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ABSTRACT

Amid escalating global worries about climate change’s impact on agriculture, this study thor-

oughly explores how climate shifts might affect Tanzania’s vital bananas. The study employed

a multiple regression model to analyze the correlation between bananas and key climate vari-

ables in Tanzania, the results showed gradual decrease in bananas. Additionally, the study

utilized two powerful global sensitivity analysis methods, Sobol’ Sensitivity Indices and Re-

sponse Surface Methodology, to comprehensively explore the sensitivity of bananas to climate

variables. So, these methods showed that minimum temperature, precipitation and soil moisture

have the most impact on bananas and affect the crop’s production variability. Furthermore, un-

certainty quantification was performed using Monte Carlo simulation, estimating uncertainties

in regression model parameters to enhance the reliability of findings, this indicated substantial

variability in the predictions. Conversely, the study configured time series models such as Sea-

sonal ARIMA with Exogenous Variables (SARIMAX), State Space (SS), and Long Short-Term

Memory (LSTM) to forecast bananas in Tanzania under the effects of climate change. Hence,

the study builds predictive frameworks capturing temporal variations and offering glimpses of

future trends. Leveraging historical bananas data and relevant climate variables, an ensemble

model was formulated using a weighted average approach, revealing a future decrease in ba-

nanas. This study combines data analysis and advanced models to explore how climate change

affects bananas. Its insights reach beyond farming, impacting stakeholders, policymakers, and

farmers alike. By understanding sensitivities, vulnerabilities, and future trends, this research

informs decisions for sustainable banana production, enhances food security, and encourages

adaptable strategies amidst changing climates.
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CHAPTER ONE

INTRODUCTION

1.1 Background of the Problem

Among the biggest flowering herbaceous trees is the banana (Musa spp.) plant (Ighalo &

Adeniyi, 2019; Jayasinghe et al., 2022; Lal et al., 2017). Ripe bananas are soft fruits that

have a lifespan of 5 to 10 days and are ready for use and consumption. The unripe fruit,

leaves, inflorescence, stem, and rhizome of the banana plant are also used in numerous ways

as vegetables, food, and animal feeds (Jayasinghe et al., 2022; Lai & Dzombak, 2020). In the

world’s top ten crops in terms of productivity, planted area, and calories produced are bananas

(Varma & Bebber, 2019). The banana crop is the fourth most significant crop in the world,

behind maize, rice, and wheat, for producing food and income for more than 30% of the global

population (Lucas & Jomanga, 2021). The banana is beneficial to human health in all areas

and has many traditional and medicinal uses. While the leaf of the banana is consumed as a

vegetable in many parts of India, the fruit is a great source of nutrients (Lal et al., 2017). After

Uganda, Tanzania is the second-largest producer of bananas in East Africa (Lucas & Jomanga,

2021). Banana farming plays a crucial role in Tanzania’s agricultural sector by contributing to

economic growth and food security (Lucas & Jomanga, 2021; Varma & Bebber, 2019).

Global issues like climate change pose serious risks to agricultural systems all over the world

(Hoque & Haque, 2016). Tanzania, along with other nations that depend heavily on crop ag-

riculture for both economic stability and subsistence, is especially susceptible to the potential

impacts of changing climatic patterns (Mayaya, 2015; Shirima & Lubawa, 2017; URT, 2021).

The banana is one of the key crops for Tanzania’s agricultural industry, as it is essential to both

food security and livelihoods (Lal et al., 2017; Lucas & Jomanga, 2021; Varma & Bebber,

2019). Understanding how banana crop yield is impacted by climate change is essential for

developing effective adaptation and mitigation strategies that safeguard food production and

financial success (Varma & Bebber, 2019).

Although processing bananas has many advantages for science and technology (Jayasinghe et

al., 2022; Lal et al., 2017), it is striking to note that, in spite their vital role in subsistence

and commerce, bananas are given relatively little weight in global assessments of the potential

effects of climate change on food security and nutrition (Varma & Bebber, 2019). The impacts

of climate change on crop production are diverse, and they pose a growing threat to the sus-

tainability and productivity of banana crops (Chowhan et al., 2016). The region is confronted

with significant hazards to crop yield and overall agricultural productivity as a result of temper-

ature increases, altered rainfall patterns, and an increased incidence of extreme weather events
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(Hoque & Haque, 2016). Tanzania is among the countries globally currently coping with the

extreme consequences of climate change (Shirima & Lubawa, 2017), farmers face a variety

of challenges that impede the growth and development of the agricultural sector (Lokupitiya,

2018). Accurate and trustworthy forecasting models are crucial for ensuring that banana farm-

ing is resilient and adaptable to shifting climatic conditions (Varma & Bebber, 2019).

1.2 Statement of the Problem

In particular, when it comes to multidisciplinary studies, Tanzania has seen very little research

on the effects of climate change (Kahimba et al., 2015). As a result, it is difficult to accurately

estimate the possible effects on the region’s food security and banana crop productivity (Lucas

& Jomanga, 2021). Furthermore, Tanzania’s socioeconomic circumstances and geographic

location present particular risks and vulnerabilities for a nation so dependent on agriculture,

particularly the banana industry (Shirima & Lubawa, 2017). Tanzania is a fascinating and

relevant case study to examine the possible effects of climate change on food security and the

productivity of a major crop like bananas because of these factors. As a major export and

staple food for millions of Tanzanians, bananas directly impact the country’s economy and

rural communities’ well-being (Lucas & Jomanga, 2021).

In light of the unique difficulties brought on by climate change, this study contribute signific-

antly to the existing knowledge gap in the area of banana crop yield forecasting in Tanzania.

By pinpointing the possible effects of climate variables on banana crop productivity, we can

offer important insights into the sector’s vulnerabilities and adaptability (Wood et al., 2014).

For efficient agricultural planning, resource allocation, and policy-making, banana crop yield

forecasting is essential. This research equips farmers, policymakers, and stakeholders with

valuable insights to make informed decisions and implement appropriate strategies to mitigate

the adverse effects of climate change (Varma & Bebber, 2019).

1.3 Rationale of the study

The implications of this research are wide-ranging, as the findings from the analysis will assist

stakeholders, policymakers, and farmers in making decisions about sustainable banana pro-

duction and food security in Tanzania (Kahimba et al., 2015). Effective strategies to reduce

negative effects and increase resilience in the face of future climate uncertainty can be de-

veloped by understanding how vulnerable banana cultivation is to climate change (Wood et

al., 2014). The study’s findings add to the understanding of how climate change impacts ag-

riculture and emphasize the necessity of taking proactive, flexible measures to safeguard the

region’s agricultural livelihoods (Lucas & Jomanga, 2021).
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In light of Tanzania’s increasingly unpredictable climate, this research aims to offer useful

guidance for guaranteeing the long-term sustainability and prosperity of banana cultivation in

the country through the use of evidence-based data and thorough scientific analysis (Abdous-

salami et al., 2023; Kahimba et al., 2015). Through tackling the urgent issues posed by climate

change on banana crop productivity, we can collaborate to guarantee food security, economic

stability, and environmental resilience in Tanzania and other regions (Lokupitiya, 2018; Wood

et al., 2014).

1.4 Research objectives

1.4.1 General objective

This study’s primary goal is to utilize time series and ensemble models to forecast banana crop

yield in Tanzania, considering the effects of climate change.

1.4.2 Specific objectives

To achieve the overarching objective, the study pursued the following specific objectives:

(i) To assess the impact of climate change on banana crop yield in Tanzania.

(ii) To determine the sensitivity of banana crop yield to climate variables.

(iii) To develop time series models that can accurately forecast banana crop yield in Tanzania

under the effects of climate change.

(iv) To develop an ensemble model that can improve the accuracy of banana crop yield fore-

casting.

1.5 Research questions

The study addressed its objectives through proposed and answered research questions:

(i) How has banana crop yield changed over time in Tanzania in response to climate change?

(ii) How do changes in climate variables affect the banana crop yield?

(iii) Which model will best forecast banana crop yield under the effects of climate change?

(iv) Which ensemble method most effectively enhances banana yield forecasting accuracy?

3



1.6 Significance of the Study

This study holds significant implications for various stakeholders:

(i) The aim is to assist the Tanzanian government, agriculture, academia, research discip-

lines, non-governmental organizations, scholars, and other stakeholders by raising aware-

ness about the challenges tied to banana crop yield and climate variables. The study em-

phasizes empowering regional, district, and village agricultural entities to make informed

decisions regarding climate change impacts on banana crop yield.

(ii) Additionally, it endeavors to improve practices and strategies to ensure sustainable ba-

nana production and food security, not only in Tanzania but globally.

1.7 Delineation of the Study

This study explores the complex relationship between crop yields of bananas in Tanzania and

climate change. It seeks to comprehend how this crucial agricultural product is affected by

changing climatic patterns. The research takes a two-fold approach. First dimension is correl-

ation analysis; the study examines the relationship between banana crop yield and important

climate variables, such as precipitation, soil moisture, minimum temperature, maximum tem-

perature, and relative humidity. A strong multiple regression analysis reveals weak points and

sensitive areas in this relationship. The second dimension is forecasting models; time series

models such as SARIMAX, SS, and LSTM are used in this study to forecast future banana

yields in the context of changing climates. While an ensemble model incorporated to improve

prediction accuracy of these forecasting models.
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CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

In this chapter, the study synthesized and analyzed the scholarly contributions that have shaped

the trajectory of this research topic. By critically engaging with diverse viewpoints, the study

endeavored to refine the research framework and establish a solid foundation upon which the

study was unfold.

2.2 Review of Empirical Studies

2.2.1 Correlation Analysis

According to Lucas and Jomanga (2021), Tanzania has the highest per-person consumption rate

in the world, ranging from 280 to 500 kg. Despite the crop’s significance, in the 1960s, pro-

duction was 18 t/ha; in 2016, it was 5-7 t/ha. This research used papers review method through

online sources in order to give researchers and agriculture extension officers quick access to

resources for better banana production. Through the analysis of risks and opportunities, this

review evaluated the state of banana production in Tanzania.

Salvacion (2020) examined the impact of climate on banana yield in the Philippines. The study

utilized yield data at the provincial level and considered various climatic factors (such as yearly

rainfall, wet day frequency, precipitation seasonality, mean annual temperature, temperature

seasonality, and mean annual diurnal temperature range) extracted from the CRU dataset span-

ning 1991 to 2016. Linear trend analysis informed their approach, and they employed multiple

regression analysis to evaluate how climate variables affected banana yield at the provincial

level. Notably, temperature-related variables, particularly temperature seasonality, exerted a

stronger influence on provincial-level banana yield in the Philippines compared to rainfall.

Bhausaheb et al. (2023) conducted an investigation to quantify how climate change influenced

the yield of bananas in the Thiruvananthapuram district of Kerala, India. They employed a mul-

tiple linear regression model specific to the Thiruvananthapuram district to assess the climate

change impact on banana production. Quarterly climatic data covering temperature, rainfall,

relative humidity, and wind speed over a 31-year span from 1991 to 2021 were used as in-

dependent variables, while banana production data from Thiruvananthapuram served as the

dependent variable. Multiple regression analysis was applied to ascertain growth trends and

variations. Their findings indicated that climate change had a positive impact on banana pro-

duction in the Thiruvananthapuram district.
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Anzures et al. (2022) investigated the limitations affecting the initial cultivation of bananas in

the Davao Region, Philippines. They sourced climatic parameters (such as mean temperature,

rainfall quantity, and relative humidity), instances of Panama disease, and data on govern-

mental assistance from 1990 to 2019 through government organizations. The study employed

techniques like multiple regression analysis and various statistical examinations. The primary

aim was to provide actionable insights that could equip farmers with readiness to confront the

detrimental challenges of climate change impacting their crops.

Varma and Bebber (2019) analyzed how climate change has affected banana plantations around

the world. It was intended to statistically match recorded yearly banana production statistics to

the current mean temperature and annual total precipitation. They used a modified version of

the beta function that was also employed in earlier studies on the physiology of bananas.

Sabiiti et al. (2016) used time series moments, correlation analysis, and regression analysis

to assess the historical links between variations in rainfall and temperature over Uganda and

banana production empirically (1971-2009). The study discovered excellent comparability in

moment indices, with some noticeable differences in the values of the banana yields, rainfall,

and temperature moment indices.

Hoque and Haque (2016) examined how the climate affects crop production systems and

made recommendations for suitable coping mechanisms and adaptation methods for enhancing

coastal agriculture for enhanced agricultural output in Bangladesh’s coastal saline areas. To

accomplish the goals, data were gathered utilizing a pre-tested interview schedule and a thor-

ough survey of 240 randomly chosen sampled respondents. Long-term statistics and research

on climate change revealed a tendency of rising temperatures and irregular precipitation.

2.2.2 Forecasting Models

Jayasinghe et al. (2022) conducted a comprehensive analysis involving 75 full-text articles pub-

lished from 1985 to 2021, focusing on mathematical models associated with banana forecast-

ing. The study highlighted the indispensability of mathematical models for strategic planning

and predictive purposes. However, it pointed out the relative scarcity of models specifically

related to banana crops and the lack of extensive reviews of prior modeling endeavors, under-

scoring the demand for evidence-driven investigations in this domain. Notably, the ‘SIMBA’

banana process-based simulation model and ANN emerged as dependable tools for predicting

banana plant growth. The review revealed a dearth of comprehensive data concerning math-

ematical models for banana fiber yield. Furthermore, it was noted that researchers commonly

leaned on multiple linear regression models for estimating banana plant growth and fruit yield,

which hampers the potential for meaningful comparisons and optimal model selection.
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Lai and Dzombak (2020) used the ARIMA methodology (Auto Regressive Integrated Moving

Average). On the other hand, this work used local historical measurements to develop a stat-

istical time series forecasting technique for estimating regional temperature and precipitation

over the short term (20 years). Forecasts of annual precipitation and temperature were quantit-

atively compared and derived from a linear trend approach and the ARIMA model. They came

to the conclusion that even though it cannot outperform all other techniques for all investigated

climate variables, the ARIMA model typically provides more accurate projections, particularly

in interval forecasts, and is more trustworthy than other standard statistical techniques.

Meeradevi et al. (2022) employed advanced modern data science methods to facilitate proact-

ive prediction of future crop prices and yields. The objective was to establish a user-friendly

hybrid decision support system that anticipates both crop prices and yields. This was achieved

by combining ARIMA and LSTM forecasting techniques and leveraging historical data. The

resulting system offers farmers an enhanced understanding of a crop’s market value through

graphical representations of forecasted price and yield values.

Bhimavarapu et al. (2023) introduced an enhanced optimization function (IOF) aimed at

achieving precise predictions. They integrated this improved IOF into the long short-term

memory (LSTM) model. Historical data, manually collected from local agricultural depart-

ments spanning 1901 to 2000 for training and 2001 to 2020 from government websites of

Andhra Pradesh, India, for testing, were employed. The findings highlighted that the proposed

IOF in conjunction with LSTM presents a noteworthy advantage in accurately predicting crop

yields. The observed reduction in RMSE for the proposed model underscores its superior per-

formance compared to CNN, RNN, and LSTM in predicting crop yields.

Rathod and Mishra (2018) carried out a study to predict the mango and banana yield in

Karnataka, a variety of classes of linear and nonlinear, parametric and non-parametric statistical

models were used. The problem with linear models is that they are typically expected to have a

linear form. Since time series models usually include both linear and nonlinear elements, they

are not always completely linear or completely nonlinear. An innovative hybrid model com-

prising linear and nonlinear models was presented to solve this issue. The SVM, ARIMA, and

ANN models were combined in the hybrid model. In comparison to other models, the Vector

Regression model performed better during both model creation and model validation.

Chi and Chi (2021) furthered the study of the time series data and illustrated the role of the time

series model in the prediction process using long-term records of the monthly global price of

bananas from January, 1990 to November, 2020. They chose ANN and ARIMA models. The

results demonstrated that compared to the ARIMA model, the ANN model fared better.
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Moore and Lobell (2014) undertook research to evaluate the possible efficacy of individual

farmer adaptation within Europe. This was achieved by concurrently estimating short-term

and long-term response functions, utilizing variations in yield and profit data across different

regions and time periods. The study also incorporated 2040 projected yields and farm profits

through analysis of a diverse set of 13 climate model simulations. The findings revealed that

the pace at which farmers adjust to increasing temperatures constitutes a notable element of

uncertainty in the scenario.

Bertsimas and Boussioux (2023) introduced a novel technique to create resilient ensembles of

models for time series forecasting. Their methodology employed Adaptive Robust Optimiza-

tion (ARO) to establish a linear regression ensemble with adaptable model weights that evolve

with time. The efficacy of their approach was demonstrated through synthetic experiments and

real-world instances like air pollution control, energy consumption prediction, and tropical cyc-

lone intensity forecasting. The outcomes highlighted that their adaptive ensembles consistently

outperformed the top individual ensemble member retrospectively, showcasing a reduction in

root mean square error by 16-26% and in conditional value at risk by 14-28%, while also dis-

playing improvements compared to competitive ensemble methods.

The reviewed studies and the associated questions raised by various researchers, as discussed

in this Chapter Two, are important to this study because both concentrate on crop yields and

climate variables. However, this study conducted to go further by utilizing time series and

ensemble models to anticipate banana crop yield under climate change in Tanzania because

banana crop yield and climate variables fluctuate from time to time. Thus, this study can

contribute significantly to the existing critical knowledge gap in the area of banana crop yield

forecasting in Tanzania, taking into account the unique obstacles presented by climate change.
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CHAPTER THREE

MATERIALS AND METHODS

3.1 Introduction

In this chapter, the study outlines the techniques and steps employed to achieve the research ob-

jectives. This includes data description, methodology, correlation analysis, sensitivity analysis,

uncertainty quantification, and the models utilized in conducting the study.

3.2 Data Description

The monthly climate variables that the study gathered from multiple sources were converted

into annual data for every year during the analysis. The thorough analysis of the effects of

these variables on banana crop yield was made easier by this conversion, which let us work

with annual averages. The monthly gridded temperature, minimum temperature, and max-

imum temperature datasets for the reanalysis were provided by the University of East Anglia’s

Climatic Research Unit (CRU). These datasets were available for free download from the web-

site at (CRU, 2023). The land surface is covered by the CRU dataset version 4.05 (CRU TS

4.05) with a resolution of 0.5° × 0.5° for the years 1961 to 2020.

Several published studies have used CRU dataset to investigate East African precipitation vari-

ability by contrasting it with the World Climate Research Program’s (WCRP) monthly precip-

itation dataset from the GPCC (Ongoma et al., 2019). The results of the study consistently

showed that the CRU dataset was more dependable and efficient for analysis. Additionally,

earlier studies effectively used Tanzania’s rainfall data from the Climatic Research Unit (CRU)

dataset (Mbigi & Xiao, 2021).

