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Abstract 
 

Food security in Africa and the rest of the globe has come under tremendous threat. This 

means that agriculture, being the main driving force behind many economies is under 

threat. Seventy percent of the food produced in Sub-Saharan Africa comes from the rain-

fed small-scale agriculture. This agricultural sector happens to be the most devastated by 

any disasters experienced in the agricultural sector such as floods, drought, and other 

extreme climatic conditions. Evidence show that Africa has accounted for the most global 

droughts. Droughts have also become increasingly common in recent years. For example, 

out of 106 global droughts observed between 2010 and 2019, eight occurred in Africa in 

2019. Catastrophically, these droughts affected 66 countries and impacted 690.2 million 

people, 9.3 million of whom were in Africa. The dire case for Africa can be attributed to 

lack of timeous and relevant early warning systems which is a result of limited resources 

in the small-scale agricultural societies. Indigenous Knowledge is currently still the 

trusted prediction tool being used by small-scale farmers for their day-to-day operations 

and strategic agricultural decision support. Climate change and global warming have 

however rendered this knowledge unreliable and unpredictable. 

 

There is a plethora of scientific models, decision support tools and predictive methods 

that have been researched, all in the quest to find the solutions to the declining food 

production in the agricultural sector. Furthermore, much investment has been put behind 

research in the agricultural sector all over the world. The relationship between the 

Indigenous Knowledge (IK) and scientific methods has been substantially debated, but 

researchers have concluded that science and indigenous knowledge complement each 

other rather than compete. Limitations to both IK and modern scientific tools has led to 

this study which aimed to investigate an integration of Indigenous knowledge, mobile 

phone, and smart sensor technology with intelligence, in one system that can play a role 

in assistive decision support tool. In order to enhance and extend IK, the concept of 

installing smart sensors in the field with the view to measure humidity, Phosphorous, 

Potassium and Nitrogen concentration, and for detection of possible infestation of crops.  

 

For the theoretical framework, this study adopted and adapted the ITIKI framework as a 

foundation. ITIKI is a drought early warning system developed for small-scale farmers 
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in Sub-Saharan Africa. The system uses input from observed indigenous knowledge 

indicators according to various farming activities and uses the fuzzy inference system for 

an assumption output. Weather forecast and historic climate data forms part of the system 

input. The necessary and relevant messages are conveyed to the small-scale farmers 

through mobile phone. The forecast provided by the ITIKI framework gives valuable 

information in making decisions on whether to plant, when to plant and even how and 

what to plant. To enhance the intelligence of ITIKI, this study investigated the application 

of machine learning algorithms to assist small-scale farmers in a crop selection process 

at the planting stage. The study explored machine learning classification models to find 

the best possible model which resulted in an Agro-climate Decision Support tool.   

 

This tool was developed to be able to assist farmers in making a crop selection decision 

prior to planting. This tool was developed using the blueprint for integrating the IK and 

scientific model. Machine learning (ML) was used to determine the model to be 

integrated with the IK for developing the intelligence of the system. Climatic data, 

together with edaphic data ran through different ML algorithms to determine the best 

algorithm. The best model was used to select the best crop to plant based on the edaphic 

and climatic data. The models were tested and evaluated using the Jupyter notebook’s 

different metrices. The system compares the results of the ML with the observed IK to 

determine the crop to be planted. In a case where the results prove contrary, a decision 

requires a crop scientist intervention. The evaluations proved that the latter was possible 

because the climatic and edaphic conditions could affect the accuracy of the ML model, 

and the confusion matrix results suggested different crops at times. In conclusion, the 

study developed a cropping decision support tool for integration of Indigenous 

knowledge, sensor technology data, machine learning and mobile phone technology in a 

form of the Intelligent Agro-climate decision support system to be used by small-scale 

farmers. 
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Chapter 1: Introduction 
 

1.1 Background 

 

Information and Communication Technologies (ICT) in agriculture, may generally 

include technologies such as Global Positioning System (GPS), robotic systems, sensor 

technology and Geographic Information Systems (GIS). There is a plethora of these kind 

of technologies already developed and put to test in an effort to support agricultural 

practices and operations in order to improve crop production [1]. It should not come as a 

surprise therefore that significant research effort and resources have been put behind 

agricultural innovation. Agriculture is a mammoth economic driver in most countries and 

has the highest impact on the world’s food security. Of all the food produced in Sub-

Saharan Africa, 80% is produced in the informal rain-fed small-scale farms. According 

to the World Disaster report of 2021 [2], out of 106 of the world’s droughts reported 

between 2010 and 2019 affecting 66 countries and impacting 690.2 million people, 8 

occurred in 2019 only in Africa, and in 2019, droughts in Africa impacted 9.3 million 

people. The global Drought Observatory Analytical report observed that in the year 2021, 

the standard precipitation index analysis for Sub-Saharan Africa was lower, indicating 

that dryer conditions were experienced [3]. It is evident therefore, that Africa is leading 

in terms of global droughts in comparison to the rest of the world [4]. What is more 

striking about these statistics is that these droughts have been reported to have been the 

cause of about 99% of reported deaths that occurred in Africa. Evidently, Africa is the 

worst affected by droughts, and small-scale farmers are the most affected by the most 

adverse disasters like these, due to lack of timeous warnings and relevant information [5].  

 

It is important to differentiate small-scale farmers from the rest of the agricultural sector. 

“A small-scale farmer is one whose scale of operation is too small to attract the provision 

of services he/she needs to be able to significantly increase his/her productivity”, 

according to Kirsten et al., [6]. These farmers do not have access to equipment and 

machinery that can make their work easier. In fact, their work is labour intensive, and 

they rely on their human strength. They also have no access to any kind of ICT assistive 

tools due to the high costs related to such. Access to information such as weather forecast 

is another limitation for the small-scale farmer. Small-scale farmers mostly rely on their 
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indigenous knowledge as a form of forecast and the basis for their daily decision support 

operation [7].  

 

Indigenous knowledge (IK) refers to the native knowledge or local knowledge that is 

normally passed on from generation to generation. This is normally based on the extrinsic 

environmental behaviours, including seasonal changes, meteorological behaviours, 

astrological behaviours, flora and fauna behaviours, insect behaviours and spiritual 

beliefs. This knowledge is often not documented and is informal. There has been debates 

around IK in comparison with scientific methods, but research has shown that indigenous 

knowledge, though different from scientific methods, may very well be complementary 

to scientific methods, and that collaboration between the two can provide an enormous 

contribution to technological innovation[8]–[10]. Indigenous knowledge has already 

formed part of some relevant and appropriate innovative technologies already created 

[11]. Including IK as part of technologies developed, provides an opportunity for 

collection, preservation, and documentation of the indigenous knowledge for future 

references. 

 

The integration of indigenous knowledge into mobile technology may seem 

unconventional yet could provide the ideal solution for the following reasons. Mobile 

phone technology is playing a colossal role in bridging the digital divide in Africa [12], 

i.e. the gap that exists between the demographic regions that have no access to modern 

ICT and internet and those that do not. The mobile technology in comparison to other 

ICTs is more affordable, user-friendly, and less complicated in a sense that it has less 

infrastructure requirements. The mobile technology footprint in Africa stood at higher 

than 63% in 2014[8]. In Africa, mobile phone technology overtook the use of landlines 

[12] to become the preferred mode of communication. In comparison to other available 

technologies in terms of performance and preference, mobile phone technology has 

become the technology of choice because of portability, high computing speed and power 

[13]. 

 

ICT in agriculture most often include collaboration of two or more technologies. Agro-

Climate is a term used to refer to decision support tools in agriculture that incorporates 

climate information in crop management. Research has already shown that there is great 
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potential in combining different ICTs for agriculture to provide smart technology in an 

effort to improve small-scale farmers’ production [5]. In pursuit of this smart technology, 

artificial intelligence (AI) and the creation of intelligent systems has become the new and 

most popular topic in technology.  

 

Artificial intelligence is the ability that is built into a computer system to be able to apply 

the intricate function that a human brain uses to learn and make decisions. Machine-

learning and fuzzy logic have become the more widely used technological applications 

in the effort to produce intelligent systems. Fuzzy logic is a mathematical model in which 

logic depends on the degree of truth rather than a binary for where logic is either true or 

false. This kind of modelling is used in artificial intelligence, robotics, and business 

decision support systems. Machine learning (ML) makes use of neural networks, which 

is a data modelling tool that works by learning through numerous examples. According 

to Toseef et al., [14], fuzzy logic can be applied for decision making for two reasons, “the 

rules are derived from expert knowledge that is described in natural language”, and “it 

handles the vagueness and uncertainly inherent in the problem”. 

 

Research has suggested that collaborative technological solutions rather than individually 

employed techniques would yield much more desirable outcomes. Therefore, the aim of 

this investigation was to enable the possibility to determine the possible development of 

a portable, cost effective, accessible, and sustainable decision support tool for small-scale 

farmers. It seeks to form a symphony of multiple ICT disciplines, integrating indigenous 

knowledge as well as mobile phone technology to forge a smart Agro-climate decision 

support tool. 

 

1.2 Problem statement 

 

According to the state of food security and nutrition in the world report of 2021 by the 

Food and Agriculture Organization of the United Nations (FAO), South Africa is one of 

the countries whose food security is under threat. South Africa has shown an increase of 

almost 2% in prevalence of severe food insecurity since 2018 [15]. Globally, a steady 

decline in agricultural crops has been recorded [16]. With agriculture being the key driver 

for food security and economic sustainability, more attention has been drawn to small-
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scale farmers as possible contributors towards food security improvement. Hence, in 

reaching various cropping decisions, small-scale rural farmers in Pietermaritzburg, South 

Africa have used a prediction tool called “the indigenous knowledge (IK)” for decades 

[11]. This has become the legacy from generation to generation. However, this method 

has become capricious and has had the most adverse consequence on productivity. The 

unreliability of these IK indicators is aggravated by the constant change in the climate 

due to global warming, unexpected droughts, and other known and unknown factors. On 

the other hand, this has also affected weather and climate predictions upon which 

scientific cropping decisions are based, making them inadequate tools. Because of these 

challenges, small-scale farmers in Pietermaritzburg have the most urgent need for reliable 

and cost-effective operational support in a form of synoptic information that aids towards 

actionable decisions in terms of day-to-day, medium-term, and long-term decisions. 

Indigenous knowledge alone is currently not sufficient owing to the instability and 

inconsistency of the natural environment. Therefore a collaboration of ICT technologies 

in agriculture provides a better opportunity for smarter technology [17]. If this 

informational gap is not filled, the small-scale rural farmer will continue to suffer 

financial losses and experience productivity disasters [12].  

 

1.3 Objectives of the study 

 

The overall aim of this study was to develop and evaluate the effectiveness of an 

integrated portable, cost effective, accessible, and sustainable smart Agro-climate 

decision support tool. The tool sought to form a symphony of multiple ICT disciplines 

that is wireless sensors and machine learning, integrated with indigenous knowledge as 

well as mobile phone technology to forge a smart Agro-climate decision support tool that 

works for small-scale farmers. This was guided by the following specific objectives. 

 

• To collect and analyse data on the current indigenous and scientific approaches 

that small-scale farmers in Pietermaritzburg use in reaching various cropping 

decisions. 

• Based on the results of the data analysis, to develop an integrated (indigenous 

knowledge, agro-climatic and edaphic conditions) intelligent agro-climate model 

using Artificial Intelligence, Machine Learning (ML) and Fuzzy logic in this case. 
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• To evaluate the extent to which the derived decision support model or algorithm 

will improve the level of accuracy of the cropping decision-making and farm 

productivity by the small-scale farmers. 

 

1.4 Research methodology 

 

A combination of research methodology approaches was used in this research and both 

qualitative and quantitative methods were employed. Case study research focusing on the 

small-scale farmers in the Swayimane area of Pietermaritzburg in the province of 

KwaZulu-Natal, in partnership with the University of KwaZulu-Natal’s faculty of 

Agriculture, was carried out. Input data that constitutes climatic and edaphic conditions 

was collected. Adaptation of the framework for the ITIKI [9] and the Intelligent mobile 

system model [14] was leveraged in the design of the proposed system. The system made 

use of inputs from observed IK indicators according to farming activities such planting, 

harvesting, and fertigation. These inputs are then run through the fuzzy inference system. 

The choice of basing the system on ITIKI framework is because the bulk of a farmer’s 

major decisions is related to rainfall and for which ITIKI already predicts. A lookup from 

crop science database provided the output information that allowed for Artificial 

Intelligence models and algorithms to be employed.  

 

Data from the farmers was collected through a series of focus group discussions held with 

the farmers. This helped in determining the kind of IK that these farmers make use of in 

their cropping decisions. Within these focus group discussions, questionnaires and 

interviews were used to further explore issues which were initially not clearly understood. 

In the original plan for this study, sensors were supposed to be installed in the field for 

the purpose of collecting of edaphic factors. However, due to the timeline of the research 

and the limitations that came with the restriction resulting from the Covid-19 pandemic, 

the information that would have been collected through sensors was collected from crop 

science database available from the Department of Agriculture. This information assisted 

in creating the necessary data files for simulation of the Artificial Intelligence. This 

method of data collection is called feature construction or augmentation [18]. 
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Finally, framework development was applied for the creation of an extended version of 

ITIKI framework - the ITIKI Plus. ITIKI Plus enhances ITIKI by incorporating cropping 

information to support farmers’ tactical and routine decisions. 

 

1.5 Contribution to the knowledge 

 

The study reviews agricultural technologies that are in existence globally, and zeros in 

on what is available for Sub-Saharan Africa. It contributes towards bridging the 

technological divide that exists between the commercial agriculture and small-scale 

agriculture, by initiating collaborative solution-based technology. The study takes into 

consideration existing technologies, then evaluates and presents a comparison of these 

technologies to derive the best suited agricultural technology for small-scale farmers. The 

study takes advantage of the old (accessible, tried and tested) to recreate the new (a 

symphony of collaborative ICT technologies). This study also uses the ITIKI framework 

to include the Indigenous Knowledge as part of the solution.  

 

1.6 Research publications from the study 

 

Chapters in a book 

 

Thothela N.P., Markus E.D., Masinde M., Abu-Mahfouz A.M. (2020). A Survey of 

Intelligent Agro-climate Decision Support Tool for Small-Scale Farmers: An Integration 

of Indigenous Knowledge, Mobile Phone Technology and Smart Sensors. In: Fong S., 

Dey N., Joshi A. (eds) ICT Analysis and Applications. Lecture Notes in Networks and 

Systems, vol 154. Springer, Singapore. https://doi.org/10.1007/978-981-15-8354-4_71 

 

Conference paper 

 

Thothela N.P. and Masinde M., ITIKI Plus: A Mobile Based Application for Integrating 

Indigenous Knowledge and Scientific Agro-Climate Decision Support for Africa’s 

Small-Scale Farmers. In 2019 IEEE 2nd International Conference on Information and 

Computer Technologies (ICICT), pp. 303-309. IEEE, 2019. 
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Submitted 

Thothela N.P., Markus E.D., Masinde M., Abu-Mahfouz A.M. (2022) An Intelligent 

Agro-Climate Decision Support System for Small-scale farmers (submitted). 

 

1.7 Limitations of the study 

 

This study was limited to modelling a decision support tool for small-scale farmers only. 

The study focused on using the agro-climate, indigenous knowledge, and edaphic 

conditions of a particular area in the province of KwaZulu-Natal, South Africa to model 

and simulate the Artificial Intelligence using machine learning. The study focused on 

crop management agriculture and considered only crops that are suitable for the selected 

area. The deployment and testing out the solution on mobile phones are beyond the scope 

of the study.  

