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ABSTRACT

v

The results suggest machine learning model like stacking ensemble can be used by 
policy makers and farmers to mitigate the effects of climate change in yields for a 
particular season.

Machine learning regression models (linear, AdaBoost, gradient boosting, k- 
Neighbour, random forest and stacking ensemble) are trained and evaluated using 
dataset obtained from the online database. Normalized Difference Vegetation Index 
(NDV1) is used to predict vegetation that are later assumed to locate probability of 
maize fields. The climate data from those areas is then subjected to training on 
forecasting maize yield.

Therefore, the results have shown that Machine learning methods like a stacking 
ensemble, which combine several other models and use Random Forest as the final 
model achieved low Mean Absolute Error (MAE), Mean Squared Error (MSE) and 
Root Mean Squared Error (RMSE) of 0.27, 0.12 and 0.34 Ton per Ha for each 
district respectively.

Yield monitoring is vital for food security in the country. The uncertainty that may 
influence fluctuations in yield is impeccable to the nation's food security strategy. 
Due to climate change around the world, yield fluctuation has dramatically been 
affected and led to food supply shortage in most developing countries, including 
Tanzania, since most of the staple food depends on rainfed agriculture, which is hit 
by high temperatures and variations in rainfall. Bad weather also contributes to 
diseases, pests and weeds which greatly challenge the growth of crops, particularly 
the top grain and maize. Most countries have adopted several yield prediction 
methods to mitigate the effects to resolve the situation. Most countries have shown 
that emerging techniques such as machine learning provide good predictions to help 
countries mitigate the problem and secure food security.
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CHAPTER ONE

INTRODUCTION

1.1 Background

1

1 his chapter presents the background of the research problem by outlining the 
research motivations and problem statement. It highlights the research objectives and 
questions of the study. Also, the chapter introduces research contributions to 
researchers and practitioners, and subsequently, a summary of the research report is 
presented.

United Nations (UN) assembly set a resolution to attain the 17 sustainable 
development goals (SDGs) to improve the world by the year 20301. One of the goals 
(SDG 2)2 aims to end hunger by enhancing food security, improving nutrition and 
promoting sustainable agriculture. According to the UN, the world may achieve zero 
hunger by increasing crop production while conserving the environment (United 
Nations, 2017). As a result, developing countries are striving to realize the goal by 
taking various interventions to ensure food security by improving farming 
technology such as tractors, implements, inputs like seeds, chemicals and fertilizers, 
creating awareness and providing agro advisory programs and subsidies (Mgendi et 
al.,2021). For example, Egypt promoted the use of new environmentally friendly 
technology in Agriculture like biofertilizers, organic mulching and composite 
application to improve crop yield (Eid et al.,2018). Also, the Ethiopian government 
has dramatically improved information sharing and communication among local 
farming societies through smartphones with Global Positioning System (GPS) 
(Fabregas et al.,2019). Through smartphones, the government can deliver market 
information, provide relevant weather information, video-based farming advice and

^ttpsy/sdgs.un.org/goals
*https://sdgs. un.org/goals/goal2

ttpsy/sdgs.un.org/goals
https://sdgs
un.org/goals/goal2
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On the other hand, the world population is expected to increase to nine (9) billion by 
2050 while the land remains the same (Underson, 2019). Consequently, in Africa, the 
population will double up to 2.5 billion (Tian et al.,2021 and Grote et al.,2021). 
Theoretically, this will imply high competition over natural resources such as water 
and land for agriculture increases pollution, possibly accelerating climate change 
(Tian et al., 2021). Climate change affects agriculture and makes crop yield 
unpredictable due to unprecedented weather calamities (Grote et al., 2021). For 
example, many crops die due to high temperature that increases evapotranspiration 
and moisture loss that dries seasonal streams and rivers used for irrigation (Tumbo et 
al.,2017). Furthermore, climate change causes a very high rate of land degradation 
due to desertification, thus reducing the quality of soil for crop production 
(Arora,2019). Arora et al., (2019) further highlighted a high increase in land 
degradation, a global threat to food security (Arora,2019). According to Aryal et al. 
(2020), land degradation has globally affected crop production and yield of the four 
most important food crops, i.e., rice, soybeans, wheat and maize (Aryal et al.,2020). 
As a result, there is a need to address climate change issues to improve agricultural 
productivity.

pests information in specific areas to promote agriculture productivity (Fabrcgas el 
al.,2019). In Tanzania, the Agricultural Technology Demonstration Centre (ATDC) 
implemented a project called Smallholder Horticulture Empowerment Project 
(SHEP) that improves the productivity and livelihood of rural households by 
promoting technology transfer and exchange between Chinese and Japanese (Mgendi 
et al.,2021).

Looking into Tanzania, agriculture is the backbone of the economy since it employs 
more than 60% of Tanzanians (Society & Shelter, 2010). The industry brings more 
than 30% of the food exports and 65% of the raw materials used by the domestic 
industries (Society & Shelter, 2010). Most agricultural activities in Tanzania depend 
heavily on rain-fed production (Mourice et al., 2014 &Levira, 2009). This has 
gradually made the industry grow at a low speed because of limited irrigation



schemes and climate change (Doggart ct al., 2020 & Newell ct al., 2019). For 
instance, grain production, which dominates the industry by providing staple food, 
experienced stagnant growth in production for over 50 years due to unpredictable 
rain seasons and a lack of irrigation schemes to support crop production (Mourice ct 
al., 2014 &Lcvira. 2009). These challenges accelerate food shortages in most cities 
in the developing world, including Tanzania (Ojija ct al.. 2017). According to 
Rowhani ct al. (2011), intra-seasonal rainfall changes of more than 20% may 
dramatically reduce farm yield by 7.6%. 4.2%, and 7.2% for rice, maize and 
sorghum, respectively (Rowhani ct al.. 201 1). Tumbo ct al., (2017) further projected 
the decrease in maize (among the famous staple food) yields between 5% and 42% 
from the baseline due to climate change (Tumbo ct al., 2017). Such a decrease due 
to climate change affects the food security in countries like Tanzania that depend on 
staple food. Therefore, monitoring and predicting crop yield is imperative to ensure 
food security in countries vulnerable to climate change (Grote et al., 2021).

Concerning crop yield prediction. Fue ct al. (2017) presented a web-based tool called 
Enhancing Climate Change Adaptation in Agriculture and Waler Resources in the 
Greater Horn of Africa (ECAW). It uses the output from the Agricultural Model 
Intercomparison and Improvement Project (AgMIP), which links the climate, crop 
and economic modelling communities with Information Technology (IT) to study the 
performance of the improved crop cultivar and its economic models that relate 
directly to the projections of the next generation agriculture (Rosenzweig et al., 
2013). The ECAW tool visualizes weather and climate data interactively, making 
crop modellers understand the climate changes affecting crop growth. However, their 
tool does not provide interpretation and prediction of crop performance to help plan 
food security strategies. As a result, currently, Tanzania uses the Waler requirement 
Specification Index (WRS1) algorithm to interpret weather information and predict 
crop performance. The algorithm incorporates a limited number of factors: 
temperature and rainfall, and assumes other crop management practices are constant 
(variely(cultivar), soil, fertiliser use, pests and diseases) (Tarnavsky et al., 2018; 
Boult et al, 2020). Also, the algorithm does not learn or adjust according to historical 

3



1.2 Statement of the Problem

yield information despite the potential of such data to reveal parameters that 
influence maize production in a particular location (Tarnavsky ct al., 2018 &Senay, 
2004). I hese shortcomings reduce the approach's accuracy in predicting crop 
performance, including yield. This calls for other methods with high prediction 
accuracy.

Climate change has affected rain-fed agriculture, particularly the staple food 
industry(Mourice et al., 2014). For example, crops like maize, which are popularly 

4

With the increasing amount of data in agriculture from geo satellites, the application 
of Machine Learning (ML) and other modern methods in agriculture to interpret the 
data accurately and timely is required (Kamilaris ct al., 2017). Machine learning is a 
technique for learning from data and deriving a specific goal or prediction (Kamilaris 
el al., 2017). Machine learning has been used extensively on big agricultural datasets 
worldwide to predict yield and estimate crop biomass (Liakos cl al.. 2018). The 
datasets may include data that is structured, semi-structured, or unstructured. Unlike 
WRSI, ML prediction may consist of data with various parameters such as 
meteorological, crop factor, environmental, economic, and harvest (Liakos el al., 
2018). For example, Kung et al., (2016) used meteorological data (air temperature, 
rainfall, and relative humidity), environmental data (growing area, yield, yield per 
unit volume and harvested area), and economic data (market prices and production 
costs) to predict tomato yield to near 77.68% using ML. Khaki et al., (2020) 
predicted corn and soybean yields using a machine learning method and achieved 
root mean square error (RMSE) of 9% and 8% of the average yield, respectively. 
Their model was robust enough to generalize yield prediction to unseen 
environments without dropping its accuracy. Henceforth, ML can significantly 
improve crop performance and provide accurate yield prediction. However, there is 
still a little exploration of ML in the prediction of maize, despite the potential of the 
approach in agriculture (Kamilaris et al, 2017). Therefore, there is a need to explore 
the applicability of machine learning in predicting maize yield in Tanzania.
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Maize is among the famous and essential crops in Tanzania, which is rain-fed and 

grown in various regions such as Mbeya, Iringa, Njombe, Morogoro, Ruvuma, 

Rukwa, and Katavi (Mourice et al., 2014). Unfortunately, there is low production of 

maize in Tanzania due to climate change, as highlighted by various studies (Mourice 

el al., 2014). The low production in maize yields is caused mainly by water stress 

due to unpredictable seasonal rains (Mourice et al., 2014). Though yield can be 

highly influenced by better crop management practices such as use of fertilizer and 

quality seed, natural weather conditions still affect maize performance in Tanzania

3https://extranet.who.int/nutrition/Rina/sites/default/filesstore/FYDP2 II April%201.pdf
ahttps://www.tro.Ro.tz/wp-content/uploads/2021/06/FYDP-lll-English.pdf

consumed among large populations, have been hit hardly by climate change, leading 

to low production (Mourice et al.. 2014). The Government of Tanzania (GoT), in 

collaboration with other stakeholders, conducted Comprehensive Food and Nutrition 

Security (CFNS) vulnerability assessment for crop production season 2016/2017 

(URT, 2017). The study revealed that 35.491 tons of food, including staple food such 

as maize, were needed to feed 1,186,028 people from February to April 2017. 

