Mixed Crop (MB) GreenGram 0.042 
Mixed Crop (MB) Mixed Crop (MP) 0.027 
Mixed Crop (MB) Mixed Crop (MC) 0.292 
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List of similar objects(Dissimilarity threshold = 0.95): 
Mixed Crop(MB) Mixed Crop(MPC) 0.365 
Mixed Crop (MB) Bean 0.440 
Mixed Crop (MB) Mixed Crop (MCB) 0.443 
Maize Green Gram 0.036 
Maize Mixed Crop (MP) 0.017 
Maize Mixed Crop (MC) 0.284 
Maize Mixed Crop (MPC) 0.350 
Maize Bean 0.425 
Maize Mixed Crop (MCB) 0.424 
Green Gram Mixed Crop (MP) 0.033 
Green Gram Mixed Crop (MC) 0.261 
Green Gram Mixed Crop (MPC) 0.333 
Green Gram Bean 0.407 
Green Gram Mixed Crop (MCB) 0.418 
Mixed Crop (MP) Mixed Crop (MC) 0.283 
Mixed Crop (MP) Mixed Crop (MPC) 0.349 
Mixed Crop (MP) Bean 0.426 
Mixed Crop (MP) Mixed Crop (MCB) 0.430 
Mixed Crop (MC) Mixed Crop (MPC) 0.182 
Mixed Crop (MC) Bean 0.323 
Mixed Crop (MC) Mixed Crop (MCB) 0.354 
Mixed Crop (MPC) Bean 0.243 
Mixed Crop (MPC) Mixed Crop (MCB) 0.397 
Bean Mixed Crop (MCB) 0.319 
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Levels of dissimilarities were analysed and identified across the cropping pattern reflectance values for Chiakariga study area. In table 

4.4b the dissimilarities of cropping patterns of Chiakariga study area at dissimilarity threshold of 0.95 have been displayed. 
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Table 4.4b: List of similar objects at a dissimilarity threshold of 0.95 for 
Chiakariga study area for all years and reflectance bands 

List of similar objects (Dissimilarity threshold = 0.95): 

Object1 Object2 Dissimilarity 

Mixed Crop (SC) Mixed Crop (SB) 0.047811 

Mixed Crop (SC) Mixed Crop (SB) 0.366819 

Mixed Crop (SB) Sorghum 0.49648 

Mixed Crop (SB) Mixed Crop (SC) 0.607394 

Sorghum Mixed Crop (SB) 0.664108 

Sorghum Mixed Crop (SC) 0.384362 

 

Spectral signature matching algorithms have previously been used for vegetation 

species discrimination (Padma and  Sanjeevi, 2014). The differentiation of the 

different crops was possible, as indicated by the spectral similarity assessment of the 

study. Another study by Ahram et al. (2015), also evaluated the use of various 

methods of spectral similarity assessment. The study highlighted the use of non-

hybrid methods in the discrimination of objects with a high level of similarity. In this 

case, the Euclidean distance was selected for discrimination between the crop patterns. 

The method is deterministic and looks at the shape of the wave length (Vishnu et al., 

2013). Vajsová et al. (2020) used the Pearson correlation coefficient to check 

similarities between the NDVI time series and Sentinel 2 data. Further, Padma and 

Sanjeevi (2014) indicate that Euclidian distance focuses on the amplitude of two 

spectra, resulting in more accurate results than other methods of spectral similarity 

assessment. 

An in-depth analysis of the spectral signatures associated with green gram for all 

bands based on Figures 4.12 to 4.17 for green grams and Figures 4.18 to 4.23 gives 

an indication of the possibilities of having spectral signature ranges for the 

identification of crops or cropping patterns in the field. The spectral reflectance ranged 

from 0.07696-0.09632, 0.07466-0.09467, 0.0704047-0.12188, 0.19822-0.24387, 

0.19269-0.26900, and 0.11354-0.20815 for bands two, three, four, five, six, and 
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seven, respectively, for green gram. In addition, the spectral reflectance for sorghum 

for bands two, three, four, five, six, and seven was 0.153-0.154, 0.163-0.167, 0.155-

0.156, 0.533-0.54, 0.433-0.48, and 0.26-0.28, respectively. The graphs Figure 4.12 to 

4.17 represent the spectral reflectance ranges for green gram for all bands evaluated 

in the study for a period of 5 years, while Figure 4.18 to 4.23 represent sorghum for 

all bands evaluated in the study for the same period of time. Crop spectral features, 

which are highly related to leaf pigment content, leaf water content, and crop canopy 

structure, are important information for crop classification (Hu et al., 2017; Jiang et 

al., 2006). 

Further analysis of different bands across different years for green gram and sorghum 

was done and is represented from Figure 4.12 to 4.23. Significantly, the variations 

across the years are not far apart. Indicating that crop spectral signatures extracted for 

one season in a particular vegetative stage can relatively remain within a certain range. 

This is also confirmed by Jamal-Eddine et al. (2018) and Nguy-Robertson et al. 

(2013) studies, which indicate changes are more common across different crop growth 

cycles with minimal variability within certain crop growth stages. 

This was to ensure that unique spectral signatures could be established for each 

cropping pattern. In the study by Ahram et al. (2015), who highlighted the use of 

nonhybrid methods such as Euclidean in the discrimination of objects with a high 

level of similarity. In this case, the Euclidean was selected for discrimination between 

the crop patterns in the study. The method is deterministic and looks at the shape of 

the wave length (Vishnu et al., 2013). 
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Figure 4.4: Green gram spectral reflectance signature range per band (4.5.6 and 7) 
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The spectral signature ranges for green gram were evaluated and extracted for bands 

4, 5, 6, and 7 for the five years for the vegetative stage of growth in agro-ecological 

zones IV and V for the OND rain season, as shown in Figure 4.4. The spectral 

signature ranges for sorghum were evaluated and extracted for Bands 4, 5, 6, and 7 

for the five years for the vegetative stage of growth in agro-ecological zones IV and 

V for the OND rain season, as shown in Figure 4.5. 

 
October, November, and December are rainy season only. The similarities in the 

sigmoid curve of the TOA reflectance across the years are an indication that spectral 

signature libraries can be established through defined ranges for particular cropping 

stages, seasons, and agroecological zones. Such a similar finding with maize was 

previously reported by Kumar et al. (2021). 
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Figure 4.5: Sorghum spectral signature range for band (4,5,6 and 7) 
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The precision in the identification of these crops is highly dependent on the stage of 

the crop, the agroecological zone where most of the climatic characteristics are 

similar, as well as using one cropping season (Kumar et al., 2022), as was the case for 

this particular study. This can be explained by the reports of Vinciková et al. (2010), 

who indicated that the spectral characteristics of crops are influenced by the 

chlorophyll and water content and therefore change over the course of the growing 

season. The best results for crop identification may be achieved during the phase of 

full vegetation development, when the soil's influence on the habitat's spectral 

reflectance is lowest. However, the exact timing of the full development stages differs 

from crop to crop (Vinciková et al., 2011). To ensure an accurate result, the study 

used the vegetative stage of green gram and sorghum, where the crop was probably 

experiencing maximum growth and was adequate cover to reduce the influence of soil 

characteristics. Ultimately, crop area, crop identification, and yield data estimation 

would be accurate and easy to generate over large areas with correct spectral 

reflectance values. This research finding confirms the possibility of crop data 

estimation using earth observation data. 

 
4.1.4 Landcover classification, crop area estimation and accuracy assessment 

The data for cropping pattern data and spectral signature results obtained were used 

in the landcover classification as shown in Figure 4.24a and b. The cropping pattern 

data was used in training the classification as well as running the accuracy assessment 

of the final classification. Spectral signatures for green gram and sorghum were used 

in identifying areas that had crop during classification. 
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Figure 4.6a: Landcover classification of Ikombe-Katangi study area for the 

year 2020 OND rains season 
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Figure 4.6b: Landcover classification of Chiakariga study area for the year 

2020 OND rains season 

 
A study by Forkuor et al. (2018) has significantly proven the importance of various 

bands in a land cover classification that features other vegetation alongside crops. 

Jamal-Eddine et al. (2018) showcased the good performance of pre-processed OLI-8 

satellite data in the classification of very fragmented agricultural landscapes. The 

cropping pattern data generated was used in supervised classification using a 

maximum likelihood classifier to generate the cropped area. The results of the cropped 
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area are shown in Tables 4.5a and b. The crop area estimations in the Ikombe-Katangi 

area were 2445.93 ha, 10034.46 ha, 5981 ha, 4697.82 ha, 3743.82 ha, 586.35 ha, and 

98.37 ha for mixed crop maize green gram (MG), mixed crop maize bean (MB), green 

gram, green gram (MG), mixed crop maize pigeon pea (MP), mixed crop maize 

cowpea (MC), maize, and beans, respectively, as shown in Figure 4.4a for the year 

2020. The crop area estimations in the Chiakariga study were 1988.46 ha, 961 ha, and 

469.62 ha for cropping patterns: mixed crop sorghum bean (SB), sorghum, and mixed 

crop sorghum, respectively, as shown in Tables 4.5a and 4.5b for the year 2020. 

Table 4.5a: Area estimation for cropping pattern data in the Ikombe-Katangi 
study area 

Class 

Distribution 

Pixel Area in Ha 

Mixed crop(MG): 27,177 2445.93 

Mixed crop(MB): 111,494 10034.46 

Green gram: 66,461 5981.49 

Mixed crop(MP): 52,198 4697.82 

Mixed crop(MC): 41,598 3743.82 

Maize: 6,515 586.35 

Built Up Area 7,316 658.44 

Shrubland: 36,780 3310.2 

Bean: 1,093 98.37 

Water: 3,041 273.69 

No Data Area 1,304 117.36 
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Table 4.5b: Area estimation for cropping pattern data in the Ikombe-Katangi 
 study area 
Class  Pixel Distribution Area in Ha 

Mixed Crop(SB) 22094 1988.46 

Sorghum: 10,685 961.65 

Shrublands: 6,332 569.88 

Dryland Forest 15394 1385.46 

Shadows: 49 4.41 

Water: 256 23.04 

Mixed Crop(SC): 5218 469.62 

 

Earth observation data have proven to be an effective tool for crop area estimation 

through crop classification (Castillejo-González et al., 2009). The contribution of crop 

area to crop yield estimation accuracy cannot be ignored (Gao and  Zhang, 2021). The 

study incorporated crop area estimation as a step in the development of the crop yield 

tool for the Ikombe-Katangi and Chiakariga study areas. Maurya (2011) combined 

MODIS data and GIS techniques to undertake crop area estimation for soybean. This 

study concluded that the technique and data used enhanced the quantitative estimation 

of acreage and production of soybean. In another study by Kumar et al. (2022), 

microwave sentinel data was used in the acreage estimation of sugarcane, which 

increased the accuracy of the area estimation. The research incorporated cropping 

pattern data, which increased the accuracy level of data estimation. He study by Li et 

al. (2021) on yield estimation showcased that cultivar information in Irish potatoes 

was important for crop area estimation. This study confirms the importance of 

cropping data in yield and crop area estimation, which were used in this research to 

develop the crop model. 