 

1.8 Outline of the dissertation 

 

Chapter 1 offers an introduction to the study, and it provides the background and lays the 

groundwork for the study. It outlines the motivation and the reasoning behind this study. 

It further sheds light on the problem statement. 

 

Chapter 2 provides a literature review that supports the motivation for the study and 

outlines the work that has already been done in this field of study. 

 

Chapter 3 presents the research methodology of the development of the solution and the 

discussion of the study area. 

 

Chapter 4 provides a discussion of the analysis of the data used and the simulations of 

the ML algorithms.  

 

Chapter 5 is a discussion of the results of the simulations of the ML algorithms.  

 

Chapter 6 provides the conclusions and recommendations for further studies and 

considerations.  

© Central University of Technology, Free State



8 
 

Chapter 2: Literature Review 
 

2.1 Introduction 

 

In this chapter, a thorough evaluation of the current situation in Sub-Saharan Africa 

agricultural economic sector is presented. The current challenges and possible solutions 

as researched are presented. The technologies that have been investigated and employed 

severally and in collaboration in this economic sector are reviewed and explained. In a 

quest to determine the path to developing and evaluating an intelligent agro-climate 

decision support tool for small-scale farmers, this chapter will explore the questions: 

What is the main challenge faced by small-scale farmers? What possible solutions and 

technologies are already available? Why the need for the current proposed innovation?  

 

This chapter has been divided into the following topics: 

 

• Mobile phone technology in agriculture 

• Integration of Indigenous knowledge and ICTs within small-scale farming in 

Africa 

• Decision support systems for small-scale farmers 

• Application of Artificial Intelligence in cropping decision support 

• Discussion and comparison of considered technologies 

• Conclusion 

  

2.2 Overview of Mobile phone technology  

 

In 1947 when the transmitter was invented, Douglas H Ring, an engineer at the Bell Labs, 

sketched out the rough design for a standard cellular phone network. It would take 40 

years for technology to catch up with that vision. Although Martin Cooper of Motorola 

is considered the inventor of the hand-held cellular telephone, he used technology 

developed by Bell Labs engineers. Since the very first invention, mobile phone 

technology evolved five generations, and transformed the way we live. The first 

generation of mobile phone technology basically used analogue radio signals. It was 
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gradually replaced by the second generation which incorporated digital networks, and the 

first introduction of Short Message Service (SMS), and Multimedia Messaging Service 

(MMS). The third generation introduced multimedia application, and internet application 

with high connectivity speed. The fourth generation improved on the internet connection 

speed and the fifth generation (5G) is expected to solve most major smart phone issues 

and the security over the internet [19]. Modern applications utilising the 5G include video 

conferencing and real-time video application. Others include virtual reality and 

augmented reality, which are becoming more popular owing to Artificial Intelligence. 

 

 

 

Figure 2. 1 Evolution of mobile phone technology [19] 

 

2.2.1  Mobile technology in Sub-Saharan Africa 

 

In terms of ICT indicators, though Africa has made a significant improvement in terms 

of internet use, it is still far behind counterparts from other regions [7]. In Africa, where 

the footprint of mobile phone stands higher than 63% on sales [8], idiosyncrasies is 

towards mobile broadband as an internet connectivity of choice because the cost of 

mobile broadband is fifty percent lower than that of fixed broadband. According to 
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Masinde et al., [8], mobile phone technology has advanced to the point that phones can 

now compete with personal computers from less than a decade ago; the devices 

(particularly smart phones) are no longer just phones for making and receiving calls. The 

mobile phone added advantage is that it can act as both input and output device, owing 

to its highly technologically developed user interface. 

 

The mobile phone technology has become a gigantic form of communication worldwide, 

and mobile phone networks have gained an explosive growth in the past [12]. According 

to Kabbiri et al., [12], mobile phone technology in Sub-Saharan Africa has enhanced 

dissemination and retrieval of information for people, particularly in the rural 

communities. The author discovered that in Africa, mobile phones overtook the number 

of landlines. Mobile phone ownership has increased faster in Africa than any place in the 

globe since the 2000s [20]. The author points to the fact that 83% of the population in 

Africa currently has mobile subscription.  

 

Mobile phone technology has also had an impact on the decrease of certain costs, 

resulting in improved functioning of certain sectors including agriculture, and there has 

been great improvement in the way business is conducted. Sub-Saharan Africa continues 

to lead the world in adoption of mobile money services [12], [21], and in Sub-Saharan 

Africa mobile industry continues to experience exponential growth reaching 774 million 

subscribers in 2018, and expected to reach 1004 million by 2025. Mobile phones are the 

most easily accessible and cost-effective technology available in South Africa. Africa has 

a far greater mobile phone penetration rate than it does for computers [11]. It is apparent 

therefore that it would be easy for any small-scale farmer operating anywhere to acquire 

one. 

 

Mobile communication technology has become the most quotidian manner of 

transmitting data and services in a world that is constantly evolving. This drastic change 

gave rise to mobile applications [21]. The author suggests that mobile applications for 

agricultural and rural development possesses potential for advancement of rural 

development and can provide an affordable medium of information access to numerous 

people who were previously disadvantaged. Smartphone shipments into Africa grew by 

13.2% in the second quarter of 2021. With the growth in smartphone use, there is growth 
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for mobile application use. Mobile phone technology seems to be bridging Africa’s 

pronounced gap between the rural demographic group with restricted access and the more 

urban demographic group with access to the latest ICT [12], owing to the fact that in 

comparison to other ICT mobile phone technology is much more affordable. Studies have 

also proved that if mobile phones were exploited properly, they could improve the 

influence of Sub-Saharan African farmers in the value chain [12]. 

 

It is of utmost importance to explore intentions of small-scale farmers to adopt 

technological inventions that affect them [22]. The study showed that expectancy of 

performance and effort, price value and trust proved critical to the adoption of such. In 

[12], [23] the author eluded to the fact that the farmers would have to be educated to 

realise the full potential of the mobile phone technology that is being offered in order to 

gain their buy-in for the purpose of the adoption or acceptance of the ICT in their space. 

According to Kabbiri et al., [12], studies have shown how technology and digitisation 

impacts rural communities and that it can aid curb hindrances such as information access 

challenges for small-scale farmers. 

 

2.2.2 Mobile technology in Agriculture 

 

According to Kabbiri et al., [12], one of the most neglected global challenges that Africa 

faces is digital divide. However, the author alludes to the fact that this colossal challenge 

is being restrained by the adoption of mobile phones. In agriculture, technology based 

decision support tools are typically software applications that are commonly based on 

models that describe different processes in farming [24], [21]. Mobile phone technology 

has a lot of potential in terms of progressing development [21], but many technologies in 

agriculture, including those that are climate-smart are not being maximised because of 

low rate of adoption by small-scale farmers [1], [12]. Users of mobile technology in 

agriculture are also diverse and include several stakeholders. Mobile phone technology 

applications generally provide crucial information for rural small-scale farmers. 

DrumNet is one of the mobile applications used by Kenyan farmers, which has been 

instrumental in increasing their income by a third [25]. This service links the small-scale 

farmers to commercial banks and retail providers of farm inputs. 
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2.3 Integration of Indigenous Knowledge and ICTs in Small-scale Farming in 

Africa 

 

2.3.1 Indigenous knowledge 

 

The indigenous knowledge (IK), which seems to be challenged currently by the ever-

changing climate, is the local based (undocumented) knowledge that the small-scale 

farmers have employed for many years as a prediction tool and decision support 

management tool. It is somehow a legacy for the community and passed down from 

generation to generation [11]. Indigenous knowledge is normally based on the cultural 

ties to the natural environment, and the interpretation of the behaviour of nature around, 

including insects, animals, and birds for example. This can include predictive systems 

such as those for rain or drought, ploughing and planting season, harvest success, among 

many others and is based on environmental circumstances and events. These events can 

include, as an example, the yellowing of leaves on a crop, which will have a meaning 

attached to it, depending on the respective community. IK has been the basis of the 

decision supporting tool used by small-scale farmers. The idea is not to ‘confiscate’ the 

IK they are already familiar with, but to turn it into an enhanced decision supporting tool 

that is merged with modern science and technology. 

 

2.3.2 ICTs in Small-scale Agriculture 

 

Information and Communication Technologies (ICT) in agriculture encompasses a 

plethora of technologies already in service [26], such as Global Positioning System 

(GPS), Geographic Information Systems (GIS), robotic systems, and many more. In 

South Africa, the agricultural industry is fractionated in two sectors. These include the 

large-scale commercial farmers, medium-scale or emerging farmers, and the small-scale 

rural farmers. In Sub-Saharan Africa however, analysis show a third fracture from small-

scale farmers to medium-scale farmers which are differentiated according to size of land 

[27]. According to Jayne et al., the conclusion was that there is not much differentiation 

between the two, though medium-scale farmers are the source of dynamism, technical 

change, and commercialisation of African agriculture [27]. The differentiation between 

the small and large was defined by the Department of Agriculture. According to Kirsten 
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et al., the Department of Agriculture in their policy describe a small-scale farmer as one 

whose operational scale is too small for the attraction of the need for service providers 

for his/her operational productivity improvement [6]. The technology, mechanisation, 

and machinery available to support daily operations is in fact what separates the two, and 

the size has nothing to do with establishment of the difference. While state of the art 

technology and sophisticated machinery is at the disposal of the commercial farmer for 

the support of daily running, the small-scale rural farmer will support his/her daily 

operations through intense labour, relying on their own strength and working with their 

hands. Hiring or buying equipment is an unaffordable luxury for the small-scale farmers 

[28].  

 

Yield forecasting seem to be playing a large role in agriculture. As already mentioned, a 

lot of research and resources have been put into ICT in agriculture because it is an 

important part of the economy and forecasting of crop yield is of utmost importance for 

food security [29]. Numerous research has been done in the quest to find the best 

forecasting method for crop yield [29]–[32]. In a study by Meroni et al., it was mentioned 

that climate data and remote sensor data have become monumental in crop yield 

forecasting and learning models for ML and deep learning have shown to be effective in 

a variety of data-driven applications, such as yield estimation. These models however 

require large datasets for accurate forecasting and a range of conditions.  

 

Another aspect of crop agriculture management that has received much attention in terms 

of research is pest control or crop disease detection. This is another challenge that small-

scale farmers particularly in Sub-Saharan Africa have to deal with [33]. In this study by 

Nyabako et al., prediction of an infestation of the notorious pest that normally attacks 

stored maize was researched using machine learning. In a study by Li et al., deep learning 

was used to determine plant health [34]. According to the author, early detection of plant 

disease can assist in curbing food insecurity. Crop disease detection is another aspect of 

agricultural crop management that is normally done manually by farmers inspecting the 

crops directly. This can be time consuming and requires extensive experience, otherwise 

misjudgements and misidentification can result [34]. Crop pest infestation is an enemy to 

good crop yield, and thus in turn threatens food security [35]. 
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A review of machine learning in agriculture done by Liakos et al., in which different 

kinds of machine learning algorithms that have been utilised in agriculture were evaluated 

according the areas of agriculture in which they were employed [36]. In this review, the 

works examined were divided into two categories: (1) crop management, which included 

applications such as yield prediction, disease detection, weed detection, crop quality, and 

species recognition; and (2) livestock management, which included applications such as 

animal identification and disease detection. The author also affirms the significance of 

yield prediction in crop management agriculture and highlights the role that ICT plays in 

agriculture in a series of projects that are mentioned. In the review, machine learning was 

used for different approaches in crop management which accounted for 61% of all the 

work reviewed [36].  

 

2.3.3 Integration of indigenous knowledge  

 

Potential in collaboration of ICT to provide smart innovation for agriculture was 

uncovered in a study by Amarnath et al. [5]. The study proved that “the greatest impact 

of ICT can be expected in areas where farmers’ actions are currently the primary 

limitation to their production”. The author emphasises that advancement in a single aspect 

of agricultural crop farming without taking into consideration all other relevant aspects 

such as soil tillage, geographic location, tolerance of environmental stress, soil type, 

rainfall, soil fertigation, pests and disease control and nutrition can be economically 

inefficient. The study concluded that it was critical to scale up on agricultural ICT 

services for small-scale farmers, but also that these services should be delivered at 

tailored local scale, otherwise they would not be relevant and would not be able to support 

the small-scale farmers’ decision management. 

 

A study reported in [37] highlighted the need for integration of indigenous knowledge in 

agricultural ICT development. According to the author, “farmers greatly value local 

experiential knowledge as they see it as having practical, personal and local relevance”. 

It is therefore important to deliver information to small-scale farmers in a customised 

format that is relevant to them. In actual fact, studies have uncovered that more than 80% 

of farmers in countries such as Kenya, Zambia and Zimbabwe in the African continent 

are still dependent on their indigenous knowledge as a form of forecast on which their 
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daily agricultural management decisions are based [4]. In the study by [9], the author 

quotes, “the effectiveness of the forecast information depends strongly on the systems 

that distribute the information, the channels of distribution, the recipients’ models of 

understanding and judgment about the information sources, and the way in which the 

information is presented”.  

 

There is a strong relationship that exists between IK and the scientific Decision Support 

Systems (DSS). This relationship has been accepted as rather complementary areas of 

expertise which formed the basis of countless relevant and appropriate technologies that 

have been inaugurated to date [11]. Researchers are also in one accord to the certitude 

that the integration between the two “can improve livelihoods”. According to the author, 

“In order to build sustainable strategies, it is therefore important to take into account of, 

and learn from what the local people already know and do”. As much as Indigenous 

knowledge and science may complement each other, they are luminously contrasting 

expertise. Considering that indigenous knowledge indicators have come under threat 

owing to the change in climate and global warming, it can be argued that science is 

needed to support the fading discipline.  

 

Meteorological organisations in Africa have a colossal task with seasonal weather 

forecast generation. They are equipped with currently very few weather stations scattered 

over a vast area. This is an opportunity to introduce technologies that will help to bridge 

the gap and the indigenous knowledge of the local communities can contribute to the 

solution, giving them a sense of ownership of a system that is delivered. There is an 

opportunity that can be exploited through unclouded comprehension of indigenous 

knowledge and appropriate integration with science, particularly in the distribution of 

weather forecasts to farmers in rural settlements. 

 

In pursuit of the solution to the question, “does incorporating indigenous knowledge into 

the drought prediction tool improve the resilience and relevance to the countries in Sub-

Saharan Africa”, in a study by [9] a framework was developed for integration of mobile 

technology and indigenous knowledge for Africa. The idea is to enhance what the small-

scale farmer also has, rather than replace it completely to curb resistance in adoption of 

the deliverable system. According to a study by [12], the conclusion was that “perceived 
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advantage and perceived usefulness influences mobile phone adoption negatively”. This 

was attributed by the fact that most small-scale farmers only used their mobile phones for 

normal communication and not as an assistive tool for their agricultural activities. 

Incorporating what they already know that is their indigenous knowledge, could play a 

role in encouraging adoption of the deliverable system. This also encourages multi-

purpose use of their mobile phones. 