118,603 people (Destitute Population) were identified to require 3,549 tons of 

subsidized food since they could not access food (URT, 2017). GoT reported that in 

some regions, especially Gcita and the northern zone, crops such as maize and beans 

have experienced wilting due to a lack of enough soil moisture (URT, 2016). In 

January 2017, the ministry reported that overall. Mwanza crop conditions were poor, 

and the neighbouring region, Shinyanga, was kept under watch owing to the delayed 

start of seasonal rains (URT. 2017). To resolve such problems in Tanzania, Five 

Year Development Plan II (2016-2020)3 proposed the adoption of digital 

technologies to evaluate and monitor the performance of the crops. This initiative is 

also supported by the current Five-Year Development Plan III (2020-2025)4, 

emphasizing modern digital technology such as artificial intelligence and machine 

learning to promote agricultural production and strengthen food security.

https://extranet.who.int/nutrition/Rina/sites/default/filesstore/FYDP2_II_April%25201.pdf
https://www.tro.Ro.tz/wp-content/uploads/2021/06/FYDP-lll-English.pdf
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With regard to maize yield, using the Maehine Learning model in prediction 
increases (he prediction efficiency in South Africa (Adisa et al.. 2019 ). Moreover. 
Wang et al.. (2018) developed Baseline and ML Model that showed promising 
results in predicting soybean and maize crop yields in Argentina using ML 
techniques for utilizing remotely sensed data, such as satellite imagery. But. all these 
existing ML models for maize prediction were developed differently from Tanzania

(Mouricc ct al.. 2015). Since most people in Tanzania depends on maize for food 
(Mouricc ct al.. 2015). So, there is a need to monitor maize performance for high 
production. However, monitoring alone is not enough, it is important to forecast the 
yield to ensure community food security. The forecast inference will help propose 
mitigation strategics to enhance food security in case of low yield or crop failure. 
Currently, WRS1 is in practice to predict maize performance and yield in Tanzania 
(Tarnavsky et al., 2018 and Boult ct al., 2020). However, its accuracy is low (less 
than 0.61) because it uses only two parameters, temperature and rainfall, to predict 
the performance of the crop (Tarnavsky ct al., 2018 and Boult et al., 2020) while the 
performance is also affected by many parameters. In addition, the WRS1 provides 
categorical predictions like excellent, very good, good, satisfactory, and poor 
performance, which is not as important as a quantitative prediction to estimate food 
security (Tarnavsky ct al.. 2018. Verdin and Klaver, 2002, Scnay and Verdin, 2003 
and Boult et al., 2020). As a result, better approaches arc needed to predict maize 
yield in Tanzania.

On the other hand, other parts of the world are using machine learning to manage 
crop performance and predict quantitative (numerical) yield information with high 
accuracy (l.iakos et al.. 2018).l-'or example. Su et al.. (2017) developed an ML model 
to predict rice yield and obtained a relative error of between 21% and 8.5%.Gandhi 
et al.. (2016) used ML and got 78% accuracy on correct predictions. While Patanzi 
et al.. (2016) predicted wheat yield using ML and achieved an accuracy of 78.3%. 
These performances of the maehine learning models demonstrate superiority over the 
WRS1. which uses limited features.



1.3 Research Objectives and Research Questions

7

Agricultural practices. For instance, the models were developed based on irrigation 
agriculture and unimodal seasons, while Tanzania agricultural practices are based on 
rain-fed agriculture and involves bimodal seasons. In Tanzania. Laudien et al., 
(2020) attempted to apply statistics using basic machine learning models to predict 
maize yield to about six weeks before harvest, which is important for a farmer and 
policymakers to do farm management amendments to mitigate crop failure in case it 
has been detected earlier. The model is based on linear regression, a basic machine 
learning model that tries to predict yield based on given independent inputs (climate 
data) without including time as a parameter. Thus, it is not suitable for time series 
data like yield data which is crucial in learning crop performance based on historical 
data. Henceforth, there is a need to explore the applicability of machine learning 
algorithms suitable for time series data in Tanzania for maize yield forecasting.

To achieve the first specific objective, identified climate parameters from the 
literature and yield data were collected from Copernicus and ministry of agriculture 
databases, respectively. Then the data were cleaned and arranged in a tabular format, 
ready for processing. As well, for the second specific objective, ML algorithms for 
prediction were identified from the literature, trained and tested using collected data 
by setting experiments. The performance of each model was compared and tuned to 
achieve the best level so as to ensure a fair comparison of the models. Finally, the

i. To identify appropriate climate parameters and yield data from the available 

open data sources.
ii. To develop machine learning models for the maize yield forecasting.
iii. To evaluate machine learning models for the maize yield forecasting.

Generally, the study aimed to forecast rain-fed maize yield in Tanzania in a crop 
season using Machine Learning. The developed model uses climate and yield data to 
predict maize yield. The following were the specific objectives of the study.



1.3.1 Primary Research Questions

1.4 Contribution of the Study

1.4.1 Contribution to Research

8

Apart from the stated objectives, this study attempted the following research 
questions:

QI: What are the main climate parameters contributing to the prediction of 
maize crops yield in rain-fed agriculture in Tanzania?
Q2: Can ML models forecast maize yield in Tanzania?
Q3: How accurate is ML model in forecasting maize yield in Tanzania?

The study adds knowledge to the literature on using a combination of multiple ML 
algorithms and various parameters for better accuracy in maize prediction. Also, 
findings from the demonstration of the model in the Tanzania context (rainfed

The study intended to predict maize yield in Tanzania using Machine Learning. 
Through achieving the objectives, findings of this research contribute to the body of 
knowledge (research) and practitioners as follows.

The key output of the research is the ML model that demonstrates its applicability 
and usefulness in predicting maize yield in the Tanzanian context. The model 
contributes to the research by supporting the potential of machine learning 
algorithms in prediction. It ignites the interest of the researchers to explore other 
machine learning models that have not been covered in the research, beyond black­
box forecast and toward interpretability of agricultural mechanism. Also, the study 
provides a baseline of the next stage to improve the algorithms to predict maize 

yield.

developed models were evaluated using testing datasets to determine their accuracy 
in crop prediction.



1.4.2 Contribution to Practice

1.5 Outline of the Research Report

For farmers, the output of the study will help them understand prior conditions that 
would lead to crop failure because machine learning can explicitly show features that 
may influence the yield. As a result, they mitigate their crop management approach 
at an early stage.

agricultural and bimodal seasons) bridge the gap in the literature on lacking such 
contexts.

This report consists of five (5) chapters. Chapter one presents the background of the 
study, the problem statement, research objectives and research questions. Also, in 
this chapter, the contributions to the research and practice are highlighted. Chapter 
two discusses the literature review on climate change's effect on agriculture and 

9

I hrough the demonstrated model, the Tanzanian government will be able to assess 
and analyze the state of food levels from the prediction and prepare strategies to 
mitigate food shortage with the help of the National Food Reserve Agency (NFRA). 
Usually, the government, through the ministry of agriculture's national food security 
division, has a section called Crop Monitoring and Early Warning that prepares 
monthly reports on crop production forecasts using manual work. Thus, the 
developed model, once implemented, will provide the estimation earlier.

For policymakers, the demonstrated model will prompt evidence-based agricultural 
policy using historical agricultural and inference provided by the machine learning 
model. These will help the Ministry of Agriculture (MoA) and Local government 
authorities (TAMISEMI) to prepare enough funds and subsidies to mitigate the 
problem. Also, knowing the extent of the problem and targeted regions (early 
prediction) would give them a quick response, especially in supplying food to 
anticipated communities (low maize production) and delivering alternative advice to 
farmers to change their farming practice to ensure agricultural productivity.
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maize yield. The theory of forecasting, the Machine Learning approach to maize 
prediction, and different prediction models' strengths and limitations are presented in 
the chapter. Also, the research gap is identified, and research objectives arc justified.

Chapter three explains the methodology adopted to carry out the study. This includes 
the data collection and cleaning, algorithm selection, model development training 
and validation. Chapter four presents and discusses results from the developed, 
trained and validated model, including the accuracy and errors. Chapter five 
concludes the conducted study by providing a summary of the research objectives, 
findings, limitations and areas for future research.



CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

2.2 Agricultural Productivity and Climate Change

11

This chapter reviews previous works on monitoring crop yield, effects of climate 
change on crops and yield forecasts. It provides a review of climate change's impact 
on agricultural productivity. Also, the chapter highlights the strength and weakness 
of the existing approaches in predicting crop yield and establishes a need for using 
machine learning to forecast maize yield in order to increase food security. Existing 
initiatives taken to address the challenges are elaborated on in the chapter.