The accuracy assessment of the landcover classification of the study area was 83.3% 

with Kappa coefficient of 0.8066, Table4.6a while for sorghum was 82.58% with 
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Kappa Coefficient of 0.7845. Table 4.6b. The Producer accuracy and Users accuracy 

were both 82.86 and 85.29 respectively for the green gram crop while for sorghum it 

was 85.37% and 94.59% respectively.  

Table 4.6a: Accuracy assessment result for landcover classification for 
IKombe-Katangi 

Overall Accuracy 82.61%   
Kappa Coefficient 0.794   
Class Producers Accuracy. User Accuracy. 
  (Percent) (Percent) 
Green Gram  75 100 
IrrigatedCrop 60 100 
Othercrops  100 56.25 
OtherVegShrub 100 100 
OtherVegTree 100 100 
Towns  80 100 
Water  100 100 
Baresoils  33.33 100 

 

Table 4.6b: Accuracy assessment result for landcover classification for 
Chiakariga  

Overall Accuracy 82.6% 

Kappa Coefficient 
0.7845 

  

Class    
Producers 
Accuracy Users Accuracy 

  (Percent) (Percent) 
Sorghum 85.37 94.59 
Mixed Crop(SB) 77.78 72.41 
Shrublands 84.21 94.12 
Dryland Fores 75 75 
Mixed Crop(SC) 77.78 70 
Water 93.33 100 
Total 100 100 

 

The overall accuracy was 84%, with producer and user accuracy of 82.26% and 

85.29%, respectively, for the green-gram crop in the landcover classification, which 

confirms these approaches capabilities in crop identification. Other cropping patterns 
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whose identification was equivalently good were mixed crop (MP), mixed crop (MB), 

mixed crop (MC), and bean, whose producers and users accuracy were 79.31%, 

88.89%, 70.59%, 83.33%, 100%, and 100%, respectively. The evaluation of other 

classes, such as maize, showed that 61% of producers’ accuracy and 100% of users' 

accuracy This is an indication that the identification of maize could have been 

influenced by its presence in other cropping patterns. Tariq et al. (2022) observed that 

mixed pixels reduce the impact of mapping accuracy on land covers. Other non-crop 

classes were easily discriminated against, and their accuracy was good, as shown in 

Tables 4.6a and b. The classification approach differentiated other classes very well, 

where built-up area and shrubland classes were well discriminated with producers and 

users accuracy of 92.86% and 92.86%, 83.33%, 522, and 90.9%, respectively. Upon 

the classification of the Chiakariga study area, the following classes were identified: 

sorghum and mixed crop (SB). mixed crop (SC), water, forest, and shrublands, as 

shown in Figure 4.6b. 

This multi-approach to landcover classification, especially in cropland, agreed with 

the work of Ahady and Kaplan (2021); Crnojevic et al. (2014); Mtibaa and Irie (2016); 

and Shi et al. (2020). It is a surefire way to make medium-resolution satellite imagery 

data better at identifying crops.This research builds on the need to develop spectral 

signature libraries in Africa, with more research on different satellite datasets. 

confirmation that green gram crop identification is a step towards the development of 

spectral signature libraries for Africa. Spectral signature libraries are designed for 

agricultural research purposes, such as the SPECCHIO Spectral online database 

maintained by the Remote Sensing Laboratories in the Department of Geography at 

the University of Zurich (Hueni et al. 2009). 

4.2 Micro-agroecological zone data results for the study area 

4.2.1 Analytical Hierarchy Process (AHP) results for green gram and sorghum 

The AHP results in figures 4.7 a and b and 4.8 a and b for green gram and sorghum 

document the effect of crop performance in the study area. Based on these results, it 

was clear that surface temperatures and rainfall were the highest, i.e., 18% and 15.6%, 



 

 

98 

  

respectively, for green gram. Other parameters that scored the highest values were 

12.3% and 13.9% for soil moisture and soil temperatures, as shown in Table 4.7a for 

green gram and 4.8 for sorghum. The rest of the parameters had scores ranging 

between 4.1% to 9.1% for green gram and sorghum, as shown in Tables 4.8a and b. 

The rankings are illustrated in Figures 4.7 a and b and 4.8 a and b for green gram and 

sorghum, respectively. To find the microclimatic zones in agro-ecological zones IV 

and V for the Ikombe-Katangi and Chiakariga study areas, the weighted scores were 

used in the weighted overlays. The MCDA has been widely used in different studies 

to analyze the suitability of crops for different agroecological zones as well as regions. 

Ayehu and Besufekad (2015) document the successes of weighted sum overlay in the 

identification of suitable areas for growing rice. The research points out that the 

MCDA approach using the AHP process could provide information to farmers that 

would help in the selection of cropping patterns locally. The current research is 

complemented by Victor and Samson (2019), who did a similar investigation for rice 

cultivation in Nigeria. The investigation in this study confirmed the successes of GIS-

based MCDA support in suitability analysis for crops across regions. Using the GIS-

based MCDA approach and AHP for identification of good land for different crops 

has worked well in a number of studies (Akinci et al., 2013; Mistri and Sengupta, 

2020; Mugo et al., 2016; Tercan and Dereli, 2020; Ustaoglu et al., 2021). The overall 

conclusion from these studies is that the MCDA approach can help decision-makers 

accurately identify the requirements of selected crops. Once the ranking of parameters 

was achieved, a reclassification matrix was done, as shown in Tables 4.10 and 4.11 

below. On parameters to use during the suitability analysis of a crop, Tercan and 

Dereli (2020) pointed out that slope, elevation, land use capability, and average 

temperatures were the main constraints in citrus production. Mugo et al. (2016) on the 

other hand used soil depth, elevation, slope, and aspect, which they deemed important 

in understanding suitable areas for rowing green grams in Kenya. In another study by 

Selim et al. (2018), the significance of soil parameters in avocado production is cited 

as critical. The lack of such datasets would result in spatial uncertainties. The soil 

parameters highlighted as critical in this research were soil pH, soil texture, soil 
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organic levels, and soil moistening conditions. A study by Yin et al. (2020), which 

focused on improving the weighted linear combination of MCDA and AHP, 

documents the need to include socioeconomic factors such as current use and regional 

differences. In our current study, this was improved through the consideration of 

analysis for specific agroecological zones that have already been classified for specific 

crops. A report by Manzi and Gweyi-Onyango (2020), which highlighted changes in 

climatic conditions and the need to include other important parameters, complemented 

our current research for further evaluation of any existing sub-zones. Other parameters 

of importance in this study, such as soil moisture and land surface temperatures, and 

have been documented by Rossato et al. (2017) research. The current research showed 

the significance of soil moisture through the correlation of precipitation and average 

water storage in the soil. Further, Faisal et al. (2020) documented the importance of 

the effect of drastic weather patterns on winter agricultural activity and the need for 

its consideration for future agricultural sustainability. 
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Table 4.7 Eigenvector weights for green gram sub-zonation criteria 
Criterion Comment   Weights  +/-   

1 Rainfall Extreme importance 18.0% 11.3% 

2 

Land Surface 

Temperature 
Extreme importance 15.6% 6.0% 

3 
Soil Moisture 

Demonstrated 

importance 
12.3% 4.2% 

4 

Soil 

Temperature 

Demonstrated 

Importance 
13.9% 3.9% 

5 Soil PH Strong Importance 5.6% 2.9% 

6 Soil Drainage Strong Importance 7.1% 3.7% 

7 Soil Texture Strong Importance 5.1% 1.9% 

8 
Slope 

Moderate 

importance 
4.1% 2.4% 

9 
Elevation 

Moderate 

importance 
9.1% 4.3% 

                              

                              

  Eigenvalue             Lambda: 10.996   MRE: 44.3% 

                              

  Consistency Ratio 0.37 GCI: 
0.27    CR: 7.5% 

  

MRE 

est 
47.0% 
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Figure 4.7a.0Pairwise comparison matrix for green gram sub-zonation criteria

Matrix 
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18.05%   
  

Land Surface 

Temperature 
2 1     1     1     1     4     4     5     4     1     

    
15.57%   

  

Soil Moisture 3 1     1     1     1     4     1     3     3     1         12.32%     

Soil Temperature 4 1     1     1     1     3     3     3     5     1         13.85%     

Soil PH 5  1/9  1/4  1/4  1/3 1     1     1     3     1         5.65%     

Soil Drainage 6  1/4  1/4 1      1/3 1     1     1     4     1         7.09%     

Soil Texture 7  1/4  1/5  1/3  1/3 1     1     1     1     1         5.14%     

Slope 8  1/5  1/4  1/3  1/5  1/3  1/4 1     1     1         4.14%     

Elevation 9 1     1     1     1     1     1     1     1     1         9.09%     
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The AHP process output for sorghum it is illustrated in Figure 4.8 a and b, which 

showcases the output weights. In sorghum parameters with the highest score were 

land surface temperatures and rainfall which were 19% and 15.4%. As indicated in 

Table 4.8, the other parameters that received the highest scores were soil temperatures 

and moisture, which came in at 13.9 and 12.3 %, respectively, and sorghum, which 

came in at 12.6 and 13.3 %, respectively, as indicated in Table 4.8 and Figure 4.8 

aandb. The rest of the parameters had scores ranging between 4.7% to 8. % for 

sorghum was as shown on Table 4.8 which is illustrated in Figure 4.8a andb. The 

weighted scores were therefore used in the weighted overlays to identify the existing 

micro-climatic zones within agro-ecological zone IV and V for Chiakariga study 

area.The AHP process output for sorghum is illustrated in Figures 4.8 a and b, which 

showcase the output weights. In sorghum parameters with the highest score were, land 

surface temperatures and rainfall at 19% and 15.4%, respectively. Other parameters 

that scored the highest were 12.3% and 13.9% for soil moisture and soil temperatures, 
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Figure 4.7b; Green gram sub-zonation parameter weights 
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as shown in Table 4.8, and 12.6% and 13.3% for sorghum, as shown in Table 4.8 and 