 

2.4 Decision Support Systems for Small-scale Farmers  

 

“Agricultural decision support tools are typically software applications, commonly based 

on models describing various biophysical processes in farming systems and the response 

to varying management practices” [24]. Decision management is at the heart of 

agricultural practices and operations, and decision management is in turn dependent upon 

or is supported by access to information such as climate forecast, soil fertigation, soil 

type, humidity and so on. Crop farmers always need to be cognizant of these factors to 

be able to make the right decision. According to [38], “while too little or too much rain 

can kill crops, the proper amount of rain leads to an ideal crop yield.” Hence, small-scale 

farmers need timeous forecast on weather and climate. In sub-Saharan Africa, it is a 

gargantuan task for small-scale farmers in the rural areas to obtain seasonal climate 

forecasts even though meteorological institutions constantly and regularly provide it, 

because of the manner in which the information is distributed [9].  

 

A plethora of variable crop prediction models have been investigated to predict various 

aspects of crop agriculture [26], [30], [32], [38], [39]. It is lucid therefore, that crop 

prediction requires a synthesis of various considerations to come up with the best 

agricultural practices for maximum productivity. This study solicits a solution that 

amalgamates and brings into convergence various aspects of crop agricultural decision 

support tools into one system and simplifies decision support management for the small-

scale farmer.  

 

The concept of niche market/crop would be a luxury for the small-scale farmer, and 

therefore because they do not specialise, they often have a variety of crops planted in the 

same field. This is referred to as intercropping, and studies were conducted to determine 

© Central University of Technology, Free State



17 
 

how to deal with the challenge of water tolerance in intercropping [40], and to determine 

what crops would thrive if paired in intercropping process [41]. According to [42], well 

managed and well balanced intercropping can improve the productivity when crops that 

have been paired benefit positively from one another in terms of nutrients and water 

which would be a shared source. Though intercropping has been used by small-scale 

farmers, it has not been exploited to full capacity due to lack of information. According 

to [42], “Farmers need an efficient, relevant, and accurate way to evaluate data for 

specific management decision”. This presents another opportunity for a solution that can 

be incorporated into the proposed system.  

 

According to Toseef et al., [14], one of the challenges that are faced by small-scale 

farmers in developing countries is undiagnosed crop diseases or inefficiency in the 

diagnosis of crop diseases. This study also found that some of the drawbacks in existing 

systems in agriculture generally include insufficient knowledge about the diseases and 

the farmers’ lack of education. According to Phelan et al., [24] a well-designed 

agricultural decision support system equips farmers with a facile and rapid way of 

comparing multiple scenarios for management of crop production decisions. One 

example of such tools is CropARM, which assists farmers with management decision 

actions such as planting, by establishing risks taking climate into consideration have been 

designed [24]. 

 

According to Jahel et al., agricultural statistics divulge inter-annual variations in the 

quantities of harvested crops that can be attributed to climate change, global warming, 

and economic uncertainty [43]. The variation in the climatic becomes difficult to keep 

track of it if it is not properly documented and causes environmental uncertainties. It is 

important to understand these climatic variations since they affect the agricultural 

decision the farmers have to make regarding their crop which in turn directly affects the 

quality and quantity of the harvest [43]. Agricultural farming is also impacted by 

economic circumstances, access to credit and markets [43]. With such a multitude of 

external factors affecting operations in farming, small-scale farmers find themselves 

having a difficult task of having to make strategic, operational, tactical, long-term and 

short-term decisions [43]. Without relevant information it becomes a daunting task for 

small-scale farmers to make informed decisions. 
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Agricultural farming is also impacted by economic circumstances, access to credit and 

markets [43], [16]. With such a multitude of external factors affecting operations in 

farming, small-scale farmers find themselves having a humongous task of having to make 

strategic, operational, tactical, long-term and short-term decisions [43]. Without relevant 

information, it becomes a daunting task for small-scale farmers to make informed 

decisions. 

 

2.5 Application of Artificial Intelligence for Cropping Decision Support  

 

2.5.1 Application of Machine learning for cropping decisions 

 

Machine learning (ML) as a subsidiary of Artificial Intelligence (AI), has been described 

by Apro Software as “Agriculture’s new best friend” for a number of reasons [44]. The 

applications thereof are already employed in crop management, soil management, water 

management, as well as livestock management in agriculture. In a study by [31], the 

author suggested that Artificial Neural Networks (ANN) could be used in collaboration 

with other AI methods or statistical techniques to avoid limitations possessed by ANN. 

ML has the capability to independently solve large non-linear problems using datasets 

from several sources as an advantage [45]. In the precision agricultural study by [45], the 

author concluded that ML, in combination with remote sensing, will continue to provide 

comprehensive solution for better estimation and decision support. ML offers a strong 

and versatile platform for incorporating expert knowledge as well as data-driven 

decision-making processes. Without human interaction, ML promotes improved 

decision-making and substantiated decisions in real-world scenarios. In a Machine 

Learning process, a ML model goes through a learning process by making use of datasets. 

The ML model or algorithm that is chosen is highly dependent on the type of problem 

that needs to be solved. A performance metric is used to assess a model's performance. 

At the end of the training, the model can then be used to make predictions, classify or 

cluster based on the knowledge obtained from the training [36]. In a review done by this 

article [36], the most commonly used model in agricultural crop management is ANN. 
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2.5.2 Fuzzy Inference System 

 

Since the introduction of the Internet of Things (IoT), the need for intelligent systems has 

grown in popularity. Artificial intelligence is the ability that is built into a computer 

system to be able to apply the intricate function that a human brain uses to learn and make 

decisions. Machine-learning and fuzzy logic have become the more widely used 

technological applications in the effort to produce intelligent systems. Fuzzy logic is a 

mathematical model in which logic depends on the degree of truth rather than a binary 

for where logic is either true or false. This kind of modelling is used in artificial 

intelligence, robotics, and business decision support systems. According to Toseef et al., 

[14], fuzzy logic can be applied for decision making for two reasons, “the rules are 

derived from expert knowledge that is described in natural language”, and “it handles the 

vagueness and uncertainly inherent in the problem”. 

 

Fuzzy inference system can be used in this regard because it would take as input the 

information entered by the small-scale farmers as described according to their 

understanding. The information the farmer enters may be “fuzzy” or vague. This is 

because fuzzy logic is a multi-valued mathematical model that is able to work on the 

degree of truth rather than either true or false. Fuzzy logic may be employed in image 

processing, decision making and other artificial intelligence kinds of systems. Fuzzy logic 

magic may also be used over Android mobile. An intelligent framework was developed 

in the study by [14] for diagnosis of crop diseases. A Fuzzy Inference System (FIS), 

which is a rule-based system that makes use of fuzzy logic instead of normal Boolean 

logic, is exploited in this study. FIS provides an intelligent engine for synthesising vague 

and uncertain information provided as part of the decision-making process. 

 

The FIS process has three different stages as explained in [14], and as depicted in Figure 

2.2. First, there is an input from the environment that must be fuzzified. This input passes 

through the inference engine where the fuzzy rules are applied using the fuzzy logic. A 

mapping according to the degree of truth is used to get a fuzzy value (z*). This value is 

used in one of two methods of defuzzification, Centroid which uses the centre of area or 

Middle/Mean of maximum (mom) which is self-explanatory. The following formulas 

(equation 1 and 2) applies: 
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Figure 2. 2  Stages in fuzzy modelling [46] 

Centroid z∗ = ∫ μ(x) xdx / μ(x) dx (1) 

Mom z∗ = a+ b/2 

  

(2) 

 

The z∗ is the distance of every relevant maximum value of the function to the centroid, 

and ∫ is the algebraic integration of the sum of the. The value of z* is calculated using the 

average sum in the Centroid formula and the mean of maximum in the MOM formula. 

  

2.5.3 Application of Fuzzy Inference System to cropping decisions 

 

In the study by [14], an intelligent expert system for diagnosis of crop diseases was 

developed. The architecture for this system used fuzzy logic as a backend decision engine 

and was designed to work with Android mobile technology employing jFuzzylite library. 

Figure 2.3 depicts the architecture of the intelligent mobile application for crop disease 

diagnosis according to Toeseef et al., [14]. According to the author, fuzzy logic was used 

for decision support in this frame for two main reasons. The first reason is that the rules 

are derived from expert knowledge described in simple natural language and fuzzy logic 

is “a powerful knowledge representation mechanism for linguistic knowledge”. The 

second reason is that it can handle uncertainty of the input thereby providing the farmer 

with the opportunity to be as intuitive as possible in their input guesses. This also explains 

why fuzzy logic was employed [9] in the development of the ITIKI framework as shown 

in Figure 2.4.  
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2.6 Discussion and comparison of considered technologies 

 

The ITIKI system did well in incorporating the indigenous knowledge, Artificial Neural 

Networks and the sensor technology to assist small-scale farmers with drought prediction 

[9]. This is a crucial solution considering that small-scale farmers operate in rainfed 

agriculture. Rainfall is only one part involved in agricultural decision making. This 

prediction tool has been instrumental in the improvement of the farming decisions in Sub-

Saharan Africa. The challenge that the system has is that it does not provide the farmers 

with holistic agricultural information required to make strategic, tactical, and operational 

management, such as decisions on fertilizer options, choice of crop for different 

conditions provided, agricultural drought, and the intercropping potential to exploit water 

resilient crops for maximum benefit.  

 

 

 

Figure 2. 3 Intelligent mobile application for crop disease diagnosis [14] 
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Figure 2. 4 ITIKI: Integrated Drought Early Warning System Framework [47] 

 

The advantage of the ICT solution in the intelligent mobile application system applied in 

the study by Niebel et al., [14] is that it allows for uncertainty of input to go through a 

fuzzy inference engine to provide a prediction on crop diseases. The system also employs 

the use of mobile phone technology, which is a kind of technology that is more accessible 

to the small-scale farming technology in Sub-Saharan Africa. The challenge of the system 

by Niebel et al is that it does not allow for expert authentication of the output at runtime. 

The system does not cater for a more encompassing solution towards agricultural 

challenges faced by small-scale farmers in rural societies, making it a single target 

problem solving solution.  
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While SIMAGRI, also an Agro-climate system was aimed at assisting strategic and 

tactical decision in the production of crops, it uses historical weather to predict climate 

crop yield by running a simulation of “what if” scenarios [17]. The advantage of this 

system is that it takes a lot more management disciplines into consideration, such as 

planting dates, fertilizer type and environmental conditions, in addition, it takes user 

input. The disadvantage however is that the system simulates yield predictions in a 

graphical manner, which is not what small-scale farmers in Sub-Saharan Africa need.  

 

CropARM is one other tool that was developed in the study by [24] in order to assist users 

to establish a framework of risk. It used the APSIM model to simulate scenarios using 

climate conditions and management actions. Though this system is available online and 

assists in management decisions that generated awfully close to predicted yields, it is not 

accessible to small-scale farmers in rural areas. In the study by [43], one of the limitations 

was determining the influential factors to cropping plans, meaning that there was no clear 

indication of the reasoning behind tactical decision. The author alluded to the fact that 

the small-scale communities based their choices on what the society in general was doing. 

This clearly shows that without enough resources and information, small-scale farmers’ 

agricultural decisions could clearly be hampered.      

 

Table 2.1 highlights advantages and disadvantages of four relevant (to the current study) 

agricultural solutions that already exist. The solutions discussed had phenomenally 

successful results in their respective investigations, but this study emphasises the target 

users of the envisaged system under scrutiny. The disadvantages are therefore highlighted 

in the comparison table. For instance, SIMAGRI is a highly specialised system that 

supports multiple disciplines of agricultural management using historic data, making it 

difficult to enable the use for decision management for small-scale rural farmers. On the 

other hand, although CropARM establishes a framework of risk in agriculture by merging 

climate scenarios with agricultural management actions, it provides a complicated 

interface for output or results which would make it difficult for a small-scale farmer to 

use. This makes both solutions highly inaccessible to small-scale farmers due to the lower 

literacy levels among the mostly rural-based small-scale farmers. It is apparent therefore 

that these solutions are not suited for target user in this case.  
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The intelligent mobile application for diagnosis of crop diseases is only utilitarian in cases 

where crop health is in question, which is passable given the disaster that small-scale 

farmers experience when crop diseases go undiagnosed. This brings us to the question, 

‘what about cases where there is no crop health scare’. How will this tool be of any use 

to a small-scale farmer? The answer is that it would be impractical. This disqualifies the 

solution for small-scale farmers because it is inaccessible to them. At this stage, ITIKI 

was found to be the only solution that is focused mainly on assisting small-scale farmers. 

It incorporates the small-scale farmer’s indigenous knowledge in a drought prediction 

tool, allows for vague user input, and was developed for small-scale farmers, making it a 

more user-friendly tool. Though this is only a drought prediction tool which is a 

shortcoming documented in the paper by Masinde et al., [10], it provides a foundation 

for a decision support tool that is more encompassing of agricultural management and 

management actions. With the prescription of the foundation therefore an intelligent 

Agro-climate decision support tool can be instituted.  

 
Table 2. 1 Comparison of existing technologies used 

ICT 

solution 

Technology 

used 

Advantages Disadvantages 

SIMAGRI DSSAT • Supports multiple 

strategic and tactical 

agricultural decisions  

Uses tercile seasonal 

climate and climatology 

for risk analysis 

• Can be exigent for non-

experts to apply for the 

purpose of agricultural 

decision making 

CropARM APSIM • Help establish a 

framework of risk by 

incorporating climate 

scenarios and 

management actions 

• Regular updated 

climatic streams  

• Inaccessible to small-scale 

rural farmers 

• Output method is not user 

friendly for the small-scale 

farmers 
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Intelligent 

Mobile 

App 

Fuzzy logic 

Mobile phone 

technologies 

• Able to interpret vague 

inputs 

• Uses mobile phones 

technology and android 

OS  

• Incorporates local 

language for the for the 

farmers 

• For diagnosis of crop 

diseases only 

• Does not take many other 

agricultural management 

components into account 

ITIKI Fuzzy logic 

Mobile phone 

technologies 

ANN 

• Early warning 

prediction for droughts 

• Able to interpret vague 

inputs  

• Incorporates Indigenous 

knowledge and is user 

friendly for small-scale 

farmers 

• Built to be user-friendly 

for small-scale farmers 

 

• Does not take many 

agricultural management 

components into account, it 

is only a drought prediction 

tool 

 

ITIKI-Plus Machine 

learning 

Mobile phone 

Sensors 

• Assesses suitability of 

crop upfront 

• Minimises the risk  

• Takes IK into 

consideration 

• Output method is 

designed for the small 

scale farmers   

• Improved yield still 

dependant on 

uncontrollable factors 

 

 

The advantages and disadvantages of different technologies that have been researched in 

the past that are relevant to ICT in agriculture were highlighted and discussed in 

comparison with the system developed in this study. This study supports the statement 
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made in the study by Chlingaryan et al, [45] that states that the development of hybrid 

ML systems are likely to play a huge role in precision agriculture in the future. This study 

developed a hybrid ML system that can be utilised in crop selection preceding planting 

stage in precision agriculture. Contrary to the studies by [26], [30], [32], [38], [39] that 

focused mainly on prediction of crop yield for particular crops, this study focused on 

selecting the right crop for planting depending on the climatic and edaphic conditions. 

The aforementioned studies also focused on only climatic conditions to do the particular 

predictions, except for the study by [45] which also included an edaphic factor that is the 

nitrogen content. The findings of this study confirm that the major contributor in 

prediction is climate conditions, which is identical to other mentioned studies. This study 

is complementary to the ITIKI study because selecting the right crop for the right 

conditions is just as important as predicting whether there will be enough rainfall for a 

satisfactory yield. ITIKI predicts whether there will be enough rain, and this study 

predicts what crops will thrive in the given climatic and edaphic condition.  