Increasing crop production is essential to curb the food requirements of the fast­
growing world’s population which is projected to reach 9 billion by the year 2050 
(Bhakta et al., 2019). In 2018, World Food Programme (WFP) report revealed that 
the increase in farm yields per hectare is significantly slower when the rates of 
population rise (Arora, 2019). The increasing demand for food due to the ever- 
growing population has resulted in intensive agricultural practices affecting the 
productive land. According to Bhakta et al. (2019), as the population increases, up to 
1.3 billion (19%) people will be engaged in agricultural practices to provide enough 
food (Bhakta et al., 2019). This growth in agricultural practices may temper the 
quality of land and, as a result, lower crop production. To address this, new 
advanced techniques like using hybrid seeds, which require a lot of fertilizer, are 
currently used; however, such practices may detrimentally affect soil fertility, lead to 
health hazards and increase environmental pollution (Bhakta et al., 2019). Also, 
aggressive measures to improve productivity may spike irrigation water use in 
extensive areas and lead to soil erosion and an increase in soil salinity, which 
declines soil biodiversity, making it unproductive. (Lin et al., 2020). Therefore, 
population increase directly affects factors that influence crop production, including
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plantation area, variations in rainfall and temperature (climate change), and soil 
quality (Agarwal and Tarar, 2021).

Climate change and agriculture have tricky links; unforeseen changes in climatic 
conditions have threatened food security globally (Arora. 2019). According to 
Thornton el al., ( 2018), climate trends negatively affect agricultural production. For 
example, the rise in temperature leads to a decrease in rain, affecting fishing 
ecosystems and crop production. Over the previous 30 years, climate change has 
reduced wheat and global maize production by 1-5% per decade globally 
(Loboguerrero et al., 2018). In 2016 Food and Agriculture Organization (FAO) 
report revealed that if emissions of Green House Gases (GHG) continue, there will 
be a decrease in significant staple food production from 5-50% for wheat, 20-45% 
for maize, 20-30% for rice and 5-50% for maize by the year 2100 (Zougmore et al., 
2018). Climate change and variability are significant threats to sub-Saharan Africa's 
development since most countries' economies rely on agricultural activities based on 
rainfed agrarian production. Thus, the variation in climate patterns has affected the 
economy of such countries, including Tanzania leading to poor agricultural 
productivity. Ojija el at., (2017) revealed that fluctuation in precipitation and 
temperature patterns in some cities in Tanzania caused food shortages. For instance, 
a decline in rainfall makes water inadequate for farming activities (Ojoyi et al., 2017) 
because many seasonal streams and rivers used for irrigation depend on rains. 
Additionally, many crops die due to heat stress caused by a high temperature that 
increases evapotranspiration and moisture loss (Ojoyi et al., 2017). In Tanzania, the 
seasonal temperature increases of about 2°C as predicted by 2050 will dramatically 
affect the production of sorghum, rice and maize by 8.8%, 7.6% and 13%, 
respectively (Rowhani et al., 2011). At the same time, a 20% rise in rainfall changes 
will reduce crop yield by 7.6%, 7.2%, and 4.2% for rice, sorghum, and maize by 
2050. This decline in crop yield threatens food security in communities depending on 
such crops (Rowhani et al., 2011).



2.3 Crop Yield Predictions

Crop yield prediction is essential in the domestic food supply, farm planning and 
management, ecosystem sustainability and international food trade (Chaudhary and 
Kausar, 2020). It is one of the essential aspects of agriculture as it helps in decision­
making at global, regional and field levels. For instance, for a country with the 
largest population and scarce farmland like China, accurate crop yield prediction 
helps the governments supply enough food by estimating the amount of production 
in a particular season of planting (Han et al., 2020). Similarly, a country with ample 
farmland with few people like Australia relies on crop yield prediction to optimize 
the production of farm crop exports to other needy countries like China (Cai et al., 
2019). On the other hand, farmers can utilize crop yield predictions to reduce losses 
when unfavourable adverse conditions occur (Burke and Lobell, 2017). Also, 
predictions can be used to maximize crop production since a farmer may decide to 
change farming management, such as fertilization and irrigation style, to enhance a 
favourable situation for farming (Burke and Lobell, 2017).

There are several ways of estimating crop yields, like field scouting and surveys that 
are trusted to produce excellent yield estimates (Burke and Lobell, 2017). Still, these 
approaches are labour intensive, costly, and can be challenging in large-scale farming 
(Burke and Lobell, 2017). Alternatively, crop yield can be estimated using crop 
growth models such as regression growth model and mechanistic growth model 
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According to Grote et al. (2021), having a good amount of agricultural products in 
societies enhances food security. As a result, it is important to foresee crop yield to 
ensure food availability in the next year despite the challenges (Grote et al., 2021). 
Also, crop yield can be improved by detecting and dealing with the factors that affect 
production, including climate change, diseases and pests related to crop yields in the 
early stages (Chaudhary and Kausar, 2020). Detecting such factors may need data 
from weather stations and large-scale meteorological datasets that may be used to 
improve decision support systems and hence increase crop yield (Burke and Lobell. 
2017).



2.3.1 A Review of Crop Yield Predictions using Statistical and Empirical
Methods

There are several methods used to predict crop yield apart from direct methods. This 
research identified and explored these methods into two categories presented 
subsequently.

Statistical prediction methods use historical data to build mathematical models that 
capture essential trends (Basso et al., 2019). Also, the model uses current data to 
predict what will happen next based on the captured trends from historical data, and 
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incorporating cco-physiological processes in simulating crop development from 
planting to harvesting according to farm management practices, soil properties and 
weather and climate data (Burke and Lobcll, 2017). Crop growth models mimic the 
crop lives by simulating interactions of the plants and their environment. It is 
possible to predict crop yield that can drive agronomic decisions in crop management 
(Burke and Lobell, 2017). The models also study the potential impacts of climate 
change on food security (Burke and Lobell, 2017). Inadequate spatial information on 
actual conditions of the farm, such as soil, crop and weather information, may hinder 
the performance of the crop growth models (Burke and Lobcll, 2017).

Furthermore, predictions may be presented qualitatively or quantitatively. In the 
former, results from prediction can be expressed in words or meanings such as ‘high, 
low, medium, good and poor.’ The qualitative prediction is subjective according to 
the opinion of the experts or farmers or algorithms and is mainly made when no 
historical data is available (Dambacher et al., 2019). Quantitatively, the prediction 
results are presented in numerical numbers or variables, for example, in specific 
tonnes per hectare, and it is analyzed on historical data (Basso et al.. 2019). Also, 
quantitative forecasting requires understanding the numerical past data and 
knowledge if future data will have a relationship with the past data (Basso el al., 
2019). It is measured by determining the accuracy, which dictates how the model 
accurately forecasts the yields (Basso et al., 2019).
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Robert et al., (2018) demonstrated a significant relationship between extreme heat 
and its effects to crop performance in predicting corn yield from the United States 
(US) Midwest. The work improved the statistical work Schlenker and Roberts’ 
classical econometric method in 2009. The improved model fused with statistical 
models (including crop model output within statistical models) used crop models 
output to parametrize statistical models (Roberts et o/.,2018). Although the model 
has shown improvement in prediction, it has some limitations on adding parameters 
and cannot learn from historical data in prediction. Thus, Adisa et al., (2019) 
suggested the use of machine learning to improve the performance of the model as it 
has been proved by other researchers like to perform better than traditional statistics.

Furthermore, Peng (2019) presented statistical modeling for the prediction of rain-fed 
corn production in the Midwest U.S. Using satellite variables, climate variables, and 
country-specific fixed effects, and they predicted raw yield after detrending. The 
model achieved high yield prediction performance, RMSE of 1.04 t/ha (16.6 bu/acre) 
and R2 of 0.79 from 2003 to 2016 (Peng, 2019). However, it failed to include many

it can suggest actions to take for best outputs (Kamilaris et al., 2017). Also, the 
statistical prediction method estimates the relationship between dependent variables, 
such as yield and one or more independent variables, such as temperature, 
precipitation, humidity, wind speed, sunlight and soil moisture (Debnath et al., 
2018). The dependent variable refers to the variable being tested or measured, while 
the independent variable is not influenced by other variables measured in an 
experiment (Evstatiev&Gabrovska-Evstatieva, 2021). In prediction, an investigation 
is conducted to determine how the independent variables affect the dependent 
variable, and regression analysis is used to achieve the goal (Evstatiev&Gabrovska- 
Evstatieva, 2021). Regression analysis is a statistical method in the prediction that 
can be used to assess the relationship between variables so as to model the future 
relationship between them (Basso et al., 2019). Regression analysis can be linear, 
multiple linear and nonlinear, used to determine the relationship between dependent 
and independent variables (Debnath et al., 2018).



Lai et al, (2018) predicted wheat yield at a field level using an empirical model in 

northern Australia. Using Landsat time-integrated Normalized Difference Vegetation 

Index (iNDVl), they trained a model to predict yield from data obtained from 17 

farms from 2001 to 2016. The model showed promising results by reaching an 

average RMSE of 0.79Mg/ha. Unfortunately, it failed to learn from historical data, 

despite being supplied with data for specific fields, including farms and years where 

production happened. Also, they concluded that the empirical model prediction was 

unsuitable for time series data like yield data (Lai et al, 2018).

parameters, learn from historical data and cannot suit time scries data like yield data 

well. Adding such parameters might have increased the model’s performance.

Apart from purely statistical prediction models, there are empirical prediction 

models, sometimes called statistical models (Lai et al., 2018). An Empirical model is 

a mathematical formulation based on literature facts, reaction rates and input 

parameters (Lai et al., 2018). The empirical model is developed by relating inputs to 

the respective output using the common established methodology. The model relies 

on observation rather than theory, meaning that if some particular outcome is 

observed following some specific circumstance, then the model can reliably predict 

that outcome in future (Lai et al., 2018).