The NCEP/NCAR Reanalysis dataset, which can be downloaded from the website at (NCEP/N-

CAR, 2023), provided the soil moisture and relative humidity data. The soil moisture dataset

has a resolution of 0.25° × 0.25°, while the relative humidity dataset has a precision of 2.5° ×

2.5° (Anwar et al., 2019). The average annual banana crop yield statistics used in this study

were sourced from the FAOSTAT database, which is available at (FAOSTAT, 2023). The units

of measurement for each variable used in this study are displayed in Table 1.
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Table 1: The dataset variables used in this study

S/N Variable Unit of Measurement

1. Precipitation mm
2. Minimum temperature °C
3. Maximum temperature °C
4. Relative humidity %
5. Soil moisture fraction
6. Banana crop yield (t / ha)

3.3 Methodology

The objective of this research is to investigate any potential vulnerabilities related to climate

change for Tanzania’s major crop, bananas, and to assess how the changing climate is affecting

the production of bananas. This study investigates the relationships between important climate

variables, such as soil moisture, minimum and maximum temperatures, relative humidity, and

precipitation, and banana crop yield using a robust multiple linear regression model. Using this

method, the study determines which climate factors have the greatest influence on the produc-

tion of bananas (Bhausaheb et al., 2023). This study uses two potent global sensitivity analysis

techniques, Sobol Sensitivity Indices and the Response Surface Methodology, to increase the

knowledge of how do changes in climate variables like temperature, precipitation and relative

humidity affect the banana crop yield (Iooss & Lemaı̂tre, 2015). The selection of these meth-

odologies was driven by various factors, including the characteristics of the data, the study’s

objectives, and the resources at hand (Box et al., 2015; Hyndman & Athanasopoulos, 2018).

With the aid of these techniques, the study was able to evaluate quantitatively the relative sig-

nificance of each climate variable in influencing variations in banana crop yield (Borgonovo

& Plischke, 2016; Rahn et al., 2018). Furthermore, this study uses Monte Carlo simulation to

address uncertainty in regression model parameter estimates, which improves the robustness of

the findings and offers a probabilistic representation of the possible outcomes (Antanasijević et

al., 2014; Dega et al., 2023; Li et al., 2016; Rahn et al., 2018).

Time series analysis and ensemble modeling have become increasingly effective methods for

forecasting agricultural crop yields in recent years (Kamir et al., 2020). By using historical

data to spot trends, patterns, and seasonality in crop yield, time series analysis makes it pos-

sible to create forecasting models (Box et al., 2015). On the other hand, ensemble modeling

increases accuracy and robustness by combining the advantages of different forecasting mod-

els (Bertsimas & Boussioux, 2023). With a particular focus on the effects of climate change,

the goal of this study was to forecast Tanzania’s banana crop yield using time series and en-

semble models. The study aimed to develop forecasting models that capture the dynamics
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of banana productivity under changing climate conditions by incorporating pertinent climate

variables and historical data on banana crop yield (Pham et al., 2019). Advanced analytical

techniques are necessary because conventional forecasting methods frequently fail to capture

the complex interactions between climatic variables and crop yield (Bertsimas & Boussioux,

2023; Varma & Bebber, 2019). Time series analysis and ensemble modeling combined can

improve forecast accuracy and reliability, which will help the agriculture sector make better

decisions (Kourentzes et al., 2014).

Furthermore, under the influence of climate change, the combination of time series and en-

semble modeling techniques offers promising opportunities for reliable and accurate forecast-

ing of banana crop yields (Bertsimas & Boussioux, 2023). So, three forecasting models, in-

cluding SARIMAX, LSTM, and State Space, were utilized to forecast banana yields in the face

of climate change. The results of the data exploration and regression analysis guided the selec-

tion of these methods (Box et al., 2015; Hyndman & Athanasopoulos, 2018; Jayasinghe et al.,

2022). The study then used a weighted average technique to formulate the ensemble model.

More specifically, because it is simple to apply in practical settings, the use of weighted linear

combinations of different ensemble members has grown in popularity (Bertsimas & Boussioux,

2023). The overall workflow is depicted in Fig. 1’s schematic diagram:

SARIMAX

State Space

LSTM

Ensemble Model

Banana Forecasting

Predictions

Con
fig

ur
ati

on
s

Data

Models

Final Prediction

Figure 1: The schematic diagram, a representation of methodology
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3.4 Correlation Analysis

3.4.1 Multiple Regression Model

In this work, a regression model to investigate the relationship between the five explanatory

variables like precipitation (X1), soil moisture (X2), minimum temperature (X3), maximum

temperature (X4), and relative humidity (X5) and the yield of banana crops, denoted by the

response variable Y was developed. The actual relationship between the response variable and

the explanatory variables is shown by the population regression equation (Ngo & La Puente,

2012). But in order to estimate the population regression equation, which is unknown, we must

use sampled data (Hanson, 2010; Sagamiko et al., 2020).

Let us consider a dataset of size n observations, where the response variable Y and the p

explanatory variables Xi have values in each observation. Let’s write Yi, Xi1, Xi2, . . . , Xip to

represent the values for the ith observation (Sagamiko et al., 2020). The multiple regression

equation for these values in this context can be shown as follows:

Yi = Ψ0 + Ψ1Xi1 + Ψ2Xi2 + ... + ΨpXip + εi, here, (Xi1, Xi2, . . . , Xip) represent the values

of the explanatory variables for the ith observation, and Yi represents the value of the response

variable for the ith observation. The regression model’s coefficients are represented by the

symbols Ψ0,Ψ1,Ψ2, . . . ,Ψp, and the error term for the ith observation is εi (Sagamiko et al.,

2020).

For variable Xj , we can represent the ith observation as Xij , where j = 1, 2, . . . , p, and

i = 1, 2, . . . , n. This is helpful in situations where there are more data points (n) than explan-

atory variables (p), which results in an overdetermined system with equations that are linearly

dependent. The following set of equations can be used to represent the population model in this

case for all sample observations (Hanson, 2010; Sagamiko et al., 2020):

Y1 = Ψ0 +Ψ1X11 +Ψ2X12 + · · ·+ΨpX1p + ε1

Y2 = Ψ0 +Ψ1X21 +Ψ2X22 + · · ·+ΨpX2p + ε2
...

Yn = Ψ0 +Ψ1Xn1 +Ψ2Xn2 + · · ·+ΨpXnp + εn

(3.1)

The system of equations (Eq. 3.1) can be expressed more succinctly in matrix form, as demon-

strated by (Hanson, 2010; Sagamiko et al., 2020):
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
Y1

Y2

...

Yn

 =


1 X11 X12 . . . X1p

1 X21 X22 . . . X2p

...
...

... . . . ...

1 Xn1 Xn2 . . . Xnp




Ψ0

Ψ1

...

Ψp

+


ε1

ε2
...

εn

 (3.2)

The primary objective of this work’s regression analysis is to identify the explanatory variables

that significantly affect the yield of banana crops (Rathod & Mishra, 2018). Assuming a linear

relationship between the response variable and the explanatory variables, we can quantitatively

express the equation as follows (Adejuwon & Agundiminegha, 2019; Sagamiko et al., 2020;

Salvacion, 2020):

Y = Ψ0 +Ψ1X1 +Ψ2X2 +Ψ3X3 +Ψ4X4 +Ψ5X5 + ε (3.3)

where each explanatory variable’s coefficients or parameters are Ψ0,Ψ1,Ψ2,Ψ3,Ψ4, and Ψ5,

and the error term or residual, ε, captures the variability in crop yield that the model is unable

to explain.

The most common approach to estimating the population regression equation is to use the

least squares method (Ngo & La Puente, 2012). Reducing the squared differences between the

response variable’s observed values and the corresponding regression model predictions is the

aim of this strategy (Hanson, 2010).

The following equation yields the population regression equation’s least squares estimator:

Ψ = (XTX)−1XTY (3.4)

The response variable’s observed values are represented by the vector Y in this equation, the

matrix of explanatory variables is denoted by X , and the estimated coefficients of the regression

equation are represented by Ψ.

We can use matrix notation to rewrite the multiple regression equation in order to illustrate

this. By employing the matrices that were previously established in equation (3.3), we derive

the subsequent expression:

Y = XΨ+ ε (3.5)

The response variable values are represented by the column vector Y, the design matrix is

denoted by X, the column vector of coefficients is denoted by Ψ, and the column vector of

error terms is denoted by ε.
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Using the least squares approach, we estimate the coefficients Ψ by utilizing the following

estimator:

Ψ̂ = (XTX)−1XTY (3.6)

Upon entering the multiple regression equation with the estimated coefficients Ψ̂, we obtain:

Ŷ = XΨ̂ (3.7)

where X is the design matrix, Ψ̂ indicates the column vector of estimated coefficients, ε is the

column vector of error terms, and Ŷ represents the vector of the response variable’s predicted

values.

With the least squares approach, the estimated population regression equation is thus Ŷ = XΨ̂.

We substitute the estimated coefficients β̂ into the equation Ψ = (XTX)−1XTY in order to

derive the equation Ψ = (XTX)−1XTY. The estimated population regression coefficients Ψ

derived from the least squares approach are given by this equation. It is important to keep in

mind that the inverse (XTX)−1 exists if the design matrix XTX is invertible.

3.5 Sensitivity Analysis

3.5.1 Sobol’ Sensitivity Indices

By evaluating individual variables and their interactions based on variance, Sobol’ Sensitivity

Indices shed light on the relative significance of each climate factor (Iooss & Lemaı̂tre, 2015).

The study may effectively present Sobol’ Sensitivity Indices to thoroughly and in-depthly ex-

amine the sensitivity of banana crop yield to climate variables by adhering to pertinent mathem-

atical representations (Raj et al., 2019). Considering a mathematical model with one output, Y ,

and a set of input parameters, X1, X2, . . . , Xk (Todorov et al., 2021). For every input parameter,

we define the minimum and maximum bounds, Xmin
i and Xmax

i , respectively (Owen, 2013).

For every input parameter Xi, we produce sets of input samples using a particular sampling

strategy, such as Monte Carlo sampling, Sobol’ sequence, or Latin Hypercube sampling (Iooss

& Lemaı̂tre, 2015). Based on all produced sets of input samples, we determine the overall

variance of the model output, Y : Total Variance (V(Y)) = Var(Y (j)) (Todorov et al., 2021).

Without accounting for other parameters, we compute the variance of the model’s output that is

attributable to each distinct input parameter Xi. The first-order sensitivity index (main effect)

for the ith input parameter is given by (Iooss & Lemaı̂tre, 2015; Raj et al., 2019):

Si =
Var(E[Y |Xi])

Var(Y )
(3.8)
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where Var(E[Y |Xi]) is the variance of the conditional expectation of Y given Xi, and Var(Y )

is the total variance.

Then, we estimate the variance of the model output due to the ith input parameter, accounting

for all of its interactions with other factors. The total effect sensitivity index for the ith input

parameter is provided by (Raj et al., 2019):

ST i = 1− Var(E[Y |X∼i])

Var(Y )
(3.9)

where Var(E[Y |X∼i]) is the variance of the conditional expectation of Y given all input para-

meters other than Xi.

If preferred, Sobol’ indices can also be calculated for higher-order interactions or interactions

between pairs of input parameters (second-order indices) (Kucherenko & Song, 2016). These

indices provide insight into the way different elements interact to influence the variance of the

model’s output (Raj et al., 2019). Sobol’s Sensitivity Indices are used to identify the most

significant input parameters and quantify their contributions to the output variance (Iooss &

Lemaı̂tre, 2015).Sobol’s Sensitivity Indices provide a global sensitivity analysis because they

account for the interactions between various factors (Raj et al., 2019). In other words, the

indices evaluate the significance of every climate variable throughout the whole input space,

taking into account how they affect the output when paired with other variables (Todorov et al.,

2021).

3.5.2 Response Surface Methodology

For the design and optimization of experiments, Response Surface Methodology (RSM) is a

popular statistical and mathematical technique (Yolmeh & Jafari, 2017). By examining the re-

lationships between numerous input variables (factors) and an output of interest, it is frequently

used to model and optimize complex systems (Jankovic et al., 2021). When there may be inter-

actions between the factors and a non-linear relationship between the factors and the response,

RSM is particularly useful (Reji & Kumar, 2022). The Design of Experiments (DOE) strategy

was expanded upon in the 1950s with the development of the Response Surface Methodology

by George E. P. Box and K. B. Wilson (Kleijnen, 2014). By maximizing or minimizing the

output, RSM aims to determine the optimal input variable settings that will yield the desired

response (Reji & Kumar, 2022).

RSM’s primary objective is to develop a mathematical model that roughly represents the sys-

tem’s response surface (Nwabueze, 2010). The response variable’s variation as a function of the

input variables is represented by the response surface (Jankovic et al., 2021). By fitting a math-
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ematical model to the experimental data, researchers can investigate the effects of individual

factors, the interactions between factors, and the optimal factor settings that yield the desired

result (Jou et al., 2014). A response surface model’s general mathematical representation can

be written like this (Kleijnen, 2014; Yolmeh & Jafari, 2017):

Y = θ0 +
∑

(θiXi) +
∑

(θijXiXj) +
∑

(θiiX
2
i ) + ε (3.10)

where Y is the response variable (output), the input variables (factors) are (Xi, and Xj), the

regression coefficients are (θ0, θi, θij, and θii), and the error term is ε. The response is influ-

enced by various variables and their interactions; the model may contain linear terms (θiXi),

interaction terms (θijXiXj), and quadratic terms (θiiX2
i ).

Using response surface methodology (RSM), researchers can determine which factors have

the greatest impact on response and determine the ideal factor combinations to achieve desired

results. It is widely used in many industries, such as engineering, chemistry, and manufacturing,

to improve product performance and streamline processes.

3.6 Uncertainty Quantification

3.6.1 Monte Carlo Simulation

Monte Carlo Simulation (MCS) is a powerful numerical technique used in engineering, finance,

physics, and computational science to quantify uncertainty (Amin et al., 2022; Tahmasebinia

et al., 2022). When analytical solutions are not practical or difficult to obtain, MCS offers

a probabilistic approach to estimate uncertainties and risks associated with complex systems

or models (Dega et al., 2023). In order to obtain a distribution of the model output, the ba-

sic idea of MCS is to propagate samples through the model while sampling from probability

distributions of uncertain input parameters (Antanasijević et al., 2014; Urquizo et al., 2017).

Assume we have a mathematical model with one output, Y , and a set of input parameters,

X1, X2, . . . , Xk. A probability distribution P (Xi) is linked to each input parameter Xi. The

model can be expressed as (Dega et al., 2023; Urquizo et al., 2017):

Y = f(X1, X2, . . . , Xk) (3.11)

The following steps are part of the general Monte Carlo simulation procedure: defining the

probability distributions for each entered parameter Xi (Dega et al., 2023). Depending on the

type of uncertainty, common probability distributions include exponential, Gaussian, uniform,

and others (Amin et al., 2022). The sets of input parameter values are obtained by randomly
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selecting samples from the given probability distributions (Dega et al., 2023). The user de-

termines the number of samples, which is indicated by N . We evaluate the model to get the

corresponding model output Y j , where j = 1, 2, . . . , N , for each set of sampled parameter val-

ues (Antanasijević et al., 2014). The mean, variance, percentiles, and other relevant statistics

are estimated by examining the obtained distribution of model outputs. This data sheds light

on the model’s output’s uncertainty and variability (Urquizo et al., 2017). Thus, one of the

most widely used methods for estimating uncertainty is Monte Carlo Simulation because of its

versatility and ability to handle complex problems. It is an essential tool for risk assessment

and decision-making in a variety of real-world scenarios (Dega et al., 2023).

3.7 Forecasting Models

3.7.1 Seasonal ARIMA (SARIMA) with External Variables, SARIMAX

Among the most widely used and successful time-series models, ARIMA is a classic (Rathod

& Mishra, 2018). Because of its linear statistical properties and the widely applied Box-Jenkins

approach to model creation, which was developed by Box and Jenkins in the 1970s, the ARIMA

model has become extremely popular (Box et al., 2015). ARIMA(p, d, q) is the standard form

of the ARIMA model, where p denotes the auto-regressive term order, d denotes the differen-

cing term order, and q denotes the moving average term order (Arunraj et al., 2016; Hyndman

& Athanasopoulos, 2018). The ARIMA(p, d, q) model can be expressed mathematically as

(Arunraj et al., 2016):

ϕp(B)(1−B)dXt = µ+ θq(B)εt (3.12)

where Xt denotes the time-series variable at time t, which is the variable being modeled or

predicted, and ϕp(B) stands for the autoregressive (AR) operator of order p. The differencing

operator is represented by the expression (1− B)d, where d denotes the order of differencing.

The equation’s constant term, µ, accounts for any deterministic offset or component in the time

series. The error term at time t, εt, indicates the random or unexplained component of the

time-series. θq(B) stands for (MA), the moving average operator of order q.

To account for seasonal variations, the ARIMA model can be extended as

SARIMA(p, d, q)(P,D,Q)s, where s is a term that takes the length of the seasonal period into

account (Meeradevi et al., 2022; Neog et al., 2022; Raj et al., 2019). It is possible to depict the

SARIMA model as (Arunraj et al., 2016):

ϕp(B)ΦP (B
S)(1−B)d(1−BS)DXt = θq(B)ΘQ(B

S)εt (3.13)

where θq(B) denotes (MA) the seasonal moving average operator of order q, ϕp(B) denotes
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(AR) the seasonal autoregressive operator of order p, (1−B)d stand for the differencing oper-

ator applied d times, (1 − BS)D indicates the seasonal differencing operator applied D times,

and S denotes the seasonal length (e.g., s = 4 in quarterly data, and s = 12 in monthly data).

Multi linear regression techniques are used to model the external variables given the

SARIMAX(p, d, q)(P,D,Q)s model, where (X) is the vector of external variables (Arunraj

et al., 2016). A multiple regression model in this study can be mathematically expressed as

follows:

Yt = Ψ0 +Ψ1X1 +Ψ2X2 +Ψ3X3 +Ψ4X4 +Ψ5X5 + αt (3.14)

where each explanatory variable’s coefficients or parameters are Ψ0,Ψ1,Ψ2,Ψ3,Ψ4, and Ψ5.

The error term, or residual, is represented by αt, and it captures the variability in crop yield

that the model is unable to explain. αt is the error term which can be expressed in the form of

SARIMA model as (Arunraj et al., 2016):

αt =
θq(B)ΘQ(B

S)

ϕp(B)ΦP (BS)(1−B)d(1−BS)D
εt (3.15)

We obtain the following equation by substituting Equation (3.15) into Equation (3.14):

Yt = Ψ0+Ψ1X1+Ψ2X2+Ψ3X3+Ψ4X4+Ψ5X5+
θq(B)ΘQ(B

S)

ϕp(B)ΦP (BS)(1−B)d(1−BS)D
εt (3.16)

3.7.2 State Space (SS) Model

A mathematical framework for representing time series data is the state space approach (Aoki,

2013). It represents the underlying process as a collection of unobserved states that change

over time in accordance with a set of stochastic equations, which produces the observable data

(Verma, 2018). Then, using a set of observation equations, the observed data is produced from

these unseen states (Suman & Verma, 2017).

State equation:

xt = Atxt−1 +Btωt (3.17)

The n × 1 vector of unobserved states at time t is denoted by xt; the n × n state transition

matrix is represented by At; the n ×m matrix of state noise is denoted by Bt; and the m × 1

vector of state noise at time t is denoted by ωt.

Observation equation:

yt = Ctxt + τ t (3.18)

where the p× 1 vector of observed data at time t is denoted by yt, the p×n observation matrix

is represented by Ct, and the p× 1 vector of observation noise at time t is denoted by τ t.
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The state space model assumes that the noise in the observations and the state are independent,

with known covariance matrices and zero mean normal distributions for each (Verma, 2018):

ωt ∼ N(0,Qt) and τ t ∼ N(0,Rt) (3.19)

where the m × m and p × p covariance matrices of the state noise and observation noise,

respectively, are denoted by the symbols Qt and Rt.

The state space technique can be used to create a wide range of time series models, such as

ARMA models, ARIMA models, and state space models with non-linear and non-Gaussian

state transitions and observation equations (Hooda et al., 2020; Hu et al., 2019; Verma, 2018).