Figure 4.8 a and b. The rest of the parameters had scores ranging from 4.7% to 8.7% 

for sorghum, as shown in Table 4.8, which is illustrated in Figures 4.8a and b. The 

weighted scores were therefore used in the weighted overlays to identify the existing 

micro-climatic zones within agro-ecological zones IV and V for the Chiakariga study 

area.  
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Table 4.8 for eigenvector weights for sorghum sub-zonation criteria 
Criterion Comment Weights     +/-    

1 Rainfall Extreme importance 19.0% 11.2% 

2 

Land Surface 

Temperature 
Extreme importance 15.4% 6.2% 

3 Soil Moisture Demonstrated importance 12.6% 4.6% 

4 Soil Temperature Demonstrated Importance 13.3% 3.7% 

5 Soil PH Strong Importance 5.8% 3.2% 

6 Soil Drainage Strong Importance 6.9% 3.2% 

7 Soil Texture Strong Importance 5.2% 1.7% 

8 Slope Moderate importance 4.7% 2.1% 

9 Elevation Moderate importance 8.0% 3.5% 

                              

                              

  Eigenvalue             Lambda: 10.895   MRE: 41.8% 

                              

  Consistency Ratio 0.37 GCI: 
0.24    CR: 6.7% 

  

MRE 

est 
44.6% 
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Figure 4.8a. Pairwise comparison matrix for sorghum sub-zonation criteria 

Matrix 
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19.05%   
  

Land Surface Temperature 2 1     1     1     1     4     4     5     3     1         15.41%     

Soil Moisture 3 1     1     1     1     4     1     3     3     1         12.57%     

Soil Temperature 4 1     1     1     1     3     3     3     3     1         13.30%     

Soil PH 5  1/9  1/4  1/4  1/3 1     1     1     3     1         5.75%     

Soil Drainage 6  1/4  1/4 1      1/3 1     1     1     3     1         6.86%     

Soil Texture 7  1/4  1/5  1/3  1/3 1     1     1     1     1         5.15%     

Slope 8  1/3  1/3  1/3  1/3  1/3  1/3 1     1     1         4.72%     

Elevation 9  1/3 1     1     1     1     1     1     1     1         8.01%     
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4.2.2 Reclassified and weighted Agroecological zone IV and V study area 

The reclassified raster layers resulted in classes such as very poor, poor, moderately 

poor, good, moderately good, and very good, as visualized in Tables 4.10 and 4.11 for 

soil moisture, land surface temperatures, rainfall, soil temperature, soil drainage, soil 

texture, and soil pH in green gram and sorghum, with the overall subzone statistics 

shown in Table 4.9. The parameter raster layers used in the weighted overlay are 

shown in Figures 4.9 to 4.11 below. 
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Figure 4.8b: sorghum sub-zonation weights 
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Table 4.9: Agroecological zone lower midland IV and V subzone statistics 

 

Table 4.10: Reclassified parameters for green gram in agroecological zone IV 
and V 

Classes 

Parameters 

Class 

I(VP) 

Class II 

(P) 

Class 

III(MP) 

Class IV 

(G) 

Class V 

(MG) 

Class VI 

(VG) 

Land surface 

Temperature 

<13oc 13-23oc 37-41oc 34-37oc 31-34oc 23-31oc 

Soil Moisture <2.0% 2.0-3.5% >6.0% 5.5-6.0% 3.0-4.5% 4.5-5.0% 

Soil 

Temperature 

<5oc 5-14oc 14-20.5oc 27-30oc 25-27oc 21-25oc 

Soil PH <3.0 3.0-4.0 >7.0 4.5-5.0 5.0-6.0 6.0-7.0 

Soil Texture Sand, 

Clay 

Silt clay Silt clay 

loams 

Silty loam, 

sandy loam, 

loamy sand 

Clay loam, 

Loam 

Sandy 

clay 

loams, 

sandy 

clay 

Soil Drainage Very poor poor Imperfect, 

moderately 

drained 

Somewhat 

excessively 

drained 

Excessively 

drained  

Well 

drained  

Rainfall >1200mm 1000-

1200mm 

800-

1000mm 

600-800mm 200-400mm 400-

600mm 

Slope  >20% 16-20-% 12.0-16% 8.0-12% 4.0-8% 0-4% 

Elevation >1700m 1300-

1700m 

1000-1300m 700-1000m` 400-700m <400m 

 

  

Zone Soil 

PH 

Soil 

Texture 

Soil 

Drainage 

Soil 

Temperature 

Land Surface 

Temperatures 

Rainfall Soil 

Moisture 

Elevation  Slope 

1 5.0 1.0 5.0 23.0 22.0 1265.0 6.0 1500.0 3.4 

2 6.0 1.0 5.0 23.0 30.0 1104.0 4.5 1318.0 4.1 

3 7.0 6.0 5.0 23.0 36.0 618.0 5.7 461.0 5.3 

4 7.0 6.0 5.0 23.0 36.0 527.0 5.6 423.0 5.5 

5 6.0 6.0 5.0 23.0 36.0 527.0 5.6 432.0 5.5 
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Table 4.11: Reclassified parameters for Sorghum in agroecological zone IV and 

V 
Classes 

 

Parameter 

Class 

I(VP) 

Class II 

(P) 

Class 

III(MP) 

Class IV 

(G) 

Class V 

(MG) 

Class VI 

(VG) 

Land surface 

Temperature 

<13oc 13-23oc 37-41oc 34-37oc 31-34oc 23-31oc 

Soil Moisture <2.0% 2.0-3.5% >6.0% 5.5-6.0% 3.0-4.5% 4.5-5.0% 

Soil Temperature <5oc 5-14oc 14-20.5oc 27-30oc 25-27oc 21-25oc 

Soil PH <3.0 3.0-4.0 >7.0 4.5-5.0 5.0-6.0 6.0-6.7 

Soil Texture Sand ,Clay Silt clay Silt clay 

loams 

Silty loam, 

sandy loam, 

loamy sand 

Clay loam, 

Loam 

Sandy clay 

loams, 

sandy clay 

Soil Drainage Very poor poor Imperfect, 

moderately 

drained 

Somewhat 

excessively 

drained 

Excessively 

drained  

Well drained  

Rainfall >1200mm 1000-

1200mm 

800-1000mm 600-800mm 400-600mm 200-400mm 

Slope  >20% 16-20-% 12.0-16% 8.0-12% 4.0-8% 0-4% 

Elevation >1700m 1300-

1700m 

1000-1300m 700-1000m` 400-700m <400m 

 

The spatial analysis of the Digital Elevation Model (DEM) was done and resulted in 

a derivative map of elevation as shown in Figure 4.9a. This was used as input to 

quantify the characteristics of the land surface, which is important in agroecological 

zone IV and V microclimatic zone analysis. 
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Figure 4.9: Agroecological zone IV and V DEM, slope, rainfall and land surface 

temperature ikombe-katanga and Chiakariga study area 
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D C 
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A further analysis of the DEM-generated slope is shown in Figure 4.9 part B. The 

slope was calculated for each raster cell of the DEM using the elevation values of the 

cells and their neighbours. The elevations for the study areas were 830 to 1380 m and 

382 to 832 m above the sea level for the Ikombe and Chiakariga study areas, 

respectively. The percent slope generated ranged from 4.43 to 17.74% for both the 

Ikombe and Chiakariga study areas, respectively. Generally, relatively lower slopes 

have been found to be better for cultivation than steeper ones (Fox et al., 1997). The 

slope characteristics were also classified based on the crop requirements for both 

sorghum and green gram. The slope requirement for the green gram, as documented 

by Mugo et al. (2020), shows that the crop performs well at 50–600 meters above sea 

level. On the other hand, based on the sorghum manual for semi-arid areas of Kenya 

by the Ministry of Agriculture, Livestock, and Fisheries Kenya, the crop grows well 

at an elevation of 1500 m or less above sea level. The slope most appropriate for green 

grams, according to Mugo et al. (2016), is 0–10%. In the sorghum-growing area, a 

suitable slope is not more than 10% for better crop production (Muzira et al., 2021). 

Fox et al. (1997) showed that steep slope gradients affect the infiltration of 

precipitated water; hence, it is very critical to consider slope when undertaking micro-

agroecological sub zonation. 

The rainfall parameter was also analysed in the ARCGIS environment and resulted in 

a derivative map for the study area, as shown in Figure 4.9-part c. The rainfall amount 

for Chiakariga was 1200 mm and above, while that of the Ikombe study area ranged 

from 600 mm to 800 mm. The impact of rainfall on crop production has been 

overemphasized by the various studies. For example, Kyei-Mensah et al. (2019) 

documented the impact of changes in intra-seasonal, inter-seasonal, and annual 

rainfall variability. Other studies, such as Mugo et al. (2016), retaliated on the 

significance of precipitation on crop productivity. Over the years, decreasing rainfall 

amounts in semiarid areas have led to a preference for sorghum as a crop (Muui et al., 

2013; Dorcas et al., 2019). Abdullah-Al-Faisal et al. (2021) explored the impact of 

rising land surface temperatures on crop yield. The study documents that the changes 

in land surface temperatures have been closely associated with land use and land cover 
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changes over the years, with cropped areas showing significant changes over the 

years. The current study used rainfall and land surface temperature, which are very 

important as they influence crop growth. The land surface temperature was analysed, 

and the patterns for the study area were established as shown in Figure 4.9-part d. The 

land surface temperatures for the Chiakariga and Ikombe ranged from 31 to 34.6 oC. 