Additionally, Tarnavsky et al., (2018) developed an empirical model known as Water 

Requirement Specification Index (WRSI) for maize yield prediction in Tanzania that 

characterized the impact of using different rainfall input datasets like African 

Rainfall Climatology Version 2 (ARC2), Climate Hazards Center InfraRed 

Precipitation with Station (CHIRPS), and Tropical Application of Meteorology 

Using Satellite (TAMSAT), on key WRSI model parameters and obtained very low 

correlation (R2< 0.61). Basically, WRSI indicates the crop's performance during the 

growing season and whether it can manage to maturity or fail before maturity to 

water stress (McNally et al., 2015). The model used temperature and rainfall 

parameters and provided categorical predictions like excellent, very good, good, 

satisfactory, and poor performance (Tarnavsky et al., 2018). This is a challenge 
16



2.3.2 Machine Learning (ML) Approaches in Crop Prediction

Io improve those limitations, Peng (2019) recommended the application of the 
emerging trend of machine learning models for yield prediction. Furthermore, the 
massive amount of data available in the prediction industry has been among the 
challenges in prediction accuracy when using traditional statistical Models or WRSI 
(Tarnavsky et al., 2018, Verdin and Klaver, 2002. Cai ct al., 2017; Mathieu and 
Aires, 2016).

Machine Learning (ML) is the fundamental field of artificial intelligence. It makes 
computers infer the data without being explicitly programmed (Doupe, Faghmous, 
and Basu, 2019). When these computers are fed with new data, they learn, grow, 
change, and develop by themselves. Thus, Machine Learning (ML) models reach 
their goals by determining relationships in patterns and correlations in datasets. The 
models are subjected to training data and expected to learn from the data based on 
experience (Adisa et al., 2019 ). As a result, several fields such as healthcare, 
construction, transportation, social media, politics, business, security, education, 
fishing, and mining, apply ML models to improve business operation and service 
provision (Adisa ct al., 2019 ). For example, hospitals use machine learning to 
predict diseases and organ failures (Qiu et al., 2019). Such prediction improves the 
quality of service and reduces the chances of dying due to late diagnosis. ML is used 
in social media to recommend users about people to follow (c.g., Instagram and 
Facebook) from the prediction based on tags, likes and trends (Balaji et al., 2021).

According to Adisa et al. (2019), ML can reveal important "hidden" features from 
big historical datasets and forecast unseen environments better than statistical 
approaches. However, machine learning methods are developed because their 
operations arc not so understandable, and it can be cumbersome to trace their 
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because the numerical prediction of yield is required to estimate the food security of 
the country (Tarnavsky ct al.. 2018. Verdin and Klaver. 2002. Scnay and Verdin, 
2003 and Boult ct al.. 2020).
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operations compared to statistical methods. Adisa ct al. (2019) further argued that 
combining statistical and machine learning models improves performance. 
1 hercforc. statistical methods are still used in crop yield prediction problems to 
enhance interpretability, clarity, and simplicity.

Regarding agriculture, ML can be used to manage crop growth and predict yield, 
which appears to be among the challenging problems in precision agriculture (Xu et 
al., 2019). This is because crop yield is determined by the quality of inputs 
parameters available timely while in the growth stage, including soil texture, 
fertilizer, and weather (Xu et al., 2019). Thus, crop growth and yield prediction 
management require large data sets from several parameters. Therefore, selecting 
suitable algorithms to solve problems is vital, and these algorithms must be capable 
of handling the volume of data (Alpaydin, 2010). For example, Dutta et al., 2020 
used several machine learning approaches (random forest. Support Vector Machine 
and Artificial Neural Network) in studying the influences of socio-economic, 
management and biophysical events in describing maize yield. The main parameters 
incorporated in their models include farm details such as farm location, size, soil 
properties, fertilizer amount and type, labour force and seed rate. Unfortunately, 
models such as artificial neural networks (ANN) performed miserably by scoring an 
average of 75% on the classification on validation datasets. On the contrary, the 
random forest showed robustness in describing the association between maize 
productivity and farm size (Dutta et al., 2020). However, this study did not integrate 
crop simulation or empirical growth models to enhance yield estimations.

ML can be used to describe or predict depending on the problem or goal of the 
researcher. In describing knowledge out of the field obtained data, descriptive 
models arc used, while on prediction of the future trends of data, predictive models 
arc used (Alpaydin, 2010). ML models work like human brains by finding patterns in 
the data to forecast inference of the data or by learning on past data and its pattern 
and predict future inference learning (Dutta et al.,2020).



Crane-Droesch el al. (2018) described an approach to yield modelling using 

scmiparametric neural networks (SNN). They used corn production data from US 

Midwest. SNN has shown robustness in high-dimensional datasets by revealing 

complex nonlinear relationships (Crane-Droesch cl al.. 2018). Their approach has 

demonstrated superior performance compared to traditional statistical methods and 

neural networks in predicting corn yield.

Wang el al., (2018) developed deep learning (an ML model) models for working 

with satellite imagery data that would provide affordable crop yield prediction. Their 

work delivered an excellent model that predicts soybean crop yield in Argentina. The 

inexpensive method demonstrated that transfer learning provides an opportunity for 

developing countries to utilize remotely sensed data (Wang el al.,2018).

Leroux et al. (2019) researched to predict maize yield using multi-domain remote 

sensing indices in West Africa. Their study combined Remote sensed data, crop 

modelling, and statistical method to build a model that overcame the limitation of 

crop yield estimation due to the Direct techniques based on field surveys. Surface 

Soil Moisture (SSM), Moderate Resolution Imaging Spectroradiometer (MODIS), 

Normalized Difference Vegetation Index (NDVI), and SMOS (Soil Moisture and 

Ocean Salinity) and MODIS Land Surface Temperature (LST) were utilized to 

determine phenotypic characteristics of the vegetation stress, drought and vigour.
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According to Adisa et al.( 2019 ), using machine learning approaches in crop 

modelling increases the production efficiency. In their study, they used a particular 

type of ML model called the artificial neural network (ANN) model, which was used 

to predict maize in the major maize-producing provinces of South Africa. They used 

the following climate variables: potential evapotranspiration (PET), precipitation 

(PRE), maximum temperature (TMX), land cultivated (Land) for maize, minimum 

temperature (TMN), and soil moisture (S.M.). The 28-year data from 1990 to 2017 

was divided by 20% and 80% for testing and training datasets respectively. The 

output showed that the maize yield was more influenced by TMN, S.M., TMX, 

PRE, Land, and PET in the Free State province (Adisa et al., 2019 ).
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Most models mentioned above arc combined (ensemble) to form an agricultural yield 

prediction model, dramatically increasing accuracy (Shahhosseini et al., 2020). 

l ienee, machine learning models have shown outstanding robustness and accuracy in 

crop yield prediction in many countries. As a result, this research aimed to explore 

the applicability of ML for crop yield prediction in Tanzania context using maize 

crops as a case study.

From the review of existing prediction models discussed in sections 0 and 0, Table 1 

presents a summary of the strengths and weaknesses of each model.

Multiple Linear (MLR) and nonlinear Random Forest (R.F.) models were tested and 

compared. The Random Forest (R.F) model, a nonparametric algorithm, and 

Multiple Linear (MLR) models were then calibrated separately for AGB-F and Cslr 

and the nonlinear model (R.F) has shown the robust capability to predict crop 

performance which is a highly nonlinear parameter.



Tabic 1: Strengths and Limitations of the Existing Prediction Models

Regression Model
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Conventional Machine 
Leaning. (CML) - 
(Random 1'orcsl (RF), 
Adaboost, gradient 
boosting, and 
kneighbor regression)

Sometimes, yield outliers can 
be influenced, especially when 
the data has many outliers

Il is not suitable for time 
series data like yield data

Its accuracy depends on the 
linearity of the data, so it is not 
suitable for nonlinear 
environmental data

Providing more data in 
training does not improve the 
accuracy

Most of the research has 
shown conventional machine 
learning provides low accuracy in 
prediction compared to Neural 
networks

CML performance is only 
comparable to the shallow neural 
network

Training takes longer time
It is complex and deep 

Neural Network
Need more computing 

resources

Strength______________________
• Docs not need historical data
• Il is easy to implement
• Il incorporates the agricultural 

methodology of raising crops. For 
example, the Start of the season, 
the middle of the season and the 
final season

• It incorporates factors that are 
specific to a particular crop. For 
example, how much a specific crop 
needs water and how much it loses 
its waler

• It can predict yields anomalies
• It can predict absolute yield for 

about six weeks
• Il is easy to implement

Prediction Model 
WRSI (Water 
requirement 
specification Index)

Neural Network: •
Artificial Neural
Network, Deep
learning Neural •
Network
(Convolutional Neural
Network and Recurrent •
Neural Network)

It can embed nonlinear data • 
like agricultural data hence can-do 
nonlinear decisions

It can provide Quantitative • 
output with acceptable accuracy

Training requires a short time, 
with a limited amount of data

CML tuning is easy compared 
to Artificial Neural networks since • 
it is insensitive to randomization of 
weight

Providing more data in training • 
increases the accuracy in prediction • 
of yield

Il can embed nonlinear data • 
like yield data hence can-do 
nonlinear decision

Il can provide Quantitative 
output with acceptable accuracy 
which is good for yield data

Works best with time series 
data like yield data especially 
Recurrent Neural Network)

Most of the current research 
has shown that deep learning 
Neural Network provides More 
accuracy in prediction of yield

Limitation______________________
• Its prediction is Linear since 

it does not include historical data
• Its output is qualitative ie.. 

excellent, very good. good.
ax erage, poor



2.4 Maize Yield Prediction Models in Tanzania

brom lable 1, the conventional machine learning model docs not need many training 
resources such as time, computing chips and tuning hyperparameters compared to 
deep learning. It has shown the essential requirement of predicting nonlinear data 
such as maize yield. Hence, this study explores conventional machine learning 
methods (such as random forest, adaboost. gradient boosting, etc.) and all available 
climate data parameters (such as temperature, soil temperature, Evaporation, 
Precipitation, Leaf area index, Soil water. Wind speed. Runoff, etc.) from the online 
datasets.