 

2.7 Conclusion 

 

Research has shown that there is a decline in the production of crops in Sub-Saharan 

Africa, and other parts of the world. Crop agriculture has been the worst affected by 

global warming and climate change. Small-scale farmers are faced with many challenges 

in their daily operations including the fact that they do not have access to climatic 

information, inputs, finances, machinery, and education. It has been shown that a number 

of technologies have been developed as a result of substantial agricultural research, but 

none of them are accessible or suited for small-scale farming.  

 

Like other economic domains, successful agriculture is extremely dependant on the 

nature of the operational, tactical, and strategic decisions made. Making the right decision 

at the right time, can influence the outcome of a harvest. The decline in crop production 

can therefore be restraint by giving small-scale farmers tools to support their short, 

medium, and long-term decision making. In this chapter, existing technological solutions 

have been evaluated exhaustively with the aim to finding the best fit for the Sub-Saharan 

small-scale farmer. The literature review revealed that none of them could satisfy the 

need of the small-scale farmers from focal case study - Pietermaritzburg in South Africa.  
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The literature review further uncovered that various research experiments have proven 

that the scientific models in decision support systems can have certain limitations as well 

[48], as much as they can be pivotal in agronomic modelling. This therefore provides an 

opportunity for exploring a technological innovation that encompasses Indigenous 

Knowledge, Artificial Intelligence, and sensor information. After intense comparison and 

consideration, it has become conspicuous that this solution would be the best suited for 

small-scale Sub-Saharan African farmers and can be delivered on a mobile phone. 

 

Crop agricultural research has to a large extent focused on crop yield prediction, which 

is not surprising because the concern is on the diminishing quantity of crop production 

where food security is concerned. The prediction of crop yield in the studies that are 

mentioned in this chapter are focused on a particular crop at a time, and the factors that 

affect the prediction are mainly climatic. This study contradicts the rest in that it is mainly 

focusing on selecting the correct crop to plant under the given climatic and edaphic 

condition, taking into consideration that small-scale farmers do not focus on niche 

farming. The approach of this study is that it does not isolate the climatic factors but 

rather collates it with edaphic factors.   
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Chapter 3: Research Methodology 
 

3.1  Introduction 

 

This chapter presents the methodology that was followed in putting together the ultimate 

solution for the modelling of the Agro-climate decision support system (DSS) for small-

scale farmers. It clarifies aspects such as the design of the research, the methods for data 

collection and the development of the framework for the DSS. The aim is to elucidate the 

systematic approach followed in this research. This also includes the conclusions drawn 

after consideration of certain aspects and facts of the study.  

 

3.2  Research design 

 

An inductive research approach was followed for this study. An inductive research 

approach refers to the kind of research approach that does not begin with a formulated 

hypothesis but is based on aims and objectives that must be achieved through the research 

process [49]. Based on the aims and objectives stated in Chapter 1, the following research 

designs steps were selected and applied in this work: machine learning modelling, 

framework development, case study and software prototyping. These research design 

steps are discussed in detail below. 

 

3.2.1 Machine learning models 

 

According to Robert J. Sternberg, intelligence is the ability to learn, understand and think 

in a logical manner from experience [50]. Machine learning (ML) is a part of artificial 

intelligence (AI) that assists machines to become intelligent. In a quest to achieve an 

intelligent Agro-climate DSS, ML was employed in this study. In order to successfully 

build a ML solution, a ML lifecycle is followed.  

 

A ML lifecycle follows five steps: data collection, data modelling, data preparation (pre-

processing), model training, model evaluating and deployment. Model evaluation also 

involves fine-tuning the parameters to improve performance, and finally making 

predictions. In this work, the machine learning processes were followed as shown in 
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Figure 3.1. However, the final phase (model deployment), was not explored in this study 

because it is beyond the scope of this research. The simulations of the ML process are 

presented in detail in the next chapter. The simulation on the data was performed in order 

to determine the best ML algorithm for classification of the selected crops. 

 

 

 

Figure 3. 1  Machine Learning process 

 

3.2.2 Framework Development  

 

As per objective 2 of this study, framework development approach was applied in 

defining the architecture of the integrated (indigenous knowledge, agro-climatic and 

edaphic conditions) intelligent agro-climate model. The development of the Intelligent 

Agro-climate Decision Support System followed the blueprint carved by the ITIKI 

Framework, which implemented the integration of Information and Communications 

Technologies (ICTs) with indigenous knowledge. Starting from the ITIKI Framework, 

the unique features of the proposed solution were used in extending ITIKI Framework to 

ITIKI-PLUS.  
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The ITIKI-PLUS Framework is based on cropping decisions made by small-scale 

farmers. As already determined in Chapter 1 the best cropping choice decision is 

dependent on the edaphic and climatic conditions, therefore data about climatic 

conditions and edaphic conditions affecting selected crops was collected. The data was 

run through a ML process employing different ML algorithms. Using supervised 

learning, ML classification was used to classify different crops according to the 

mentioned features. The data collected for the IKs was used to map and collaborate the 

cropping decisions made by the ML models. Mobile phone technology was employed for 

the dissemination of the cropping information. 

 

3.2.3 Software prototyping  

 

Software prototyping was used to build mobile-based application that demonstrates the 

implementation of the intelligent agro-climate model. The mobile application was built 

using Android studio. The application used an Android navigation pane as a home screen, 

with the details of the logged in user showing on the main screen. The application uses a 

static menu according to the user role of the logged in user. The design of the application 

used a consistent look and feel on all the menus to allow easy navigation.  

 

The application allowed for a user registration prior to using the application, and a user 

account management such as password reset and so on. The application used Backendless 

for information storage and user account management. This prototype functionality was 

not tested in the field because of the Covid-19 lockdown. Figure 3.2 shows the user 

interface of the application. The images show that a logged in user is able to access two 

menus depicted on the left and the right. The middle picture shows reported IK which 

automatically tells the location of the reported IK using latitude and longitude. A reported 

IK is important for the purpose of this study, and will be discussed later as part of the 

intelligent agro-climate DSS model.  
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Figure 3. 2 The interface of the mobile application prototype developed  

 

3.2.4 Case study 

 

This research focused on the case study of Swayimane area, located in Pietermaritzburg 

in the KwaZulu-Natal (KZN) Province. Swayimane is a densely populated part of the 

uMshwathi ward 8 local municipality in the KwaZulu-Natal Midlands as shown in the 

map below. Figure 3.3 shows the municipalities around and surrounding the uMshwathi 

municipality in KZN province. uMshwathi local municipality is located in the district of 

uMgungundlovu. Swayimane is a suburb of Wartburg, with the coordinate’s latitude 

29°25'50"S and longitude 30°34'32"E. Figure 3.4 shows a closer look at the uMshwathi 

municipality. The area marked in green represents the uMshwathi ward 8, and Figure 3.5 

shows a closer look at ward 8 where Swayimane is located. Swayimane is situated 40km 

outside of Pietermaritzburg and is well known for its farming community. This small-

scale farming community is mainly a crop farming community. Small-scale farming 

communities in this area mainly plant maize, beans, amadumbe, sweet potatoes and 

sugarcane. The staple food in Swayimane is maize. 
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Figure 3. 3 Map of the municipalities in KZN midlands 

 
Figure 3. 4 Map of uMshwathi municipality ward 8 
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Figure 3. 5 Closer look at uMshwathi ward 8 (Location of Swayimane) 

 

3.3 Data collection 

 

Three sources of data were used: IK data collected using questionnaires, edaphic data and 

weather data sourced from the South African Weather Service. IK refers to the local 

knowledge used by the small-scale farmers of Swayimane for their decisions regarding 

daily operations, and edaphic data refers to factors that are related to the soil conditions 

that affect cropping decisions. Edaphic data is generally collected using suitable soil 

sensors, but for this study no sensors were deployed because due to the Covid-19 

lockdown the appropriate time frames to order and install the equipment was missed. 

Weather data refers to the meteorological or climatic data. 

 

3.3.1  Indigenous Knowledge Data 

 

The collection of IK was done using questionnaires. As detailed in Appendix B, the 

questionnaire was sub-divided into 5 different sections. The first section was for the 
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demographic information, such as age, sex, the level of education and the level of 

experience as a farmer. The other sections of the questionnaire included the knowledge 

of weather forecasting, such as the type of weather forecasting used. IK before cultivation 

formed part of the questionnaire as well, as in the type of IK used for forecasting. It was 

important to determine the level of awareness of climate change and biodiversity as well, 

therefore another section of the questionnaire included questions to this effect. The last 

part included the indicators used to determine the offset of a season. Table 3.1 is a 

representation of the IK collected for the offset of seasons for KwaZulu-Natal. Focus 

groups were used to provide more information on the details of the IK used particularly 

in the area. 
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Table 3.1 KZN Indigenous knowledge weather indicators 

 SUMMER 

0B(December-February) 

SUMMER 

1B(December-

February) 

WINTER 

2B(June-August) 

SPRING 

3B(September-November) 

4BAstronomical • Full moon 
 

• The moon is small 
in size 

• Full moon 
 

5BHalf or small moon • 6BHalf moon 

7BMeteorological 

(Knowledge of 

the Seasons) 

• Very hot weather 
• High temperature during 

the day and night 
 

 • Cold weather 
 

• It rains 
• Presence of thunderstorm and 

lightening 
• No rain sometimes. 
• Stars in night sky when it's going 

to be sunny 
 

8BBehaviour of 

Birds 

9BMagwababa and 

Inkonjane birds flock in 

before the rainfall. 

 

 10BOnogolantethe bird is 

flying looking for snakes 

and earthworms to eat. 

11BNoisy migratory Birds are 

flocking in during spring e.g. The 

yellow Phezukomkhono bird. 

12BBehaviour of 

Insects 

13BNtuthwane (Ants) are 

present, indicating the 

commencement of 

summer 

• Insects are decreasing 
in autumn. 

• Sighting of Inyosi 
bees which are 
present in autumn 

• Insects are absent in 
winter. 

• Ants are hiding 
• No ants vissible 
 

• Inyosi Bees are hiding in their 
hives. 

• Little insects 
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indicate the autumn 
season. 

 

14BBehaviour of 

animals 
• The animals are beautiful 

in summer, active and 
shinning fur. 

• Sighting of Ingxanga 
Frog in the undergrowth 
as the army of frogs move 
between the land and the 
watery homes. Laying 
their eggs – frogspawn – 
in any source of water 
they can find. 

• Cattles are gaining fat. 
• Most animals are getting 

fat. 
 

15BCows are fat • Little trace of bush 
animals, because it’s 
cold, little activities. 

• The animals are thin 
• Thin, lost some weight 
 

16BThe animals are average and lost 

weight 

17BFlower, leaves 

and fruit 

production by 

some Trees. 

• Flowering of some trees - 
Mviti Tree, Peach trees, 
Amapetjies, tshisi. 

• In summer flowers are 
blooming 

 

18BSome plants leaves 

are withering and 

decaying e.g., Mviti 

tree 

19BWithering of leaves of 

some trees 

• Blooming of some trees e.g 
Guava 

• Flowering of trees and plants 
e.g., Wattle, Wiki-jolo, 
Umphenjane. 

  

20BMyths and 

religious 

beliefs 
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This research sought the local understanding of the factors affecting cropping decisions 

before cultivation and planting for this group of small-scale farmers. The feedback in 

terms of the usage of the IK, the kind of IK used, and the ease of use was important. The 

likelihood of the adoption and acceptance of the DSS was a crucial part of this data 

collection since the solution would be tailor made for them. The other important aspects 

of this data collection were the understanding of the demographics in this community, 

the level of education, and the use of mobile phones.   

 

3.3.2  Edaphic Data 

 

Production guidelines for vegetables for KwaZulu-Natal as scientifically determined by 

the Department of Agriculture, Land reform and Rural Development and published in 

their website contained edaphic conditions affecting each crop documented in a form a 

brochure. To collect this data, brochures were obtained and analysed; each brochure 

contained requirements for the soil type, soil preparation, soil acidity, rainfall 

requirements, amounts of Nitrogen, Phosphorus and Potassium, weed control, pests, and 

so on. The edaphic conditions collected from these brochures were Nitrogen, Phosphorus, 

Potassium, rainfall, humidity, and pH. These were supposed to be collected using sensors, 

but due to the Covid-19 pandemic lockdown, the sensors were not installed. The 

brochures provided the minimum and maximum values of the selected features. Only five 

brochures were selected for this study and the information is summarised in Table 3.2.    

 
Table 3. 2 Edaphic and climatic conditions affecting crop selection0F

1 

Nitroge

n (N) 

Phosphoro

us (P) 

Potassiu

m (K) 

Temperatu

re 

Humidit

y 

Soil 

pH 

Rainfa

ll 

Crop 

label 

 100 - 

120 

75 - 150 100 - 200 20 - 24 80 - 90 6,0 -

7,0 

21 - 38 Tomato

es 

150 - 

200 

11 - 28 75 - 240 18 - 38 90 - 95 5,0 - 

5,4 

460 - 

910 

Potatoes 

10 - 40 150 - 250 100 - 200 20 - 25 50 - 70 6,0 -

7,0 

25 - 

600 

Peppers 

 
1https://www.dalrrd.gov.za/Branches/Agricultural-Production-Health-Food-Safety/Plant-
Production/Production-Guidelines/Pguidelinesarchieve 
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60 - 100 35 - 60 15 - 25 19 - 23 55 - 75 4,5 - 

7,0 

350 - 

450 

Maize 

40 - 60 55 - 80 100 - 150 18 - 24 18 - 25 5,8 - 

6,5 

400 - 

650 

Beans 

 

The selection was informed by the KwaZulu-Natal planting calendar. The calendar is 

published by seeds for Africa for every province in South Africa. The mentioned planting 

calendar for the area was acquired from the website of DALRRD [51]. The selected crops 

are the ones that are typically planted by the Pietermaritzburg small-scale farmers. The 

soil type was not taken into consideration for this particular exercise. 

 

3.3.3  Weather Data 

 

Historical meteorological weather data was collected for Pietermaritzburg and was 

summarised using jupyter notebook as shown in Table 3.3. This data was sourced from 

the South African Weather Service, and it included minimum and maximum 

temperatures, as well as precipitation for the past ten years. The temperature is measured 

in degree Celsius, and the precipitation is the amount of rain daily. The rainfall used for 

the purpose of the simulations is aggregated annually and is measured in millimetres. The 

readings shown below are taken daily. The first column shown the record number, zero 

being the first record. 

 
Table 3.3 Climatic data collected for Pietermaritzburg 

Date Time 
 21BT(max) 22BT(min) 23BP(mm) 

24B2000/01/01 25B29,33 26B17,85 27B32,03 

28B2000/01/02 29B21,20 30B15,21 31B0,00 

32B2000/01/03 33B22,40 34B15,78 35B0,00 

36B2000/01/04 37B25,08 38B16,31 39B0,00 

40B2000/01/05 41B27,28 42B17,69 43B0,00 

44B……………. 45B………………… 46B……………….. 47B…………….. 
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3.4 Data generation  

 

Data collection for the purpose of the given project required expert knowledge of the 

required features. Since the information collected was from different sources, and needed 

to be combined, a data file was generated for the purpose of simulating the ML. A method 

called feature construction or augmentation was used for this exercise.  