  



 

 

112 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.10: Agroecological zone IV and V results for soil moisture, 

temperature, pH and texture ikombe-katanga and Chiakariga study area 
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The soil moisture was extracted, and the results ranged from 3.7% to about 4.0% for 

the Ikombe-katangi and Chiakariga study areas, as shown in Figure 4.10 part a. The 

soil temperature was analyzed for the Ikombe-Katangi and Chiakariga study areas, as 

shown in Figure 4.10 part b. The results show soil temperatures ranging from 25 °C 

to 28 °C. The soil pH was assessed for the Ikombe-Katangi and Chiakariga study 

areas. The results showed that the soil pH ranged from 6.0 to 6.7 for both study areas, 

as shown in Figure 4.10 part c. The soil texture was assessed from the SOTWIS 

database, updated in 2021. The Ikombe-Katangi and Chiakariga study areas showed 

sand clay and sand clay loam textures, as shown in Figure 4.10 part d. The soil 

drainage was analyzed, and the results showed that the soils in the Ikombe-Katangi 

and Chiakariga study areas had well-drained soils, as shown in Figure 4.11. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.11: Agroecological zone IV and V results for soil drainage in ikombe-

katanga and Chiakariga study area 
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The uptake of nutrients in sorghum is influenced by soil pH (Manzi et al., 2023a) and 

the drainage of the soils, as documented in the sorghum manual for semi-arid areas of 

Kenya by the Ministry of Agriculture, Livestock, and Fisheries Kenya. Checking 

these parameters is crucial for the performance of crops in the field. In addition, soil 

texture has been found to have a very profound effect on other soil properties, 

therefore influencing crop growth. Soil moisture and soil temperature influence the 

growth parameters of sorghum and green gram by providing the water and 

temperature levels required for appropriate crop growth (Manzi and  Gweyi-Onyango, 

2020). A study conducted in the Muooni catchment in the eastern parts of Kenya by 

Luwesi et al. (2017) showed declining soil moisture and drought severity, which have 

changed the ecological functions of the area. Bunn et al. (2015) did a 

multiclassification of the agroecological zone of Coffee arabica. Their research 

showed the increasing changes in different zones due to climate change. In addition, 

a study conducted in Egypt (Swelam et al., 2022) documented the effects of 

microclimates on irrigation requirements and water footprints in different regions. 

Further, the publication by Manzi and Gweyi-Onyango (2020) advocates for the use 

of additional parameters that were not considered in the initial zonation of 

agroecological zones, such as land surface temperatures, soil moisture, and soil 

temperature. In this research, the new parameters used are shown in figures 4.10 part 

c and d. In addition, topographical characteristics such as elevation and slope were 

also considered. Rainfall amounts and distribution, which have been experiencing 

drastic changes over the years due to climate change, were also put into consideration 

in developing the micro-climatic zones. Abd-elmabod et al. (2019) point out the need 

to use soil and climatic parameters alongside agricultural management databases for 

the purposes of land use planning to address issues of land vulnerability and suitability 

for farming. This research by Abd-elmabod et al. (2019) further points out how land 

degradation has affected soil productivity, which has ultimately had a negative impact 

on food security. In another study by Onduru and Preez (2008), parameters such as 

rainfall, soil pH, soil drainage, soil texture, and temperature were used in the 

investigation of suitable areas for crop irrigation. Wenner (1983) used, in the 
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investigation of suitable areas of cropping in Nepal, soil texture, soil PH, soil drainage, 

and slope, among other factors. Studies by different workers (Mugo et al. 2016; 

Kahsay et al. 2018; Region 2018; Koomson et al. 2020) have reported and emphasized 

the importance of these parameters and the critical role they play in crop productivity. 

The weighted overlay of the parameters analysed resulted in five subzones for 

agroecological zones IV and V in Tharaka Nithi and Machakos counties, as displayed 

in Figure 4.12, indicating the presence of micro-climatic zones in the study area. The 

parameters for each of the subzones were generated using spatial analysis and zonal 

statistics in the ArcGIS environment, as shown in Table 4.9. This research was able 

to define four subzones that exist within the agroecological zone lower midland IV 

and V of Tharaka Nithi and Machakos counties based on the parameters that were 

analysed, as shown in Figure 4.12. Sub-zone 5 fell outside the boundaries of lower 

midland zones IV and V, as shown on the map. The results of the investigation are 

displayed in table 4.12. According to the results, there was variation in land surface 

temperatures, where sub-zones 1 to 4 had mean land surface temperatures of 22oC and 

30oC, while the rest had 36oC, respectively, as estimated from the mean distribution 

of the area of study using ArcGIS zonal statistics. Land Surface temperatures, as 

described by Abdullah-Al-Faisal et al. (2021), influence photosynthesis, water and 

nutrient absorption, transpiration, respiration, and enzyme activity. Mugo et al. (2020) 

highlight that a suitable temperature for seed germination and proper growth in the 

case of green gram is between 28oC and 30oC. This is also the case with sorghum, 

which can survive in a wide temperature range, from 15oC to 35oC. Furthermore, the 

research confirmed that temperatures falling outside of this range are likely to 

negatively influence the growth of the crop. In the study by Mugo et al. (2020), most 

of Kenya, including the study area of the current research, were found to be 

moderately suitable for green gram production. This study carried out the sub-

zonation of agroecological lower midland zones IV and V. It was evident that within 

the moderately suitable areas of green gram production, some pockets were 

established to be highly suitable. From Figure 4.9part d, based on the land surface 
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temperatures, one can identify that zones 3 and 4 were found to be more ideal for 

green gram production, while zones 2, 3, and 4 were suitable for sorghum production. 

Mugo et al. (2020) research indicates that the optimum rainfall amount for green gram 

should be within 250–350 mm of rainfall, while for sorghum, it should be 250–400 

mm, according to the “Enhancing Sorghum Semi-Arid Kenya” manual by the 

Ministry of Agriculture, Livestock, and Fisheries (MOALF). In addition, the 

moderately suitable areas had rainfall amounts of 350–600 mm (Mugo et al. 2020). 

Zones 3 and 4, whose land surface temperatures were suitable for the growth of green 

gram, had mean rainfall amounts of 618 and 527 mm, respectively. This rainfall range 

is also adequate for green gram production. In sorghum production rainfall amounts 

of about 600mm were adequate for germination and crop growth (Kahsay et al., 

2018). A study conducted by Hossen et al. (2021) for suitable areas for mung bean 

production in Bangladesh and highlighted that elevations of 0–1600 m above sea 

level, optimum temperatures of 28–30oC, and comparatively low rainfall amounts 

were favourable. Soil temperature levels of 20oC to 25oC have been found to be 

optimal for legumes, while 28oC to 30oC have been found to be adequate for cereals 

(Feyisa et al., 2020). Feyisa et al. (2020) showed that temperatures of 20oC to 35oC 

were optimum for the germination of the green gram crop, while the optimum seed 

germination and growth of sorghum were found to be 20oC to 30oC by Anda and 

Pinter (1994). In terms of soil temperature, all zones, i.e., 1 to 4, were found to be 

within a suitable range for optimum germination and growth of the green gram crop. 

This means that the parameter did not influence the sub-zonation in the MCDA 

analysis. This was also true for soil drainage, which was well drained in all zones. 

Soil moisture levels have been found to play a critical role in the germination of the 

seed and are highly dependent on the amount of precipitation as well as the 

precipitation rate, type of soil, and slope of the land. Rainfall amounts do not directly 

translate to the available soil moisture for crop growth (Li et al., 2014). The soil 

parameters used in this study, i.e., soil pH, soil texture, and soil drainage, were found 

to be good for the germination of green gram and sorghum crops. The soil pH for 

agroecological lower midland zones IV and V ranged from 6.0 to 7.0, and the soil 
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texture was sandy clay loams with a few pockets of clay soils (Figure 4.12). In 

addition, the soils were well drained. Figure 4.36 shows that the elevation ranges from 

423 to 1500 m above sea level, while the slope is generally 3.4-5.5%, which is ideal 

for green gram and sorghum production. (Mashao and Prinsloo, 1994) indicate that 

the ideal soil characteristics for sorghum production are soils whose clay content is 

10 to 30%, with a pH of 5.5, 50, or 8.0 being well tolerated. Further, the study points 

out that sorghum can tolerate a short period of waterlogging; otherwise, well-drained 

soils are good for sorghum. 

 

Figure 4.12: Results of Micro-Zone of agroecological zone IV and V of the 

study area 
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On the other hand, Karienye et al. (2019) point out that semi-arid and arid areas are 

good for sorghum production. The ecological requirements of green gram, according 

to Mugo et al. (2016), terms of soils should be well-drained loamy to sandy loamy 

soil, and the pH should be 6.0 to 7.0 in well-drained soil. Mugo et al. (2016) found 

that in the research for the identification of suitable land for green gram production in 

Kenya, optimum conditions were found to be well-drained soils with a pH of 6.2 to 

7.0, loam to sandy loam soil, and a slope of between 0 and 10%. These studies confirm 

that agroecological Lower Midland Zone IV and V soil characteristics are good for 

sorghum and green gram production (Manzi and Gweyi-Onyango 2020). These 

research findings focus on the rainfall, land surface temperature, soil moisture, and 

soil temperature that have had an impact on the production of green gram and sorghum 

in the study area. It is confirmed that while some areas or zones remain good for the 

production of green gram and sorghum, other zones have changed due to the changing 

rainfall amount and land surface temperature over the years. 

4.3 Sorghum and green grams crop yield results under farm field conditions 

Ten parameters from remote sensing-based data were used in the estimation of 

sorghum and green gram yield under farm field conditions. The data generated for the 

various parameters is shown in Figures 4.13–4.19. The generation of the parameters 

used in yield estimation was also done and validated with field data collected as shown 

in Table 4.12. The field validation data is shown in Tables 4.15–4.20, while the 

validation results are displayed in Figures 4.20–4.24. The leaf area index was 

calculated using the EVI results and validated using field results from the two study 

areas. These results of the extracted parameters are shown in Figure 4.13a, b, and c, 

and 4.14a, b, and c for sorghum and green gram crops, respectively. The LAI ranged 

from 1.068 to 1.77 for green gram and 3.0 to 4.48 for the sorghum crop. The EVI 

results were 0.36 to 0.6 and 0.5 to 0.6, while the biomass ranged between 740 and 

1490 kg/acre and 2160 and 1650 kg/acre for sorghum and green gram. Respectively. 