Maize is an essential crop in Tanzania, and it grows in all regions as a rain-fed crop. 
Fortunately, the leading producer of maize in Sub-Saharan Africa is Tanzania. For 
over forty years, Tanzania has been rated highly among the best 25 maize-producing 
countries (Mourice et al., 2014 &Levira. 2009). Most of the production is done by 
smallholder farmers. For example, in 2013/2014 season, Tanzania produced 500 
million metric tons of maize, in which 85% was contributed by smallholder farmers 
(Society & Shelter. 2010). Unfortunately, Tanzania has been experiencing a drop in 
maize yield for the past three decades due to climate change affecting important 
factors for maize production like soil water, evaporation, precipitation(rainfall), soil 
temperature, and air temperature (Kukal et al., 2018). This led to low production of 
maize crops, affecting communities' food security. Henceforth, it is important to 
predict maize yield to inform the stakeholders of the performance to ensure food 
security in the community.

Different studies have discussed several models used to predict maize yields in 
Tanzania. Liu & Basso, (2020) associated field survey data with crop modelling to 
improve forecasts for maize yield in Tanzania. They used a crop simulation model 
called Systems Approach to Land Use Sustainability (SALUS) to integrate field­
based survey data. SALUS was run using farming parameters such as soil water 
inputs, crop and weather inputs, and management inputs. They downloaded 
temperature and soil data from the Modern-Era Retrospective Analysis (AgMERRA) 
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for the years 1981 to 2010 (Funk ct al. 2015; Ruanc et al. 2015). Then, they extracted 

rainfall data from 0.05°-resolution Climate Hazards Group InfraRed Precipitation 

with Station (CHIRPS) gridded dataset (Funk ct al. 2015; Ruane et al. 2015). In order 

to have a well-descriptive experiment, three maize varieties were identified for 

simulations. The varieties represented short, medium, and long-duration cultivars. 

1'hcn, they utilized four types of soils; extremely fertile, fertile, medium and low 

fertile soils. Also, on-farm management they considered fertilizer application, 

planting rates/densitics and irrigation amounts as reported from the survey done for 

Morogoro, Kagcra, and Tanga districts. Then, they simulated the data using SALLIS 

to find yield information in Tanzania. Research in this thesis used the real data 

reported from the ministry and climate reanalyzed data from Copernicus climate 

store, which is similar to the SALUS model but simulated with a more advanced 

model. The author of this dissertation opted for data obtained from the Copernicus 

climate store.

Currently, Tanzanians use Water Requirement Satisfaction Index (WRSI) as a 

method of crop yield prediction. Tarnavsky et al., (2018) developed an adapted 

WRSI model for maize yield prediction in Tanzania. The model is based on a 

procedural model that incorporates input parameters such as rainfall, soil water 

holding capacity, temperature, the start of the season, length of the growing period, 

end of the season, and crop factor data. WRSI incorporates a limited number of 

factors that affect crop performance, only temperature and rainfall. It assumes other 

factors are constant; hence, it is not very accurate (Tarnavsky et al., 2018). Also, 

WRSI model does not learn or adjust according to historical yield information. This 

is a weakness since historical yield may reveal factors influencing maize production 

a particular location (Tarnavsky et al., 2018 &Senay, 2004). For example, research 

on the WRSI model on maize production and yield in Tanzania resulted in a very low 

correlation (R2< 0.61) of the prediction of maize yield performance (Tarnavsky el al., 

2018). Boult et al., (2020) conducted a similar study using WRSI for maize yield 

prediction in Kenya and got a correlation of about 0.38, which is relatively low. The 

low accuracy is due to the fact that WRSI is designed as a water-balanced crop 
23



2.5 Findings from the Literature Review
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The literature revised various topics that show how climate and other parameters 

may affect the crop performance(yields) on the farm, specifically, maize yield. 

Rainfed agriculture is more prone to climate change, and it is threatening crop 

production and rural livelihood as a result. Several models have been deployed 

worldwide to understand the yield and ultimately predict it. Models may be based on 

empirical formulas like WRSI or conventional statistical methods. However, both 

traditional approaches have shown failure in robust prediction in modern times.

Laudicn ct al. (2020) attempted to apply statistics using basic machine learning 

models to predict Maize yield. They demonstrated maize yield forecasting per region 

of Tanzania and predicted yield anomalies and absolute yield about six weeks before 

harvest. They achieved a median Nash-Sutcliffe efficiency coefficient of 0.72. The 

model is based on regional regression model, which tries to predict yield based on 

given independent input values (climatic data). The model is based on Linear 

regression, a basic machine learning model that tries to predict yield based on given 

independent inputs (climate data). Since this model was developed using a basic 

machine learning algorithm unsuitable for time series data like yield data, it cannot 

be accurately reliable. Also, no studies have explored successful machine learning 

methods like boosting algorithms, random forests and recurrent neural networks in 

yield prediction in Tanzania which arc suitable for time scries data. Henceforth, it is 

important to demonstrate the use of improved ML algorithms in yield forecasting in 

Tanzania to improve the current situation and help mitigate and adapt to climate 

change.

model, thus focusing on water requirement compared to other factors that may 

contribute to crop failure (Boult ct al.. 2020). These findings draw a need for using 

other modern methods such as machine learning, which has been mainly successful 

applied in agriculture.
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From the above review, it was decided to use the following parameters; Temperature, 
Soil temperature, Evaporation, Precipitation, Leaf area index. Soil water, and Wind 
speed to predict the yield using conventional machine learning models such as 
random forest, adaboost, linear regression, gradient boosting and stacking model.

Fortunately, machine learning methods and deep learning have shown more strength 
in yield prediction worldwide. It is of paramount importance to accurately predict the 
performance in qualitative like how it is done with WR.SI and in quantitative, as it is 
presented using regression models. Al and ML have shown superiority in this area, 
but unfortunately, they are not yet deployed in Tanzania. Building from this fact, this 
thesis is delivering a state-of-the-art model that has been trained using machine 
learning to demonstrate the accuracy and feasibility of using the models on the 
national stage.



CHAPTER THREE

RESEARCH METHODOLOGY

3.1 Research Design

3.1.1 Problem Establishment and Project Set-up
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A thorough literature review was conducted to establish the problem. According to 
Hart (1998), a literature review aims to examine previous assertions of the research 
objectives and seek ways of improving them. Thus, the study followed a systematic 
literature review to explore the effects of climate change in crop yields like hunger 
due to food shortage; different crop yield prediction methods, including empirical, 
statistical and machine learning models; factors(parameters) used in crop yield

I his chapter discusses the research methodology by pinpointing tools used and 
methods designed and deployed. It explicitly shows how data was obtained and 
processed technically. It discusses the research design and approach of this thesis. 
Also, the chapter shows details of all algorithms and models deployed to train and 
test machine learning models. Procedures taken to conduct machine learning 
experiments are described in this chapter. Subsequently, the chapter highlights 
mechanisms used to ensure the responsible design of the demonstrated approach.

The research design used to achieve the study's objectives was based on the 
methodology described by Bhavsar et al., (2012). According to (Bhavsar ct al., 
2012), ML projects have mainly four stages. Firstly, problem establishment and 
project set up where by the problem to be worked on was decided. Secondly, data 
collection and preprocessing where by data was fetched from online databases and 
then formatted in a format that would be understandable for an ML model to learn 
from. Third, Model development training and validation whereby the models were 
set with optimized parameters and trained well; lastly, model testing and evaluation 
whereby the trained was tested for its inference to estimate its coefficient of 
determination and errors. These stages are further explained subsequently.



3.1.2 Data Collection and Preprocessing
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In this study, two kinds of data which are yield and climate (weather) data, were 

collected from the area of study (Tanzania). This section describes the study area,

Findings from the literature established the need for maize yield prediction in 

Tanzania. Most of the studies showed that policymakers and farmers are interested in 

finding out the performance of the crop on the farm in ever-changing weather 

conditions and predict the yield of rain-fed maize to ensure food security.

To ensure that all relevant information is retrieved, a list of references was visited for 

each scientific paper to spot pertinent other papers. Likewise, for each paper, the 

author looked into its citations in google scholar to identify additional relevant 

articles. These searching approaches are referred to as backward and forward 

searches(Webster & Watson, 2002; Levy & Ellis, 2006).

prediction, and finally strength and weakness of different exiting Machine Learning 

algorithms used for crop yield prediction.

Research database Google Scholar was used to retrieving scientific publications. 

Also, the review was conducted by using online search engines such as google.com 

and bing.com to gather information and non-scientific articles in areas such as crop 

yield prediction, and the effect of climate change on agriculture and maize 

production in Tanzania. The quest for information from the mentioned sources was 

performed by querying various keywords to obtain relevant articles. Keywords used 

were ‘Agriculture Productivity, ’ 'Impact of climate change on Agricultural 

productivity,' 'Crop yield prediction, ’ 'Machine Learning approach in crop yield 

prediction ’ and 'maize yield prediction models used in Tanzania,'. The keywords 

were searched together and separated using OR statements in which the most 

relevant were brought up. So, out of many articles that match, only the first 125 

articles were chosen as appropriate. In out of 125 articles obtained, only 94 articles 

were used by screening on relevancy to Africa and Tanzania.

google.com
bing.com


how these kinds of data were collected and pre-processed, and how the variable for
the ML model trained in this study was selected.

3.1.2.1 Area of Study

Tanzania, which is located in East Africa, is the site where the study was undertaken.
Figure 1 shows the location of Tanzania in the African continent (Basalirwa et al.,
1999).