 

Feature construction involves a process of transforming a set of input feature into new 

features that can be used for prediction purposes [18]. In image classification, the type of 

augmentation may include a method called random erasing, in which parts of the image 

are being randomly erased to improved image classification [52]. Data for crop selection 

was collected from the Department of Agriculture, Land reform and rural development 

website [53], as already mentioned. The file for simulation was created using the Excel 

spreadsheet random generator function. The random generator in Excel takes the upper 

and the lower limit to generate the numbers in between. A total of 150 random numbers 

were generated per feature to create 150 records per crop.  

 

The climatic features selected are minimum and maximum temperature, minimum and 

maximum rainfall, and the edaphic features selected are minimum and maximum soil pH 

and humidity required for production of the selected crops. On the other hand, the 

averages of the temperature, pH level and rainfall are used. The value of the rainfall is 

the amount of rainfall distributed over a year while the selected crops are those that are 

well suited for production in KwaZulu-Natal.  

 

According to the planting calendar, there can be many crops which are suitable to be 

planted in a given month. For example, in January one can plant Swiss chard, potatoes, 

lettuce, carrots, cauliflower, Brussel sprouts, broccoli and beans. As a result, the model 

will need to include more unique features in order to predict the best suited crop for the 

given meteorological and edaphic circumstances. The labels of the selected features are 

Nitrogen (N), Phosphorus (P), Potassium (K), temperature, humidity, soil pH level, the 

amount of rainfall, the month in which the crop may be planted according to the planting 

calendar and the crop name suited for particular conditions.  
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3.5  Data analysis 

 

In this section the descriptive statistics of the quantitative data is presented and explained 

according to the findings of the research as collected by the mentioned questionnaire. 

This is to understand the case study for the selected area better, and to look closer at the 

farming community under study. 

 

3.5.1 Demographics of the respondents 

 

Amongst the group of respondents, 60.8% were female, 27.8 were male, and 11.4 of the 

respondents did not specify their gender as shown in Figure 3.6. This means that this 

farming community is dominated by female farmers than the male farmers. As shown in 

Figure 3.7, 16.5% of the respondents were between the ages of 18-35, which is the same 

percentage as the over 66 group of respondents, and the groups 46-55 and 56-65 groups 

also had the same percentage of 20.3%. The group 36-45 had the highest percentage of 

26.6%. This means that even though the younger generation is beginning to take interest 

in the farming business, this farming community is dominated by a generation of ages 

over 45 years constituting over 60% of the group. 

 

 
Figure 3. 6 Bar chart of the Gender demographics 
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Figure 3. 7 Age groups of the farmers 

 

The largest percentage of 36.7% of the respondents have a secondary school level of 

education as shown in Figure 3.8, while 15.2% have primary level and 20.3% have no 

education. The middle percentage of 27.8% has post-secondary education level. This is 

probably because it has become easier to access schools in the rural areas because almost 

80% of the respondents have some level of education, and the secondary and post-

secondary education together constitutes more than 60% of the group.  

© Central University of Technology, Free State



42 
 

 
Figure 3. 8  Level of Education 

 

When it gets to the number of years of experience in farming, 75.9% of the respondents 

have more than 20 years of experience as shown in Figure 3.9. This percentage is a 

combination of all age groups of respondents. This means that there is no limit to the age 

of starting to be a farmer, and that some of the farmers were probably in the farming 

business before they even started school.  

 

This means that farming is the core of this community. About 20.3% of the respondents 

have between 10 and 20 years of experience, leaving a percentage below 5% as having 

less than 10 years of experience.  
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Figure 3. 9  Level of experience in farming 

 

3.5.2 Testing the questionnaire reliability 

 

To test the reliability and consistency of the questionnaire, a section of the questionnaire 

was used to calculate the Cronbach’s Alpha for the four questions that were asked about 

the subject. The following are the questions selected:  

 

Q1. Using indigenous knowledge, it is simple and reliable to foresee the agricultural 

season (season with fine weather and good rains) before I cultivate 

Q2. Using indigenous knowledge, I can foresee bad season (season with no rains and 

undesired temperature) before I cultivate 

Q3. With Indigenous knowledge in place, there is no need for any form of technology 

that can help to foresee agricultural season 

Q4. Using the indigenous knowledge, it is easy and quick to monitor the development of 

my crops 

Q5. Using indigenous knowledge (observations), I can always spot all factors that may 

impact my crops such as crop insects and weeds at an early age 
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The following are responses according to the sample data collected and are represented 

using bar charts. The y-axis represents the number of responses, while the x-axis shows 

the respective latent variables which were scaled from 1 to 5, 1 being strongly agree and 

5 being strongly disagree.  

 

 

 
Figure 3. 10  Responses for question 1 

 

 
Figure 3. 11  Responses for question 2 
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Figure 3. 12  Responses for question 3 

 

 
Figure 3. 13  Responses for question 4 

 

 
Figure 3. 14  Responses for question 5 
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Figure 3. 15  Descriptive statistics for the dataset 

 

 
Figure 3. 16 Reliability results for the dataset 

 

 

The Cronbach alpha value of 0.97 was found. The value that is higher than the value of 

0.90 is considered excellent and is an indication of good internal consistency and 

therefore reliability. This could also be an indication of that some of the variables are too 

identical and thus the same thing reoccurs, but it is not the case in this instance. Even 

when the number of items were reduced, the reliability coefficient remained above 0.90. 

When one looks at the questions individually, it becomes clear that the small-scale 

farmers do believe in the help of indigenous knowledge hence a higher percentage agree 

with the positive idea that indigenous knowledge is critical to their daily operation. 
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3.6 Evaluation procedures 

 

Machine learning process was performed on the climate and edaphic data taking into 

consideration the type of problem to be solved, the size of the dataset and how the size 

would be split between training and testing, and lastly the number of features. The 

selected algorithms were employed and evaluated according to machine learning 

classification metrics for evaluation. Metrics used for classification evaluation include 

accuracy score, precision, recall, F1-score, ROC, and AUC. The metrics selected in this 

case to compare and contrast the algorithms are precision, recall, F1-score and the 

accuracy score. The best possible algorithm was then selected. The process is described 

in more detail in Chapter 4. 

 

3.7 Conclusion 

 

In this chapter, the systematic approach of this research was presented. The elements of 

a research methodology were demonstrated. The first element covered is measurement 

objectives, that is the reason for the objectives and the envisioned outcomes were 

explained. The other element covered is the data collection process. It was explained how 

the data was collected, methods used for the data collection, and the type of data that was 

collected. This chapter also explained how the data was used to achieve the results that 

will be explained in later chapters. The description of the sample area and the sample 

population was also provided in this chapter. The data analysis methods for the collected 

data were also described in this chapter. In conclusion, the framework for the intelligent 

agro-climate decision support system was explained. The next chapter will explain the 

ML evaluation process and the findings of the process followed.  
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Chapter 4: Modelling of the Intelligent Agro-climate Decision Support 

system 
 

4.1 Introduction 

 

Crop agriculture by small-scale farmers depends on factors such as the economy, the 

demand, access to seeds, farm implements, and access to markets. There are two types of 

decisions that farmers have to make in the crop agricultural maintenance. Long-term 

goals to develop and strengthen the firm, such as marketing, are referred to as strategic 

decisions. Planting timing, crop suitability, and crop variety selection are all tactical 

decisions. The small-scale farmer's tactical decisions will be used as a bedrock for the 

modelling of the Agro-climate Decision Support system. The aim of this chapter is to 

outline simulations and activities to the modelling of the Intelligent Agro-climate 

Decision Support system (DSS). 

 

This research will concentrate on crop suitability in relation to climatic and edaphic 

conditions. The climatic and edaphic conditions of the selected area in KwaZulu-Natal 

have been used in these data simulations. The study utilises Machine Learning (ML) to 

determine the suitable crop to be planted at a particular time according to the specified 

climatic and edaphic condition. A sequential ML process will be followed, and the results 

analysed and presented. At the second phase, Indigenous knowledge (IK) will be 

introduced to collaborate and compare the results. The chapter focuses on ML which 

provides the intelligent part of the DSS. Jupyter Notebook from the Anaconda3 package 

was used for this ML exercise in a quest to design the perfect model for crop selection at 

planting stage for small-scale agriculture.  

 

4.2 Machine learning 

 

Machine learning in agriculture has been widely used in crop management mainly for 

prediction of crop yield [45]. Machine learning is a scientific field that allows machines 

to function without being programmed [54]. In a ML process, machines go through a 

process of learning or training in task performance before they can be used to make 

predictions. The performance of the ML model is measured by making use of a metric. 
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The learning process is dependent on different algorithms that are employed. The process 

of learning can either be supervised or unsupervised, and the learning model is selected 

according to the task at hand. In supervised learning data is presented with examples that 

define specific rules. There is distinction between data used for training the model and 

the data used to test the model. In terms of unsupervised learning, there is no input that 

defines the rules, but the model is used to define or discover its own patterns. Some of 

the ML models that are used in agriculture include regression models, clustering, 

Bayesian model, instance based, artificial neural networks, ensemble, support vector and 

decision trees. A ML project follows particular steps as already mentioned in the previous 

chapter. In this chapter, the steps followed for the ML process are discussed in more 

detail.  

 

4.2.1 Data collection 

 

Data collection for the purpose of the given project requires expert knowledge of the 

required features. A brute-force method of data collection was used for this exercise. Data 

for crop selection was collected from the Department of Agriculture, Land reform and 

rural development website [53]. The information is documented in the different brochures 

that are created with production guidelines. Each crop requirements are documented 

separately with information that include description, climate requirements, soil condition, 

rainfall requirements, nitrogen, phosphorous and potassium requirements, preparation, 

and harvesting. A technique called feature construction was used to create a randomised 

data file for simulations from the information gathered using random number generator 

on excel. The random generator in excel takes the upper and the lower limit to generate 

the numbers in between. With each crop, 150 random numbers were generated per 

feature. Table 3.1 is a sample of the selected crops and the features that are documented. 

The information was gathered from a web page [53]. 

 

The climatic and edaphic feature selection was already discussed in the previous chapter. 

It is imperative to note that for the purpose of the modelling task, the temperature was 

aggregated, and the value of the rainfall used is the amount of rainfall distributed over a 

year while the selected crops are those that are well suited for production in KwaZulu-

Natal. The selection was informed by the KwaZulu-Natal planting calendar. The calendar 
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is published by seeds for Africa for every province in South Africa. The mentioned 

planting calendar for the area was acquired from the website of DALRRD [51]. The 

selected crops are the ones that are typically planted by the Pietermaritzburg small-scale 

farmers. The soil type was not taken into consideration for this particular exercise. Figure 

4-2 provides the KwaZulu-Natal planting calendar. 

 
Table 4. 1 Planting chart for KwaZulu-Natal

 

According to the planting calendar, there can be many crops which are suitable to be 

planted in a given month. For example, in January one can plant Swiss chard, potatoes, 

lettuce, carrots, cauliflower, Brussel sprouts, broccoli and beans. As a result, the model 

will need to include more unique features in order to predict the best suited crop for the 

given meteorological and edaphic circumstances. The edaphic features that were taken 

into consideration were the Nitrogen (N), Phosphorus (P), Potassium (K), and soil pH 

level. The climatic features taken into consideration were rainfall, and temperature. The 

features are summarised with labels and the first few records are shown in Table 4.2. The 
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headings show the amount of rainfall, the month in which the crop may be planted 

according to the planting calendar and the crop name suited for particular conditions.  

 

4.2.2 Data analysis 

 

As mentioned previously in this chapter, the data that was used was created using brute 

force. The Python API was used to load the generated excel file to view and manipulate 

the data. To examine the data, the first few rows were reviewed with headings as seen in 

Table 4.2. The table shows the first five records from the excel file in a table form with 

the respective headings. It is imperative to know how many rows and columns are 

available to work with. There should not be too many features because some algorithms 

may suffer poor performance, and too many rows may result in training taking too long. 

 
Table 4.2 Contents of the Crop simulation file 

 

 

The statistical description of the given file is represented in Table 4.3. It is a summary of 

the file contents. The standard deviations of all the features are exceptionally large, with 

the exception of the soil pH value. This means that the soil pH values of the different 

records do not deviate much from the average value of the soil pH values in the dataset. 

The minimum of all the values is greater than zero, meaning that there were no missing 

values in this dataset. The value of the range of the features is extremely high with the 

exception of the soil pH value. This means that the other features are widely spread out 

and less consistent. 
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Table 4.3 Statistical description of the crop simulation file 

 

 

Data types may also be reviewed for the features used. Machine learning makes use of 

numeric values and if the values are not numeric, there may be a need to code them 

beforehand. If the data has fields such as date, there would also be a need to extract the 

required field from it. The descriptive statistics according to Table 4.3 show the total 

number of records, the average per feature, the mean, and standard deviation. There are 

seven hundred and fifty records and eight features, with the last column showing the 

category. The data is organised according to labels. This means that supervised machine 

learning can be employed for this dataset.  

 

Supervised ML can be done using classification or clustering. As already mentioned in 

the previous chapters, ML solutions depend on the kind of problem that is being 

addressed. We can conclude that the problem addressed in this case is a classification 

problem. The goal is to categorise the given data into categories of crops available. There 

is therefore significance in determining how balanced the class/category values are. In a 

case where there is no balance, special preparation would be required to avoid bias 

towards the majority class. This means that if one class had more records that the other, 

the results could be biased in favour of the class with more records because it would be 

predicting that class more times than the rest. 

 

The heat map in Figure 4.1 confirms there are no records with missing values. The Count 

plot shown in Figure 4.2 confirms number of records per crop name as 150. This means 

that the dataset is balanced, meaning there is not one class with more records than the 
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rest, and there are no gaps in the data. The dataset shows no missing values, meaning 

there are no records with fields that have any missing values. If there were missing values 

or the number of records were not the same, further processing would be necessary to 

eliminate the imbalance. Figure 4.2 show that the class values are all balanced, meaning 

they have the same number of records. It confirms the narrative in Figure 4.1. 

 

 

Figure 4.1 Heat map of the contents of the crop simulation file 
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Figure 4.2 Count Plot of the data distribution 

 

The comparison between the temperature and pH distribution in Figure 4.3 shows the 

temperature to have a more symmetrical shape. This means it is a Gaussian distribution 

for the temperature data. It is also shown in Figure 4.5 that there is a strong negative 

correlation between the two features. This suggests a negative relationship between the 

two. 

 

Figure 4.3 Comparison between Temperature and PH 
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The comparison between the temperature and humidity shown in Figure 4.4 on the other 

hand seems to produce a different result. This comparison shows a lot of outliers with the 

humidity. In Figure 4.9 there is a strong positive correlation between the temperature and 

humidity. This suggests a relationship between the two features. 

 

 

Figure 4.4 Comparison between Temperature and humidity 

 

Heat map of Correlation of the features is shown in Figure 4.5. The straight diagonal line 

shows a perfect negative correlation of the features. Figure 4.6 and Figure 4.7 show the 

distribution of each figure in a histogram and density plot, respectively. Correlation 

between attributes as shown in Figure 4.5 is important because some algorithms may 

suffer poor performance if there is high correlation between the features. If the problem 

that is being solved was a regression problem, the perfect correlation would pose a 

problem for regression model and would produce misleading results. 
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Figure 4.5 Heat map of Correlation between features  

 

Histogram plots and Density plots are shown in Figure 4.6 and 4.7 respectively to 

determine the distribution of each feature. Many machine learning techniques assume a 

Gaussian variate distribution. From the figures it can be determined that none of the 

features exhibited a Gaussian distribution except for the temperature feature, leading to a 

decision to normalise or standardise the data before working with it.  