The average biomass was 1170 kg/acre and 1890 kg/acre for sorghum and green gram 

respectively. Leaf Area Index (LAI), which is the total green leaf area (double-sided) 

per unit horizontal ground surface area of vegetation canopy Watson (1958; Fernandes 
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et al., 2014; Manzi et al., 2023b) is an essential biophysical variable. It is used in soil-

vegetation-atmosphere modeling (Anav et al., 2013; FAO, 2008; Launay and  Guerif, 

2005; Laurent et al., 2014). 

Table 4.12: Field data results for the study area 

CROP 

SOIL 

PH 

 N in 

g/kg P g/kg K g/kg 

YIELD 

IN KG size of farm 

Green grams 6.5  0.121 0.478 131.4 40  

Green grams 7.1  0.03 1.308 124.8 90 1 

Green grams 7.8  0.029 0.465 116 5 1 

Green grams 7.2  0.092 0.778 118.3 70 1 

Green grams 7.5  0.096 0.098 125.8 10 1 

Green grams 7.0  0.015 4.637 114.2 8 1 

Green grams 7.9  0.028 1.970 136.4 40 1 

Green grams 7.8  0.037 3.488 106.6 120 1 

Green grams 7.8  0.035 2.049 128 25 1 

Sorghum 7.8  0.006 0.305 47.5 100 1 

Sorghum 7.6  0.052 3.125 107.9 450 1 

Sorghum 7.9  0.02 0.872 123.8 1950 2 

 

In agroecosystems, the total leaf area of the crop canopy is one of the key constraints 

on carbon assimilation and transpiration rates, which drive the accumulation of crop 

primary productivity (Nguy-Robertson et al., 2013). Therefore, LAI is required to 

estimate photosynthesis, evapotranspiration, crop yield, and many other physiological 

processes (Cao et al., 2015). The EVI has frequently been used for crop growth and 

yield-related research as a remote sensing parameter (Huang et al., 2019; Kogan et 

al., 2012; Liu et al., 2014; Zhang et al., 2014). EVI-based crop growth metrics are 

much closer to capturing crop status and growth characteristics, and growth metrics 
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can be much more correlated to crop yield than an NDVI (Huang et al., 2019). 

Similarly, this study used EVI indices to ensure that the crop yield estimation would 

be accurate. 

4.3.1 EVI, LAI and biomass results for green gram and sorghum 

 

 

 

 

 

 

Figure 4.13a, b andc: Leaf Area Index, Enhanced Vegetation Index and 

Biomass results for Sorghum crop in Chiakariga study area 

 

 

 

 

hui 

Figure 4.14a, b andc: Leaf Area Index, Enhanced Vegetation Index and 

Biomass results for Green gram crop in Ikombe-Katangi study area 

 

LAI is one of the important parameters that reflect the crop growth stages of 

vegetation and is widely used in the quantitative analysis of crop models (Parker, 

2020; Yan et al., 2019). (Parker, 2020) reiterates on the importance of leaf area index 

(LAI) by discussing remote sensing models used in its estimation. Several studies 

have extracted biophysical parameters from satellite imagery (Hui and Yao, 2018; Yu 

et al., 2019) and assimilated them into simulation models. Kang et al. (2016) 

a c b 

a b c 
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successfully assimilated Landsat-derived LAI time series into crop model simulations 

using ensemble Kalman filters for individual fields or pixels. The EVI ranges for 

green gram and sorghum were found to be 0.36–6.0 and 0.5–6.0, respectively, which 

is typical of many crops at that vegetative stage (Shammi and Meng, 2021). The 

biomass values obtained were found to be within the normal range of wet biomass at 

the vegetative stage in semi-arid areas for sorghum and green gram (Service and 

Moines, 2018). The covariance correlation matrix between the extracted and observed 

data for the LAI was R2 = 0.93 and R2 = 0.99 for green gram and sorghum, 

respectively, as shown in Figure 4.15a and b. The results used in the correlation matrix 

are shown in Table 4.13. 
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Figure 4.15a: Regression results for remote sensing-based leaf area index 

correlations with green gram field data 
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Figure 4.15b: Regression results for remote sensing-based leaf area index 

correlations with sorghum field data 
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Table 4.13: Field and remote sensing extracted Leaf Area Index Data 
Crop Observed LAI Estimated LAI 

Green Gram 1.068 1.2333 

Green Gram 1.13315 1.100 

Green Gram 1.7425 1.8667 

Green Gram 1.07165 1.0667 

Green Gram 1.25095 1.3333 

Green Gram 1.67 1.8333 

Green Gram 1.77275 1.7667 

Green Gram 1.7472 1.7333 

Sorghum 3.1023 3.02972 

Sorghum 3.02451 3.04582 

Sorghum 4.3567 4.48495 

 

4.3.2 Soil organic carbon, Land surface temperatures and soil moisture results 

for green gram and sorghum study areas 

Soil organic carbon, land surface temperatures, and perpendicular soil moisture index 

were extracted as shown in Figures 4.17 a, b, and c and 4.18 a, b, and c for sorghum 

and green gram, respectively. The extracted values for soil organic carbon ranged 

from 0.1369–16.0325 g/kg and 10.991–18.377 g/kg for sorghum and green gram, 

respectively. The values for land surface temperature that are closely inversely 

correlated to the soil moisture index ranged from 25.37–32.69 oC and 25.2-26.52 oC 

for sorghum and green gram crops, respectively. The average land surface 

temperatures for sorghum and green gram were 26 oC and 28.69 oC, respectively. For 

the soil moisture index, the values were 0.516–1.183% and 0.48–0.586% for sorghum 

and green gram, respectively. Soil organic carbon plays a role in enhancing soil 

biodiversity by enabling essential microorganisms to survive and interact with one 

another (Orgiazzi et al., 2016). Further, soil biodiversity is responsible for the 

formation of soil organic matter that contributes to soil organic content (FAO and 

ITPS, 2015). The soil organic content determines the number and activity of soil biota 
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responsible for the microbial community that interacts with plant roots (Thiele-Bruhn 

et al., 2012). The levels of organic soil in this study had the implication of decreasing 

soil fertility and this is supported by results of Pichot et al. (1981), whose study in the 

semi-arid areas of Burkina Faso showed decreasing soil organic carbon levels against 

high levels that would enhance crop yield. Pichot et al. (1998) concluded that different 

soil fertility regimes during farming affected the expected soil organic carbon levels. 

Recent developments in geostatistics, artificial neural networks, and multiple 

regression have made it possible to accurately estimate the spatial variability of SOC 

through digital soil mapping (Mishra et al., 2008). The digital soil maps can be done 

at plot level (Simbahan et al., 2006), watershed level (Ng et al., 2019), and regional 

scales, where the potential for SOC can be analyzed (Minasny et al., 2013). The 

current study considered soil organic carbon due to its significant role in ensuring soil 

fertility. The significance of land surface temperatures in climate monitoring cannot 

be ruled out in extreme weather event scenarios, as reported by Sobrino and Jiménez-

Muñoz (2005). Furthermore, Vlassova et al. (2014) emphasize land surface 

temperature as an important parameter in soil-vegetation transfer modeling in most 

terrestrial environments. This parameter becomes even more important in evaluating 

cropping seasons and assessing the length of growing periods. The land surface 

temperatures were within the expected range of the semi-arid regions of the current 

study area. The average soil moisture index for sorghum and green gram were 0.783% 

and 0.549%, respectively. The levels are typical of arid and semi-arid areas (Mohamed 

et al., 2020). The results from the study indicated low moisture levels, as would be 

expected from the expected averages. Further, Mohamed et al. (2020) indicate that 

the determination of soil moisture content is an effective factor in biological processes 

and the evolution of the soil profile. In addition, soil moisture affects vegetation 

distribution. Therefore, the lack of moisture may lead to drought and degradation, 

especially in rain-dependent areas. This soil moisture index was key in crop yield 

modeling since these areas are prone to drought and soil moisture determines crop 

growth at various stages. Kamara and Jackson (1997) state that soil moisture is a better 

indicator of water availability to the crop than rainfall amount. Improved soil moisture 
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management can only take place when analysis of soil moisture content is carried out 

and is well understood. Understanding soil moisture content scenarios assists in 

working toward high water retention in the soil, resulting in an eventual reduction in 

soil runoff in some cases (Kamara and Jackson, 1997). In semi-arid regions, the issue 

of soil moisture becomes very important since moisture stress in crops is one of the 

key determinants of crop failure. In other studies, Pellarin et al. (2020) have shown 

that soil moisture content can be used to infer precipitation using the PrISM model. 

This kind of modeling is believed to provide useful information concerning crop yield 

estimates and irrigation demands over large areas. 

 

 

 

 

 

 

Figure 4.16a, b and c: Soil Organic Carbon, Land Surface Temperatures and 

Soil Moisture Index and results for Sorghum crop in Chiakariga study area 

  

a b c 
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Figure 4.17a, b and c: Soil Organic Carbon, Land Surface Temperatures and 

Soil Moisture Index results for green gram crop in Ikombe-Katangi study area 

 

4.3.3 Soil nitrogen, phosphorus and potassium results for green gram and 

sorghum study area 

The extracted images for the soil nutrients for sorghum and green gram are shown in 

Figures 4.18 a, b, and c and 4.19 a, b, and c for the sorghum and green gram crops, 

respectively. The data extracted from satellite imagery estimation was correlated to 

the field data, and the results are shown in Tables 4.13–4.15 and Figures 4.20 a and b, 

4.21 a and b, and 4.22 a and b. R2 for the green gram crop was 0.92,0.99 and 0.86 for 

nitrogen, phosphorus, and potassium, while those for sorghum were 0.93,0.99 and 

0.98 for nitrogen, phosphorus, and potassium, respectively. The highest and lowest 

values for estimated nitrogen, phosphorus, and potassium were recorded as 0.128–

0.16 g/kg, 0.162–0.018 g/kg, and 135.2–98.2 g/kg, respectively, for the green gram 

crop, while for the sorghum study area, the estimated values for nitrogen, phosphorus, 

and potassium were recorded at 0.014–0.043 g/kg, 3.704–0.241 g/kg, and 119.77–

44.37 g/kg, respectively. 