When modeling time series data impacted by several external factors, such as climate change,

state space models can be very helpful (Cook, 1985; Marolla et al., 2021). By representing

the external factors as extra states in the model, they are able to represent the effects of several

external factors on the time series. To do this, extra equations that explain the dynamics of the

external factors are added (Marolla et al., 2021).

Usually, maximum likelihood estimation or Bayesian techniques are used to estimate the state

space model (Newman et al., 2023). Assuming a state space model with state vectors xt and

observations yt. The likelihood function can be expressed as follows:

L(Θ|y) = f(y1|Θ)f(x1|Θ)
T∏
t=2

f(yt|xt,Θ)f(xt|xt−1,Θ) (3.20)

where yt|xt,Θ) and f(xt|xt−1,Θ) are the conditional densities of the observations and state

vectors, respectively, and Θ indicates the parameters of the state space model.

The set of parameters Θ̂ that maximizes the likelihood function is found using the MLE method:

Θ̂ = argmaxΘL(Θ|y) (3.21)

Furthermore, the posterior distribution of the parameters can be expressed as follows:

p(Θ|y) ∝ L(Θ|y)p(Θ) (3.22)

where p(Θ) denotes the previous distribution of the parameters and L(Θ|y) is the likelihood

function as previously defined.

Parameter estimation is done using the recursive Bayesian estimation technique known as the

Kalman filter algorithm (de Bézenac et al., 2020). To estimate the parameters, the Kalman filter
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combines past understanding of the dynamics of the system with the observed data. When

new data becomes available, it updates the parameter estimates and optimally integrates the

available information (de Bézenac et al., 2020; Suman & Verma, 2017).

In order to obtain the predicted values, such as banana crop yield, the forecasts are created by

projecting the latent state variables into the future and using the observation equation:

ŷT + 1|T = E[yT + 1|y1:T ,Θ] = E[f(sT+1)|ŝT+1|T ,Θ] (3.23)

where f(sT+1) is the observation equation connecting the latent state variables to the observed

yield, and ŝT + 1|T is the predicted state estimate for time T + 1 given the observed data

y1 : T .

3.7.3 Long Short-Term Memory (LSTM) Model

A specific architecture designed to handle sequential data, especially time series data, is Long

Short-Term Memory (LSTM), also referred to as a kind of recurrent neural networks (RNNs)

(Meeradevi et al., 2022; Tian et al., 2021). LSTMs specifically solve the vanishing gradient

issue that traditional RNNs find difficult. Long-term dependencies in sequential data are better

described by LSTMs because they store and retrieve information efficiently over long periods

of time (Reddy et al., 2022). The LSTM model has been applied in many domains, including

climate forecasting, and essentially provides a useful technique for working with sequential

data (Bhimavarapu et al., 2023; Meeradevi et al., 2022; Tian et al., 2021).

The architecture of an LSTM consists of three gates (input, output, and forget) and a memory

cell with long-term information retention (Tian et al., 2021). The input gate regulates the

amount of new data that is added to the memory cell, the output gate regulates the amount of

data that is removed from the memory cell, and the forget gate regulates the amount of outdated

or superfluous data that is eliminated from the memory cell. These gates control data flow

into and out of the memory cell within the LSTM paradigm, facilitating effective information

retention and utilization (Bhimavarapu et al., 2023; Liu et al., 2023).

The following equations are part of the configuration of the LSTM model:

Input layer : yt = g(Wi ∗ xt + bi) (3.24)

LSTM layer : ht = LSTM(ht−1, yt−1) (3.25)

Output layer : yt+1 = g(Wo ∗ ht + bo) (3.26)
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Applying an activation function g to the dot product of the weight matrix Wi and the input

vector xt yields the output yt in the input layer. A bias term bi is then added. The output of the

input layer at time t is represented by this yt.

The previous hidden state ht−1 and the previous input yt−1 are passed to the LSTM cell to

determine the output ht of the LSTM layer at time t. Based on these inputs, the LSTM cell

generates a new hidden state ht by updating its internal state.

In the subsequent time step, the activation function g is applied to the dot product of the weight

matrix Wo and the hidden state ht to compute the predicted output yt+1. A bias term bo is then

added.

Prior to using the training data to train the model, the LSTM neuron weights are updated us-

ing the backpropagation through time (BPTT) technique. This entails applying the chain rule

to calculate the gradients of the loss function with respect to the weights (Sadowski, 2016).

By iteratively changing the weights based on the estimated gradients, the LSTM model gains

the ability to make more accurate predictions and learns to perform better on the training set

(Bhimavarapu et al., 2023).
∂L

∂W
=

∂L

∂y
· ∂y
∂h

· ∂h

∂W
(3.27)

In this equation, L, W , y, h, and t represents the loss function, weight, output, hidden state, and

the time step, respectively. In order to train the LSTM model and maximize its performance on

the training set, these variables are crucial.

Additionally, an appropriate optimization method, like Adam, is used to account for the gradi-

ent’s first and second moments. This improves the LSTM model’s training process by enabling

the algorithm to modify the learning rate independently for each weight (Bhimavarapu et al.,

2023).

mt = β1 ·mt−1 + (1− β1) ·
∂L

∂W
(3.28)

vt = β2 · vt−1 + (1− β2) ·
(

∂L

∂W

)2

(3.29)

W = W − α · mt√
vt + ϵ

(3.30)

where W is the weight being updated, α is the learning rate, β1 and β2 represent hyperpara-

meters that control the decay rates of the moment estimates, and ϵ stands for a small constant

to prevent division by zero. The first and second moment estimates of the gradient are denoted

by mt and vt, respectively.
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Finally, after LSTM model optimization, if its performance reaches the required level of accur-

acy, it is deployed for use in predictions (Bhimavarapu et al., 2023), such as predicting banana

crop yield under various climate scenarios.

3.7.4 Ensemble Modeling Approach

Ensemble modeling is a flexible approach that seeks to improve prediction accuracy and reliab-

ility by combining the output of multiple models (Bertsimas & Boussioux, 2023). While time

series data can be used with ensemble models, their primary objective is to enhance overall

model performance, not to specifically address the unique characteristics of time series data

(Hao et al., 2020).

Time series forecasts can be made more accurate by integrating ensemble modeling with time

series modeling (Bertsimas & Boussioux, 2023). An example of a common technique in en-

semble modeling is building a varied ensemble of time series models, such as neural network,

exponential smoothing, and ARIMA models. The predictions from each of these separate mod-

els are then combined using weighted averaging or other techniques (Bayati et al., 2020; Kamir

et al., 2020; Kourentzes et al., 2014).

For example, the ensemble model uses a weighted average technique to combine the predictions

of each individual model to produce a final prediction. The weighted average approach can be

represented mathematically as follows:

y = w1 × y1 + w2 × y2 + w3 × y3 + · · ·+ wn × yn (3.31)

where w1, w2, . . . , and wn are the weights assigned to the individual models based on their

performance on the training, or validation set, and y is the final predicted value. The individual

models’ predicted values are y1, y2, . . . , and yn, respectively.

Moreover, model performance on the testing set determines the weights assigned, based on the

inverse of each model’s error or loss (Van Leeuwen et al., 2023). In this study, weights were

derived from R-squared values, normalized to ensure comparability and sum to one. The final

forecast was obtained by taking a weighted average of the predictions, minimizing weaknesses

and maximizing the strengths of each model.
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CHAPTER FOUR

RESULTS AND DISCUSSION

4.1 Introduction

In this chapter, the study delve into the heart of this research, where the culmination of extensive

analysis and rigorous modeling efforts is unveiled. It consists the presentation of the empirical

outcomes derived from the intricate analysis. This study embark on an interpretive journey that

contextualizes the results within the broader landscape of the research objectives.

4.2 Data Exploration Results

Throughout the analysis, the MATLAB (R2021a) and Spyder (Python 3.9) tools were utilized

interchangeably. The yearly reanalysis datasets of relative humidity, minimum and maximum

temperatures, precipitation, and soil moisture were used in the analysis. The yield of the ba-

nana crop was modeled and predicted using the yearly reanalysis datasets of climate variables.

Every stage needed for pre-processing and filtering the data was taken into account, including

autocorrelation and detrending (non-stationarity and seasonality).

Furthermore, the study acknowledges the unavailability of alternative sources at the subnational

level for banana yield data in Tanzania. It also considered a clear distinction between weather

and climate, as explained in the subsequent sections. In particular, the average annual (climate

variables, and banana crop yield) statistics were used throughout the analysis in this study.

The methods that were chosen all used climate time-series data to forecast Tanzania’s banana

production yield for the 60 years from 1961 to 2020. The models were trained on the first 80%

of the datasets, and their effectiveness was validated on the remaining 20%. To ensure that all

variables are on the same scale, the training and validation sets were normalized as needed using

the normalize function. This normalization procedure aids in preventing possible problems

brought on by variations in the variables’ magnitudes. To make processing and handling of the

training and validation data easier for the models, they were converted into cell arrays. When

building and evaluating models, more flexible and effective data manipulation is possible when

converting the data to cell arrays.

As indicated in Table 2, a number of statistical metrics were discovered in each model, indic-

ating how well the best model fit the data was chosen. The models’ performance metrics and

evaluation outcomes are displayed in this table.
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Table 2: Statistical Evaluation Metrics

MODEL
Training Set Validation Set

MSE MAE RMSE R2 MSE MAE RMSE R2

SARIMAX 0.3828 0.3650 0.6187 0.8109 4.3797 1.4789 2.0928 0.1825
State Space 0.0105 0.0423 0.1026 0.9948 0.0885 0.2068 0.2974 0.9835
LSTM 0.6200 0.4192 0.7874 0.6991 0.5288 0.6890 0.7272 0.9013

4.3 Regression Analysis and Results

The assumption that the response and the explanatory variables have a linear relationship is

supported by this research. Table 3 displays the coefficients from the regression analysis. These

coefficients illustrate how, when each explanatory variable is changed by one unit while keeping

all other variables constant, the rate of change in banana crop yield is affected by key climate

variables. By inputting the values of these regression coefficients into the regression (Eq. 3.3),

the study derived the following expression:

Y = −22.8320 + 0.0206X1 − 0.0085X2 + 4.8328X3 − 1.6594X4 − 0.0991X5 (4.1)

With a negative sign indicating a gradual decrease in banana crop yield, the intercept (-

22.8320), a constant term, represents the predicted value of Y . This value indicates the baseline

or initial level of banana crop yield in the absence of any influence from the explanatory vari-

ables. The coefficients (0.0206, -0.0085, 4.8328, -1.6594, -0.0991) attached to the explanatory

variables (X1, X2, X3, X4, and X5 represent precipitation, soil moisture, minimum temper-

ature, maximum temperature, and relative humidity, respectively) indicate the impact of each

variable on the banana crop yield when the other variables are held constant.

By considering statistical measures (like p-values) to determine the significance and impact of

each variable in this model while maintaining the context of the data and the specific research

question being addressed. Here, a high positive coefficient and a small negative coefficient

indicate that the independent variable contributes significantly to banana crop yield. Overall,

Table 3 shows that the chosen explanatory variables can account for about 50.2% of the variab-

ility in banana crop yield, according to the regression model’s R-squared value of 0.502. The

model as a whole is statistically significant, as evidenced by the highly significant F-statistic of

10.87 (Prob (F-statistic): 2.89e-07).
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Table 3: OLS Regression Results

Model R-squared Adj. R-squared F-statistic Prob (F-statistic)

OLS 0.502 0.455 10.87 2.89e-07

Variable Coef. Std. Err. t-stat P-value [0.025, 0.975]

Constant -22.8320 30.506 -0.748 0.457 [-83.993, 38.329]
X1 0.0206 0.043 0.478 0.634 [-0.066, 0.107]
X2 -0.0085 0.007 -1.147 0.257 [-0.023, 0.006]
X3 4.8328 1.628 2.968 0.004 [1.569, 8.097]
X4 -1.6594 1.648 -1.007 0.318 [-4.963, 1.644]
X5 -0.0991 0.069 -1.439 0.156 [-0.237, 0.039]

4.4 Results of Sobol’ Sensitivity Indices

Relative weights of each predictor variable in explaining the variation in banana yield are dis-

played in Table 4, based on the Sobol’ Sensitivity Indices from the multiple regression model

in (Eq. 3.3). These sensitivity indices quantify the individual effects of each input parameter

on the banana crop’s yield. Specifically, a value near 1 denotes a substantial impact of the para-

meter on the variability in banana yield, whereas a value near 0 indicates a negligible effect.

Certain values in the multiple regression model may seem higher than 100% because of the

interactions between the predictor variables (Raj et al., 2019).

Table 4: Sobol’ Sensitivity Indices

Parameter Sensitivity Index Ranking

const 1.0 -
Precipitation 0.979 2
Soil moisture 1.270 5
Minimum temp 0.953 1
Maximum temp 0.981 3
Relative humid 1.055 4

Table 5 presents the second-order sensitivity indices that quantify the cumulative impact of in-

put parameter pairs on banana crop yield. Whereas a lower value denotes a weaker interaction,

a higher value shows that the two parameters interact significantly and affect the output. The

derived Sobol’ Sensitivity Indices and Second-Order Sobol’ Sensitivity Indices, respectively,

show the effects of each input parameter and their interactions on the model’s output (banana

crop yield). The values shed light on how important each variable is in relation to the others

and how they interact with one another to affect yield variability.
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Table 5: Second-Order Sobol’ Sensitivity Indices

Parameter Pair SI Parameter Pair SI

(const, Precipitation) 0.995 (Precipitation, Relative humid) 0.981
(const, Soil moisture) 0.796 (Soil moisture, Minimum temp) 0.727
(const, Minimum temp) 0.571 (Soil moisture, Maximum temp) 0.783
(const, Maximum temp) 0.833 (Soil moisture, Relative humid) 0.935
(const, Relative humid) 0.938 (Minimum temp, Maximum temp) 0.601
(Precipitation, Soil moist) 0.778 (Minimum temp, Relative humid) 0.756
(Precipitation, Min temp) 0.969 (Maximum temp, Relative humid) 0.874

Moreover, bar plots can be used to visually represent Sobol’ Sensitivity Indices, as shown in

Fig. 2. These graphical representations demonstrate the relative contributions of each climate

variable to the variation in banana crop yield. However, interaction plots (Fig. 2) can also be

used to illustrate how variable interactions affect the result. The values of Sobol’s Sensitivity

Indices for each climate variable are shown in a bar plot, with higher values indicating greater

influence on the output variance. The results demonstrate how the relative importance of each

input parameter and how their pairwise interactions impact crop yield of bananas.

Figure 2: The plot of Sobol’ Sensitivity Indices for Banana Crop Yield

Overall, the Sobol’ Sensitivity Indices help us identify the climate variables that most influence

banana yield and how their effects relate to the crop’s variability in production. In order to use

the model as a decision-making tool for agricultural practices and climate change adaptation

plans, it is imperative to understand its sensitivity to different input elements. By knowing these
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sensitivity indices, stakeholders, legislators, and farmers can make well-informed decisions to

mitigate and adapt to potential effects of climate change on Tanzania’s banana output. The

conclusions from this analysis highlight the need of proactive and flexible actions in the face

of a climatically uncertain future and contribute to the understanding of how agriculture is

impacted by climate change.

4.5 Results of Response Surface Methodology

The study anticipated that the datasets used in this work would have complex relationships that

would not be adequately captured by only linear, non-linear, and non-monotonic models, so

the study considered the Response Surface Methodology. It should be noted that the Response

Surface Methodology is an approximation technique that assumes linear, interaction, and quad-

ratic relationships between the explanatory and response variables. Precipitation, soil moisture

content, and minimum temperature are the three most crucial input parameters for banana yield,

according to Table 6 results. Significant individual interaction effects are also seen for relative

humidity, soil moisture, and precipitation.

Table 6: Sensitivity Indices based on Response Surface Methodology

Parameter Sensitivity Index

Precipitation 1.0525
Interaction Effect for Precipitation 1.1101
Soil moisture 1.2880
Interaction Effect for Soil moisture 1.2223
Minimum temp 0.4189
Interaction Effect for Minimum temp 0.2029
Maximum temp 0.6257
Interaction Effect for Maximum temp 0.4436
Relative humid 0.7657
Interaction Effect for Relative humid 1.2646

The interaction effect between soil moisture and precipitation, on the other hand, is the

strongest, as Table 7 demonstrates. This indicates that when soil moisture is high, the im-

pact of precipitation on banana yield is increased. Although it is not as strong as the interaction

between precipitation and soil moisture, the relationship between precipitation and minimum

temperature is still significant. This indicates that when the minimum temperature is low, the

impact of precipitation on banana yield is increased. Of the three interaction effects, the rela-

tionship between relative humidity and precipitation is the weakest, despite still being signific-

ant. This indicates that a high relative humidity does not considerably increase the impact of

precipitation on banana yield.
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Table 7: Interaction Effects based on Response Surface Methodology

Parameter Pair Interaction Effect

Precipitation:Soil moisture 1.1101
Interaction Effect for Precipitation:Soil moisture 1.4703
Precipitation:Minimum temp 1.2223
Interaction Effect for Precipitation:Minimum temp 0.0216
Precipitation:Maximum temp 0.2029
Interaction Effect for Precipitation:Maximum temp 0.7875
Precipitation:Relative humid 0.4436
Interaction Effect for Precipitation:Relative humid 0.2899
Soil moisture:Minimum temp 1.2646
Interaction Effect for Soil moisture:Minimum temp 0.1881
Soil moisture:Maximum temp 1.4703
Soil moisture:Relative humid 0.0216
Minimum temp:Maximum temp 0.7875
Minimum temp:Relative humid 0.2899
Maximum temp:Relative humid 0.1881

For a more thorough examination, the Response Surface Methodology results were visually

represented in Fig. 3. Overall, the results of the sensitivity analysis show that soil moisture,

minimum temperature, and precipitation are the three most important input variables for banana

yield. The way in which these parameters interact can also have a big effect on banana yield.

Figure 3: The plot of Sensitivity Indices based on Response Surface Methodology for Ba-
nana Crop Yield
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4.6 Results of Monte Carlo Simulation

In order to evaluate the variability and confidence in the banana yield predictions based on the

predictor variables of precipitation, soil moisture, minimum temperature, maximum temperat-

ure, and relative humidity, the study performed uncertainty quantification using Monte Carlo

simulation in this study. The datasets were fitted with a multiple regression model, and 1000

simulations were used to assess the degree of uncertainty. The study performed the Monte

Carlo convergence analysis by calculating the standard deviation of the predicted yields for a

range of iterations (from 1 to the total number of simulations).

The curve in Fig. 4 illustrates how the standard deviation changes as the number of simulations

increases. By doing so, we can verify whether the Monte Carlo simulation has reached a suffi-

cient number of iterations to produce stable and trustworthy results and check for convergence.

Here, the plot demonstrates how the standard deviation stabilizes as the number of simulations

rises, signifying the completion of convergence.

Figure 4: The plot of Monte Carlo convergence analysis

Key findings from the uncertainty quantification are presented in Table 8. These include: With

regard to precipitation, the mean predicted yield of bananas was discovered to be 5.44, exhib-

iting a standard deviation of 1.99. The 95% confidence interval encompassed a range of 1.55

to 9.14, signifying significant fluctuations in the forecasts. In terms of soil moisture, the model

predicted a mean yield of 2.51 with a standard deviation of 1.97; the 95% confidence interval

covered a range from -1.47 to 6.40, indicating a significant degree of uncertainty in the results.
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Minimum Temperature: The 95% confidence interval covered a significant range, from -1.23

to 6.38, and the predicted mean yield was 2.69 with a standard deviation of 1.95. Maximum

Temperature: The model indicated a mean yield of 0.82 with a standard deviation of 1.97.