 

Figure 4.9 is a box and whiskers plot for the distribution as well, with the difference that 

this plot draws a line through the median and a box around the 25th and 75th percentile 

of the distribution. The whiskers show how the data is spread and the black dots outside 

the whiskers show outliers, as seen with the Month, Temperature and Phosphorous 

Features. For the month feature it is because amongst the crops that are involved, only 

two crops may still be planted in the months January and February. 

 

Figure 4.8 show a scatter plot of the distribution for humidity and rainfall. A scatter plot 

is a visualisation of the relationship between two values. In the mentioned figure, the 
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relationship between the humidity and rainfall is shown for the different classes. The 

different classes are depicted using the different colours. The same figure (Figure 4.8) 

shows how the different classes have completely different values for the mentioned 

features.  

 

Figure 4.6 Histogram of each of the features 
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Figure 4.7 Density plot of each feature (the important part is the curve/shape of the line) 
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Figure 4.8 Joint plot of the rainfall against humidity shown for 3 crops 
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Figure 4.9 Box and whiskers plot for each feature 

 

 

The data shows that there is a strong correlation between the climatic features and other 

climatic features, but so much correlation to the edaphic factors. For example, there is a 

strong correlation between rainfall and pH of the soil, and pH has high correlation to 

Nitrogen. None of the other edaphic features have high correlation to climatic features. 
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4.2.3 Data pre-processing 

 

Feature scaling, often known as standardisation, is a data pre-processing process applied 

to independent variables or data characteristics. It essentially aids in the normalisation of 

data within a specific range. Machine learning methods that use Euclidean Distance 

measure to determine distances between data require feature scaling. If scaling is not 

done, when computing distances, the feature with the higher value range takes 

precedence. The assumption behind feature scaling is that your data follows a Gaussian 

(bell curve) distribution. The following methods are normally used for feature scaling 

[55]: 

 

a) Rescaling (min-max normalisation) 

 

The simplest method of feature scaling. It is also known as min-max scaling or min-max 

normalisation. It entails rescaling the range of features to scale the range in [0, 1] or [1, 

1]. The goal range is determined by the data type. The following is the general formula 

for a min-max of [0, 1]:  

a) Rescaling (min-max 

normalisation) 

 

𝑥𝑥1 =
x − min(𝑥𝑥)

max(𝑥𝑥) −𝑚𝑚𝑚𝑚𝑚𝑚(𝑥𝑥) 
(3) 

 

The following formula in equation 4 applies: 

b) Mean 

normalisation 

 

𝑥𝑥1 =
x − average(𝑥𝑥)

max(𝑥𝑥) −𝑚𝑚𝑚𝑚𝑚𝑚(𝑥𝑥) 
(4) 

Feature standardisation gives each feature in the data a zero-mean value. The value of the 

standardised variable is calculated as below.  
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c) Standardisation (Z-

score Normalisation) 

 

𝑥𝑥1 =
x − 𝑥̅𝑥
𝜎𝜎

 (5) 

 

Another option that is widely used in machine-learning is to scale the components of a 

feature vector such that the complete vector has length one. This usually means dividing 

each component by the Euclidean length of the vector as in the formula below. 

 

d) Scaling to unit 

length 

 

𝑥𝑥1 =
x
‖𝑥𝑥‖

 (6) 

 

As already said, because many machine learning algorithms make assumptions about the 

data, there is a need to transform the data so that it can be usable. Because Gaussian 

distribution is assumed, standardisation was performed on the data as shown in Figure 

4.15. As already mentioned in point number c), the formula shown in equation 5 applies. 

The MinMaxScaler from sklearn library was used to transform the data for processing to 

avoid getting misleading results using the train_test_split function. 

 

4.2.4 Choosing an algorithm 

 

The algorithm chosen should be the most appropriate for the type of problem to be solved. 

The features of the dataset have precisely defined labels based on the data that has been 

collected. The task at hand is to categorise instances of the given data into one of many 

crops. Supervised machine learning algorithms can be used to complete the given 

problem. Examples of supervised learning algorithms include but are not limited to 

Linear Classifiers, Logistic Regression, Naïve Bayes Classifier, Perceptron, Support 

Vector Machine, K-Means Clustering, Boosting, Decision Tree, Neural networks, and 

Bayesian Networks. The goal is to anticipate a suitable crop to plant at a specific time 

based on the given edaphic parameters. As a result, a logic-based classification method 

is recommended for this purpose. Logic-based Learning entails the automated creation of 
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logic-based algorithms from examples and domain knowledge. Decision trees and rule-

based classifiers are some of the logic-based algorithms. Classification trees that 

categorise instances by ordering them according to feature values are known as decision 

trees. 

 

4.2.5 Training the dataset 

 

The data obtained is appropriately labelled as already mentioned and contains fewer than 

100k records, meaning the problem to be solved is a classification. The classification 

challenge entails determining which category an object falls into. An object is a data item 

or record in this context, and it is fully represented by a set of values or features. 

Categorisation can only predict values in a distinct set. In this scenario, the goal is to 

forecast which crop to plant based on climate and edaphic conditions. There are four 

categories of classifications to choose from: binary classification, multi-class 

classification, multi-label classification, and imbalanced classification. Those 

classification tasks with two class labels are referred to as Binary classification. Those 

classification tasks with more than two class labels are referred to as multi-class 

classification. Classification tasks with two or more class labels, where one or more class 

labels can be anticipated for each case, are referred to as multi-label classification. 

Imbalanced classification refers to problems in which the number of examples in each 

class is distributed unequally. 

 

The endeavour is a multi-class classification since the objective is to distinguish which 

of many categories a single record in our data belongs to. It is therefore imperative that 

the following algorithms are explored: k-Nearest Neighbours, Decision Trees, Support 

Vector classifier, Random Forest, and Gradient Boosting. A comparison of all the 

mentioned classification algorithm follows below. A machine learning map for the 

process of choosing an algorithm is shown in Figure 4.10. 
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Figure 4.10 Machine learning process for Algorithm selection[56] 

 

Table 4.4 depicts the libraries NumPy, Scikit-learn, Matplotlib, and Pandas that were 

used in the task. The data that was generated as mentioned was imported into Jupyter 

Notebook pandas data frame using the “read.excel()” function. The loaded data was split 

using the train-test-split function from sklearn.  

 

Table 4.4 Machine learning libraries used 

Name of the library Purpose of the library 

1. NumPy For multidimensional array manipulation 

2. Pandas For data manipulation and analysis 

3. Scikit-learn For access of machine learning algorithms and tools 

4. Matplotlib, Seaborn   For data plotting  

5. Yellowbrick For visual representation of reports  

 

 

© Central University of Technology, Free State



65 
 

i. Classification using Decision Trees 

 

Figure 4.12 shows the Decision tree classifier used to train seventy percent of the dataset 

with a thirty percent used for testing. The sklearn library in Python was used to 

accomplish the task. When training the model using the decision tree classifier, an 

accuracy score of 1.0 was observed on training set as shown in Figure 4.12. Accuracy is 

the measure of how often the classifier classifies correctly overall. This means a 100% 

accuracy on the training data. On the test data, the decision tree classifier obtained a 99% 

accuracy, meaning the model is able to predict the results at an accuracy of 99%.  

 

Figure 4.11 shows the feature importance according to the Decision Trees classifier. 

Feature importance is a measure of how useful an input feature is in predicting the 

targeted variable feature. Rainfall, Humidity, Potassium and Phosphorous are the features 

that have been considered more important in the prediction of the target according to this 

algorithm. Feature importance provides insight as to which features can be eliminated in 

the process of improving the performance of the algorithm should there be a need to 

reduce the number of input features. This means that the re-evaluation of the model 

performance may be based on the feature importance. 

 

 

Figure 4.11 Feature importance according to Decision Tree Classification 

 

© Central University of Technology, Free State



66 
 

Figure 4.12 shows the Decision Tree according to the Decision Tree classifier. The 

decision tree is a schematic representation of the flow of the decision-making process by 

making use of leaf nodes and branches. The leaf nodes represent a decision outcome, 

while the branches represent coexistence of features that led to the decision or the 

decision rules. Decision trees follow a Sum of Product representation, also known as 

Disjunctive Normal Form. The main challenge a decision tree classifier has is the 

selection of the root node. 
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Figure 4.12 Decision tree according to the Decision tree classifier 

 

Figure 4.13 shows a classification report for the Decision tree classifier. There are four 

ways to check if predictions are right or wrong. The first is True Negative (TN), where 

the case was negative and predicted negative. True Positive (TP), where the case was 
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positive and predicted positive. False Negative (FN), where the case was positive but 

predicted negative. False Positive (FP), where the case was negative but predicted 

positive. The classification report uses metrics Precision, Recall, f1 and support for 

representation.  

 

 

Figure 4.13 Classification report for the Decision tree classifier 

 

Precision is the ability of the classifier to not give a FP, and is measured as the ratio of 

TP over the sum of TP and FP. The capacity of a classifier to discover all positive cases 

is known as recall, calculated as the ratio of TP to the sum of TP and FN for each class. 

Recall is also known as the TP rate or sensitivity. The F1 score is the weighted mean of 

precision and recall, with 1.0 being best case and 0.0 being worst case. F1 scores are 

lower than accuracy figures because they factor on precision and recall. The number of 

actual occurrences of the class in the dataset provided is known as support. Support is 

used for diagnosis of the evaluation process and does not undergo alteration from model 

to model. 
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The report above shows a Precision of 100% for all classes except for Peppers, where 

only 95.6% of all the positive Pepper instance predictions were actually correct. The 

Recall for Tomatoes is 0.958, meaning 95.8% of the positive pepper instances were 

correctly classified. The classes Tomatoes and Peppers have an f1 score of 97.9% and 

97.7% respectively, meaning that they were affected by at least one of the factors used, 

either Precision or Recall. 

 

ii. Classification using K-Nearest Neighbour (KNN) classifier 

 

Figure 4.15 shows results of the training using the KNN classifier. It shows an accuracy 

score of 100% on the prediction using the test set. This is only when the data has been 

standardised (scaled). The accuracy of 27% and 30% respectively is shown in the figure 

when the data is not standardised. This is to demonstrate the importance of preparing the 

data so that the algorithm can be able to consume it. 

 

Figure 4.14 shows a confusion matrix for the KNN classifier. The confusion matrix is a 

visual depiction of the actual values against the projected values. The y-axis of the 

confusion matrix shows the actual values, and the x-axis shows the predicted values. The 

confusion matrix is also used to measure the performance of a machine learning 

classification algorithm. The confusion matrix also uses TP, TN, FP, and FN values. The 

numbers in the diagonal line show how often the actual instance and the predicted 

instance are the same. The zero values indicate how often the actual instance was 

predicted incorrectly. This means that the zero values indicate where the errors would be.   
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Figure 4.14 Confusion Matrix for KNN classification 

 

 

 

Figure 4.15 Classification report for KNN classification 
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Figure 4.16 Classification report for KNN 

 

The classification report shown in Figure 4.16 for KNN classifier shows a precision of 

22% for potatoes and 33.3% recall for peppers. This means that for all positively 

predicted potatoes only 22% were correctly predicted. For all the positive peppers 

instances predicted only 33.3% were correctly classified.  

 

The zero-figure shows that there is a problem with the classification. This classification 

report is done on the data that has not been standardised. Figure 4.15 shows the results 

for the dataset that was scaled. The report has no zeros and shows a 100% precision and 

recall. 

 

iii. Classification using Random Forest Classifier 

 

Figure 4.17 shows the accuracy score of 100% on both the train and test set for the 

Random Forest classifier meaning that the model can make the prediction with an 

accuracy of 100%.  
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Figure 4.18 shows the classification report for the Random Forest classifier. The report 

shows the precision and recall of 100% for all classes. This means that for all the positive 

class predictions, all were correct, meaning that 100% of all the positive class predictions 

all of them were correctly classified.  

 

Both the accuracy score and the classification report are in conformity on their results. It 

is important to evaluate using both the classification report and the confusion matrix 

because classification accuracy score does not provide the level of detail required to 

diagnose the model's performance.  

 

 

Figure 4.17 Confusion matrix for Random Forest classifier 
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Figure 4.18 Classification report for Random Forest classifier 

 

iv. Classification using Gradient Boosting Classifier 

 

Figure 4.20 depicts the prediction results for the Gradient Boosting classifier. The 

accuracy score according to the results is 100%. This means that the classifier is able to 

make predictions with 100% accuracy.  

 

Figure 4.19 is a heat map confusion matrix for the Gradient Boosting classifier. The value 

in the diagonal line shows the number of times the classifier predicted the actual class 

correctly. The values outside of the diagonal line shows the number of times the classifier 

made an error. For example, the second block in the top row determines how often the 

model actually predicted beans as maize. This means that the model is not confusing the 

classes or rather it is not getting confused with the features used to classify. 
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Figure 4.19 Confusion matrix for the Gradient Boosting classifier 

 

 

Figure 4.20 Classification report for Gradient Boosting classifier 
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v. Classification using Support Vector Machine Classifier (SVM) 

 

Figures that follow below illustrate the results for Support Vector Machine classifier for 

linear, Radial bias function (RBF) and Polynomial kernel respectively. Kernel functions 

are used because intricate mathematical functions are used with SVM. A kernel function 

is a way of taking input data and transforming it into processing format required. Kernel 

functions are implemented by using “scikit-learn” library. The results indicate a 99.5% 

accuracy score for the linear kernel, meaning the kernel can make a prediction with 99.5% 

accuracy. 

 

 

Figure 4.21 Classification Report for SVM linear kernel 

 

Figure 4.22 displays the confusion matrix for the SVM linear kernel classifier. The 

classifier erroneously predicted peppers as beans one time. The classification report 

shows a precision of 97.8% for beans class and a recall of 96.8% for the pepper class. 

This means that the model experienced uncertainty between the two classes. 
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Figure 4.22 Confusion matrix for the SVM linear kernel 

 

Figures 4.24 and 4.23 renders a representation of the Confusion matrix and Classification 

report for the SVM Radial bias function classifier. The model produced an accuracy score 

of 100%. The Precision and Recall according to Figure 4.24 is 100%. The confusion 

matrix shows no confusion with regards to classifying the instances. 
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Figure 4.23 Confusion matrix for SVM Radial bias function classifier 

 

 

Figure 4.24 Classification report for SVM Radial bias classifier 

 

Figures 4.25 and 4.26 portray a Confusion matrix and Classification respectively for the 

SVM Polynomial kernel classifier. As seen earlier, the classifier depicted an accuracy 
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score of 100% for this kernel. The Confusion matrix and the Classification report are 

concurring with those results. The confusion matrix delineates no confusion in 

classification and the classification report reveals a Precision and Recall of 100%. 

 

 

Figure 4.25 Confusion matrix for SVM Polynomial classifier 

 

 

Figure 4.26 Classification report for SVM polynomial classifier 
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4.3 Findings 

 

As expected, the algorithms that required data scaling produced results that were 

misleading and were misrepresentative of the expected results when applied to data that 

was not scaled. Out of all the edaphic features that were exposed to the ML algorithms, 

only one was taken into consideration in the decision’s outcome except for Decision trees, 

which took both Nitrogen and Phosphorous into consideration. As a result, it is reasonable 

to assume that climatic factors influence crop selection decisions the most. It can also be 

concluded that machine learning can be employed in precision agriculture to predict the 

crop selection prior to planting under particular climatic and edaphic conditions. 

 

4.4 Conclusion 

 

In this chapter, a multi-class classification was evaluated using predictive modelling by 

assessing classification algorithms available for multi-class classification problems. It is 

crucial to understand how the model will function with data that has not been seen before. 