 

 

 

 

 

a b c 
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Figure 4.18a, b and c: Nitrogen, Phosphorus and Potassium results for 

Sorghum crop in Chiakariga study area 

 

 

 

 

 

 

Figure 4.19a, b and c: Soil Nitrogen, Soil Phosphorus and Soil Potassium 

results for green gram crop in Ikombe-Katangi study area 

  

a b c 

a b c 
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Table 4.14: Field and remote sensing extracted Soil Nitrogen Data 
 Crop ESTIMATED N (g/kg) OBSERVED N (g/kg) 
Green grams 0.128 0.121 
Green grams 0.032 0.03 
Green grams 0.032 0.029 
Green grams 0.065 0.092 
Green grams 0.086 0.096 
Green grams 0.016 0.015 
Green grams 0.036 0.028 
Green grams 0.028 0.037 
Green grams 0.036 0.035 
Sorghum  0.013 0.006 
Sorghum 0.043 0.052 
Sorghum 0.014 0.02 

 

Table 4.15: Field and remote sensing extracted Soil Phosphorus Data 
CROP  ESTIMATED P (g/kg) OBSERVED P (g/kg) 
Green gram 0.036 1.308 

Green gram 0.089 0.465 

Green gram 0.096 0.778 

Green gram 0.018 0.098 

Green gram 0.036 4.637 

Green gram 0.035 1.970 

Green gram 0.042 3.488 

Green gram 0.162 2.049 

Sorghum 0.241 0.305 

Sorghum 3.074 3.125 

Sorghum 0.790 0.872 
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Table 4.16: Field and remote sensing extracted Soil Potassium Data 
 CROP ESTIMATED K (g/kg) OBSERVED K (g/kg) 
  129 131.4 

Green gram 121.7 124.8 

Green gram 98.2 116 

Green gram 107.4 118.3 

Green gram 130.1 125.8 

Green gram 100.1 114.2 

Green gram 135.2 136.4 

Green gram 100.9 106.6 

Green gram 125.0 128 

Sorghum 44.3712 47.5 

Sorghum 93.5135 107.9 

Sorghum 119.7665 123.8 

 

Key nutrients nitrogen (N), phosphorus (P), and potassium (K) play a major role in 

global food production (Smil, 2000; Steen, 1998). Soil fertility in a study by Kihara 

et al (2020). highlights three key nutrients: nitrogen (N), phosphorus (P), and 

potassium (K), which play a major role in global food production. When addressing 

the need for plant nutrients with regard to critical global food problems, it is essential 

to know the quantities of nutrients required for target crop production and the supply 

of nutrients by the soils used for crop growth. In this case, the study estimated the 

levels of N, P, and K at 0–40 cm and validated them with field data in Tables 4.14–

4.16. The R2 was 0.9276, 0.9949, and 0.8558 for N, P, and K in the green gram crop 

study areas. For sorghum, the R2 was 0.9282, 0.9986, and 0.9773 for N, P, and K in 
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the sorghum study area farms. The validations indicate a high correlation between the 

field data and estimated satellite imagery data. 

 

Figure 4.20a: Regression results for remote sensing-based Soil Nitrogen 

correlations with green gram field data 

 
Soil nitrogen has been found to be important in defining soil quality and improving 

soil fertility, which affects crop production (Iodice et al., 2021). The high correlation 

with lab soil sample analysis, as shown in Figure 4.20a and b, which is an indication 

that spatial analysis of soil nitrogen is possible. A study by Cole et al. (2023) used 

remote sensing data to extract soil nitrogen data for monitoring and improving 

fertilizer use among smallholder farmers in India. Mashaba-Munghemezulu et al. 

(2021) modeled the spatial distribution of soil nitrogen using machine learning 

technologies for improved soil nutrient management among smallholder farmers. The 

study concluded that developing frameworks for the mapping of spatial variability of 
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soil nitrogen is important for local governments, farmers, and other stakeholders in 

identifying areas of excess or deficiencies. 

 

Figure 4.20b: Regression results for remote sensing-based Soil Nitrogen 

correlations with sorghum field data 

 
Soil nitrogen in sorghum productionhas been found to be very important for good 

yields. Nutrient management is one of the most productive ways to increase sorghum 

yields. Nitrogen tends to be the most limiting nutrient in crop production (Fageria and 

Baligar, 2005; Gweyi, 2006; Gweyi-Onyango et al., 2009). It takes the correct timing 

and amount of nitrogen to maximize sorghum grain yield. A lack of these vital 

nutrients at the critical growth stages will negatively affect sorghum yield. The 
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importance of soil nitrogen for sorghum yield production was carried out by Davidson 

(2019) and found to be successful. 

 

Figure 4.21a: Regression results for remote sensing-based Soil Phosphorus 

correlations with green gram field data 

 
There was a high correlation between the satellite-based soil phosphorus and soil 

sample analysis for soil phosphorus, as shown in Figure 4.21a and b for green gram 

and sorghum, respectively. An indication in use of the spatial distribution of soil 

phosphorus for monitoring of cop development and data estimation. A large amount 



 

 

134 

  

of P is required for metabolic pathways of energy transfer that take place during 

nodule functioning (Mitran et al., 2018). But most of the agricultural soils have 

inadequate amounts of P to support efficient nodule development in legumes such as 

green grams. On the other hand, soil P has been found to affect all parts of the sorghum 

crop, from the development of the rooting system to maturity and grain filling (Spence 

and Welch, 1999). 

 

Figure 4.21b: Regression results for remote sensing-based Soil Phosphorus 

correlations with Sorghum field data 

 
 Spatial analysis and distribution of soil p were successfully done by Kim et al. (2014). 

The study was able to confirm that prediction of soil P was possible in wetland soils 

at different spatial resolutions. Another study by Ray et al. (2002) showed the 
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effectiveness of high-resolution data in estimating soil nutrients-related parameters 

and the development of field variability useful in crop management. The study, 

however, pointed out the challenge of the gap between satellite data acquisition and 

field measurements. The two studies confirm the possibilities of generating soil P 

from remote sensing data with high precision. 

 

Figure 4.22a: Regression results for remote sensing-based Soil Potassium 

correlations with green gram field data 

 
The availability of potassium (K) has been found to affect photosynthesis, water use 

efficiency, plant tolerance to diseases, and drought (Singh, 2017). Pratap Singh 

(2017), attributed growth and yield characters to being affected by the levels of K in 

green gram. The correlation between satellite-extracted K and soil sample-measured 

K, as shown in Figure 4.22 a and b for both green gram and sorghum, was very high. 
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Soil K has been found to affect root growth and nutrient uptake in both sorghum and 

green gram (Fageria, 2009). (Jat et al., 2022) indicate that the significant application 

of soil K resulted in an increase in yield and protein content in green gram. This 

confirms the importance of soil K in crop data estimation in this research study. 

 

Figure 4.22b: Regression results for remote sensing-based Soil Potassium 

correlations with sorghum field data 

 
Spatial variability of soil K was evidently found by Mwendwa et al. (2022) in their 

research on soil nutrient spatial variability in coffee farms in Kabete, Kenya. Landsat 

8 soil-based prediction models for soil K performed well in identifying the nutrient 

status in the soil (Xu et al., 2017). The data being free could find a wide range of use 

in field-specific soil management aspects for smallholder farmers (Xu et al., 2017). 

This confirms the possibility of extracting soil K using satellite data. 
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4.3.4 Evapotranspiration, soil pH and rainfall results for green gram and 

sorghum study areas 

The extracted evapotranspiration, soil pH, and rainfall are presented in Figure 4.23 a, 

b, and c for sorghum, while for green gram, they are presented in Figure 4.24 a, b, and 

c, respectively. The result for the estimated evapotranspiration for green gram and 

sorghum was 2.36-3.82mm/day and 2.17-2.73mm/day, respectively, while rainfall 

was an average of 3.81mm/day for green gram and sorghum. Average 

evapotranspiration is estimated at 3.05 mm/day and 2.47 mm/day for green gram and 

sorghum, while average rainfall is recorded at 3.81 mm/day and 9.9 mm/day. 

According to the FAO, the Penman-Monteith (PMon) method gives more consistent 

evapotranspiration estimates and has been shown to perform better than other methods 

(Monteith, 1965; Monteith, 1981; Palaskar et al., 1987). Spectral analysis through the 

extraction of important data such as evapotranspiration was found to enable the 

analysis of crop growth, photosynthetic size, water use, and crop yield as affected by 

environmental factors and stresses (Wiegand and Richardson, 1990). 

Evapotranspiration data is key in determining water use efficiency in crops, especially 

in semi-arid areas. Evapotranspiration was found to be very critical in the 

determination of crop data such as yield in green gram and sorghum that are 

commonly grown in semi-arid areas. Historically, crop stress has been assessed 

through the utilization of vegetation-based indices, precipitation, and soil moisture 

(Marshall et al., 2012). The ET is more closely associated with moisture availability 

to stressed crops than precipitation or volumetric soil moisture; however, due to 

inadequate parameterization and a general dearth of calibration and validation data, it 

has not been extensively utilized in the past (Marshall et al., 2012). 

The rainfall estimate agrees with what Mugo et al. (2016) used in the research. 

Rainfall amounts are critical for crop growth and determine the crop yield in sorghum 

and green gram. 
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Figure 4.23a, b and c: Evapotranspiration, Soil pH and Rainfall results for 

Sorghum crop in Chiakariga study area 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.24a, b and c: Evapotranspiration, Soil pH and Rainfall results for 

green gram crop in Ikombe-Katangi study area 

 

In their research, Tyagi et al. (2000) found sorghum to have a minimum 

evapotranspiration of 3 mm/day, peaking at 6 mm/day during the reproductive stage 

a 
b c 

b c a 
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and going down to 4 mm/day during the reproductive stage. These studies confirm the 

results obtained from the field on the evapotranspiration rates for green gram and 

sorghum in the Ikombe-Katangi and Chiakariga study areas. It is important to point 

out that modern drought monitoring systems combine evapotranspiration, soil 

moisture, and even vegetation anomalies to track drought status. 