The 95% confidence interval covered a wide range of values, from -3.11 to 4.78, suggesting

a significant degree of uncertainty. In terms of relative humidity, the 95% confidence interval

encompassed a range from -1.42 to 6.07, indicating significant variability in the predictions.

The mean predicted yield was 2.25, with a standard deviation of 1.93.

Table 8: Summary of Uncertainty Quantification Results

Predictor Variable Mean Prediction SD 95% CI (Low) 95% CI (High)

Precipitation 5.437753 1.985648 1.552227 9.143635
Soil Moisture 2.507884 1.968617 -1.471693 6.401481
Minimum Temp 2.688415 1.951703 -1.226391 6.381435
Maximum Temp 0.817874 1.968334 -3.109263 4.778339
Relative Humid 2.249391 1.925037 -1.420177 6.074196

These quantification results of uncertainty offer important new information about how robust

and dependable the model’s predictions are. It is clear that a large portion of the uncertainty

in the yield estimates is accounted for by the predictor variables, particularly minimum tem-

perature, soil moisture and precipitation. These discoveries should be taken into account by

scholars and decision-makers as they analyze the data and draw conclusions from the model’s

predictions. In order to lower uncertainty and improve prediction accuracy, more research and

data collection may be required.

A comprehensive residual analysis was then carried out to assess the validity of the model.

Plots were used to analyze residuals, or the differences between actual and predicted values, as

shown in Fig. 5. The distribution of residuals in respect to the predicted values is displayed

in the residual plot. In order to identify differences between the actual and predicted values, a

horizontal dashed line was placed at zero. The residual distribution is revealed by the histogram.

A density histogram shows the residuals’ concentration in the vicinity of zero. To determine

whether the residuals had a normal distribution, the Q-Q plot was employed. Deviations from

normalcy were found by comparing sample quantiles with theoretical quantiles.
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Figure 5: The residuals were analyzed using these plots to check for normality and pat-
terns

Furthermore, the normality assumption of the residuals was formally tested using the Shapiro-

Wilk test. The degree to which the residuals’ distribution resembles a normal distribution is

indicated by the test statistic (0.9446). A better fit to normalcy is indicated by a value that is

closer to 1. The p-value (0.0088) represents the probability of observing the test statistic assum-

ing that the residuals are normally distributed. A smaller p-value indicates that the residuals

significantly deviate from a normal distribution.

The results indicate that although the multiple linear regression model predicts banana yield

reasonably well, there are signs of non-normality in the residuals according to the Shapiro-Wilk

test and graphical analysis. This suggests that there may be unrecognized sources of variability

or possible limitations in the model. These results highlight how important it is to evaluate

and apply the regression model’s predictions while carefully examining model assumptions

and accounting for uncertainty. To improve the accuracy and robustness of the model, more

research and development may be required.

In addition, the yield of banana crops and the historical temporal trends of the climate vari-

ables piqued the study’s interest. The findings presented in Fig. 6 demonstrate that, over the

course of the study, precipitation, soil moisture, and relative humidity all tended to decrease

while maximum and minimum temperatures showed increasing trends. The current state of the

climate is supported by this analysis (Field & Barros, 2014). The climate variables gathered

for this study were thought to have an effect on the yield of banana crops.

The time series plot of banana crop yield (Fig. 6), viewed from a different angle, shows some

intriguing trends. Seasonality is evident in the 60-year dataset (1961–2020), with consistent

upward and downward trends over time. Furthermore, there is variation in the size of these

variations. Moreover, a distinct pattern emerges from the data, suggesting a cumulative rise in

the yield of bananas.
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Figure 6: The plot illustrates historical temporal trends of climate variables and banana
yield from 1961 to 2020

As shown in Fig. 7, the study computed the correlation matrix between the input variables and

the target variable yield and then displayed the correlation matrix as a heatmap. All of the input

variables can be chosen for modeling, or the uncertainty quantification process, since they are

all correlated with yield according to the correlation matrix (Yan et al., 2013).

As was previously mentioned, further data analysis is possible by examining the plots of the

autocorrelation function (ACF) and partial autocorrelation function (PACF), as shown in Fig. 8.

It is clear from the ACF plots that there are substantial autocorrelations at various lags that fall

outside of the 95% confidence interval. This suggests a strong relationship between the climate

variables or current banana yield and their historical values at these various specific lags.

Similarly, significant partial autocorrelations that fall outside of the 95% confidence interval

are seen in the PACF plots at various lags (Fig. 8). Even after taking into consideration the

effects of other lags, this suggests a strong relationship between the current yield, or climate

variables, and their past values at these various lags. Eventually, the strategies for uncertainty

quantification and sensitivity analysis can be further informed by the insights obtained from the

ACF and PACF plots.
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Figure 7: Correlation matrix of the datasets

Figure 8: The Autocorrelation Function (ACF) and Partial Autocorrelation Function
(PACF) plots
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4.7 Results of SARIMAX model

The SARIMAX model for banana crop yield was set up. The recommended SARIMAX

models, derived from the data exploration findings, were: SARIMAX(0, 1, 1)(0, 1, 1)12,

SARIMAX(0, 1, 1)(0, 1, 0)12, SARIMAX(0, 1, 2)(0, 1, 1)12, and SARIMAX(0, 1, 2)(0, 1, 0)12.

The model met all of the requirements of the Box-Jenkins technique, including model fitting,

which included parameter estimation (estimates are shown in Table 9), model identification

(SARIMAX(0, 1, 2)(0, 1, 0)12) model was selected), and diagnostic checking.

Table 9: Estimated Parameters for SARIMAX(0, 1, 2)(0, 1, 0)12 Model

R2(Training Set) R2(Validation Set) AIC BIC

0.8109 0.1825 91.469 103.911

Variable Coef. Std. Err. t-stat P-value [0.025, 0.975]

X1 0.0166 0.032 0.510 0.610 [-0.047, 0.080]
X2 -0.0016 0.006 -0.243 0.808 [-0.014, 0.011]
X3 -0.1055 1.421 -0.074 0.941 [-2.891, 2.680]
X4 0.0635 1.253 0.051 0.960 [-2.392, 2.519]
X5 0.0110 0.068 0.162 0.872 [-0.122, 0.144]
ma.L1 -0.3858 0.177 -2.181 0.029 [-0.733, -0.039]
ma.L2 0.5397 0.184 2.939 0.003 [0.180, 0.900]
sigma2 0.4894 0.188 2.604 0.009 [0.121, 0.858]

As shown in Fig. 9(a), the predicted crop yields in the training set for the first 40 years closely

match the observed crop yields. The aforementioned observation suggests that the model is

effectively detecting the fundamental patterns present in the data. For the first four years, the

validation set’s predicted crop yields and observed crop yields closely match, demonstrating

the model’s strong performance on unobserved data. The fact that the predictions and actual

values match indicates that the model can satisfactorily generalize to new data points.

On the other hand, there is a noticeable difference between the predicted and observed crop

yields from 4 to 8 years, as shown in Fig. 9(b). However, the model performs well over a

period of 8 to 10 years, suggesting that it may be able to identify the underlying patterns in the

validation data during that time.
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(a) Training Set (b) Validation Set

Figure 9: The Observed and Predicted Banana crop yield for the SARIMAX model

Lastly, the model forecasts yields for the following ten time steps. The last values of 9.8245

and 10.5738 from the validation set were utilized as the starting points for scenarios 1 and

2, respectively. The model then predicts the subsequent value iteratively using the preceding

prediction. The following are the forecasted yields for Scenario 1:

6.3705, 5.9595, 6.6489, 5.9003, 6.2839, 9.5054, 8.8109, 11.7376, 10.3568, 10.5829. The crop

yields for Scenario 1 over a forecast horizon of ten time steps are represented by these values.

Scenario 1’s predicted yields point to a pattern of varying values. The yields begin at 6.37,

drop to 5.96, rise to 6.65, and then drop once more to 5.90. The yields that follow fluctuate

even more, peaking at 11.74 before leveling off between 10.36 and 10.58. For Scenario 2, the

forecasted yields are as follows:

10.5738, 6.3705, 6.3542, 6.519, 6.3192, 6.4653, 6.5113, 6.6108, 6.6679, 6.6528. The predicted

yields in Scenario 2 follow a different pattern. The model’s starting value was set to 10.5738,

the final observed value from the validation set. But the later forecasted yields deviate from

this starting point and progressively decline. The yields exhibit a consistent downward trend,

with a range of 6.32 to 6.67. In general, the model forecasts that crop yields in Scenario 1 and

Scenario 2 are somewhat lower. The plots in Fig. 10 below provide a thorough analysis of the

model’s performance by showing the predicted and forecasted yields visually:

35



Figure 10: The plot of banana crop yield forecasting for the SARIMAX model

4.8 Results of State Space (SS) Model

The State Space concept was used in its execution. The state vector, state transition matrix,

observation matrix, process noise covariance matrix, and measurement noise covariance matrix

of the State Space model were then defined. These components are essential for specifying the

model’s dynamics and uncertainty characteristics. The state covariance matrix was created

using the identity matrix, and arrays were initialized to store the results. Table 2 also displays

the outcomes of the parameter estimate for the state space model based on the Kalman filter

algorithm.

With low prediction errors (MSE and MAE), a small standard deviation of errors (RMSE), and

a high proportion of explained variability (R-squared), the SS model generally exhibits a strong

match to the training set of data. When the model is used on the validation set, however, its per-

formance is marginally worse, with somewhat higher prediction errors and a somewhat lower

coefficient of determination. To validate the model’s performance, the training and validation

plots in Fig. 11 compare the yields of the crops as predicted and as observed.

There are some differences between the observed and predicted yields in Fig. 11; the model

determines the trend of the observed yields. The model’s predictions are not as accurate for

the validation set as they were for the training set, as evidenced by the red dashed line, which

displays some deviations and discrepancies from the blue line. Plots show that the crop yields

are accurately predicted by the state space model, especially for the training set. The model

demonstrates a strong ability to accurately represent the observed yields’ trends and fluctu-

ations.
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(a) Training Set (b) Validation Set

Figure 11: The Observed and Predicted Banana crop yield for the SS model

Using the final states of 10.8487 and 10.5738 from the predicted yield for scenario 1 and the

true yield values for scenario 2 as the initial states, the SS model then forecasts for the following

10 time steps. The following are the forecasted yields for Scenario 1:

7.8510, -0.0261, -15.7032, -42.9991, -86.7473, -152.9127, -248.7089, -382.7142, -564.9889,

-807.1921.These forecasted yields represent the crop yields predicted for the next 10 time steps

based on the SS model and using the final predicted and actual yield as input. The forecasted

yields exhibit a declining trend, with the magnitudes growing increasingly negative over time.

The negative values point to a possible decline in crop yields over time due to unfavorable

conditions or other factors influencing crop growth. For Scenario 2, the forecasted yields are

as follows:

5.9203, 5.5512, 5.9086, 5.7096, 5.7043, 6.3168, 7.9205, 7.7233, 5.7479, 12.0627. These fore-

casted yields indicate the crop yields that are anticipated over the course of the next 10 time

steps, based on the state space model and the final true yield as input. Although there are some

fluctuations, there is no clear trend in the forecasted yields. The values show comparatively

constant or stable crop yields over time because they vary within a small range. Plots showing

the predicted and forecasted yields visually are shown below (Fig. 12), enabling a thorough

examination of the model’s performance.
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Figure 12: The plot of banana crop yield forecasting for the State Space model

4.9 Results of LSTM Model

The LSTM model was set up. After generating the sequences and labels required for the LSTM

model, the model was built and trained. Then predictions were made, and the inverse transform

was used to return the scaled predictions to their initial form. The LSTM model performs

well on the given dataset, according to the R-squared value for the training data. Note that

Table 2 displays the MSE, MAE, RMSE, and R-squared values for every model used in this

investigation. These metrics shed light on each model’s accuracy and performance. Overall, the

evaluation results show that the LSTM network used in this analysis fits the data well, as shown

by the high coefficient of determination (R-squared) and low errors (MSE, MAE, RMSE).

Crop yields for the training and validation sets were predicted by the trained LSTM network.

The model’s fit was assessed by comparing the predicted and actual yields. To assess the

model’s fit, the actual yields and predicted yields were contrasted. In order to compare the

trends and performance of the training and validation sets visually, the observed and predicted

crop yields were plotted, as Fig. 13 illustrates.

38



(a) Training Set (b) Validation Set

Figure 13: The Observed and Predicted Banana crop yield for the LSTM model

As shown in Fig. 13(a), the predicted crop yields in the training data for the first 40 years

closely match the observed crop yields. The aforementioned observation suggests that the

model is effectively detecting the fundamental patterns present in the data. Conversely, the

significant discrepancy between the predicted and observed crop yields after the 40s raises the

possibility that the model is predicting low values of yields in the training set.

On the other hand, Fig. 13(b) shows that for the first ten years, the predicted crop yields

agree quite well with the observed crop yields, suggesting that the model works well with

unknown data. This agreement between predicted and observed values shows that the model

can reasonably generalize to new data points. However, after ten years, there is a significant

difference between the predicted and actual crop yields, indicating small values of yields in the

validation set.

Lastly, the model forecasts yields for the following 10 time steps. The model iteratively predicts

the subsequent value based on the previous prediction. The last predicted and true values, which

are -0.3610 and 10.5738 from the validation set, were used as the initial inputs for scenario 1

and scenario 2, respectively. The following are the forecasted yields for Scenario 1:

-0.2636, -0.0950, -0.3842, -0.1814, -0.2485, -0.2660, -0.2304, -0.2616, -0.2469, -0.2483. The

crop yields for Scenario 1 over a forecast horizon of 10 time steps are represented by these

values. These values represent the predicted yields in relation to the range of yields seen in the

validation data since they are normalized yields. The negative values indicate that the predicted

yields are expected to be lower than the validation dataset’s average yield. For the anticipated

time steps in Scenario 1, the model forecasts comparatively low crop yields.For Scenario 2, the

forecasted yields are as follows:
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-1.2502, -0.3620, -0.4858, -0.6064, -0.5217, -0.3284, -0.2751, -0.2657, -0.2618, -0.2626. The

crop yields for Scenario 2 over a forecast horizon of 10 time steps are represented by these

values. The range of values is -0.2618 to -1.2502. These values show the predicted yields in

relation to the validation data and are normalized yields, just like in Scenario 1. In comparison

to Scenario 1, the model predicts even lower crop yields in Scenario 2. In general, the model

predicts that crop yields in Scenario 1 and Scenario 2 will be lower. The plots (Fig. 14) that

illustrate the predicted and forecasted yields are shown below:

Figure 14: The plot of banana crop yield forecasting for the LSTM model

4.10 Results of Ensemble model

As previously mentioned, after the SARIMAX, State Space, and LSTM models have been

trained and assessed on the datasets, we can move forward with figuring out the weights and

getting the final predicted values in order to create an ensemble model for predicting banana

crop yield. Based on how each model performed on the validation set, the study calculated its

weights. Taking into account each model’s degree of data fit, the study arrived at the weights.

A useful metric for assessing the overall goodness of fit and the degree to which the model

captures the variability in the data is the R-squared (Coefficient of Determination). Table 2

shows the R-squared values for the SARIMAX, State Space, and LSTM models, which are,

respectively, 0.1825, 0.9835, and 0.9013.
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When calculating the final predicted value, the ensemble model is represented as follows:

y = 0.7204× 9.8245 + 0.1337× 10.8487 + 0.1459×−0.3610 → y = 8.4754. (4.2)

The LSTM, State Space, and SARIMAX models have normalized weights of 0.1459, 0.1337,

and 0.7204, respectively. The final estimated values are -0.3610, 10.8487, and 9.8245 from

the State Space, SLTM, and SARIMAX models, respectively. The outputs from the individual

SARIMAX, State Space, and LSTM models are combined to yield the final predicted value

of 8.4754 for the ensemble model. The individual models each have different predictions,

State Space predicts the highest value of 10.8487, followed by SARIMAX with 9.8245 and

LSTM with -0.3610. To get the final predicted value, the ensemble model uses weights that are

optimized during validation to combine the predictions of these individual models. Because it

considers the advantages and disadvantages of the individual models to produce a more accurate

prediction, the ensemble model can thus be thought of as a more reliable and accurate model

(Bertsimas & Boussioux, 2023).

As shown in Table 10, the final step involved assessing the ensemble model’s performance using

pertinent metrics. This involved evaluating the efficacy of the ensemble model by contrasting its

performance with that of the individual models. Therefore, the R-squared values of SARIMAX,

State Space, LSTM, and Ensemble models are, in order, 0.1825, 0.9835, 0.9013, and 0.9999.

Here a gauge of each model’s effectiveness using the validation data is provided by these R-

squared values. A model’s ability to predict actual values is demonstrated by a higher R-squared

(coefficient of determination) value.

In this case, it appears that the ensemble model performed better on the validation data because

it had the highest R-squared value of any other model. The SARIMAX model performs the

worst out of all the models, as seen by its lowest R-squared value. R-squared values for the

LSTM and State Space models are somewhat similar, with the State Space model outperform-

ing the LSTM model.

Table 10: Evaluation Metrics for the Ensemble Model

Metric Value

Mean Squared Error (MSE) 8.35788099957876e-10
Mean Absolute Error (MAE) 2.8029999999290567e-05
Root Mean Squared Error (RMSE) 5.2945999999290567e-05
R-squared 0.9999
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CHAPTER FIVE

CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

To sum up, this dissertation offers a thorough comprehension of the complex relationship

between Tanzania’s banana crop yield and climate change. The study used a range of analytical

techniques and tools to evaluate how climate variables affected banana production, highlighting

vulnerabilities and directing adaptive measures.

Examining Tanzania’s banana crop yield’s sensitivity to climate variables was the primary goal

of the study. The study clarified the complex relationships between these variables by employ-

ing a multiple regression model and advanced global sensitivity analysis techniques, including

Sobol’ Sensitivity Indices and Response Surface Methodology. Using Monte Carlo simula-

tion to quantify uncertainty strengthened the findings’ dependability. This analysis has yielded

invaluable knowledge that will help farmers, policymakers, and stakeholders make critical de-

cisions.

However, the study adopted a different strategy, concentrating on the configuration and fore-

casting of banana crop yield while taking climate change into account. It combined powerful

statistical tools like correlation analysis, time series analysis, and ensemble modeling to accur-

ately forecast banana production in Tanzania, taking into account the influence of climate and

the complexities of bananas. The results demonstrated how crucial it is to take climate change

into account when predicting banana crop yields. Actionable policy recommendations and

strategies to safeguard and improve Tanzania’s banana production are based on these insights.

Promoting climate-resilient practices, data-driven decision-making, infrastructure investments,

policy flexibility, knowledge dissemination, and continuous research all depend on cooperation

between researchers, policymakers, and farmers.

Overall, the study emphasizes how important it is for climate factors to continue influencing

Tanzania’s banana production in the future. It highlights the necessity of taking proactive steps

to lessen the effects of climate change and advance sustainable agriculture. This dissertation

adds to the larger endeavor of guaranteeing food security and prosperity for Tanzania’s agri-

cultural communities in the face of changing climate challenges by bringing attention to these

issues and offering practical suggestions.
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5.2 Limitations

While providing insightful information about the relationship between climate and yield, the

research highlights the complexity of the issue and the need for adaptive strategies. Therefore,

challenges in this study include handling uncertainties and the dynamic nature of climate. The

research encourages informed decision-making for sustainable banana production and food se-

curity. Despite its strengths, the study acknowledges limitations in the inclusivity of climate

variables and potential weaknesses in forecasting accuracy. Though, the study does admit that

not all relevant climate variables were covered. Nonetheless, the study assert the relevance of

these crucial climate variables to this research. Unfortunately, the study relies on low-quality

and non-credible FAOSTAT data due to the unavailability of alternative sources at the subna-

tional level for banana yield data. Such data is essential for establishing accurate forecasting

models, which would enhance the analysis and findings of this study. In essence, this study con-

tributes to understanding the climate-yield nexus and emphasizes the importance of proactive

adaptation in the face of changing environments.