Eritrea
Djibouti

Somalia
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Reunion . I i.'ii'/ .
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Figure 1. Map showing the location of Tanzania in Africa from
tanzania.go.tz

Figure 2 shows location of all regions of Tanzania. Rain seasons in Tanzania behave
differently in northern and southern regions, with those located in the northern part
having two rain maxima (bimodal) and other regions in the southern part have only
one long rain seasonal rainfall (uniinodal).
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Figure 2. A map showing regions of Tanzania from tanzania.go.tz
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These unimodal are the high production zones. Most rain seasons start in October
and end in May (Basalirwa et al., 1999). With respect to the modelling in this study,
the model assumed that the starting of rain accumulation is from October to May of
each year. The model determined the maize yield for 2018 season using data from
2005 to 2017. This is because the data obtained from the ministry' of agriculture was
incomplete and did not have yield information for 2019 to 2022.
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Figure 3: Maize Production in Tanzania (Season 2018/2019) from
apps.fas.usda.gov

3.1.2.2 Yield Data

are available at www.kilimo.uo.tz. The dataset reports maize yield per district. Then,

the data file was shared by the MoA to the authors.
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!

By email, maize yield data from 2005 to 2018 was requested from the National Food 
Security Division of the Ministry of Agriculture (MoA) of Tanzania. Their contacts

Maizo production lions)
No data

1OO.COO to 250.000
250.001 to-100.000

■1 . ..i >-100.000

apps.fas.usda.gov
http://www.kilimo.uo.tz


3.1.2.3 Weather Data
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Weather variables had been created based on one climate data source. ERA5-Land 
reanalysis climate data store (https://cds.climatc.copernicus.eu) provided at a spatial 
resolution of 0.1° *0.1° was used. European Centre produces the ERA5-Land for 
Medium-Range Weather Forecasts (ECiMWF) by estimating atmospheric, land­
surface and sea-state parameters using uncertainty and physics rules. The ERA5- 
Land Monthly Reanalysis (1950 to present) was downloaded from European 
Copernicus Climate Data Store [Copernicus is the European Union's Earth 
observation programme]. ERA5 (and the most advanced ERA5-Land) is the most 
recent reanalyzed product and outperforms ERA-lnterim for East Africa (Gleixner et 
al., 2020). The weather variables (Temperature, Soil temperature, Evaporation, 
Precipitation, Leaf area index, Soil water, Wind, Runoff) were created for the period 
of available yield statistics (2005-2018). The data was obtained by visiting the 
Copernicus data store (https://cds.climate.copernicus.eu) and then choosing ERA- 
Land reanalysis data. The portal allows selecting the boundaries of the interesting 
areas. Tanzania is bounded by latitude (-1° to -13°) and Longitude (27° to 41°). Then, 

the data date was chosen from January 2005 to December 2018. The data can be 
downloaded into two formats, either Grib or NetCDS. The data for this study was 
downloaded as grib file because it is easy to process the data using the opensource 
library pygrib which is well documented and has a community supporting it. Then,

Maize accounts for more than 25% of the total cropland in Tanzania, equating to a 
total harvest area of 3,428.630 ha in 2019 (MoA, 2019). Figure 3 shows 2018/2019 
maize yield data for each region. Usually, the MoA reports official data annually by 
including yield data from all regions of mainland Tanzania except the island 
Zanzibar. Unfortunately, some of the district's boundaries (such as Kilosa was 
divided to form new Kilosa and Gairo districts) were changed in 2012 so the 
weighted average-based analysis was done to estimate the yield distribution between 
old and new districts.

https://cds.climatc.copernicus.eu
https://cds.climate.copernicus.eu


3.1.3 Preprocessing of the Data
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Copernicus processed the data for 30 minutes and provided a direct download link to 
get the data.

I-or rainfall seasons which arc bimodal season (vuli) which starts October to 
December, only data for October and November will be used while unimodal season 
(masika) which starts from March to May, only data for March and April will be 
used (Suleiman and Rosentrater, 2015). Only two months each season is enough 
because the maize cultivars may take three to five months to harvest. So, choosing 
less than three months makes sense for this study as it aims to forecast yield at least 
four weeks before harvesting, and there is no data on maize cultivars used in each 
district because farmers are free to use any cultivar.

The input was obtained from the Copernicus website; ERA5-Land data was in grib 
format. The grib files were compressed climate data files that require a specific tool 
to open and process the data. In Python language used in this study, pyGrib library 
was installed to help process the data. The data was then cleaned and formatted. 
However, in Tanzania, there are no mapped maize planted areas, so it is difficult to 
estimate for the whole district. Instead, a Normalized Difference Vegetation Index 
(NDVI) was used to predict vegetation areas. NDVI is a dimensionless vegetation 
index that describes plant greenness by calculating the difference in reflection on red 
and near-infrared (NIR) light (Pettorelli et al., 2005). So, to process the data for each 
district in Tanzania, NDVI for March 2018 was downloaded from National Oceanic 
and Atmospheric Administration (NOAA). Then, it was used to get areas with NDVI 
greater than 0.5, indicating vegetation areas. Normally, NDVI greater than 0 
indicates vegetation areas of the land (Pettorelli et al., 2005). Figure 4 shows NDVI 
cumulative values for the whole country. Hence, NDVI greater than 0.5 (Equivalent 
to 150 in Figure 4) lets our model get data from areas that may have been planted 
with maize leaving urban areas.
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The data had several missing values which are normally set as 9999, null or zero.
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For yield data, variables with zero value were removed consequently, only 94 district 
yield data remained out of 183 districts. Also, data with variables with Pearson’s r 
>0.1 in correlation to yield were taken on boarding, which led to the reduced number 
of the training data from 4849 to 318 entries. Only 43 districts remained that were
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3.1.4 Variable Selection

3.1.5 Machine Learning (ML) Algorithm Selection and Model Development
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The input data was arranged in tabular format in which each weather data for each 
month was set as a column. The last column is the area of the district. The longitude 
and latitude of the areas chosen from each district was included. The year column 
was also included. This makes a total of 127 columns.

processed. Also, this data cleaning process removed 2009 and 2013 data since they 
had a lot of missing data. The yield input data was transformed to logarithmic values. 
Weather data was then standardized to make the normal distribution, ready to be 
used by the machine learning model.

Yield variability in different districts was determined by appropriate variable 
selection. To achieve clean and appropriate ML model, the following was done:

This research proposed to model conventional supervised models (adaboost, gradient 
boosting, K-neighbor and random forest) for crop production because they have not 
been explored well in Tanzania yield calculation and they have shown superiority in 
regression estimation like yield data prediction (Benos et al., 2021, Geetha et al., 
2020, Keerthan Kumar et al., 2019, Yuchi et al., 2019, Liakos et al., 2018, Wu et al.,

• Variables that show zero yield were removed as they present false 
information that a particular district has zero yield, which is unlikely in 
Tanzania

• The variables with strong collinear and good correlation to yield data were 
selected. So, to make it easy for the model to learn, only variables with 
Pearson’s r > 0.1 were selected. So, it means all the variables that did not 
show good correlation with yield were removed. Also, it was important to 
remove such variables so as to reduce the over-fitting of the model

• Also, all the input variables were subjected to standardization to improve data 
scaling which is important for machine learning models to learn
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2017). 1 he supervised ML models can be trained to give out results for classification 
and regression problems. The random forest has shown efficacy on prediction using 
regression analysis for soil and health data that provide quantitative 
recommendations (Yuchi et al., 2019 and Wu ct al., 2017). The models were 
designed to capture the time dependencies of crop yield over several years. The 
selection of the models was based on the fact that the conventional ML models are 
suitable for time scries data prediction like climate data, and training. Testing is 
readily simple and docs not require specific Graphics cards. And the models were 
well designed to predict time-series data (Yuchi ct al., 2019 and Wu ct al., 2017). So, 
to improve the ML models’ performance, a stacked ensemble regression model was 
designed to use RF as a final model after getting predictions from other regression 
models such as ada boosting (is a machine learning technique that fits a regressor on 
the original dataset and fits additional copies on the same dataset. In this algorithm 
the weights of the instances are adjusted due to errors of the current prediction), 
gradient boosting (is an ensemble model of a weak prediction model that are usually 
decision trees by optimizing differentiable loss function) and Kneighbor (a model 
that tries to predict based on nearest neighbors of the observed data) Also, linear 
regression (the model that tries to fit the observed data by means of linear equation) 
was used for comparison purposes as it has been explored in Tanzania too. Ada 
boosting model also known as adaptive boosting, is an ensemble model. Stacking 
regression is the method for forming combination of multiple regression models to 
improve the accuracy of final model. Furthermore. Table 2 depicts the strengths and 
challenges of each model to show why the models were chosen for this research 

explicitly.



Tabic 2. Strengths and Challenges of the selected models

Strengths Challenges

It is a linear model

36

Adaboost 
regression

Gradient
Boosting 
regression

Stacking/cnsc 
mblc Random
Forest
regression

Kneighbor 
regression

It works well for 
linearly trending data

It is very easy to 
understand and 
implement training and 
evaluation

It is fast

Combines all the 
advantages of the 
above

Provides a chance 
to choose optimal set 
of parameters to 
improve performance

Mostly outperforms 
the stacked models

• May over fit quite easily
• It is quite memory and 

computationally expensive 
because it processes vast amount 
of trees

• Optimization may need 
extensive grid search to obtain 
optimal performance

Presumptions that data is 
linear between various variables 
are not always applicable

Overfilling on noise data 
is common

Suitable for 
nonlinear data and 
lime series data 
(Ribeiro and Dos 
Santos. 2020)

Suitable for 
nonlinear and time­
series data 
(Cristian. 2018)

Works well with 
nonlinear and time 
scries data 
(Paviyshenko, 
2020)

• Scalability is a problem
• Heterogenous data might be 

a problem
• Needs definition for the 

optimal number of neighbors. 
Grid search may be required to 
find this

• It is quite sensitive to 
outliers

• Missing variable value can 
_bc a big prob)em_

It inherits uncertainties of other 
models

It works well for 
weak classifiers by 
combining to strong 
classifiers

It combats well 
overfilling

Il provides vast 
flexibility by 
optimizing multiple 
loss functions

Quite good in 
processing data with 
missing variables

No need to 
differentiate between 
numerical and 
categorical values

Fast computation 
lime

Works well for the 
regression model

Very simple model
Provides accurate 

prediction

Models 
Selected 
Linear 
regression

Suitability for 
time-series data
• Not 

suitable and may 
need further 
improvement like 
Explainable 
boosted linear 
regression to 
work (Hie el al.. 
2021)

• Suitable for 
nonlinear data 
and time-series 
data (Xiao el al.. 
2019)



Tabic 3: Optimal hyperparameters for different machine learning algorithms

3.1.6 Machine Learning Model Training and Validation
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Fortunately, all the models have been well implemented in Scikit-learn5. a free 
machine learning library for predictive data analysis using the Python programming 

Language (version 3.9).