As a result, assessing the model's performance is critical.  

 

To prevent overfitting, the evaluation may not be done on same data used for training. 

Evaluation of performance may be done in one of two ways namely: predictions may be 

done on data that you already have answers to or by using statistical techniques called 

resampling methods. There are four types of resampling methods used for prediction or 

for calculating the accuracy. Train and Test sets, k-fold Cross Validation, Leave One Out 

Cross Validation, Repeated Random Test-Train Splits. The results for the accuracy score 

as shown in the Figures were obtained by randomly splitting the data into Train and Test 

sets method.  

 

The performance metrics used are Classification accuracy, Classification report and 

Confusion matrix. The plots for the confusion metrics and classification reports are 

shown in the number of figures shown in the chapter. Predictive modelling, which 

employs historical data to develop predictions about current data, is the most valuable 

aspect of machine learning. The focus on improving predicted findings is constantly 

present.  
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Data, Algorithms, Tuning, and Ensembles can all be used to improve performance. 

Because the data was collected using brute force in this research, the enhancement on 

promotion was done with the data and the Algorithms. Since the data was created, there 

was no data sanitisation required. Comparison of the results and possible performance 

enhancement will be discussed in the next chapter. 

  

© Central University of Technology, Free State



81 
 

Chapter 5: Simulation results and discussion 
 

5.1 Introduction 

 

The objective of this chapter is to discuss the results of the Machine learning algorithms 

employed in Chapter 4 to develop a model for crop selection, using the multi-class 

classification in Python Jupyter Notebook from the Anaconda package. The purpose is to 

establish which is the best model for the associated problem and whether any further 

enhancements are possible. In the previous chapter, five different models were developed 

using the crop selection data that was generated using brute force. The results of the 

evaluation of these models will be put under microscope and some of the motives for 

specific actions will be examined. The comparison of the various models that were 

utilised will also be scrutinised. Different metrics will be exploited in the comparison of 

the distinct models to get to the best case.  

 

As already mentioned, performance of a model may be refined by deploying different 

techniques. Some of these techniques will be revisited in this chapter and discussed 

further. The multi-class classification models reviewed in the previous chapter include 

the three Ensemble classifiers, which is Decision tree classifier, Random Forest classifier, 

and Gradient boosting classifier. Furthermore, the K-Nearest Neighbours and the Support 

Vector Machines were also considered. The results of the evaluations follow next. 

 

5.2 Simulations results 

 

5.2.1 Accuracy score 

 

Classification Accuracy score is the measure of the number of correct predictions in the 

given data sample and it is measured by diving the number of correct predictions with the 

total number of instances in the sample. Accuracy score works very well when there is 

an equal number of instances of the different classes in a sample. Table 5.1 reflects the 

accuracy scores for the different models as encountered in the previous chapter.  
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The goal of the Ensemble classifier is to improve robustness over a single estimator, 

aggregate the predictions of numerous base estimators created with a particular learning 

technique. This is achieved by averaging or boosting methods. In averaging methods, the 

principle is to construct numerous estimators individually before averaging their 

forecasts. In boosting, base estimators are built in a sequential order, with the aim of 

reducing the aggregate estimator's bias. The Decision Tree and the Random Forest (RF) 

use averaging method, and the Gradient boosting uses the boosting method. From Table 

5.1 it is apparent that the Random Forest classifier presents a better accuracy score than 

that of the Decision Tree classifier. The accuracy score for the Random Forest classifier 

is 100%, and that of the Decision Tree classifier is 99.1%. The Gradient Boosting (GB) 

classifier produced the same accuracy score as the Decision tree classifier (99.1%). This 

is not surprising as the base for the GB is decision trees which run sequentially with 

corrective measures from one tree to the next. GB is susceptible to overfitting if the data 

has a lot of noise. GB could only achieve an accuracy score of 100% if unlimited depth 

of trees are used in which case the algorithm will memorise rather than train the data. On 

the contrary, the RF is less likely to overfit but much easier to tune. RF uses multiple 

decision trees and therefore can achieve the 100% accuracy for the reasons mentioned 

earlier when discussing the GB. 

 

The Support Vector Machine classifier uses statistical learning frameworks to make 

prediction. In the previous chapter, three functions of the SVM classifier were 

interrogated, namely linear function, Radial Bias Function, and the Polynomial function. 

As the rule of thumb, the Linear Function is considered first. The linear function obtained 

an accuracy score of 99.5% as indicated in Table 5.1. 

 

The K-Nearest Neighbour selects the value of K and searches for one nearest observation. 

KNN classifier therefore memorises the dataset. This means that the accuracy score will 

always be 100% because the testing is happening on the same data. It will always make 

correct prediction. This proved true with the results as seen in Table 5.1, where the 

accuracy score for this classifier is 100%.  
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Table 5.1 Summary of Accuracy scores 

48BModel name 49BAccuracy score 
50BDecision Tree 51B0.991 

52BRandom Forest 53B1.00 

54BGradient Boosting 55B0.991 

56BK-Nearest Neighbour 57B1.00 

58BSupport Vector 
Machine: 

59BLinear function 

60BRadial Bias Function 

61BPolynomial Function 

 

62B0.995 

63B1.00 

64B1.00 

 

 

5.2.2 Confusion Matrix 

 

Because accuracy score works so well in cases where the number of instances per 

category is the same, it cannot be relied on to be the best measure of the performance of 

the model. In a paper by [57] the author alludes to the fact that accuracy alone is not to 

evaluate the performance of the model. For this reason, the Confusion Matrix is also used 

to determine how well the model can make predictions.  

 

 
Figure 5.1 Confusion Matrix for Decision tree classifier 
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Figure 5.2 Confusion Matrix for Gradient Boosting classifier 

 

Figures 5.1 and 5.2 exhibits the Confusion Matrix for Decision Tree classifier and the 

Gradient Boosting classifier respectively, with the accuracy score of 99.1% as tabled 

above.  The Both Decision Tree classifier and the Gradient Boosting classifier predicted 

the actual Tomato class to be Peppers twice. Both classifiers correctly predicted the 

Tomato class 46 times out of 48 available instances and confused the Tomato class for 

Peppers twice. Both classifiers exhibited the same results in their confusion matrix. 

 

 

Figure 5.3 Confusion matrix for KNN classifier 
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Figure 5.4 Confusion Matrix for Random Forest 

 

Figures 5.3 and 5.4 depict Confusion matrix for the K-Nearest Neighbour and the 

Random Forest respectively. Both classifiers dispose no confusion in terms of 

classification. The classification in the said classifiers presents a diagonal line with the 

total number of instances classified. The classifiers classified all instances in the given 

sample correctly. 

 

Figure 5.5 displays the Confusion matrix for the Support Vector Machine linear classifier. 

The classifier confused the actual Pepper class to be Beans one time. The classifier 

classified 45 of the 46 instances in the sample correctly. 
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Figure 5.5 Confusion Matrix for SVM linear classifier 

 

5.2.3 Classification report 

 

Table 5.2 disposes a summary of the Classification reports for the different models as 

simulated in the previous chapter. The four metrics of evaluation for model performance 

review are studied closely and compare in this chapter. The metrics are Precision, Recall, 

f1-score and Support.  

 

Precision, also called the Positive predictive value, is the rate of true positives over all 

the positive predictions in a given sample. In other words, when the model predicts 

positive, how often is it correct. The Decision Tree and the Gradient Boosting produced 

a Precision of 0.956 for the Peppers classification, meaning that when they classified 

Peppers, they were correct only 95.6% of the time. The support Vector Machine linear 

classifier obtained a Precision of 0.987 for the Beans class. This means that when the 

classifier made a Beans classification it was correct only 98.7% of the time.  

 

Recall, also known as the sensitivity, is the measure of how accurately the model is able 

to identify relevant data. This means for all actual class predictions how many were 

correctly classified. For this metric there were three models who had a less than 100% 

value. Decision tree, Gradient Boosting and Support Vector Machine classifiers obtained 

95.8%, 95.8% and 96.8% respectively. 
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F1-Score is the harmonic mean between the Precision and the Recall. It provides a trade-

off between the two metrics. Once again, the three models with less than 100% F1-score 

were Decision trees, Gradient Boosting and the Support Vector Machine. 

 
Table 5.2 Summary of classification reports 

65BModel 66BCategory 67BPrecision 68BRecall 69BF1-Score 70BSupport 

71BDecision 
tree 

72BTomatoes 

73BPotatoes 

74BPeppers 

75BMaize 

76BBeans 

77B1.0 

78B1.0 

79B0.956 

80B1.0 

81B1.0 

82B0.958 

83B1.0 

84B1.0 

85B1.0 

86B1.0 

87B0.979 

88B1.0 

89B0.977 

90B1.0 

91B1.0 

92B48 

93B47 

94B43 

95B44 

96B43 

97BRandom 
Forest 

98BTomatoes 

99BPotatoes 

100BPeppers 

101BMaize 

102BBeans 

103B1.0 

104B1.0 

105B1.0 

106B1.0 

107B1.0 

108B1.0 

109B1.0 

110B1.0 

111B1.0 

112B1.0 

113B1.0 

114B1.0 

115B1.0 

116B1.0 

117B1.0 

118B48 

119B47 

120B43 

121B44 

122B43 

123BGradient 
Boosting 

124BTomatoes 

125BPotatoes 

126BPeppers 

127BMaize 

128BBeans 

129B1.0 

130B1.0 

131B0.956 

132B1.0 

133B1.0 

134B0.958 

135B1.0 

136B1.0 

137B1.0 

138B1.0 

139B0.979 

140B1.0 

141B0.977 

142B1.0 

143B1.0 

144B48 

145B47 

146B43 

147B44 

148B43 

149BSupport 
Vector 
Machine 

150BLinear 

151BTomatoes 

152BPotatoes 

153BPeppers 

154BMaize 

155BBeans 

156B1.0 

157B1.0 

158B1.0 

159B1.0 

160B0.978 

161B1.0 

162B1.0 

163B0.968 

164B1.0 

165B1.0 

166B1.0 

167B1.0 

168B0.984 

169B1.0 

170B0.989 

171B41 

172B43 

173B31 

174B40 

175B45 

176BK-Nearest 
Neighbour 

177BTomatoes 

178BPotatoes 

179BPeppers 

180BMaize 

181BBeans 

182B1.0 

183B1.0 

184B1.0 

185B1.0 

186B1.0 

187B1.0 

188B1.0 

189B1.0 

190B1.0 

191B1.0 

192B1.0 

193B1.0 

194B1.0 

195B1.0 

196B1.0 

197B21 

198B30 

199B30 

200B21 

201B23 
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5.3 Process of elimination 

 

Five models have been evaluated and only one can be selected to be employed for the 

task. Though the K-Nearest Neighbour exhibits what seem to be the best results of all the 

other model that is 100% accuracy score, 100% Precision, 100% Recall and 100% F1-

score, the method that it uses in making predictions is undesirable for the task. It does not 

try to build a generic internal model; instead, it just saves instances of the training data. 

Also, according to [58], 100% classification accuracy could be harmful. Therefore, this 

model is eliminated as the worst of all the models. 

 

When looking at the three Ensemble classifiers, they can be compared with one another 

because they all use the same process for classification. They all use an aggregate of 

multiple classifiers to get the best result. The Decision tree and the Gradient Boosting 

obtained the same results in the Accuracy score and their confusion was in the same 

categories, though the one works with averaging and the other with boosting. Therefore, 

the Random Forest selects the best of the three because it performed at 100% Accuracy, 

Precision, Recall and F1-score. The Random Forest suffered no confusion in classifying. 

The 100% classification is acceptable in this case because it performed better against 

classifiers using the same method, and same data. 

 

The two classifiers that may be compared for consideration are therefore the Random 

Forest and the Support Vector Machine classifiers. The Random Forest model exhibits 

the best Accuracy score, Precision, Recall and F1-score. However, according to the 

machine learning model selection process flow, the Ensemble classifiers should be 

considered as the last option. The Support Vector Machine Linear classifier should be 

considered first. According to the task at hand, it is important to predict the crop to be 

planted with a higher Recall than Precision, and therefore the Support Vector Machine 

showed the highest Recall when compared to the other classifiers without 100% Recall. 

The Support Vector Machine Linear model is therefore the best model to use for the crop 

selection DSS. 
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5.4 Conclusion 

 

In this chapter the performances of the models that were developed in the previous 

chapter according to the different metrics were evaluated. The Decision tree, Random 

Forest, Gradient Boosting, K-Nearest neighbour, and the Support Vector Machine 

classifiers were evaluated and compared to determine the best model for crop selection 

prior to planting. The metrics used were Accuracy score, Precision, Recall, F1-score and 

support. After all considerations, it has been concluded that the Support Vector Machine 

Linear classifier was found to be the best classifier for the task, according to the reasons 

already discussed in this chapter. This concludes the discussion about the classification 

model employed. 
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Chapter 6: Conclusion and future work 
 

6.1 Conclusion 

 

This chapter serves to provide a conclusion to the discussion on the solution provided by 

the Intelligent Agro-Climate Decision Support System (IACDSS) for small-scale 

farmers, and to present the model of the system. This is a summary of what the study has 

achieved. 

 

6.1.1 Summary of the study 

 

In Chapter 1, a background of the study, the problem statement, and the objectives of the 

study are outlined. The objectives which included data collection, analysis and the 

development of an intelligent agro-climate decision support system were listed.  

 

In Chapter 2, a literature review of the technologies researched and those that are 

available were discussed and comparison of the solutions was tabled. Chapter 2 

concluded that the available solutions were not user friendly for the small-scale farmer, 

and that there was a need for evaluating an amalgamation of different technologies to 

provide a solution for small-scale farmers.  

 

In Chapter 3, the methodology followed to develop the said decision support system was 

discussed, and all data collection methods used were tabled. All data that was collected, 

tabled and discussed. How the different elements of the system were put together, which 

is, the Indigenous knowledge, mobile phone, and machine learning was explained. The 

framework of the study was explained in this chapter. The first objective of this study 

was introduced in this chapter. The purpose was to collect Indigenous knowledge, 

edaphic data, climatic data and demographic data of the selected area in KwaZulu-Natal. 

The data was collected and analysed, using the different methods that have already been 

mentioned in this chapter in order to draw particular conclusions that would form the 

basis of the successor chapter. 
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In Chapter 4, the second objective of this study was introduced. In order to determine 

whether the subdivision of the AI that is, ML could be explored to provide the solution 

to crop selection decision prior to planting, ML were interrogated. Classification using 

the different algorithms was utilised and evaluated using different metrics to provide the 

best possible model for the solution. It was determined that classification using multiple 

classes of crops and climatic and edaphic attributes was possible, and that all possible 

algorithms to use performed satisfactorily. The next chapter introduces the process 

elimination to select the best algorithm.  

 

The performance of the algorithms was discussed in Chapter 5 and the process of 

elimination was undertaken to select the best algorithm from support vector machine 

linear algorithm, gradient boosting, random forest and the decision tree algorithms. The 

model performance was evaluated using the different metrics to determine supreme 

performer. The metrics used were Accuracy score, Precision, Recall, and the F1-score. 

The procedure revealed that the Support Vector Machine Linear classifier was the top 

performing model to use for classification of crop selection at planting stage, with the 

accuracy score of 99.5%. This draws to a close another objective of this study which was 

to ascertain by how much the ML would improve the level of accuracy of the small-scale 

farmer’s decision at planting stage. Crop selection at planting stage forms part of the 

tactical decisions that small-scale farmers need to take as part of agricultural decision 

management. The crop selection can be predicted with an accuracy of 99.5%.  