5.3 Recommendations

This study revealed that Tanzania’s banana crop yield has been impacted by climate change,

providing insights into potential vulnerabilities in light of these important climate variables

at hand. In Particular, “National food production is projected to decrease by 8 –13 per cent

by 2050 due to increased heat stress, drying, erosion, and flood damage, as well as post-

harvest loss”, as quoted from the “National Climate Change Response Strategy 2021-2026”

(URT, 2021). The knowledge gained from this research provides a vital basis for practical

policy suggestions and tactics to protect and improve Tanzania’s banana crop in the face of

climate change. For this research to have practical implications, ties to the community must be

established. This calls for urgent cooperation between researchers, policymakers, and farmers

in order to put the following strategies into action:

(i) Climate-Resilient Farming Practices: Encourage and facilitate the adoption of climate-

resilient farming practices among banana growers. This includes promoting drought-

resistant banana varieties, optimizing irrigation systems, and disseminating information

on weather-smart farming techniques.

(ii) Data-Driven Decision Making: Foster data-driven decision-making processes by making

the forecasting models and climate data from this study readily accessible to farmers

and local agricultural authorities. Empower them to make informed choices on planting

schedules, resource allocation, and risk mitigation. Exploring opportunities to discover
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alternative sources of subnational-level data on banana yields is crucial. This effort aims

to enhance the quality of data used in similar studies, addressing the limitations imposed

by relying on poor-quality and non-credible FAOSTAT data.

(iii) Investment in Infrastructure: Invest in critical infrastructure, such as improved water

management systems and post-harvest facilities, to minimize yield losses due to climate-

induced disruptions. Strengthening the agricultural supply chain is essential for ensuring

that bananas reach markets efficiently.

(iv) Policy Flexibility: Develop adaptive agricultural policies that can respond to evolving

climate conditions. Policymakers should be prepared to adjust policies in response to

changing climate realities and emerging challenges.

(v) Knowledge Dissemination: Conduct workshops, training programs, and outreach activit-

ies for farmers and stakeholders to raise awareness about climate change hazards and the

measures available for mitigation and adaptation. Building local knowledge and capacity

is essential for resilience.

Ultimately, Tanzania can strengthen its banana production industry against the disruptive ef-

fects of climate change by putting these recommendations into practice. By working together,

stakeholders can ensure food security and prosperity for the country’s agricultural communities

by promoting sustainable banana production.

5.4 Future Work

To encourage further research endeavors that expand upon the findings of this study. Future

research should consider additional climate variables, management factors, improving the ana-

lysis by setting up the models at the subnational level and finding an alternative source of data

on banana yields, incorporate artificial intelligence (AI) and machine learning techniques, and

assess the prospective impacts of climate change on banana crop yield using advanced impact

assessment and climate modeling approaches.
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APPENDICES

Appendix 1
Regression Analysis PYTHON Codes

import pandas as pd

import statsmodels.api as sm

from statsmodels.stats.outliers_influence import

variance_inflation_factor

# Load the dataset

data = pd.read_csv(’Banana1.csv’)

# Extract the relevant columns

df = data[[’precipitation’, ’soilmoisture’, ’minimumtemperature’, ’

maximumtemperature’, ’humidity’, ’Yield’]]

# Separate the predictor variables (X) and the response variable (Y)

X = df[[’precipitation’, ’soilmoisture’, ’minimumtemperature’, ’

maximumtemperature’, ’humidity’]]

Y = df[’Yield’]

# Add a constant column to the predictor variables (for the intercept

term)

X = sm.add_constant(X)

# Fit the multiple regression model

model = sm.OLS(Y, X).fit()

# Calculate the VIF for each predictor variable

vif = pd.DataFrame()

vif["Variable"] = X.columns

vif["VIF"] = [variance_inflation_factor(X.values, i) for i in range(X

.shape[1])]

# Print the model summary and VIF

print(model.summary())

print("\nVariance Inflation Factor (VIF):")

print(vif)
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Appendix 2
SARIMAX Model PYTHON Codes

import pandas as pd

import numpy as np

from statsmodels.tsa.statespace.sarimax import SARIMAX

# Load the Banana1 dataset

data = pd.read_csv(’Banana1.csv’)

Yield = data.iloc[:, 6].values

# Split the data into training and validation sets (80% for training)

train_ratio = 0.8

n = len(Yield)

train_samples = round(train_ratio * n)

Yield_train = Yield[:train_samples]

Yield_val = Yield[train_samples:]

# Define SARIMAX model parameters

order = (0, 1, 2) # SARIMA order (p, d, q)

seasonal_order = (0, 1, 0, 12) # Seasonal order (P, D, Q, S), S = 12,

S = 4 for monthly and quarterly time series data respectively.

exog_train = data.iloc[:train_samples, 1:6].values # Exogenous

variables for training set

exog_val = data.iloc[train_samples:, 1:6].values # Exogenous

variables for validation set

# Fit the SARIMAX model

model = SARIMAX(Yield_train, exog=exog_train, order=order,

seasonal_order=seasonal_order)

model_fit = model.fit(disp=False)

# Display the estimated parameters with summary statistics

print(’Estimated Parameters:’)

print(model_fit.summary().tables[1])

# Plot diagnostics (ACF, PACF, etc.)

model_fit.plot_diagnostics(figsize=(10, 8))

# Perform predictions

Yield_pred_train = model_fit.predict(start=0, end=train_samples-1,

exog=exog_train)
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Yield_pred_val = model_fit.predict(start=train_samples, end=n-1, exog

=exog_val)

# Compute model fit measures for training set

mse_train = np.mean((Yield_train - Yield_pred_train) ** 2) # Mean

Squared Error

mae_train = np.mean(np.abs(Yield_train - Yield_pred_train)) # Mean

Absolute Error

rmse_train = np.sqrt(mse_train) # Root Mean Squared Error

# Compute R-squared for training set

ss_total_train = np.sum((Yield_train - np.mean(Yield_train)) ** 2) #

Total sum of squares

ss_residual_train = np.sum((Yield_train - Yield_pred_train) ** 2) #

Residual sum of squares

r_squared_train = 1 - (ss_residual_train / ss_total_train) #

Coefficient of Determination

# Compute model fit measures for validation set

mse_val = np.mean((Yield_val - Yield_pred_val) ** 2) # Mean Squared

Error

mae_val = np.mean(np.abs(Yield_val - Yield_pred_val)) # Mean Absolute

Error

rmse_val = np.sqrt(mse_val) # Root Mean Squared Error

# Compute R-squared for validation set

ss_total_val = np.sum((Yield_val - np.mean(Yield_val)) ** 2) # Total

sum of squares

ss_residual_val = np.sum((Yield_val - Yield_pred_val) ** 2) #

Residual sum of squares

r_squared_val = 1 - (ss_residual_val / ss_total_val) # Coefficient of

Determination

# Display the model fit measures for training set

print(’Training Set:’)

print(’Mean Squared Error (MSE):’, mse_train)

print(’Mean Absolute Error (MAE):’, mae_train)

print(’Root Mean Squared Error (RMSE):’, rmse_train)

print(’Coefficient of Determination (R-squared):’, r_squared_train)

# Display the model fit measures for validation set

print(’Validation Set:’)

print(’Mean Squared Error (MSE):’, mse_val)
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print(’Mean Absolute Error (MAE):’, mae_val)

print(’Root Mean Squared Error (RMSE):’, rmse_val)

print(’Coefficient of Determination (R-squared):’, r_squared_val)

# Plot the observed and predicted Yield for training set

import matplotlib.pyplot as plt

# Insert a dummy point at the beginning of the data

Yield_train_dummy = np.insert(Yield_train, 0, np.nan)

Yield_pred_train_dummy = np.insert(Yield_pred_train, 0, np.nan)

plt.figure(figsize=(10, 6))

plt.plot(Yield_train_dummy, ’b-’, linewidth=2, label=’Observed’)

plt.plot(Yield_pred_train_dummy, ’r-’, linewidth=2, label=’Predicted’

)

plt.xlabel(’Time (Years)’)

plt.ylabel(’Banana Crop Yield (t/ha)’)

plt.title(’Observed and Predicted Yield (Training Set)’)

plt.legend()

plt.grid(True)

plt.xlim([0, 50])

# Set x-axis ticks starting from 0 to 50 with a step of 10

plt.xticks(np.arange(0, 51, step=10))

plt.show()

# Plot the observed and predicted Yield for validation set

import matplotlib.pyplot as plt

# Insert a dummy point at the beginning of the data

Yield_val_dummy = np.insert(Yield_val, 0, np.nan)

Yield_pred_val_dummy = np.insert(Yield_pred_val, 0, np.nan)

plt.figure(figsize=(10, 6))

plt.plot(Yield_val_dummy, ’b-’, linewidth=2, label=’Observed’)

plt.plot(Yield_pred_val_dummy, ’r-’, linewidth=2, label=’Predicted’)

plt.xlabel(’Time (Years)’)

plt.ylabel(’Banana Crop Yield (t/ha)’)

plt.title(’Observed and Predicted Yield (Validation Set)’)

plt.legend()

plt.grid(True)

plt.xlim([0, 14])
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# Set x-axis ticks starting from 0 to 14 with a step of 2

plt.xticks(np.arange(0, 15, step=2))

plt.show()

# Display the final predicted yield

final_predicted_yield = Yield_pred_val[-1]

print(’Final Predicted Yield:’, final_predicted_yield)

# Display the final true yield

final_true_yield = Yield_val[-1]

print(’Final True Yield:’, final_true_yield)

# Insert a dummy point at the beginning of the data for forecast

scenarios

Yield_val_dummy = np.insert(Yield_val, 0, np.nan)

# Perform model forecasts

n_forecast = 10

exog_forecast = data.iloc[train_samples:, 1:6].values[:n_forecast]

# Forecast using scenario 1 (using predicted Yield)

forecast_scenario1 = model_fit.get_forecast(steps=n_forecast, exog=

exog_forecast)

Yield_forecast_scenario1 = forecast_scenario1.predicted_mean

# Forecast using scenario 2 (using true Yield)

Yield_forecast_scenario2 = [Yield_val_dummy[-1]] # Initialize with

the last value from the validation set

# Generate forecasts recursively

for i in range(1, n_forecast):

exog_step = exog_forecast[i-1].reshape(1, -1) # Exogenous variables

for each forecasted time step

forecast_step = model_fit.get_forecast(steps=1, exog=exog_step)

yield_step = forecast_step.predicted_mean[0] # Forecasted yield for

the current time step

Yield_forecast_scenario2.append(yield_step)

# Print the forecasts

print(’Forecasted Yield (Scenario 1):’)

print(Yield_forecast_scenario1)

print(’Forecasted Yield (Scenario 2):’)

57



print(Yield_forecast_scenario2)

# Generate time vector for plotting

time_train = np.arange(1, train_samples + 1)

time_val = np.arange(train_samples, n + 1)

time_forecast = np.arange(n + 1, n + n_forecast + 1)

# Plot yield forecasts for Scenario 1

plt.figure(figsize=(12, 5))

plt.subplot(1, 2, 1)

plt.plot(np.concatenate([Yield_pred_val_dummy,

Yield_forecast_scenario1]), ’r’, linewidth=2)

plt.plot(np.arange(len(Yield_pred_val_dummy), len(

Yield_pred_val_dummy) + n_forecast), Yield_forecast_scenario1, ’g-

’, linewidth=2)

plt.title(’Yield Forecasts for Scenario 1’)

plt.xlabel(’Time (Years)’)

plt.ylabel(’Banana Crop Yield (t/ha)’)

plt.legend([’Predicted’, ’Forecasted’])

plt.grid(True)

plt.xlim([0, 25])

# Set x-axis ticks starting from 0 to 25 with a step of 5

plt.xticks(np.arange(0, 26, step=5))

# Plot yield forecasts for Scenario 2

plt.subplot(1, 2, 2)

plt.plot(np.concatenate([Yield_val_dummy, Yield_forecast_scenario2]),

’b’, linewidth=2)

plt.plot(np.arange(len(Yield_val_dummy), len(Yield_val_dummy) +

n_forecast), Yield_forecast_scenario2, ’m-’, linewidth=2)

plt.title(’Yield Forecasts for Scenario 2’)

plt.xlabel(’Time (Years)’)

plt.ylabel(’Banana Crop Yield (t/ha)’)

plt.legend([’Historical’, ’Forecasted’])

plt.grid(True)

plt.xlim([0, 25])

# Set x-axis ticks starting from 0 to 25 with a step of 5

plt.xticks(np.arange(0, 26, step=5))

plt.tight_layout()

plt.show()
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Appendix 3
State Space Model MATLAB Codes

clc

clear

close all

% Load the Banana1 dataset

data = readtable(’Banana1.csv’);

Yield = data{:, 7};

precipitation = data{:, 2};

soil_moisture = data{:, 3};

min_temp = data{:, 4};

max_temp = data{:, 5};

humidity = data{:, 6};

% Split the data into training and validation sets (80% for training)

train_ratio = 0.8;

n = length(Yield);

train_samples = round(train_ratio * n);

Yield_train = Yield(1:train_samples);

Yield_val = Yield(train_samples+1:end);

% Define the state vector x

x = [Yield_train(1); 0; 0; 0; 0; 0];

% Define the state transition matrix A

delta_t = 1;

A = [1, 1, 0, 0, 0, 0;

0, 1, 1, 0, 0, 0;

0, 0, 1, 1, 0, 0;

0, 0, 0, 1, 1, 0;

0, 0, 0, 0, 1, 1;

0, 0, 0, 0, 0, 1];

% Define the observation matrix C

C = [1, 0, 0, 0, 0, 0];

% Define the process noise covariance matrix Q and the measurement

noise covariance matrix R

sigma_Yield_slope = 0.1;

sigma_precipitation = 0.1;

sigma_soil_moisture = 0.1;

sigma_min_temp = 0.1;

sigma_max_temp = 0.1;

sigma_humidity = 0.1;

Q = diag([sigma_Yield_slopeˆ2, sigma_precipitationˆ2,

sigma_soil_moistureˆ2, sigma_min_tempˆ2, sigma_max_tempˆ2,
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sigma_humidityˆ2]);

sigma_Yield = 1;

R = sigma_Yieldˆ2;

% Initialize the state covariance matrix P to the identity matrix.

P = eye(6);

% Initialize arrays to store results

Yield_pred_train = zeros(train_samples, 1);

Yield_pred_val = zeros(n - train_samples, 1);

% Loop over training time steps

for t = 1:train_samples

% Prediction step

x_predict = A * x;

P_predict = A * P * A’ + Q;

% Update step

K = P_predict * C’ * inv(C * P_predict * C’ + R);

x_update = x_predict + K * (Yield_train(t) - C * x_predict);

P_update = (eye(6) - K * C) * P_predict;

% Save predicted Yield

Yield_pred_train(t) = C * x_update;

% Update state and covariance matrices

x = x_update;

P = P_update;

end

% Loop over validation time steps

for t = 1:(n - train_samples)

% Prediction step

x_predict = A * x;

P_predict = A * P * A’ + Q;

% Update step

K = P_predict * C’ * inv(C * P_predict * C’ + R);

x_update = x_predict + K * (Yield_val(t) - C * x_predict);

P_update = (eye(6) - K * C) * P_predict;

% Save predicted Yield

Yield_pred_val(t) = C * x_update;

% Save Q values for train_samples+1, train_samples+2, ..., n

if t > 1

x_diff = x_update - A * x;

Q_vals(train_samples + t - 1, :) = diag(x_diff * x_diff’);

end

% Update state and covariance matrices

x = x_update;

P = P_update;
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end

% Estimate process noise covariance matrix Q

Q_est = mean(Q_vals, 1);

% Print estimated parameters

disp([’Estimated sigma_Yield_slope: ’, num2str(sqrt(Q_est(1)))]);

disp([’Estimated sigma_precipitation: ’, num2str(sqrt(Q_est(2)))]);

disp([’Estimated sigma_soil_moisture: ’, num2str(sqrt(Q_est(3)))]);

disp([’Estimated sigma_min_temp: ’, num2str(sqrt(Q_est(4)))]);

disp([’Estimated sigma_max_temp: ’, num2str(sqrt(Q_est(5)))]);

disp([’Estimated sigma_humidity: ’, num2str(sqrt(Q_est(6)))]);

% Save estimated parameters to file

state_space_model_params = struct(’A’, A, ’C’, C, ’Q’, Q_est, ’R’, R)

;

save(’state_space_model_params.mat’, ’state_space_model_params’);

% Compute model fit measures for training set

mse_train = mean((Yield_train - Yield_pred_train).ˆ2); % Mean Squared

Error

mae_train = mean(abs(Yield_train - Yield_pred_train)); % Mean

Absolute Error

rmse_train = sqrt(mse_train); % Root Mean Squared Error

% Compute R-squared for training set

ss_total_train = sum((Yield_train - mean(Yield_train)).ˆ2); % Total

sum of squares

ss_residual_train = sum((Yield_train - Yield_pred_train).ˆ2); %

Residual sum of squares

r_squared_train = 1 - (ss_residual_train / ss_total_train); %

Coefficient of Determination

% Compute model fit measures for validation set

mse_val = mean((Yield_val - Yield_pred_val).ˆ2); % Mean Squared Error

mae_val = mean(abs(Yield_val - Yield_pred_val)); % Mean Absolute

Error

rmse_val = sqrt(mse_val); % Root Mean Squared Error

% Compute R-squared for validation set

ss_total_val = sum((Yield_val - mean(Yield_val)).ˆ2); % Total sum of

squares

ss_residual_val = sum((Yield_val - Yield_pred_val).ˆ2); % Residual

sum of squares

r_squared_val = 1 - (ss_residual_val / ss_total_val); % Coefficient
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of Determination

% Display the model fit measures for training set

disp(’Training Set:’);

disp([’Mean Squared Error (MSE): ’, num2str(mse_train)]);

disp([’Mean Absolute Error (MAE): ’, num2str(mae_train)]);

disp([’Root Mean Squared Error (RMSE): ’, num2str(rmse_train)]);

disp([’Coefficient of Determination (R-squared): ’, num2str(

r_squared_train)]);

% Display the model fit measures for validation set

disp(’Validation Set:’);

disp([’Mean Squared Error (MSE): ’, num2str(mse_val)]);

disp([’Mean Absolute Error (MAE): ’, num2str(mae_val)]);

disp([’Root Mean Squared Error (RMSE): ’, num2str(rmse_val)]);

disp([’Coefficient of Determination (R-squared): ’, num2str(

r_squared_val)]);

% Plot the observed and predicted Yield for training set

figure;

plot(Yield_train, ’b-’, ’LineWidth’, 2);

hold on;

plot(Yield_pred_train, ’r--’, ’LineWidth’, 2);

hold off;

xlabel(’Time (Years)’);

ylabel(’Banana Crop Yield (t/ha)’);

title(’Observed and Predicted Yield (Training Set)’);

legend(’Observed’, ’Predicted’);

grid on;

xlim([0,50]);

% Plot the observed and predicted Yield for validation set

figure;

plot(Yield_val, ’b-’, ’LineWidth’, 2);

hold on;

plot(Yield_pred_val, ’r--’, ’LineWidth’, 2);

hold off;

xlabel(’Time (Years)’);

ylabel(’Banana Crop Yield (t/ha)’);

title(’Observed and Predicted Yield (Validation Set)’);

legend(’Observed’, ’Predicted’);

grid on;

xlim([0,14]);