Algorithm used______________
Linear regression

Ada Boost regression
Gradient Boosting regression

K neighbors regression

Slacking Random Forest regression

llypcrparamctcrs__________________________
Default settings
Random_slate=0
Random_state=0
n_neighbors=20. mctric-Euclidean
random_stalc~- 1. n_cstimators=120, maxjeaturcs-
'auto'. max depth= 10. bootslrap= True

The model developed based on the yield data from 2005 to 2017 (12 years) was used 
to provide a completely independent forecast for the harvest years 2016, 2017 and 
2018. The model predicts the maize yield for the years 2016, 2017, and 2018 by 
using weather/climate information obtained from 2005 to 2018. The model is based 
on district-wise yield prediction. Prediction for year 2016 involves data from 2005 to
2015 for Training (Testset 1). Prediction for Year 2017 involves data from 2005 to
2016 for Training (Testset 2) and Prediction for Year 2018 involves data from 2005 

to 2017 for Training (Testset 3).

5https://scikit-learn.org/

1 o achieve, a performing model, the following user-defined parameters for the used 
data set lor each model were set as provided in Table 3. The user-defined or 
hyperparameters were obtained by using ski-learn kit library method known as 
randomisedsearch CV which implements randomized search on hyperparameters by 
fitting and comparing the score and suggest the best parameters.

https://scikit-learn.org/


3.1.7 Machine Learning Model Inference Evaluation.

3.1.8 Model for Estimating and Forecasting Yields before Harvest
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For Maize, it may take 3 months to harvest or more. For in-season forecasting, it was 
important to find inference of the yield after two months. The model was be designed 
to estimate yield 1 month before harvest depending on reproductive phase of each 
region. The values of yield were assessed such that anomalies are detected and 

reported as well.

I he yield data for 2018 was not included in the Training and Validation dataset and 
instead it was used as a final year for evaluation as testing dataset. Training was done 
by optimizing the loss function by comparing the observed with the predicted data. 
Cross-Validation which involved splitting the training dataset to assess how the 
model fits the independent variables was done by splitting in k small sets “folds” and 
quite suitable for small dataset like the data used on this study. The model used 5- 
folds (k=5) cross validation. The root mean squared error (RMSE), mean squared 
error (MSE), mean absolute error (MAE), coefficient of determination (or accuracy) 
and Pearson’s correlation coefficient were reported to benchmark the model 
performance.

Model inference evaluation was done by statistically calculating coefficient of 
determination (or accuracy) which is comparing observed data versus true data for 
the year 2018 (Testset 3). Furthermore, as done and suggested by Khaki ct al., 
(2020), to better improve evaluation of the models, models were trained by using 
data from 2005 to 2015 and tested on 2016 (Testset 1) data and then trained by using 
data from 2005 to 2016 and tested on 2017 (Testset 2) data. The stacking random 
forest model was compared to other regression Machine Models (linear regression, 
adaboost, gradient boosting, Kneighbor) used in prediction of maize yield that has 

been done based on Tanzania.



3.3 Summary of the Research Methodology Activities

To ensure fairness the data was downloaded from trusted sources and preprocessed 
to remove outliers. The yield data included all districts except those with missing 
data in some of the years. The climate data was downloaded from Copernicus 
climate data store which uses world standard algorithms to simulate climate 
information to all locations even those that do not have weather stations. This makes 
it possible to assess all the districts on crop production.

The methodology of this study is presented structurally in four sections: first is how 
the problem of this study was established, second is Data collection and 
preprocessing, third section is Model Training and Model Debugging, and the fourth 
section is Model Testing and Evaluation. Also, the chapter highlights the responsible 
design of this research where the issues of ethical, explainability, fairness, and 
privacy were considered. Under the mentioned sections, this methodology comprises 
three main goals and their activities as summarized in table (Table •/).
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3.2Rcsponsiblc Design for Maize Yield Forecasting

I his research was designed to consider the target groups' ethical, social and 
economic dimensions. The privacy of the target group data was embraced by 
ensuring that individual challenges such as data arc not shared with the public. 
Hence, to enforce privacy more, the data is anonymized and generalized to a district 
to hide the details. The information shared in this publication has been considered 
lair treatment with the partners to enhance trust and promote good research practice.

The sustainability of the solution proposed in this study has taken a broader 
dimension on climate change by embracing an alternative prediction methodology 
that guides policymakers to a better decision that would protect farmers and promote 
development in rural settings, especially for women farmers who arc heavily hit by 
climate change. It alerts the policymakers earlier to protect the most vulnerable 
societies in Tanzania that depend on rain-fed maize production by embracing 
sustainable mitigatory approaches.



Goals Activity Deliverables

Literature search

Data sets

Jupyter Notebook Prediction Model

Coefficient of

Model Accuracy
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The first goal was to fetch dataset from online databases and then clean and 
the data according to our needs. Then, the second and third wasrearrange 

training/validating and evaluating the model.

File transfer protocol 
(FTP) or direct download

I .Explore and 
Identify 
dataset 
(climate and 
yield)

2. Develop a 
prediction 
Model

3. Evaluate 
Prediction 
Model

a) Identify 
sources of data

b) Retrieve 
clean data from 
identified data 
sources

a) Develop and 
Train a Machine 
learning model

b) Validate the 
Model

Model inference
& Measure 
Performance

Mcthod/Approach/Tecli 
nique

Random forest and loss 
function minimization

Mean absolute error 
(MAE). Root mean square 
error (RMSE) and 
Relative Mean Square 
Error were used to 
compare Random Forest 
with other models (Linear 
Regression, adaboost, 
kneighbor and Gradient 
Boosting)

Data Source & 
Tools

Google scholar 
&web science

Inputs from 2.
Jupyter Notebook 
and SK Learn

List of 
Databases

Copernicus 
ERA5 -land, 
National Oceanic 
and Atmospheric 
Administration 
(NOAA). 
Ministry of 
Agriculture

• ERA5
• Land (climate 

data)
• Normalized 

Difference 
Vegetation 
Index (NDVI)

• Yield

Jupyter Notebook Validated 
determination and Pearson Inputs from 1 and Prediction 
correlation coefficient 2b Model
score



CHAPTER FOUR

RESULTS AND DISCUSSION

4.1 Assessment of the Machine Learning Models

ii.
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I his chapter presents the results obtained from training, validation and testing 
(evaluation) of the models (Linear Regression, Adaboost, Gradient boosting, K- 
ncighbor, Random Forest and Stacking Random Forest). Each model was separately 
trained and tested on the same data to find direct performance comparisons. Results 
arc discussed in different graphs in this chapter to show how models were learning, 
scaling and inferring in given dataset during training and testing. The chapter 
concludes by using stacking algorithm with random forest as the final estimator to 
boost the performance of the model to an acceptable rate. But also, yield prediction 
can be well predicted using adaboost, gradient boosting and K-neighbour as the weak 
estimators to improve the performance of the random forest estimator.

Prediction for the year 2016 maize yield which involves data from 2005 to

2015 fortraining (Testset I),
Prediction for the year 2017 maize yield which involves data from 2005 to
2016 for training (Testset 2), and

Five performance evaluation parameters were used to assess the machine learning 
models in predicting the maize yield. These parameters were Root Mean Squared 
Error (RMSE), Mean Squared Error (MSE), Mean Absolute Error (MAE), 
coefficient of determination (or accuracy) and Pearson's correlation. They were 
calculated from two datasets; yield data from 2006 to 2018 and climate data from 
2005 to 2018. The results of regression machine learning prediction models of this 
study were presented by plotting actual and predicted values of maize yield of both 
training and testing datasets. The model was formatted to predict yield for each 
district in Tanzania. To determine the model performance, three datasets were 

arranged;



iii.

4.2 Results from Training and Testing of the Machine Learning Models.

42

Figure 5 shows the performance of the model's Linear regression, adaboost 
regression, K-ncighbor regression, gradient boosting regression and random forest 

regression for lestset I.

Prediction for the final year 2018 which involves data from 2005 to 2017 for 
training (Testset 3).

Then, for each dataset, the results from the regression machine models (linear 
regression, adaboost, gradient boosting. K-ncighbor and Random Forest) were 
compared with the final regression machine model (Stacking Random Forest 
Regressor). The inference of the models can well be benchmarked on multiple testing 
grounds which may bring confidence on the model performance.
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Figure 5: Training and Testing of the all Models for 2016 [Testset 1]

Figure 6 shows the performance of the model’s Linear regression, adaboost
regression, K-neighbor regression, gradient boosting regression and random forest
regression for testset 2.
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The Figures show how the models were trained, scaled and inferred. All the figures
show model performance by measuring how the increase on dataset in training was
affecting the scores. The first row Figures5(a), 6(a) and 7(a) show the response of the
model scores against increasing number of examples, while the second row Figures
5(b), 6(b) and 7(b) show the response of the model on scalability by measuring how
the model was generalizing on the data it was trained, while the third row Figure
5(c), 6(c) and 7(c) show the response of the model on inference of the trained model
by comparing the predicted yield data against true yield data.