 

Finally, this chapter concludes the objectives of this study, which is to develop an 

integrated decision support system for small-scale farmers. In Chapter 2 and 3, 

Indigenous knowledge was discussed as part of the solution, and how it was implemented 

in this particular case. As discussed already, the IACDSS uses the framework or follows 

the blueprint of the ITIKI model. Chapter 3 explains the methodology used to develop 

the IACDSS model. The ITIKI solution combines climatic conditions with the 

Indigenous knowledge and uses fuzzy logic to make drought prediction. In the IACDSS, 

the edaphic conditions that were utilised for the simulation done in Chapter 4 represents 

the agricultural Smart Sensors information.  
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In Chapter 4, the Machine learning model was developed and trained using different 

algorithms and comparing them to find the best suitable one for selection of crops prior 

to planting. Section 6.1.2 provides a summary of the IACDSS's functionality. 

 

6.1.2 Summary of the functionality of the IACDSS  

 

The IACDSS model as show in Figure 6.1, takes edaphic data (b) and climatic (a) data 

and runs it through ML system to predict the crop to be selected (x) for planting. The IK 

as observed will predict the crop to be planted according to the knowledge base and give 

the prediction (y). The system compares the IK decision (y) prediction and the ML 

prediction (x) to provide the integrated solution and disseminate the information to the 

farmer if the IK prediction is the same as the ML prediction (x=y). In the case where the 

IK decision prediction and the ML prediction is not the same (x≠y), then the two go to 

reconciliation where a decision would either be intercropping or a decision by an expert 

crop scientist. When a decision has been found, the information will be disseminated 

using mobile phones, by means of short messaging system (SMS) or push notification in 

the application itself. 

 

It is therefore evident that machine learning can be applied to agro-climate conditions in 

agriculture to assist in decision support. This study has shown evidence of mobile phone 

technology being exploited as a collaborative tool for solution delivery, case in point the 

ITIKI framework. The said framework has already provided evidence that Indigenous 

knowledge can be used in combination with scientific models to make predictions for 

rainfall with success. This forms the basis of the Intelligent Agro-climate Decision 

support tool. Rainfall predictions precedes the decision of the type of crop to be planted. 

Therefore, since an Intelligent Agro-climate Decision Support tool for small-scale 

farmers proceeds a successfully implemented ITIKI system, it can be expected that the 

achieved solution will have the same success. 

 

In conclusion, the objectives of this study as already mentioned in Chapter 1 were data 

collection and analysis, developing a framework for integration of IK and ML for 

cropping decisions, and determining how much the level of accuracy of decisions would 

be impacted by the given solution. It can therefore be concluded that the first two 
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objectives were addressed in this study, as discussed in Chapter 3. It further determined 

that ML model can predict the selection of the crop to be planted with an accuracy of 

99.5% according to the given condition as discussed in Chapter 5. It can therefore be 

concluded that the three research aims in this study have been addressed.  

 

 

Figure 6.1 The Intelligent Agro-Climate Decision Support System representation 
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6.2 Future work  

 

Given the restriction imposed by the Covid-19 Pandemic, the Agro-Climate Decision 

Support System was not tested in the filed under real-life situations. For further work 

therefore, it is proposed that the system be deployed in the field study (in Swayimane) 

and real-life data on its performance collected for at least 2 cropping seasons (equivalent 

to one calendar year). Both qualitative and quantitative data analysis should then be 

carried out to determine the extent to which it improves the livelihood of the small-scale 

farmers. Parameters such as yield increase and profitability could be adopted [58]. 

 

A further recommendation is to explore multi-label classification to determine 

intercropping options for small-scale farmers. This is for two reasons, one, to further 

build the framework presented in Figure 6.1 and secondly, to cater for the fact that small-

scale farmers do not practice niche agriculture and have the need to plant more than one 

crop most times. 
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APPENDICES 

Appendix A 

Sample code 

Decision Tree algorithm 

 
K-nearest neighbours algorithm 
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Data normalization process 

 
Random Forest algorithm 

 
 

Gradient boosting algorithm 
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Support vector machine algorithm 
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Appendix B 

Sample questionnaire 

 

PART A: DEMOGRAPHIC INFORMATION  

  

      Q1   Name: _______________________________________________________ (Optional)   

  Q 2 Gender: Male  Female  other                                     

  Q3 Age bracket?   

      Under 18      18-35      36-45       46-55       56-65        above 66  

 Q4 Highest Education Level:   

   None  Primary  Secondary Post-Secondary 

 Q5 What is the name of your village/town?  

  ______________________________ 

 Q6. What is the main economic activity in your 

village/town? 

__________________________________ 

 Q7 How long have you lived in this community?    

 Less than 5 years  5- 10 years  10-20 years    over 20 years  

Q8  Do you own a phone or have access to phone?           

 Yes, I own a phone  

  No, I do not own a phone   

   No, I do not own a phone, but I have access to a phone  

  Q9 If you own a phone, is this a smart phone?     

  Yes   No   

 

© Central University of Technology, Free State



107 
 

 

Part B: Knowledge on Weather Forecasting 
 
Q10. Do you check weather forecast information? 

    ☐ Yes ☐ No 

 If yes, how often do you check it? 

    ☐Daily ☐Weekly ☐Monthly ☐Seasonal 

Q11.  How long have you been using weather forecast information?  

☐Never    ☐  Less than 1 year     ☐ 2 to 5 years        ☐   Over 5 years  

 

Q12. Does the weather and climate information received adequately meet your 

requirements? (You may select many requirements or none from the 

requirements given below).  Please, tick on a scale 1 –5, with one (1) being the 

lowest level of adequacy and five (5) being the highest. 

                                                      1             2            3             4            5 

Disease prediction                         ☐          ☐           ☐          ☐          ☐

  

(for example, malaria prediction) 

Farming                                           ☐          ☐           ☐          ☐          ☐ 

Travelling                                         ☐         ☐            ☐ ☐            ☐ 

 Plan the day                                    ☐           ☐          ☐          ☐          ☐ 

(like, how to dress, take umbrella or not) 

Other. Specify please.                     ☐          ☐          ☐          ☐           ☐  
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PART C: INDIGENOUS KNOWLEDGE BEFORE CULTIVATION 

 
    

 
     Q1 Which of the following cropping decisions do you make use of indigenous 

knowledge to reach? (You can tick more than one)  

 When/if to plant; for example. decide not to plant at all based on very delayed 
onset of the rainy season  

 What to plant; e.g. to decide to plant sweet potatoes instead if maize based on 

the anticipated drought  

 How to plant; e.g. decision to practice mixed cropping         

 When to harvest; e.g. if I know there will be frost next week, I can decide to 
harvest all my crop before  

                  Disposal/selling of products; e.g. when I know that a drought is imminent, I 
conserve all my products instead of selling them 

      Others, please specify: ___________________________________  
                     _________________________________________________________ 
 

      Q2 Other than indigenous knowledge, do you make use of weather forecasts from the 
sources below to help you in reaching cropping decisions? If so, do you have confidence 
in the accuracy of information you get from these options? Please, tick on a scale 1 –5, 
with one (1) being the lowest level of confidence and five (5) being the highest.  

                                                         1             2            3             4            5 

Radio                                                 ☐          ☐           ☐          ☐          ☐ 

TV                                                      ☐          ☐           ☐          ☐          ☐  

Newspaper/Print media                     ☐          ☐           ☐          ☐          ☐ 

Website/APP                                     ☐         ☐            ☐ ☐            ☐ 

Local observations.                           ☐           ☐          ☐          ☐          ☐ 

For example, the clouds and behaviour of Animals or/and plants 

Other. Specify please.                        ☐          ☐          ☐          ☐           ☐ 
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            Q3 Using indigenous knowledge, it is simple and reliable to foresee the               
agricultural season (season with fine weather and good rains) before I cultivate 
 Strongly disagree  disagree  Not Sure     agree  Strongly agree  

      Q4 Using indigenous knowledge, I can foresee bad season (season with no rains and 
undesired temperature) before I cultivate 

                Strongly disagree  disagree  Not Sure     agree  Strongly agree 
 
      Q5 With indigenous knowledge in place, there is no need for any form of technology 

that can help to foresee agricultural season 
                Strongly disagree  disagree  Not Sure     agree  Strongly agree 

 
 

PART D: INDIGENOUS KNOWLEDGE ON CROP MONITORING  
____________________________________________________________________________ 
 
     Q1 What general crop properties do you observe when evaluating crops other than: 

Leaf size, leaf strongness, leaf greenness, stem thickness, stem strongness,  

________________________ 

________________________ 

     Q2 What soil properties do you observe when evaluating crops other than: 
Soil moisture, soil health, soil type 

________________________ 

________________________ 

     Q3 What environmental properties do you observe when evaluating crops other than: 
             temperature, wind speed, wind direction, rains, level of crop pests (insects, birds and   

weed) 

________________________ 

________________________ 

Q4 Using indigenous knowledge, it is easy and quick to monitor the development of my crops 

 Strongly disagree  disagree  Not Sure     agree  Strongly agree  

Q5 Using indigenous knowledge(observations), I can always spot all factors that may impact 
my crops such as crop insects and weeds at an early stage 

 Strongly disagree  disagree  Not Sure     agree  Strongly agree  

     Q6 Using indigenous knowledge, I always experience good crop yield 
               Strongly disagree  disagree  Not Sure     agree  Strongly agree 
 
     Q7 There is no need for any form of technology to help me to monitor the development my 

crops 
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 Strongly disagree  disagree  Not Sure     agree  Strongly agree  

Q8 How do you protect crops from insect pests and diseases? 

___________________________________________________ 

___________________________________________________ 

 

Q9 How do you make sure the plant is not water stressed? 

__________________________________________________ 

__________________________________________________ 

     Q10 How do you protect your plants from animal attacks? 
__________________________________________________ 

__________________________________________________ 

Q11 How do you protect crops from e.g. hail, frost and floods? 

__________________________________________________ 

__________________________________________________ 

Q12 How can you tell that your plants need fertiliser? 

__________________________________________________ 

__________________________________________________ 

 

Q13 Is there any indicators you use to foresee crop pests? 

 Yes  No 

If yes, what are those indicators? 

__________________________________________________ 

__________________________________________________ 

__________________________________________________ 

__________________________________________________ 

 

 
PART E: AWARENESS OF CLIMATE CHANGE AND BIODIVERSITY 

DEGRADATION   
____________________________________________________________________________ 

 
      Q1 In relation to Climate change, please state to what extent you agree with the following 

statements? Please, tick on a scale 1 –5, (1) for Strongly Disagree (2) for Disagree, (3) 
for NOT SURE, (4) Agree and (5) Strongly Agree.   
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                                                                          1             2            3             4            5 

I have heard of climate change before                 ☐          ☐           ☐          ☐          ☐ 

Climate change is real,                                         ☐          ☐           ☐          ☐          ☐ 

I have seen some of the effects 

Climate change is measurable,                            ☐          ☐           ☐          ☐          ☐ 

Increase in the average temperature of earth’s atmosphere 

Change in weather condition over                       ☐          ☐           ☐          ☐          ☐ 

an extended period of time is climate change 

Climate change is characterized with                  ☐          ☐           ☐          ☐          ☐ 

high temperature 

Climate change comes with                                 ☐          ☐           ☐          ☐          ☐ 

rise in sea level 

The rate of sunshine is                                         ☐          ☐           ☐          ☐          ☐ 

higher now than before 

The weather seems to be hotter nowadays         ☐          ☐           ☐          ☐          ☐ 

The weather seems to be                                     ☐          ☐           ☐          ☐          ☐ 

colder nowadays 

There is increased rate of rainfall                          ☐          ☐           ☐          ☐          ☐ 

Cases of flooding occur more nowadays              ☐          ☐           ☐          ☐          ☐ 

I belief that there is still plenty of                           ☐          ☐           ☐          ☐          ☐ 

time to prepare for climate change problems 

I think climate change will                                     ☐          ☐           ☐          ☐          ☐ 

bring a period of great adversity 

I am seriously concerned                                     ☐          ☐           ☐          ☐          ☐ 

with what problem climate change may bring 

I think no special preparation                               ☐          ☐           ☐          ☐          ☐ 

is needed for climate change as our forefathers experienced this too 

I believe climate change will pass                        ☐          ☐           ☐          ☐          ☐ 

like other environmental problems, so there is no need to worry 
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I am working hard to educate                                ☐          ☐           ☐          ☐          ☐ 

my friends/ family/ neighbours on climate change 

I always ask questions on                                     ☐          ☐           ☐          ☐          ☐ 

on climate change 

I do not think that global                                       ☐          ☐           ☐          ☐          ☐ 

climate is changing as our forefathers experienced this too 

        Q2 In relation to Biodiversity Degradation, please state to what extent you agree with 
the following statements? Please, tick on a scale 1 –5, (1) for Strongly Disagree (2) 
for Disagree, (3) for NOT SURE, (4) Agree and (5) Strongly Agree.   

                                                                       1             2            3             4            5 

I have witnessed biodiversity loss                        ☐          ☐           ☐          ☐          ☐ 

e.g. some trees and animals that I used to see are no longer existing 

Human responses to climate change                   ☐          ☐           ☐          ☐          ☐ 

e.g., changes in agriculture, resource conflicts, and migration affect biodiversity 

Biodiversity shapes social resilience                    ☐          ☐           ☐          ☐          ☐ 

the effects of climate change 

Genetically modified organisms have                    ☐          ☐           ☐          ☐          ☐ 

Have bot direct and indirect impacts on biodiversity 

The different types of protected areas                   ☐          ☐           ☐          ☐          ☐ 

e.g., strict nature reserves, hunting reserves, and national parks, are effective at 

conserving biodiversity and providing ecosystem services 

Spatial pattern of human settlement                    ☐          ☐           ☐          ☐          ☐ 

e.g., clustered vs. dispersed has the least impact on biodiversity 

Agricultural intensification contributes                  ☐          ☐           ☐          ☐          ☐ 

to conserving overall biodiversity by reducing pressure to convert natural ecosystems 

Urban nature reserves and other                         ☐          ☐           ☐          ☐          ☐ 

green amenity spaces, such as golf courses, contribute to biodiversity conservation 

The weather seems to be                                      ☐          ☐           ☐          ☐          ☐ 

colder nowadays 

The different strategies devised to                        ☐          ☐           ☐          ☐          ☐ 

integrate scientific knowledge into biodiversity conservation are effective 

© Central University of Technology, Free State



113 
 

Relationship between economic                           ☐          ☐           ☐          ☐          ☐ 

growth and biodiversity vary across scales, among different types of ecosystems, and 

with the type of economic activity 

Economic subsidies affect biodiversity                  ☐          ☐           ☐          ☐          ☐ 

within the recipient region and elsewhere 

Corruption influence the effectiveness                 ☐          ☐           ☐          ☐          ☐ 

of biodiversity conservation 

There is a relationship between                            ☐          ☐           ☐          ☐          ☐ 

individuals learning about environmental problems and their conservation attitudes, 

knowledge, beliefs, and behaviours 

Current changes in human patterns                      ☐          ☐           ☐          ☐          ☐ 

patterns of food consumption have effects on biodiversity e.g., shift from bush meat 

to domestic meat and from fish to plant based protein 

Formal recognition of customary                          ☐          ☐           ☐          ☐          ☐ 

rights and traditional institutions should be the basis for biodiversity conservation 

policy and practices 
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