62



% Perform model forecasts

x_forecast = x; % Initial state for forecasting

% Loop over forecast time steps

for t = 1:10

% Prediction step

x_forecast = A * x_forecast;

% Save forecasted Yield for scenario 1 (using predicted Yield)

Yield_forecast_scenario1(t) = C * x_forecast;

% Save forecasted Yield for scenario 2 (using true Yield)

x_true = A * [Yield(t + train_samples); 0; 0; 0; 0; 0];

Yield_forecast_scenario2(t) = C * x_true;

end

% Display the forecasted yields for scenario 1

disp(’Forecasted Yields for Scenario 1:’);

disp(Yield_forecast_scenario1);

% Display the forecasted yields for scenario 2

disp(’Forecasted Yields for Scenario 2:’);

disp(Yield_forecast_scenario2);

% Generate time vector for plotting

time_train = 1:train_samples;

time_val = (train_samples+1):n;

% Plot yield forecasts for Scenario 1

figure;

subplot(1, 2, 1);

time_pred = 1:length(Yield_pred_val);

time_forecast1 = length(Yield_pred_val) + (1:10);

% Combine the predicted and forecasted Yield data

combined_data_scenario1 = [Yield_pred_val; Yield_forecast_scenario1

’];

combined_time_scenario1 = [time_pred, time_forecast1];

% Define colors

color_combined_scenario1 = ’r’; % Red for combined

color_forecasted = ’g’; % Green for forecasted

% Plot the combined data with red color and forecasted with green
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plot(combined_time_scenario1, combined_data_scenario1,

color_combined_scenario1, ’LineWidth’, 2);

hold on;

plot(time_forecast1, Yield_forecast_scenario1, color_forecasted, ’

LineWidth’, 2);

hold off;

title(’Yield Forecasts for Scenario 1’);

xlabel(’Time (Years)’);

ylabel(’Banana Crop Yield (t/ha)’);

legend(’Predicted’, ’Forecasted’);

grid on;

xlim([0,25]);

% Plot yield forecasts for Scenario 2

subplot(1, 2, 2);

time_val = 1:length(Yield_val);

time_forecast2 = length(Yield_val) + (1:10);

% Combine the historical and forecasted Yield data

combined_data_scenario2 = [Yield_val; Yield_forecast_scenario2’];

combined_time_scenario2 = [time_val, time_forecast2];

% Define colors

color_combined_scenario2 = ’b’; % Blue for combined

color_forecasted = ’m’; % Magenta for forecasted

% Plot the combined data with blue color and forecasted with magenta

plot(combined_time_scenario2, combined_data_scenario2,

color_combined_scenario2, ’LineWidth’, 2);

hold on;

plot(time_forecast2, Yield_forecast_scenario2, color_forecasted, ’

LineWidth’, 2);

hold off;

title(’Yield Forecasts for Scenario 2’);

xlabel(’Time (Years)’);

ylabel(’Banana Crop Yield (t/ha)’);

legend(’Historical’, ’Forecasted’);

grid on;

xlim([0,25]);
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Appendix 4
LSTM Model MATLAB Codes

clc

clear

close all

% Load the data from Banana1.csv file

data = readmatrix(’Banana1.csv’);

% Separate the data into predictor and response variables

X = data(:, 2:end-2); % predictor variables (excluding year and yield

)

X(:, 5) = data(:, end-1); % add relative humidity as the fifth column

of X

y = data(:, end); % response variable (banana crop yield)

% Split the data into training and testing sets

numObs = length(y);

numTrain = round(0.8*numObs); % 80% for training

XTrain = X(1:numTrain, :);

yTrain = y(1:numTrain);

XTest = X(numTrain+1:end, :);

yTest = y(numTrain+1:end);

% Data scaling

XTrain_scaled = normalize(XTrain);

yTrain_scaled = normalize(yTrain);

XTest_scaled = normalize(XTest);

yTest_scaled = normalize(yTest);

% Convert the training data to cell arrays

X_train_cell = num2cell(XTrain_scaled’, 1);

Y_train_cell = num2cell(yTrain_scaled’);

% Define the LSTM layers

num_hidden_units = 50;

layers = [

sequenceInputLayer(size(XTrain_scaled, 2), ’Name’, ’input’)

lstmLayer(num_hidden_units, ’Name’, ’lstm’)

fullyConnectedLayer(1, ’Name’, ’fc’)

regressionLayer(’Name’, ’output’)

];
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% Define the training options

options = trainingOptions(’adam’, ...

’MaxEpochs’, 100, ...

’MiniBatchSize’, 32, ...

’SequenceLength’, ’longest’, ...

’Shuffle’, ’never’, ...

’GradientThreshold’, 1, ...

’Verbose’, true);

% Train the LSTM network

net = trainNetwork(X_train_cell, Y_train_cell, layers, options);

% Convert the testing data to cell arrays

X_test_cell = num2cell(XTest_scaled’, 1);

Y_test_cell = num2cell(yTest_scaled’);

% Perform model fit evaluation on the training set

Yield_pred_train = predict(net, X_train_cell);

Yield_pred_train = cell2mat(Yield_pred_train’)’;

mse_train = mean((yTrain_scaled - Yield_pred_train).ˆ2, ’all’);

mae_train = mean(abs(yTrain_scaled - Yield_pred_train), ’all’);

rmse_train = sqrt(mse_train);

ss_residual_train = sum((yTrain_scaled - Yield_pred_train).ˆ2, ’all’)

;

ss_total_train = sum((yTrain_scaled - mean(yTrain_scaled)).ˆ2, ’all’)

;

r_squared_train = 1 - (ss_residual_train / ss_total_train);

% Perform model fit evaluation on the validation set

Yield_pred_val = predict(net, X_test_cell);

Yield_pred_val = cell2mat(Yield_pred_val’)’;

mse_val = mean((yTest_scaled - Yield_pred_val).ˆ2, ’all’);

mae_val = mean(abs(yTest_scaled - Yield_pred_val), ’all’);

rmse_val = sqrt(mse_val);

ss_residual_val = sum((yTest_scaled - Yield_pred_val).ˆ2, ’all’);

ss_total_val = sum((yTest_scaled - mean(yTest_scaled)).ˆ2, ’all’);

r_squared_val = 1 - (ss_residual_val / ss_total_val);

% Display the model fit measures for the training set

disp(’Training Set:’);

disp([’Mean Squared Error (MSE): ’, num2str(mse_train)]);

disp([’Mean Absolute Error (MAE): ’, num2str(mae_train)]);

disp([’Root Mean Squared Error (RMSE): ’, num2str(rmse_train)]);

disp([’Coefficient of Determination (R-squared): ’, num2str(
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r_squared_train)]);

% Display the model fit measures for the validation set

disp(’Validation Set:’);

disp([’Mean Squared Error (MSE): ’, num2str(mse_val)]);

disp([’Mean Absolute Error (MAE): ’, num2str(mae_val)]);

disp([’Root Mean Squared Error (RMSE): ’, num2str(rmse_val)]);

disp([’Coefficient of Determination (R-squared): ’, num2str(

r_squared_val)]);

% Plot observed vs predicted crop yields for the training set

figure;

plot(yTrain_scaled, ’b’, ’LineWidth’, 2);

hold on;

plot(Yield_pred_train, ’r-’, ’LineWidth’, 2);

hold off;

title(’Observed vs Predicted Crop Yields (Training Set)’);

xlabel(’Time (Years)’);

ylabel(’Normalized Banana Crop Yield (t/ha)’);

legend(’Observed’, ’Predicted’);

grid on;

xlim([0,50]);

% Plot observed vs predicted crop yields for the validation set

figure;

plot(yTest_scaled, ’b’, ’LineWidth’, 2);

hold on;

plot(Yield_pred_val, ’r-’, ’LineWidth’, 2);

hold off;

title(’Observed vs Predicted Crop Yields (Validation Set)’);

xlabel(’Time (Years)’);

ylabel(’Normalized Banana Crop Yield (t/ha)’);

legend(’Observed’, ’Predicted’);

grid on;

xlim([0,14]);

% Display the final predicted value from the validation set

disp(’Final Predicted Value from Validation Set:’);

disp(Yield_pred_val(end));

% Display the final true value from the validation set

disp(’Final True Value from Validation Set:’);

disp(yTest(end));

% Perform model forecasts

last_value_scenario1 = Yield_pred_val(end); % Final predicted value

from the validation set (Scenario 1)
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last_value_scenario2 = yTest(end); % FTV from the vs (Scenario 2)

% Prepare the input for the forecast steps

X_forecast_scenario1 = [X_test_cell{end}(2:end, :);

last_value_scenario1];

X_forecast_scenario2 = [X_test_cell{end}(2:end, :);

last_value_scenario2];

% Initialize arrays to store the forecasted yields

Yield_forecast_scenario1 = zeros(10, 1);

Yield_forecast_scenario2 = zeros(10, 1);

% Loop over forecast time steps

for t = 1:10

% Perform model forecast for scenario 1

forecasted_value_scenario1 = predict(net, X_forecast_scenario1);

Yield_forecast_scenario1(t) = forecasted_value_scenario1;

X_forecast_scenario1 = [X_forecast_scenario1(2:end, :);

forecasted_value_scenario1];

% Perform model forecast for scenario 2

forecasted_value_scenario2 = predict(net, X_forecast_scenario2);

Yield_forecast_scenario2(t) = forecasted_value_scenario2;

X_forecast_scenario2 = [X_forecast_scenario2(2:end, :);

forecasted_value_scenario2];

end

% Display the forecasted yields for scenario 1

disp(’Forecasted Yields for Scenario 1:’);

disp(Yield_forecast_scenario1);

% Display the forecasted yields for scenario 2

disp(’Forecasted Yields for Scenario 2:’);

disp(Yield_forecast_scenario2);

% Plot yield forecasts for Scenario 1

figure;

subplot(1, 2, 1);

plot([Yield_pred_val; Yield_forecast_scenario1], ’r’, ’LineWidth’, 2)

;

hold on;

plot(length(Yield_pred_val)+1:length(Yield_pred_val)+10,

Yield_forecast_scenario1, ’g-’, ’LineWidth’, 2);

hold off;

title(’Yield Forecasts for Scenario 1’);
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xlabel(’Time (Years)’);

ylabel(’Normalized Banana Crop Yield (t/ha)’);

legend(’Predicted’, ’Forecasted’);

grid on;

xlim([0,25]);

% Plot yield forecasts for Scenario 2

subplot(1, 2, 2);

plot([yTest; Yield_forecast_scenario2], ’b’, ’LineWidth’, 2);

hold on;

plot(length(yTest)+1:length(yTest)+10, Yield_forecast_scenario2, ’m-’

, ’LineWidth’, 2);

hold off;

title(’Yield Forecasts for Scenario 2’);

xlabel(’Time (Years)’);

ylabel(’Normalized Banana Crop Yield (t/ha)’);

legend(’Historical’, ’Forecasted’);

grid on;

xlim([0,25]);
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A B S T R A C T

Banana cultivation plays a pivotal role in Tanzania’s agricultural landscape and food security. Precisely fore-
casting banana crop yield is essential for resource optimization, market stability, and informed policymaking,
particularly in the face of climate change. This study employed time series and ensemble models to forecast
banana crop yield in Tanzania, offering crucial insights into future production trends. We utilized Seasonal
ARIMA with Exogenous Variables (SARIMAX), State Space (SS), and Long Short-Term Memory (LSTM) models,
chosen based on regression analysis and data exploration. Leveraging historical banana yield data (1961–
2020) and relevant climate variables, we formulated an ensemble model using a weighted average approach.
Our findings underscore the potential of time series and ensemble models for accurate banana crop yield
forecasting. Statistical evaluation metrics validate their effectiveness in capturing temporal variations and
delivering reliable predictions. This research advances agricultural forecasting by demonstrating the successful
application of these models in Tanzania. It emphasizes the importance of considering temporal dynamics and
relevant factors for precise predictions. Policymakers, farmers, and stakeholders can leverage this study’s
outcomes to make informed decisions on resource allocation, market planning, and agricultural policies.
Ultimately, our research bolsters sustainable banana production and enhances food security in Tanzania.

1. Introduction

One of the largest herbaceous flowering trees is the banana (Musa
spp.) plant (Ighalo and Adeniyi, 2019; Lal et al., 2017). Although the
unripe fruit, leaves, inflorescence, stem, and rhizome of the banana
plant are also utilized in many ways as vegetables, food, and animal
feeds, the ripe banana is a soft fruit with a lifespan of 5 to 10 days that
is suitable for use and consumption (Jayasinghe et al., 2022; Lai and
Dzombak, 2020). Bananas rank among the top 10 crops in the world
in terms of yield, area cultivated, and calories produced (Varma and
Bebber, 2019). After maize, rice, and wheat, the fourth most important
crop for providing food and money to more than 30% of the world’s
population is the banana crop (Lucas and Jomanga, 2021). Tanzania
produces the second-largest amount of bananas in East Africa, behind
Uganda (Lucas and Jomanga, 2021). Banana cultivation plays a vital
role in Tanzania’s agricultural sector, contributing significantly to both
food security and economic growth (Lucas and Jomanga, 2021; Varma
and Bebber, 2019). The banana has excellent medicinal and traditional
advantages for human health and is useful in all sections of the body.
The fruit of the banana is a great nutritional supplement, while the leaf
is eaten in different parts of India in various ways as a vegetable (Lal
et al., 2017).

∗ Corresponding author.
E-mail address: patricks@nm-aist.ac.tz (S. Patrick).

The biggest worldwide problem of the century is thought to be
climate change (Hoque and Haque, 2016). While there are numerous
benefits of banana processing for science and technology (Lal et al.,
2017). It is surprising to observe that despite their critical importance
for subsistence and trade, bananas receive insufficient consideration
in worldwide evaluations of how climate change can effect nutritional
and food security (Varma and Bebber, 2019). The climate change has a
variety of effects on crop production, the productivity and sustainability
of banana crops are increasingly challenged by the effects of climate
change (Chowhan et al., 2016). The region faces substantial risks to
crop yield and overall agricultural productivity due to the effects of
rising temperatures, changing rainfall patterns, and a higher frequency
of extreme weather events (Hoque and Haque, 2016). Tanzania is one
of the nations in the world now dealing with the severe effects of
climate change (Omambia and Gu, 2010; Shirima and Lubawa, 2017;
Mayaya, 2015). Tanzania’s farm owners face a number of difficulties
similar to other emerging nations throughout the world that hinder the
expansion and development of the agricultural industry (Lokupitiya,
2018). To ensure the resilience and adaptability of banana cultiva-
tion to changing climatic conditions, accurate and reliable forecasting
models are essential (Varma and Bebber, 2019).
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Tanzania has seen limited research on the impacts of climate
change, especially in the area of transdisciplinary studies (Kahimba
et al., 2015; Abdoussalami et al., 2023). Consequently, it is challeng-
ing to fully gauge the potential impacts on food security and the
productivity of the banana crop in the region (Lucas and Jomanga,
2021). Furthermore, Tanzania, as a country heavily reliant on agri-
culture, especially the banana sector, faces unique challenges and
vulnerabilities due to its socio-economic conditions and geographical
location (Omambia and Gu, 2010; Shirima and Lubawa, 2017; Mayaya,
2015). These factors make Tanzania an interesting and pertinent case
study to explore the potential impacts of climate change on both
food security and the productivity of a significant crop like bananas.
As a staple food for millions of Tanzanians and a significant export
commodity, the success and resilience of the banana crop directly
influence the well-being of both rural communities and the national
economy (Lucas and Jomanga, 2021). Thus, this research addresses a
critical knowledge gap in the field of banana crop yield forecasting in
Tanzania, considering the specific challenges posed by climate change.
By identifying the potential impacts of climate variables on banana
crop yield, we can provide valuable insights into the vulnerabilities
and adaptive capacities of the sector (Wood et al., 2014). Forecasting
banana crop yield is crucial for effective agricultural planning, resource
allocation, and policy-making. By providing valuable insights, this
research empowers farmers, policymakers, and stakeholders to make
informed decisions and adopt suitable strategies in order to counteract
the detrimental consequences of climate change (Varma and Bebber,
2019).

In recent years, time series analysis and ensemble modeling have
emerged as powerful tools for forecasting agricultural crop yields
(Kamir et al., 2020). Time series analysis leverages historical data
to identify patterns, trends, and seasonality in crop yield, enabling
the development of predictive models (Box et al., 2015). Contrarily,
ensemble modeling utilizes the strengths of various forecasting models
to increase accuracy and robustness (Bertsimas and Boussioux, 2023).
This study aimed to utilize time series and ensemble models to forecast
banana crop yield in Tanzania, specifically focusing on the effects of
climate change. By incorporating historical banana crop yield data and
relevant climate variables, we seek to develop forecasting models that
capture the dynamics of banana productivity under changing climatic
conditions (Pham et al., 2019). Conventional forecasting methods often
struggle to capture the intricate interactions between climatic variables
and crop yield, highlighting the need to employ sophisticated analytical
techniques (Varma and Bebber, 2019; Bertsimas and Boussioux, 2023).
By combining time series analysis and ensemble modeling, we can
increase the forecasts’ precision and dependability, resulting in better
decision-making in the agriculture industry (Kourentzes et al., 2014).
Moreover, the combination of time series and ensemble modeling tech-
niques offers promising opportunities for accurate and robust banana
crop yield forecasting under the influence of climate change (Bertsimas
and Boussioux, 2023).

2. Materials and methods

2.1. Data description

In our analysis, we transformed the monthly climate variables,
obtained from various sources, into yearly data for each year. This
conversion allowed us to work with annual averages and facilitate our
comprehensive assessment of the impact of these variables on banana
crop yield. The Climatic Research Unit (CRU) at the University of
East Anglia provided the monthly gridded data for precipitation, mini-
mum temperature, and maximum temperature for the reanalysis, these
datasets were freely downloaded from the following website: https:
//data.ceda.ac.uk/badc/cru/data/cru_ts/cru_ts_4.05. The CRU dataset
version 4.05 (CRU TS 4.05) for a period of 1961–2020, these data
cover the land surface at 0.5◦ × 0.5◦ resolution. Numerous published

Table 1
Dataset variables used in this study.

N Variable Unit of measurement

1. Precipitation mm
2. Minimum temperature ◦C
3. Maximum temperature ◦C
4. Relative humidity %
5. Soil moisture Fraction
6. Banana crop yield (t/ha)

papers have utilized this dataset to examine precipitation variability in
East Africa, comparing it with the GPCC monthly precipitation dataset
provided by the World Climate Research Program-WCRP (Ongoma
et al., 2019). The research findings consistently demonstrated that the
CRU dataset proved to be more effective and reliable in the analysis.
Furthermore, previous researchers successfully used CRU dataset rain-
fall in Tanzania (Mbigi and Xiao, 2021). The soil moisture and relative
humidity data were acquired from the NCEP/NCAR Reanalysis dataset,
which was downloaded from the following website: https://psl.noaa.
gov/data/gridded/reanalysis/. The relative humidity dataset has a pre-
cision of 2.5◦ × 2.5◦ while the soil moisture dataset has a resolution of
0.25◦ × 0.25◦ (Anwar et al., 2019). The FAOSTAT database, which can
be accessed at https://www.fao.org/faostat/en/#data/QCL, provided
the study’s average annual banana crop yield statistics (see Table 1).