 

Table 4.17: Field and remote sensing extracted Soil pH Data 
Crop Observed soil PH Estimated soil PH 

Green grams 6.5 6.4 

Green grams 7.1 6.4 

Green grams 7.8 6.8 

Green grams 7.2 7.5 

Green grams 7.5 7.0 

Green grams 7.0 7.0 

Green grams 7.9 6.9 

Green grams 7.8 7.6 

Green grams 7.8 7.8 

Sorghum 7.8 6.8 

Sorghum 7.6 6.5 

Sorghum 7.9 7.0 

 

The soil pH estimated data was validated using field data, and the results are presented 

in Figure 4.50a and b for the green gram and the sorghum crop, respectively. Such 

data are in concurrence with those of Manzi et al. (2023a) in the same region. The 

data used in the validation is shown in Table 4.17. The R2 for green gram for the soil 

pH was 0.9141, while that for sorghum was 0.9944, showing a high correlation with 

the field data. The soil pH range for the green gram study area was estimated at 6.4–

7.8, while that of the sorghum study area was 6.5–7.5. According to the study by 

Imalasiri et al. (2020), Soil pH was found to be important in the MONICAH agro-

ecosystem model for yield estimation. It was noted that soil pH and other parameters 
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affect crop growth. The values of soil pH were found to have a high correlation with 

the field data, as shown in Figure 4.25a and b. Rainfall has emerged as very critical in 

the determination of crop yield (Makowski et al., 2006). The average extracted rainfall 

amount data for the study area was 3.81 mm/day and 9 mm/day for the green gram 

and sorghum study areas, as shown in Figures 4.23 c and 4.24 c. 

 

Figure 4.25a: Regression results for remote sensing-based Soil pH correlations 

with Green gram field data 

 
Soil pH affects the accessibility of specific nutrients and micronutrients, phosphorus 

in particular, in addition to biological activity. The soil pH and salt composition are 

influenced by various factors, including the age of the soil, the initial soil parent 

material, the category of plants cultivated, and climatic conditions, particularly 
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rainfall volume (Natarajan et al., 2022). Soil pH is a significant quality indicator 

variable due to the fact that it regulates numerous chemical and biological processes 

occurring in soil. The measurement of soil pH, which indicates acidity or alkalinity, 

is of utmost importance in crop management as it regulates the availability of nutrients 

to the crop (Natarajan et al., 2022). 

  

Figure 4.25b: Regression results for remote sensing-based Soil pH correlations 

with sorghum field data 

 
Ghazali et al. (2020) observed hat satellite data with high spatial, spectral, and 

temporal resolutions can estimate soil pH with fairly good accuracy. This confirms 

the use of Landsat satellite data in the extraction of soil pH for crop data estimation 

in green gram and sorghum, as shown in Figure 4.24b. This is also confirmed by the 
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high correlation between the satellite data and soil sample data, as shown in Figure 

4.25a and b for green gram and sorghum, respectively. 

4.3.5 Sorghum and green grams yield model under farm field conditions  

The twelve parameters analyzed were run through a random forest machine learning 

algorithm to generate the yield estimates for sorghum. The validation of the model 

was done using root mean square error (RMSE) and root mean absolute error 

(RMAE), and the results are presented in Tables 4.18 to 4.19 for green gram and 

sorghum, respectively. The field estimates generated are correlated to field data, and 

the results are shown in Tables 4.18 and 4.19 for green gram and sorghum. The RMSE 

was 4.036 and the R2 was 0.98, while the RMAE was 3.022, for the green gram crop, 

and the RMSE was 6.51 and the R2 was 0.99, while the RMAE was 5.5. 

 
Table 4.18; Farm field yield estimation of green gram crop at the vegetative 

stage during the October November December rains season for Ikombe-
Katangi study area 

FARM 
OBSERVED 

YIELD(Kg/Acre) 
ESTIMATED 

YIELD(Kg/Acre) 
ESTIMATED -

OBSERVED 
Green gram 40 38 -2 
Green gram 90 100 10 
Green gram 5 1.5 -3.5 
Green gram 70 69 -1 
Green gram 10 12 2 
Green gram 8 6.8 -1.2 
Green gram 40 38 -2 
Green gram 120 115.7 -4.3 
Green gram 25 23.8 -1.2 
Average  45.3 44.9  

r 0.994828556     
R2  0.989683855     
RMSE 4.036224859     
RMAE 3.022222222     
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Table 4.19; Farm field yield estimation of sorghum crop at the vegetative stage 
during the October November December rains season for Chiakariga 
study area 

FARM 

OBSERVED 

YIELD 

(Kg/Acre) 

ESTIMATE

D YIELD 

(Kg/Acre) ESTIMATED-OBSERVED 
Sorghum 100 98.5 -1.5 
Sorghum 450 445 -5 
Sorghum 1950 1940 -10 

Average  833.3 827  
r 0.999999448     
R2  0.999998896     
RMSE 6.512807894     
RMAE 5.5     

 

The scatter plot for correlations between estimated and observed datasets for green 

gram and sorghum is presented in Figure 4.26 a and b. From the results, it can be 

confirmed that low levels of yield have been attributed to poor rainfall, soil moisture 

stress, and low nutrient availability. These have had a major constraint that impinges 

crop productivity in arid and semiarid environments around the world (Yazar and Ali, 

2016). Although remote estimation for crop yield has been studied for decades and 

various models have been developed and worked well in selected experimental areas, 

no routine or universal model is applicable for a wide range of operational applications 

and for all crop species (Ferencz et al., 2004; Yu et al., 2019). 
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Figure 4.26a: Regression correlation of the estimated satellite imagery data to 

green gram field data. 

 

A high correlation between the estimated crop yield from satellite data and the 

observed field yield was evident in the research study for the green gram and sorghum 

crops, as illustrated in Figure 4.26a and b. This confirms the ability to use earth 

observation for cop data estimation under farm field conditions. 
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Figure 4.26b: Regression correlation of the estimated satellite imagery data to 

sorghum field data. 

 
Many models can achieve high accuracy of yield prediction at quite large scales, such 

as county- or country-levels, but may not refine the detailed variations at the field 

level, especially for small-size croplands planted with different species or under 

various field managements (Lobell and Gourdji, 2012). This situation may commonly 
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exist in many developing countries where smallholder croplands mainly occupy 

cultivated lands (Roy et al., 2016). The current study developed a dynamic model 

based on ten parameters suitable to assess farm field condition yield estimation of 

green gram and sorghum crops. Through weighted least squares estimation, the weight 

of each parameter was determined. Traditionally, crop yield estimation is dependent 

upon data collection techniques from ground-based field visits. Such techniques are 

often subjective, costly, and prone to large errors, leading to poor crop assessment and 

crop area estimation (Reynolds et al., 2000). 

 
Remote sensing data has the potential to provide timely, systematically high-quality, 

spatially accurate information about land features, including environmental impacts 

on crop growth (Liu and Huete, 1995). The temporal dynamics of remote sensing data 

and their close relation to plant characteristics could play a crucial role in establishing 

an effective pre-harvest yield estimation method. The most multispectral satellite 

systems measure varies spectral bands within the visible to mid-infrared region of the 

electromagnetic spectrum (Shwetank et al., 2010). The development of green gram 

and sorghum dynamic models for field-condition crop yield estimation in small-

holder farms adds to the possibilities of remote sensing-based yield estimation 

models. The results of crop yield were compared to field results, and evidently, the 

R2, RMSE, and RMAE errors were 0.99, 4.036, and 5.5 for green gram, indicating a 

high probability of the model being able to estimate the crop yield, as shown in Table 

4.18. On the other hand, the R2, RMSE, and RMAE for sorghum were 6.51, 0.99, and 

5.5, respectively, indicating moderate probabilities in the model's capabilities in 

estimating the crop yield, as shown in Table 4.19. The Sorghum crop model was 

affected by limited field data for the calibration and validation of the model. The most 

common practice to evaluate a model is to compare observed data versus estimated 

data (outputs) using a metric or indicator that measures the distance between these 

observed and simulated data (Wallach et al., 2019). Various metrics exist for models 

in general, and many of these have been transferred for use in evaluating spatialized 

crop models. 
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4.4 GIS based data estimation tool for Sorghum and green grams under farm 

field conditions  

The dynamic model development was customized through ARCGIS model builder 

software to enable ease of usability by different users. The process developed four 

models, which is a step-wise process in crop data estimation. The first model tool 

developed was for farm area estimation and digitization, which allows one to operate 

within the farm boundary while farm data is estimated while at the same time enabling 

automation of spectral signature identification through the pre-loaded spectral 

signature libraries. This process enhances crop identification and increases the 

accuracy levels of crop data estimation (Figures 4.27 and 4.28). The second process 

led to the development of an agroecological sub-zonation model tool that ensures a 

homogenous environment for farm field data estimation (Figures 4.29 and 4.30). The 

last model tool is the yield crop estimation, which preloads all required remote 

sensing-prepared data for the yield estimation for green gram crop and sorghum. The 

developed model and tools are shown in Figures 4.31–4.32. A combination of these 

models was packaged and put into Arctool in ARCGIS software, as shown in Figure 

4.33. To use traditional point crop models on bigger areas, spatialization of crop 

models for data estimation is used. This has been done at the field scale (Acevedo-

Opazo et al. 2010), the multiple field scale (Baralon et al. 2012), the regional scale 

(Balkovič et al. 2013), the continental scale (Adam et al. 2011), and the regional scale 

(Battude et al. 2016). This study spatialized a crop model for use at the agroecological 

zone level while ensuring a homogenous environment. Further, stepwise model 

execution enables the use of multi-model ensembles that reduce the estimation error. 

Using GIS and remote sensing data, spatialized crop models can tell the difference 

between crop classes, guess the yield (Panda et al., 2010), and take into account 

differences in space, which makes field scouting more efficient (Schuler, 2002). Using 

multi-model ensembles (MMEs) is a new approach in crop modeling for data 

estimation (Wallach et al., 2019). These types of models tend to decrease the 

estimation error (Wallach et al., 2018). These MMEs allow for increased accuracy in 

crop data estimation (Martre et al., 2015). 
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This study has combined several models in addition to the crop model to improve on 

the accuracy in the estimation of crop data. 