The decrease in training score illustrated in Figures 5(a), 6(a) and 7(a) show the
failure of the models except K-neighbor and Random Forest regression to learning
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4.3 Comparing Results between RF against RF Stacking Regression Models.
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The stacking models minimize the weakness of the (K-neighbor, gradient boosting 
and adaboost) and get the greatness out of them and add them to the final model 
which was random forest model and finally improved the performance of the final 

model.

Figures8(a), 9(a) and 10(a) show that training of the RF and its stacking estimator 
(RF stacking) were comparable equal. The two models display the similar behaviour 
on scalability fitting too as shown in Figures8(b), 9(b) and 10(b). Fortunately, in 
Figures8(c), 9(c) and 10(c) prediction of the RF stacking was the best on removing 
the outliers and bringing together the accurate prediction since RF was improving 
from the strength of its estimators while minimizing the weakness of its estimators.

from the data. It shows that the two models were learning well from the data as the 
score was increasing when number of examples was increased. However, Figure 
5(b), 6(b) and 7(b) shows that K-neighbor was not scaling with the increase or 
decrease of the number of examples given which means decrease or increase of the 
number of examples was not important in finding the nearest neighbors for K- 
neighbor model. Also, Figure 5(b), 6(b) and 7(b) shows K-neighbor, gradient 

boosting, and random forest have showed good scalability behaviour since they were 
increasing as the training examples were increased. Therefore, Figure 5(c), 6(c) and 
7(c) shows that adaboost, gradient boosting and random forest were able to predict 
well the yield compared to true measured yield since the dispersion of the points 
from the prediction line is quite small and distributed fairly equally compared to 
linear regression and K-neighbour. Also, Linear regression has failed to learn, scale 
and predict and it cannot be used for maize yield prediction. Therefore, to get 
advantages from the best other four models, it was good idea to stack the algorithms 
(K-neighbor, gradient boosting and adaboost) with Random Forest regression to form 

a robust stacking random forest model.



. p*alnlng(Rando.*n Forost[RF]) TValnlnglHF Stacking)099

0.10.93

010.97

0.4

(a)
0.94

0.0
0.93

0.92
20 40 M100 ■0 140 im

1.20.250

0.225 1.0

(b) 0.125
0.4

0.100

lio4*0 160 2*02*0 14040

3.5

3.0

(c)
0.5

0.0
TH»e Measured YieldTrue Measured Yield

Figure 8. Comparing RF model with Stacking model for 2016 [Testset 1]

47

ICO 120 
Training examples

Scala b 11 tty of th a modal

§0.8 

Z'
0.4

M 80 100 120 140 IM
Training eiamplcs

____ Scalability of the model

60 80 100 120
Training e«amples

Modol Predictions

a 0.94

* 0.95

£ 0.200

=,0.175

” 0.150

2 2.5 

" 2.0

CO 60 100 120 140
Training examples 

Model Predictions

u 
4,..

8
0.2



1>ainlng(Random Forc5t[RFJ) ______ TrjIningfnF Stocking)IO.----
0.98

0.8
0.97

0.6

0.4(a)
0.2

0.94
0.0

0.9J
0.2

25 i*nw 150 175 *0 40 180

1.20.250

(b) 0.225 1.0

0.125
0.4

0.100

175175 25 50 15025 50 150

Modal PredictionsModel Prodictions

(C) 4.0

0.5

0.0
True Meaiured YieldTrue Measured Yield

Figure 9: Comparing RF model with Stacking model for 2017 |Testset 2|

48

i

r
0.8

75 200 125
Training eaamples

75 100 125
Training ciamplei

Scalability of the model

75 100 125
Training eijmptti

100 120 140
Training examples 

Scalability of the model

„ 0.200
1 0.175

S 0.150

a 0.96 
8 
*0.95

I3,0
>2.5
5 2.0

b»
1.0



TYalnlngtr.andom forcat(RF]) TtalnlngjRF Stacking)0.980

0.979

0.970

(a)
0.9S0

0.945

0.940
20083 180

(b) 1.2

0.4

25 50 200175

(c)

0.5

J?53.0

Figure 10: Comparing RF model with Stacking model for 2018 [Testset 3|

The training is congruent with the inference results as presented in Table 5, the
prediction dispersion of the stacking RF is close to the regression line indicating
decreasing of the standard deviation of the prediction which in turn improved the
performance of model’s coefficient of determination, Pearson’s correlation, MAE,
MSE and RMSE in 2016 from 0.18, 0.82, 0.68, 0.78 and 0.88 to 0.55, 0.90, 0.55,
0.12 and 0.42. Unfortunately, in 2017 the perfonnance of the model’s coefficient of
determination, Pearson’s correlation, MAE, MSE and RMSE decreased from 0.62,
0.82, 0.66, 0.64 and 0.80 to 0.48, 0.71,0.68, 0.88 and 0.94 respectively. The data in
year 2017 had discrepancy because the yield data had great outliers which were not
well predicted by the estimators leading to decreased performance of the stacking RF
compared to RF. In 2018, the performance of the model’s coefficient of
determination, Pearson’s correlation, MAE, MSE and RMSE increased from 0.74,
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Tabic 5: Evaluation of the machine learning models 

Model MAE MSE RMSE

2016 1.04 1.48 1.21 -0.54

2017 1.16 1.75 1.32 -0.01 0.46

2018 0.74 0.73 0.85 0.34 0.76

2016 0.52 0.44 0.66 0.53 0.89

2017 0.62 0.82 0.9 0.52 0.78

2018 0.46 0.26 0.51 0.76 0.87

2016 0.69 0.75 0.86 0.21 0.86

2017 0.66 0.63 0.79 0.63 0.83

0.34 0.16 0.942018 0.4 0.85

0.65 0.81 0.31 0.712016 0.55

0.760.79 0.88 0.540.712017

0.760.580.46 0.682018 0.51

0.18 0.820.880.782016 0.68

0.820.620.80.640.662017

0.860.740.530.280.482018
0.90.550.650.42

 
0.552016

0.48 0.710.940.880.682017

0.940.890.340.120.272018
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AdaBoost 
Regression

Gradient
Boosting
Regression

Neighbor 
Regression

Linear
Regression

Random
Forest
Stacking 
Regression

Random
Forest 
Regression

Validation 
Year

0.86, 0.48, 0.28 and 0.53 to 0.89, 0.94, 0.27. 0.12 and 0.34 respectively as shown on 

Table5.

Pearson’s 
correlation 
coefficient 
0.76

Coefficient of 
Determination

In conclusion, the data inconsistences in manual collected information can be 

detrimental to the conclusion as the discrepancy may mislead the machine learning 

model on finding the best goal or prediction as it happened in 2017 data. Fortunately, 

the results show that machine learning models can significantly be important in 

accurate prediction of the maize yield. The stacking regression model developed can 

be used by the stakeholders to predict yield and guide stakeholders’ understanding of 

the maize yield in a particular season.



CHAPTER FIVE

SUMMARY, CONCLUSION AND FUTURE WORK

5.1 Research Summary and Conclusion

Hence, with the emergence of adverse weather conditions and climate change, it is 
paramount to keep communities and governments aware of the parameters that might 
influence the performance of rain-fed agriculture to enhance mitigation. Assessment 
of such parameters can be done using machine learning methodology, which looks at 
background climate information to predict the performance of the crop.

The chapter presents concluding remarks and future open streams. It revisits the 
context of the study, the proposed solution and existing limitations. Areas for further 
research are also highlighted in this chapter.

In this study, appropriate climate parameters and yield data from the Copernicus 
open data store was identified, and machine learning models to predict maize yield 
was developed and evaluated. The proposed model was developed to predict maize 
crop performance at district-level in Tanzania. This study shows the possibility of 
predicting yield by district-level in Tanzania with the accuracy in coefficient
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Recent advancements in satellite technology and machine learning have provided a 
profound opportunity to learn how agriculture and natural resources are performing 
by ensuring that large areas arc monitored and evaluated easily. The satellite 
technology and estimation algorithms available can be used to estimate weather and 
climate measurements through earth observation satellites and advanced simulation 
databases like the one hosted by the European Copernicus Climate Repository.

These developments have provided an alternative and cheap way to monitor and 
evaluate rain-fed agriculture in Africa, particularly Tanzania. Copernicus provides 
climate information to a resolution of 9km, which makes it possible to monitor 
district-level weather and climate conditions.



5.2 Future Research

5.2.1 On Data

5.2.2 On Analysis and model prediction
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This study was not able to cover all districts of Tanzania because the ministry of 

agriculture yield dataset had missing spots. So. only 94 districts out of 138 districts 

were analyzed. Improvement of the yield data capturing is advised to the government 

so as to improve the performance of the prediction algorithms that would help 

mitigate climate change effects on crop yield. Also, this research used reanalysis data 

from European Union’s data store which is derived using physics and simulation of 

the historical climate data obtained from weather stations. Using data that comes 

from weather station datastore is important to improve the performance of the model 

as there are very few weather stations deployed in Tanzania. Also, in future. I 

propose that satellite imagery data be incorporated on analysis to improve prediction. 

Satellite imagery may present good approach on estimation of the maize yield. 

However, such improvements may need good models to detect maize fields from the 

satellite imagery.

determination of 78.5% with Pearson correlation of 89%. The performance of the 

model may be improved by incorporating more advanced algorithms like artificial 

neural networks, convolutional neural networks and recurrent neural networks. But 

also, data cleaning showed that most of the data (out of 4849. only 318 which is 6%) 

was not clean and it was removed. So. it is advisable for Tanzania authorities to 

improve yield data collection procedures.

Furthermore, in order to improve analysis and prediction of the model, more 

advanced models such as recurrent neural networks (RNN) that provide alternative 

advanced analysis may be used for future models. The models have shown superior 

performance in some of the yield prediction models (Liakos et al., 2018). This can 

involve categorizing the data to multiple groups so as to improve prediction by
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classification instead of regression which may be accurate for the current available 

data and be useful on mitigating climate change in agriculture.
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