2.2. Methodology

This study delves into the intricate relationship between climate
change and Tanzanian banana crop yield. It aims to understand how
shifting climate patterns impact this essential agricultural output. In
order to obtain the addressed objective of this study, the researchers
takes a two-fold approach. The first approach is Correlation Analysis;
the study investigates how key climate variables, including precipita-
tion, soil moisture, temperature extremes, and relative humidity, relate
to banana crop yield. A robust multiple regression model uncovers
valuable insights within this connection, indeed the multiple regression
model used to identify the significance of key climate variables at
hand. However, the study acknowledges that not all pertinent climate
variables were included. However, we believe that these key climate
variables are reasonable factors for this study.

The second approach is Forecasting Models; to predict future
banana yields amid changing climates, the study employs time series
models like SARIMAX, SS, and LSTM. These models capture temporal
nuances and yield trends. The choice of these approaches was based on
the regression analysis, and data exploration results (Jayasinghe et al.,
2022; Hyndman and Athanasopoulos, 2018; Box et al., 2015). There-
after, we formulated the ensemble model using a weighted average
approach. An ensemble model combines historical yield data and rele-
vant climate variables to enhance prediction accuracy. Specifically, the
use of weighted linear combinations of various ensemble members has
gained popularity because of its ease of implementation in real-world
applications (Bertsimas and Boussioux, 2023).

Generally, this paper aims to provide valuable insights into the
climate–yield interaction, considering the second dimension (i.e fore-
casting models) results and discussion. While not overlooking correla-
tion analysis approach (i.e multiple regression model). The schematic
diagram in Fig. 1 indicates the flow of the whole work:

2.2.1. Multiple regression model
In this work, the regression model shows a relationship between

the yield of the banana crop, denoted by the response variable 𝑌 ,
and five explanatory variables: precipitation (𝑋1), soil moisture (𝑋2),
minimum temperature (𝑋3), maximum temperature (𝑋4), and rela-
tive humidity (𝑋5) (Bhausaheb et al., 2023; Anzures et al., 2022).
The population regression equation, in particular, depicts the actual
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Fig. 1. The schematic diagram, a representation of methodology.

connection between the explanatory variables and the response vari-
able (Ngo and La Puente, 2012). However, as the population regression
equation remains unknown, we need to estimate it based on sampled
data (Sagamiko et al., 2020; Hanson, 2010).

Let us consider a sample of 𝑛 observations, each containing values
for both the response variable 𝑌 and 𝑝 explanatory variables 𝑋𝑖. We
can represent the values for the 𝑖th observation as 𝑌𝑖, 𝑋𝑖1, 𝑋𝑖2, . . . ,
𝑋𝑖𝑝 (Sagamiko et al., 2020). Thus, the multiple regression equation for
these values is given by: 𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖1 + 𝛽2𝑋𝑖2 +⋯+ 𝛽𝑝𝑋𝑖𝑝 + 𝜀𝑖, where
𝑌𝑖 represents the value of the response variable for the 𝑖th observation,
and (𝑋𝑖1, 𝑋𝑖2, . . . , 𝑋𝑖𝑝) represents the values of the explanatory vari-
ables for the 𝑖th observation. The coefficients of the regression model
are denoted by 𝛽0, 𝛽1, 𝛽2,… , 𝛽𝑝, and the term 𝜀𝑖 represents the error
term for the 𝑖th observation (Sagamiko et al., 2020).

If we have more data points (𝑛) than explanatory variables (𝑝),
forming an overdetermined system with linearly dependent equations,
we can represent the 𝑖th observation of variable 𝑋𝑗 as 𝑋𝑖𝑗 , where
𝑗 = 1, 2,… , 𝑝 and 𝑖 = 1, 2,… , 𝑛. In this case, the population model for
all observations of the sample can be expressed as the following system
of equations (Sagamiko et al., 2020; Hanson, 2010):

⎧⎪⎪⎨⎪⎪⎩

𝑌1 = 𝛽0 + 𝛽1𝑋11 + 𝛽2𝑋12 +⋯ + 𝛽𝑝𝑋1𝑝 + 𝜀1
𝑌2 = 𝛽0 + 𝛽1𝑋21 + 𝛽2𝑋22 +⋯ + 𝛽𝑝𝑋2𝑝 + 𝜀2
⋮

𝑌𝑛 = 𝛽0 + 𝛽1𝑋𝑛1 + 𝛽2𝑋𝑛2 +⋯ + 𝛽𝑝𝑋𝑛𝑝 + 𝜀𝑛

(1)

The system of Eqs. (1) can be represented in matrix notation as
follows (Sagamiko et al., 2020; Hanson, 2010):

⎡⎢⎢⎢⎢⎣

𝑌1
𝑌2
⋮
𝑌𝑛

⎤⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎣

1 𝑋11 𝑋12 … 𝑋1𝑝
1 𝑋21 𝑋22 … 𝑋2𝑝
⋮ ⋮ ⋮ ⋱ ⋮
1 𝑋𝑛1 𝑋𝑛2 … 𝑋𝑛𝑝

⎤⎥⎥⎥⎥⎦

⎡⎢⎢⎢⎢⎣

𝛽0
𝛽1
⋮
𝛽𝑝

⎤⎥⎥⎥⎥⎦
+

⎡⎢⎢⎢⎢⎣

𝜀1
𝜀2
⋮
𝜀𝑛

⎤⎥⎥⎥⎥⎦
(2)

The primary goal of regression analysis is to select the explana-
tory variables that have a significant impact on the yield (Rathod
and Mishra, 2018). In light of the assumption that the response and
explanatory variables have a linear connection, we can express the
equation mathematically as Sagamiko et al. (2020), Adejuwon and
Agundiminegha (2019) and Salvacion (2020):

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 + 𝛽5𝑋5 + 𝜀 (3)

where 𝛽0, 𝛽1, 𝛽2, 𝛽3, 𝛽4, and 𝛽5 are the coefficients or parameters associ-
ated with each explanatory variable, and 𝜀 represents the error term or

residual, capturing the variability in the crop yield that is not explained
by the model.

The most common way to estimate the population regression equa-
tion is to use least squares (Ngo and La Puente, 2012). A technique
called least squares seeks to reduce the squared disparities between
the response variable’s observed values and those predicted by the
regression model (Hanson, 2010).

The least squares estimator of the population regression equation is
given by the following equation:

𝛽 = (𝑋𝑇𝑋)−1𝑋𝑇 𝑌 (4)

where 𝛽 is the estimated coefficients of the regression equation, 𝑋 is the
matrix of explanatory variables, and 𝑌 represents the vector of observed
values of the response variable.

To prove, we rewrite the multiple regression equation in matrix
notation. Using the matrices defined earlier in Eq. (3), we have:

𝐘 = 𝐗𝛽 + 𝜀 (5)

where 𝐘 stand for the column vector of response variable values, 𝐗 rep-
resents the design matrix, 𝛽 denotes the column vector of coefficients,
and 𝜀 is the column vector of error terms.

To estimate the coefficients 𝛽, using the least squares method. The
estimator is given by:

𝛽 = (𝐗𝑇𝐗)−1𝐗𝑇𝐘 (6)

Substituting the estimated coefficients 𝛽 into the multiple regression
equation, we get:

𝐘̂ = 𝐗𝛽 (7)

Here, 𝐘̂ represents the predicted values of the response variable
based on the estimated coefficients. Therefore, the estimated popula-
tion regression equation using least squares is 𝐘̂ = 𝐗𝛽. To obtain the
equation 𝛽 = (𝐗𝑇𝐗)−1𝐗𝑇𝐘, we substitute the estimated coefficients 𝛽
into the equation 𝛽 = (𝐗𝑇𝐗)−1𝐗𝑇𝐘. This equation gives the estimated
population regression coefficients 𝛽 based on the least squares method.
Please note that the inverse (𝐗𝑇𝐗)−1 exists if the design matrix 𝐗𝑇𝐗 is
invertible.

2.2.2. Seasonal ARIMA (SARIMA) with exogenous variables
ARIMA, one of the most popular and effective time-series models,

is one of the classics (Rathod and Mishra, 2018). The ARIMA model
has gained considerable popularity because of its linear statistical char-
acteristics and the commonly used Box–Jenkins approach for model
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creation created by Box and Jenkins in the 1970 (Box et al., 2015). The
ARIMA model’s standard form is then written as 𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞) where
the letters 𝑝 stand for the auto-regressive term order, 𝑑 for the differ-
encing term order, and 𝑞 for the moving average term order (Arunraj
et al., 2016; Hyndman and Athanasopoulos, 2018). Mathematically, the
𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞) model can be expressed as Arunraj et al. (2016):

𝜙𝑝(𝐵)(1 − 𝐵)𝑑𝑋𝑡 = 𝜇 + 𝜃𝑞(𝐵)𝜀𝑡 (8)

where 𝜙𝑝(𝐵) stand for the autoregressive (AR) operator of order 𝑝,
(1 − 𝐵)𝑑 stand for the differencing operator, where 𝑑 represents the
order of differencing, 𝑋𝑡 stand for the time-series variable at time 𝑡,
which is the variable being modeled or predicted, 𝜇 is a constant term
in the equation, accounts for any deterministic component or offset in
the time series, 𝜃𝑞(𝐵) stand for (MA) the moving average operator of
order 𝑞, and 𝜀𝑡 is the error term at time 𝑡, which denotes the random
or unexplained component of the time-series.

The ARIMA model can be expanded as SARIMA(𝑝, 𝑑, 𝑞)(𝑃 ,𝐷,𝑄)𝑠 to
accommodate seasonal variations, where 𝑠 is a term that considers the
length of the seasonal period (Neog et al., 2022; Meeradevi et al., 2022;
Raj et al., 2019). The SARIMA model can be represented as Arunraj
et al. (2016):

𝜙𝑝(𝐵)𝛷𝑃 (𝐵𝑆 )(1 − 𝐵)𝑑 (1 − 𝐵𝑆 )𝐷𝑋𝑡 = 𝜃𝑞(𝐵)𝛩𝑄(𝐵𝑆 )𝜀𝑡 (9)

where 𝜙𝑝(𝐵) stand for (AR) the seasonal autoregressive operator of
order 𝑝, 𝜃𝑞(𝐵) stand for (MA) the seasonal moving average operator of
order 𝑞, (1 − 𝐵)𝑑 represents the differencing operator applied 𝑑 times,
(1 − 𝐵𝑆 )𝐷 denotes the seasonal differencing operator applied 𝐷 times,
and 𝑆 stand for the seasonal length (say, 𝑠 = 4 in quarterly data, and
𝑠 = 12 in monthly data).

Given the SARIMAX(𝑝, 𝑑, 𝑞)(𝑃 ,𝐷,𝑄)𝑠 model, where (𝑋) is the vector
of external variables, the multi linear regression techniques are used to
model the external variables (Arunraj et al., 2016). In this study, we
can express a multiple regression model mathematically as:

𝑌𝑡 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 + 𝛽5𝑋5 +𝑤𝑡 (10)

where 𝛽0, 𝛽1, 𝛽2, 𝛽3, 𝛽4, and 𝛽5 are the coefficients or parameters as-
sociated with each explanatory variable, and 𝑤𝑡 represents the error
term or residual, capturing the variability in the crop yield that is not
explained by the model. The error term 𝑤𝑡 can be expressed in the form
of SARIMA model as Arunraj et al. (2016):

𝑤𝑡 =
𝜃𝑞(𝐵)𝛩𝑄(𝐵𝑆 )

𝜙𝑝(𝐵)𝛷𝑃 (𝐵𝑆 )(1 − 𝐵)𝑑 (1 − 𝐵𝑆 )𝐷
𝜀𝑡 (11)

By inserting Eq. (11) into Eq. (10), we derive the subsequent equa-
tion:

𝑌𝑡 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 + 𝛽5𝑋5

+
𝜃𝑞(𝐵)𝛩𝑄(𝐵𝑆 )

𝜙𝑝(𝐵)𝛷𝑃 (𝐵𝑆 )(1 − 𝐵)𝑑 (1 − 𝐵𝑆 )𝐷
𝜀𝑡 (12)

2.2.3. State space (SS) model
The state space approach is a mathematical framework used for

modeling time series data (Aoki, 2013). It models the underlying
process that generates the observed data as a set of unobserved states
that evolve over time according to a set of stochastic equations (Verma,
2018). The observed data is then generated from these unobserved
states through a set of observation equations (Suman and Verma, 2017).

State equation:

𝒙𝑡 = 𝑭 𝑡𝒙𝑡−1 +𝑮𝑡𝒘𝑡 (13)

where 𝒙𝑡 is the 𝑛×1 vector of unobserved states at time 𝑡, 𝑭 𝑡 is the 𝑛×𝑛
state transition matrix, 𝑮𝑡 is the 𝑛 × 𝑚 matrix of state noise, and 𝒘𝑡 is
the 𝑚 × 1 vector of state noise at time 𝑡.

Observation equation:

𝒚𝑡 = 𝑯 𝑡𝒙𝑡 + 𝒗𝑡 (14)

where 𝒚𝑡 is the 𝑝 × 1 vector of observed data at time 𝑡, 𝑯 𝑡 is the 𝑝 × 𝑛
observation matrix, and 𝒗𝑡 is the 𝑝 × 1 vector of observation noise at
time 𝑡.

The state space model presupposes that the noise in the state and
the noise in the observations are independent, both of which have
known covariance matrices and a normal distribution with a mean of
zero (Verma, 2018):

𝒘𝑡 ∼ 𝑁(𝟎,𝑸𝑡) and 𝒗𝑡 ∼ 𝑁(𝟎,𝑹𝑡) (15)

where 𝑸𝑡 and 𝑹𝑡 are the 𝑚 × 𝑚 and 𝑝 × 𝑝 covariance matrices of the
state noise and observation noise, respectively.

A variety of time series models, including ARMA models, ARIMA
models, and state space models with non-linear and non-Gaussian state
transitions and observation equations, can be created using the state
space technique (Hu et al., 2019; Verma, 2018; Hooda et al., 2020).
State Space models can be very useful in modeling time series data
affected by multiple external factors such as climate change (Cook,
1985; Marolla et al., 2021). They can capture the effects of multiple
external factors on the time series by modeling the external factors as
additional states in the model. This is done by including additional
equations that describe the dynamics of the external factors (Marolla
et al., 2021).

The state space model is typically estimated using maximum like-
lihood estimation or Bayesian methods (Newman et al., 2023). Given
a state space model with observations 𝑦𝑡 and state vectors 𝑥𝑡. We can
express the likelihood function as follows:

𝐿(𝜃|𝑦) = 𝑓 (𝑦1|𝜃)𝑓 (𝑥1|𝜃)
𝑇∏
𝑡=2

𝑓 (𝑦𝑡|𝑥𝑡, 𝜃)𝑓 (𝑥𝑡|𝑥𝑡−1, 𝜃) (16)

where 𝜃 denotes the parameters of the state space model, and 𝑓 (𝑦𝑡|𝑥𝑡, 𝜃)
and 𝑓 (𝑥𝑡|𝑥𝑡−1, 𝜃) are the conditional densities of the observations and
state vectors, respectively.

The MLE method involves finding the set of parameters 𝜃̂ that
maximizes the likelihood function:

𝜃̂ = argmax𝜃𝐿(𝜃|𝑦) (17)

Also, we can express the posterior distribution of the parameters as
follows:

𝑝(𝜃|𝑦) ∝ 𝐿(𝜃|𝑦)𝑝(𝜃) (18)

where 𝐿(𝜃|𝑦) is the likelihood function as defined above, and 𝑝(𝜃)
represents the prior distribution of the parameters.

The Kalman filter algorithm, which is a recursive Bayesian esti-
mation method is used in parameter estimation (de Bézenac et al.,
2020). The Kalman filter combines prior knowledge about the system
dynamics with the observed data to estimate the parameters. It opti-
mally incorporates the available information and updates the parameter
estimates as new data becomes available (de Bézenac et al., 2020;
Suman and Verma, 2017).

Hence, the forecasts are generated by projecting the latent state
variables into the future and using the observation equation to obtain
the predicted values, say banana crop yield:

𝑦̂𝑇 + 1|𝑇 = E[𝑦𝑇 + 1|𝑦1∶𝑇 , 𝜃] = E[𝑓 (𝑠𝑇+1)|𝑠̂𝑇+1|𝑇 , 𝜃] (19)

where 𝑠̂𝑇 + 1|𝑇 is the predicted state estimate for time 𝑇 + 1 given the
observed data 𝑦1 ∶ 𝑇 , and 𝑓 (𝑠𝑇+1) is the observation equation relating
the latent state variables to the observed yield.

2.2.4. Long short-term memory (LSTM) model
Long Short-Term Memory (LSTM), often known as a type of recur-

rent neural networks (RNNs), is a specialized architecture created to
manage sequential data, particularly time series data (Tian et al., 2021;
Meeradevi et al., 2022). Traditional RNNs struggle with the vanishing
gradient problem, which is especially addressed by LSTMs. LSTMs are
able to better describe long-term dependencies in sequential data by
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efficiently storing and retrieving information over extended periods of
time (Reddy et al., 2022). The LSTM model essentially offers a practical
method for working with sequential data and has found use in a variety
of fields, including climate forecasting (Bhimavarapu et al., 2023; Tian
et al., 2021; Meeradevi et al., 2022).

An LSTM’s architecture consists of a memory cell that can retain
information for extended periods, along with three gates (input, output,
and forget) (Tian et al., 2021). The input gate controls how much fresh
information is introduced to the memory cell, the output gate controls
how much information is taken out of the memory cell, and the forget
gate controls how much old or unnecessary information is removed
from the memory cell. Within the LSTM paradigm, these gates regulate
the flow of data into and out of the memory cell, enabling efficient
information retention and usage (Liu et al., 2023; Bhimavarapu et al.,
2023).

LSTM model configuration includes the following equations:

𝐈𝐧𝐩𝐮𝐭 𝐥𝐚𝐲𝐞𝐫 ∶ 𝑦𝑡 = 𝑔(𝑊𝑖 ∗ 𝑥𝑡 + 𝑏𝑖) (20)

𝐋𝐒𝐓𝐌 𝐥𝐚𝐲𝐞𝐫 ∶ ℎ𝑡 = 𝐿𝑆𝑇𝑀(ℎ𝑡−1, 𝑦𝑡−1) (21)

𝐎𝐮𝐭𝐩𝐮𝐭 𝐥𝐚𝐲𝐞𝐫 ∶ 𝑦𝑡+1 = 𝑔(𝑊𝑜 ∗ ℎ𝑡 + 𝑏𝑜) (22)

In the input layer, the output 𝑦𝑡 is obtained by applying an activa-
tion function 𝑔 to the dot product of the weight matrix 𝑊𝑖 and the input
vector 𝑥𝑡, followed by the addition of a bias term 𝑏𝑖. This 𝑦𝑡 represents
the output of the input layer at time 𝑡.

The LSTM layer’s output ℎ𝑡 at time 𝑡 is determined by passing the
previous hidden state ℎ𝑡−1 and the previous input 𝑦𝑡−1 to the LSTM
cell. The LSTM cell updates its internal state based on these inputs,
generating a new hidden state ℎ𝑡.

For the next time step, the predicted output 𝑦𝑡+1 is calculated by
applying the activation function 𝑔 to the dot product of the weight
matrix 𝑊𝑜 and the hidden state ℎ𝑡, then adding a bias term 𝑏𝑜.

The backpropagation through time (BPTT) method is used to update
the LSTM neuron weights before training the model with the training
data. This involves computing the gradients of the loss function with
respect to the weights using the chain rule (Sadowski, 2016). The
LSTM model learns to improve its performance on the training data by
iteratively modifying the weights based on the estimated gradients, in-
creasing its capacity for precise prediction (Bhimavarapu et al., 2023).