4.4.1 Farm delineation and spectral signature range model 

The farm delineation and spectral signature tool is developed based on pre-processing 

signature libraries, which are preloaded into the tool to aid in crop identification once 

the satellite imagery is loaded as part of the data input. Panda et al. (2010) 

demonstrated the importance of GIS in the development of models that can enable 

crop identification through spectral reflectance. Their study discusses the crop-

specific crop management system that had an inbuilt model for the extraction of 

spectral reflectance. Similarly, Panda (2003) demonstrated the importance of remote 

sensing data mining through a model for crop identification. The study utilized various 

ARCGIS models for use in extracting spectral reflectance data for identification of 

sorghum and green gram as part of the multiple models for data estimation for the 

study area. Figures 4.31 and 4-32 illustrate the front-end and back-end parts of the 

tool. In addition, the farm boundaries are also digitized and preloaded as part of the 

farm area estimation and identification procedure. 
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Figure 4.27: Front end part of the Farm delineation and spectral signature 

range model 
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4.4.2 Agro-ecological Sub-Zonation model 

This model tool is designed to allow for the necessary data inputs for sub-zonation of 

agroecological zones as prescribed under the Materials and Methods chapter. 

Assessment of agri-environmental indicators using remotely sensed images was found 

to be very critical in crop identification as well as yield estimation (Torres et al., 

2008). The importance of rainfall patterns in understanding and creating a 

homogenous environment for yield estimation has been emphasized by Panda (2008). 

Similarly, this study adopted several parameters and developed a model that analyses 

micro-climatic zones with the aim of creating homogenous areas. Once all the 

necessary datasets are put into the model, The final output is the identification of all 

sub-zones within the AEZ to allow for a homogenous environment for yield 

estimation at farm field conditions. Caldiz et al. (2001) modelled using GIS potential 

Figure 4.28: Back-end part of the arm delineation and spectral signature 

range model 
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agro-ecological zones for potato production in Argentina. The back end and front of 

the tool are illustrated in Figures 4.29 and 4.30 below. 

 

Figure 4.29: Front end part of the a Agro-ecological Sub-Zonation model 

 

Figure 4.30: Back-end part of the agro-ecological Sub-Zonation model 
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4.4.3 Crop yield estimation model 

The model tool is a combination of all the data input or the ten parameters involved 

in yield estimation undertaken in the current study. Liu et al. (2011) developed a yield 

estimation model that showed soil nutrition and precipitation to be the most important 

factors in oat production. The current study builds a model using ARCGIS to 

incorporate ten parameters that were found to be very key in green gram and sorghum 

production. The tool is designed to allow raw satellite imagery data entry since 

parameter preprocessing and extraction are built into the model. In a similar study, 

Wan et al. (2008) developed a GIS-based support system for monitoring oats in China. 

Their study confirmed the use of remote sensing data for inbuilt models for crop 

monitoring. Apart from satellite data, other prerequisite datasets, such as farm 

boundaries, would be required as an addition for the model to run (Panda 2010). An 

understanding of the various coefficients involved in parameter extraction is also 

necessary (Caldiz et al., 2001). Figures 4.31 and 4.32 illustrate the back-end process 

of the yield estimation model tool. 
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Figure 4.31: Back-end part of the yield estimation model for green gram 
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Figure 4.32: Back-end part of the yield estimation model for Sorghum 
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Figure 4.33: Front part of the yield estimation model for green gram and 

sorghum  
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4.4.4 Farm data estimation tool 

The overall developed farm data estimation tool was converted into Arctool, making 

its accessibility easy. In Figure 4.59, the FcropDEsti arc tool hosts three models for 

farm data estimation. The packaged Arctool can be shared and used by anyone who 

has installed the ARCGIS software. Geographic information systems are tools that 

enable rational management of spatially distributed resources. This implies that often 

a GIS enables interaction with either one or many map layers (Liu et al., 2011). In the 

decision-making process, it is common that the base data leading to several rational 

alternatives is prepared (Nitschke and Innes 2008) at several management positions 

in an organizational hierarchy. Under these circumstances, a data model developed by 

a GIS expert following an agreed concept would require repeated computations or 

repeated decision modifications (Wan et al., 2008). Though repeated computations 

are faster when working with computers, the speed of an activity often depends on the 

number of tools to be used, the number of working windows, the number of clicks 

required for a particular operation, the menu selection sequence, the reaction time of 

a person, etc. (Panda 2003). Therefore, the current study created a GIS database that 

enables repeated computations without being directly involved in the back-end 

programming processing for farm area computation, crop identification, 

agroecological sub-zonation, and yield estimation. The strength of the FCropDesti 

Tool is to provide or facilitate user-friendliness for people with basic knowledge of 

GIS to perform farm field data estimation with ease. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

The precision of the crop data estimation under farm field conditions is highly 

dependent on the stage of the crop, the agroecological zone where most of the climatic 

characteristics are similar, and the use of one cropping season and one crop growth 

stage, as was the case for this particular study. In our study, seasonality was found to 

be crucial as it affected the variability in time series, while regional stratification, for 

example, the use of agroecological zones, was found to give the best result. The study 

showed that the classification of fragmented landscapes was improved by using 

training data and farm boundaries. This aligns with objective one of the research 

study. A further confirmation of crop identification is the landcover classification 

carried out in the study area. The TOA reflectance was found to enhance the 

identification of crops, and the use of multitemporal images was found to be critical 

in creating spectral signature ranges for the identification of crops. There isn’t a single 

spectral signature through which a certain crop exists, but most crops will tend to 

oscillate within a certain range for all significant bands (4,5, 6, and 7), as seen in this 

study. This information can be critically used for the identification of crops and, 

hence, accurate data estimation. Operating within an agroecological zone, certain crop 

stages, and a particular season is vital if crop identification is to be successful and data 

estimation of higher quality. The overall effectiveness of this approach has been 

demonstrated by the accuracy of the assessment of the landcover classification. 

The research study confirms that crop spatial distribution and spectral signature ranges 

can be determined for different crop types and patterns under farm field conditions. 

This was achieved through analyzing satellite data from a specific crop stage of 

growth and including cropping pattern data and farm delineation as part of the 

methodology for crop data estimation.  

Further, through the MCDA analysis, it was possible to confirm that micro-

agroecological zones do exist, and data estimation should be restricted to these 

homogenous zones while working under farm field conditions. This addressed 
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objective three of the research study. In addition to ensuring proper estimation of the 

crop area and crop identification, crop yield estimation was of high accuracy. Using 

machine learning methods such as random forest, 11 parameters that focused on crop 

health, soil status, and climate status were used. To reach the third goal of the research 

study, which was to estimate crop areas, we used the spectral signature model along 

with the micro-agroecological zones model to get very accurate estimates of sorghum 

and green gram crop yields in farm fields. The three models were aggregated in 

ARCGIS software to enable data estimation under farm-field conditions. The research 

provides a stepwise process for earth observation-based crop data estimation under 

farm field conditions. This aligns with Objective 4 of the research study. 

Therefore, it can be concluded that farm delineation is important data for crop data 

estimation. It enables the identification of cropped areas for spatial distribution. 

Spectral signature data ranges can be developed for crop identification and crop area 

estimation. The Top of Atmosphere (TOA) reflectance's play a significant role in the 

development of the spectral signature ranges. Agro-ecological sub-zonation is very 

vital in the creation of a homogenous environment in which the parameters for crop 

yield estimation can be used under farm field conditions. Lastly, a tool for estimating 

farm data was developed for specific agro-ecological sub-zonation for a certain crop 

stage on defined farms. It uses spectral signatures to understand crop characteristics 

and estimate important crop data. An earth observation-based crop data estimation 

tool under farm field conditions is important and can be developed for smallholder 

farmers.  

The study, however, recommends that the current agro-ecological zones need to 

undergo micro-climatic zone assessment for improved farm field crop data through 

the creation of homogenous zones. The research study opens up the possibility of 

creating spectral crop libraries like those done for the Asian continent for better crop 

data estimation. The development of spectral libraries for African content should be 

done to aid in better crop management through proper planning and crop allocation. 
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Further validation of the modules and the tools is necessary for scalability to other 

sorghum and green gram-growing regions and application to other crops. There will 

be a need to validate the optimum performance of the models from this study for crop 

data estimation for sorghum and green gram. Further testing of the crop data 

estimation tool is necessary to ensure its stability. Finally, models for different crops 

can be developed to enable crop data estimation. This study is a contribution to the 

ongoing efforts towards overcoming challenges faced in remote sensing of 

agricultural ecosystems, and the resultant formation is potentially crucial for both 

county and national government policymakers for planning, management, and crop 

allocation to different ecozones.  
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APPENDICES 

APPENDIX I : QUESTIONNAIRE 
BASELINE QUESTIONNAIRE 

INTRODUCTION 

Hilda Manzi a Phd candidate of Kenyatta University are conducting a baseline survey. 

This is academic research work aimed at enhancing the development of data 

estimation tool for green gram and sorghum under farm field condition. The survey 

targets to collect information on green gram and sorghum production to improve data 

estimation under farm field conditions. The information we are collecting is 

specifically for research, and will not be used for commercial purposes. Further the 

information will be treated as confidential and will only be used for research. I will 

take approximately 10 minutes of your time. 

 Do you agree to participate in this exercise? 

Yes 

No 

If  No, what are your reservation? 

…………………………………………………………………………………………

…………………………………………………………………………………………

…………………………………………………………………………………………

…………………………………………………………………………………………

…………………………………………………… 

 

Sign……………………………………. Identification code…………………… 

 

SECTION 1:  LOCATION DETAILS  

  Date   Start-Time  

Enumerator:  End- Time  
County  Ward  

District / Sub-

 

 Location  

Sub-location  Village  
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Grid Reference of Household Using the GPS (UTM) 

Northing 

(Lat) 

Easting (Long) Altitude Time 

    
 

SECTION 2.0: CROP PRODUCTION 

2.1 Do you grow Sorghum crop? 

[1] Yes 

[2] No 

2.2 Do you grow green gram crop? 

[1] Yes 

[2] No 

 

2.3 Which season do you grow the crop? 

[1] Short rains (OND) 

[2] Long rains (MAM) 

 

2.4.1 How frequently have you gown the crop?  

[1] Less than 10 years  

[2] For 10 years or more 
 

 

  

Name of crop  Year 1 Year 2  Year 3 Year 4 Year 5 

      

Season       
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