𝜕𝐿
𝜕𝑊

= 𝜕𝐿
𝜕𝑦

⋅
𝜕𝑦
𝜕ℎ

⋅
𝜕ℎ
𝜕𝑊

(23)

In the equation, 𝐿 represents the loss function, 𝑊 denotes the
weight, 𝑦 is the output, ℎ corresponds to the hidden state, and 𝑡
indicates the time step. These variables play essential roles in the
process of training the LSTM model and optimizing its performance on
the training data.

Furthermore, the first and second moments of the gradient are
taken into account using an appropriate optimization technique, such
as Adam. This allows the algorithm to adapt the learning rate inde-
pendently for each weight, enhancing the training process of the LSTM
model (Bhimavarapu et al., 2023).

𝑚𝑡 = 𝛽1 ⋅ 𝑚𝑡−1 + (1 − 𝛽1) ⋅
𝜕𝐿
𝜕𝑊

(24)

𝑣𝑡 = 𝛽2 ⋅ 𝑣𝑡−1 + (1 − 𝛽2) ⋅
( 𝜕𝐿
𝜕𝑊

)2
(25)

𝑊 = 𝑊 − 𝛼 ⋅
𝑚𝑡√
𝑣𝑡 + 𝜖

(26)

where 𝑚𝑡 and 𝑣𝑡 are the first and second moment estimates of the
gradient, respectively, and 𝑊 is the weight being updated, 𝛼 is the
learning rate, 𝛽1 and 𝛽2 represents hyperparameters that control the
decay rates of the moment estimates, and 𝜖 stand for a small constant
to prevent division by zero.

Finally, the LSTM model is optimized and if its performance met
the desired level of accuracy, it deployed for use in predictions (Bhi-
mavarapu et al., 2023), for example predicting banana crop yield under
different climate scenarios.

2.2.5. Ensemble modeling approach
By mixing the results of various models, ensemble modeling is a

flexible strategy that aims to increase prediction accuracy and reliabil-
ity (Bertsimas and Boussioux, 2023). Although ensemble models can
be used with a variety of data sources, including time series data, their
main goal is to improve overall model performance rather than focusing
especially on the special properties of time series data (Hao et al.,
2020).

Ensemble modeling can be effectively integrated with time series
modeling to enhance the accuracy of time series forecasts (Bertsimas
and Boussioux, 2023). As an illustration, a common approach in ensem-
ble modeling involves constructing a diverse ensemble of time series
models, which may include ARIMA, exponential smoothing, and neural
network models. Subsequently, the predictions from these individual
models are combined using techniques like weighted averaging or other
methods (Kourentzes et al., 2014; Bayati et al., 2020; Kamir et al.,
2020). This allows for the utilization of the unique strengths of each
individual model while compensating for their respective weaknesses,
leading to more precise and reliable overall forecasts (Moore and
Lobell, 2014).

For instance, the ensemble model involves aggregating the predic-
tions of individual models to derive a final prediction using a weighted
average approach. The mathematical representation of the weighted
average approach can be expressed as follows:

𝑦 = 𝑤1 × 𝑦1 +𝑤2 × 𝑦2 +𝑤3 × 𝑦3 +⋯ +𝑤𝑛 × 𝑦𝑛 (27)

where 𝑦 is the final predicted value, 𝑦1, 𝑦2, . . . , 𝑦𝑛 are the predicted val-
ues of the individual models, respectively, and 𝑤1, 𝑤2, . . . , 𝑤𝑛 are the
weights assigned to the individual models based on their performance
on the training, or validation set.

Furthermore, the weights of the individual models are determined
based on their performance on the testing set. Based on the inverse of
each model’s error or loss, the weights are assigned. To ensure that the
weights add up to 1, they are normalized, and the normalized weights
are then used in the ensemble model to combine the predictions of the
individual models (Van Leeuwen et al., 2023). For instance, in this
paper, the weights assigned to each model were derived from their
R-squared values, which indicate the proportion of variance in the
observed banana crop yield that is explained by each model.

The process of converting R-squared values to normalized weights
involved the following steps. Determining weights, the ratio of 1 to
each R-squared value is used. Normalization, we divide each weight
by the sum of all weights obtained across the models used to ensure
that the weights are comparable and would sum up to 1. Assigning
weights, the normalized R-squared values are then used as weights to
determine the contribution of each model to the final forecast. Final
forecast, the ensemble forecast is generated by taking the weighted
average of the predictions from the individual models. This approach
allow us to leverage the strengths of each model and mitigate potential
weaknesses.

3. Results and discussion

3.1. Data exploration results

The analysis relies on the yearly reanalysis datasets of precipi-
tation, soil moisture, minimum temperature, maximum temperature,
and relative humidity. These datasets were utilized for modeling and
forecasting the banana crop yield. All necessary steps required for data
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Table 2
Statistical evaluation metrics.

Model Training set Validation set

MSE MAE RMSE R-Squared MSE MAE RMSE R-Squared

SARIMAX 0.3828 0.3650 0.6187 0.8109 4.3797 1.4789 2.0928 0.1825
State space 0.0105 0.0423 0.1026 0.9948 0.0885 0.2068 0.2974 0.9835
LSTM 0.6200 0.4192 0.7874 0.6991 0.5288 0.6890 0.7272 0.9013

pre-processing, and filtering were considered, including detrending
(non-stationarity, and seasonality), and autocorrelation. In this study,
the collected climate variables were believed to impact banana crop
yield under a robust multiple regression analysis.

The MATLAB, and PYTHON tools were used interchangeably
throughout the analysis. The all selected methods performed by using
climate time-series data to predict the production of banana yield in
Tanzania for a period of time from 1961 to 2020. The first 80% of the
datasets were used to train the models, while the final 20% were used to
test and assess how well they worked. The normalize function was used
to normalize the training and testing sets as necessary to make sure that
all variables are on a similar scale. This normalization process helps in
avoiding potential issues caused by differing magnitudes among the
variables. The training and testing data were transformed into cell
arrays to facilitate their processing and handling within the models.
Converting the data to cell arrays allows for more flexible and efficient
data manipulation during the model building and evaluation processes.
Various statistical metrics were found in each model as shown in
Table 2, which signify the performance for the selection of the best
model that fit the data. This table showcases the performance metrics
and evaluation results obtained from the models.

3.2. Regression analysis and results

Our research supports the assumption that there is a linear re-
lationship between the explanatory variables and the response. The
regression coefficients shown in Table 3 show how key climate vari-
ables affect the rate of change in banana crop production when each
explanatory variable changes by one unit while all other explanatory
variables remain constant. By plugging the values of the regression
coefficients from Table 3 into the regression equation, we may obtain
the following expression:

𝑌 = −22.8320 + 0.0206𝑋1 − 0.0085𝑋2 + 4.8328𝑋3 − 1.6594𝑋4 − 0.0991𝑋5

(28)

The constant term (−22.8320) is the predicted value of 𝑌 when
none of the independent variables have an effect, and the negative
sign indicates the gradual decrease in banana crop yield. Based on the
p-values as presented in Table 3, only minimum temperature has a
significant positive impact on the yield, while the other external vari-
ables (precipitation, soil moisture, maximum temperature, and relative
humidity), and the intercept does not significantly impact the banana
crop yield. However, we applied the stepwise regression technique, and
all the explanatory variables were selected to be significant.

In general, the regression model’s R-squared value of 0.502 shows
that the chosen explanatory variables can account for about 50.2%
of the variation in banana crop yield. The F-statistic of 10.87 is sta-
tistically significant (Prob (F-statistic): 2.89e−07), indicating that the
model as a whole is significant. On the other hand, the condition
number is large, 4.43e−04. This observation may suggest the presence
of significant multicollinearity or other numerical issues in the model.
To overcome the multicollinearity doubt, Variance Inflation Factor
(𝑉 𝐼𝐹 < 10) test was done and the values are indicated in Table 3,
showing that multicollinearity was not an issue among the external
variables used in the analysis.

3.3. Results of SARIMAX model

The Banana crop yield SARIMAX model was configured. Based
on the data exploration results, the suggested SARIMAX models were
SARIMAX(0, 1, 1)(0, 1, 1)12, SARIMAX(0, 1, 1)(0, 1, 0)12, SARIMAX(0, 1, 2)
(0, 1, 1)12, and SARIMAX(0, 1, 2)(0, 1, 0)12. The model complied with
the Box–Jenkins technique, including model fitting, which comprised
model identification, here (SARIMAX(0, 1, 2)(0, 1, 0)12) model was se-
lected, parameter estimation, estimates are indicated in Table 4, and
diagnostic checking.

In the training set, the predicted crop yields for the first 40 years
closely align with the observed crop yields, as depicted in Fig. 2(a).
This observation indicates that the model is successfully identifying
the underlying patterns in the data. In the validation set, the predicted
crop yields closely match the observed crop yields for the first 4 years,
indicating that the model is performing well on unseen data. This
alignment between predictions and actual values suggests that the
model’s generalization capability is satisfactory for new data points.
However, Fig. 2(b) reveals a notable discrepancy between the observed
and predicted crop yields from 4 to 8 years. Nevertheless, the model
does well between 8 and 10 years, indicating that it could be able
to successfully capture the underlying patterns in the validation data
throughout that time.

Finally, the model forecasting future yields for the next 10 time
steps. The last values, which are 9.8245 and 10.5738 from the val-
idation set used as the initial inputs for scenario 1 and scenario 2
respectively, and then the model iteratively predicts the next value
based on the previous prediction. The forecasted yields for Scenario
1 are as follows:

6.3705, 5.9595, 6.6489, 5.9003, 6.2839, 9.5054, 8.8109, 11.7376,
10.3568, 10.5829. These values represent the forecasted crop yields
for Scenario 1 over a forecast horizon of 10 time steps. The forecasted
yields for Scenario 1 suggest a pattern of fluctuating values. The yields
start at 6.37, decrease to 5.96, increase to 6.65, then fall again to 5.90.
The subsequent yields show further variation, reaching a peak of 11.74
and then stabilizing around 10.36 and 10.58. The forecasted yields for
Scenario 2 are as follows:

10.5738, 6.3705, 6.3542, 6.519, 6.3192, 6.4653, 6.5113, 6.6108,
6.6679, 6.6528. In Scenario 2, the forecasted yields exhibit a different
pattern. The final observed value from the validation set, which equals
10.5738, was used as the model’s initial value. However, the subse-
quent forecasted yields diverge from this initial value and gradually
decrease. The yields range from 6.32 to 6.67, showing a consistent
downward trend. Generally, the model predicts slightly lower crop
yields in both Scenario 1 and Scenario 2. For a comprehensive analysis
of the model’s performance, Fig. 3 below are the plots providing visual
representations of the predicted and forecasted yields:

3.4. Results of state space (SS) model

It was done to use the State Space concept. Following that, the
State Space model’s state vector, state transition matrix, observation
matrix, process noise covariance matrix, and measurement noise co-
variance matrix were defined. These elements are crucial for defining
the dynamics and uncertainty properties of the model. The identity
matrix was used to construct the state covariance matrix, and arrays
were initialized to hold the outcomes. The results of the Kalman filter
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Table 3
OLS regression results.

Model R-squared Adj. R-squared F-statistic Prob (F-statistic)

OLS 0.502 0.455 10.87 2.89e−07

Variable Coef. Std. Err. t-stat P-value [0.025, 0.975] VIF

Constant −22.8320 30.506 −0.748 0.457 [−83.993, 38.329] –
𝑋1 0.0206 0.043 0.478 0.634 [−0.066, 0.107] 2.9606
𝑋2 −0.0085 0.007 −1.147 0.257 [−0.023, 0.006] 1.9909
𝑋3 4.8328 1.628 2.968 0.004 [1.569, 8.097] 6.7376
𝑋4 −1.6594 1.648 −1.007 0.318 [−4.963, 1.644] 7.6477
𝑋5 −0.0991 0.069 −1.439 0.156 [−0.237, 0.039] 1.1402

More model information

Method: Least squares AIC: 245.4
No. observations: 60 BIC: 257.9
Df residuals: 54 Kurtosis: 5.039
Df model: 5 Skewness: 1.000
Covariance type: nonrobust Jarque–Bera (JB): 20.380
Durbin–Watson: 1.192 Prob(JB): 3.75e−05
Cond. No.: 4.43e+04 Omnibus: 15.590
Log-Likelihood: −116.68 Prob(Omnibus): 0.000

Fig. 2. The observed and predicted banana crop yield for the SARIMAX model.

Fig. 3. The plot of banana crop yield forecasting for the SARIMAX model.

algorithm-based parameter estimate for the state space model are also
shown in Table 2.

Generally speaking, the SS model shows a strong match to the
training set of data, with low prediction errors (MSE and MAE), a small
standard deviation of errors (RMSE), and a high proportion of explained
variability (R-squared). However, the model’s performance is slightly
reduced when applied to the validation set, with slightly higher pre-
diction errors and a slightly lower coefficient of determination. Fig. 4,
are training and validation plots, plotted to compare the observed

and predicted crops yield for validating the model performance. The
trend of the observed yields is determined by the model, there are
some deviations between the observed and predicted yields. The red
dashed line shows some discrepancies and variations from the blue
line, indicating that the model’s predictions are not as accurate for the
validation set as they were for the training set. The plots demonstrate
that the state space model performs well in predicting the crop yields,
particularly for the training set. The model shows a strong ability to
capture the trends and fluctuations in the observed yields.

7
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Fig. 4. The observed and predicted banana crop yield for the SS model.

Table 4
Estimated parameters for SARIMAX(0, 1, 2)(0, 1, 0)12 model.
𝑅2(𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝑆𝑒𝑡) 𝑅2(𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝑆𝑒𝑡) AIC BIC

0.8109 0.1825 91.469 103.911

Variable Coef. Std. Err. t-stat P-value [0.025, 0.975]

𝑋1 0.0166 0.032 0.510 0.610 [−0.047, 0.080]
𝑋2 −0.0016 0.006 −0.243 0.808 [−0.014, 0.011]
𝑋3 −0.1055 1.421 −0.074 0.941 [−2.891, 2.680]
𝑋4 0.0635 1.253 0.051 0.960 [−2.392, 2.519]
𝑋5 0.0110 0.068 0.162 0.872 [−0.122, 0.144]
ma.L1 −0.3858 0.177 −2.181 0.029 [−0.733, −0.039]
ma.L2 0.5397 0.184 2.939 0.003 [0.180, 0.900]
sigma2 0.4894 0.188 2.604 0.009 [0.121, 0.858]

At the end, the SS model performs forecasts for the next 10 time
steps using the final states, which are 10.8487, and 10.5738 from the
predicted yield for scenario 1 and true yield values for scenario 2 as
the initial states respectively. The forecasted yields for Scenario 1 are
as follows:

7.8510, −0.0261, −15.7032, −42.9991, −86.7473, −152.9127,
−248.7089, −382.7142, −564.9889, −807.1921. Based on the SS model
and using the final expected yield as input, these forecasted yields
represent the crop yields predicted for the following 10 time steps. The
forecasted yields show a decreasing trend, with the magnitudes becom-
ing more negative as time progresses. The negative values suggest a
decrease in crop yields over time, indicating potentially unfavorable
conditions or factors affecting crop growth. The forecasted yields for
Scenario 2 are as follows:

5.9203, 5.5512, 5.9086, 5.7096, 5.7043, 6.3168, 7.9205, 7.7233,
5.7479, 12.0627. Based on the state space model and the final true yield
as input, these forecasted yields show the crop yields that are expected
throughout the course of the next 10 time steps. The forecasted yields
show some fluctuations but do not exhibit a clear trend. The values
vary within a relatively narrow range, suggesting relatively stable or
consistent crop yields over time. Below (Fig. 5) are the plots providing
visual representations of the predicted and forecasted yields, allowing
for a comprehensive analysis of the model’s performance.

3.5. Results of LSTM model

The LSTM model also was configured. The sequences and labels
necessary for the LSTM model were generated, followed by constructing
and training the model. Subsequently, predictions were made, and the
scaled predictions were reverted back to their original form using the
inverse transform. The R-squared value for the training data indicates

Fig. 5. The plot of banana crop yield forecasting for the State Space model.

that the LSTM model exhibits good performance on the provided
dataset. The MSE, MAE, RMSE, and R-squared values for each model
employed in this study are shown in Table 2. These metrics provide
insights into the performance and accuracy of each model. Overall,
the evaluation results indicate that the LSTM network in this analysis
provide a good fit to the data, as evidenced by low errors (MSE, MAE,
RMSE) and high coefficient of determination (R-squared).

The trained LSTM network was used to predict crop yields for
both the training and validation sets. The predicted yields were com-
pared with the actual yields to evaluate the model’s fit. The model fit
evaluation metrics provided insights into how well the LSTM network
performs in predicting crop yields. Hence, the observed and predicted
crop yields were plotted for both the training and validation sets to
visually compare their trends and performance, as shown in Fig. 6.

In the training data, the predicted crop yields for the first 40 years
closely align with the observed crop yields, as depicted in Fig. 6(a).
This observation indicates that the model is successfully identifying the
underlying patterns in the data. The considerable difference between
the observed and anticipated crop yields after 40 s, on the other
hand, suggests that the correlations in the training set may not be
accurately captured by the model. However, Fig. 6(b) demonstrates
that the predicted crop yields closely align with the observed crop
yields for the initial 10 years, indicating that the model performs well
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Fig. 6. The observed and predicted banana crop yield for the LSTM model.

on unseen data. This alignment between predictions and actual values
suggests that the model has a satisfactory generalization capability for
new data points. The actual and predicted crop yields, however, show a
significant difference after 10 years, suggesting that the model may be
having trouble capturing the underlying trends in the validation data.
This disparity suggests that the model’s predictive accuracy diminishes
for the later time periods of the validation set.

Finally, the model forecasting future yields for the next 10 time
steps. The last predicted and true values, which are −0.3610 and
10.5738 from the validation set used as the initial inputs for scenario
1 and scenario 2 respectively, and then the model iteratively predicts
the next value based on the previous prediction. The forecasted yields
for Scenario 1 are as follows:

−0.2636, −0.0950, −0.3842, −0.1814, −0.2485, −0.2660, −0.2304,
−0.2616, −0.2469, −0.2483. These values represent the forecasted
crop yields for Scenario 1 over a forecast horizon of 10 time steps.
Since these values are normalized yields, they indicate the predicted
yields relative to the range of yields observed in the validation data.
The negative values represent the predicted yields being lower than
the average yield in the validation dataset. In Scenario 1, the model
predicts relatively low crop yields for the forecasted time steps. The
forecasted yields for Scenario 2 are as follows:

−1.2502, −0.3620, −0.4858, −0.6064, −0.5217, −0.3284, −0.2751,
−0.2657, −0.2618, −0.2626. These values represent the forecasted crop
yields for Scenario 2 over a forecast horizon of 10 time steps. The values
range from −1.2502 to −0.2618. Similar to Scenario 1, these values
represent normalized yields and indicate the predicted yields relative
to the validation data. In Scenario 2, the model predicts even lower crop
yields compared to Scenario 1. Generally, the model predicts lower crop
yields in both Scenario 1 and Scenario 2. Below are the plots (Fig. 7)
providing visual representations of the predicted and forecasted yields:

3.6. Results of ensemble model

As we discussed before, once we have trained and evaluated the
SARIMAX, State Space, and LSTM models on the datasets, we can
proceed with determining the weights, and obtaining final predicted
values steps to formulate ensemble model for forecasting banana crop
yield. We determined the weights of the individual models based on
their performance on the validation set. We determined the weights
depending on how well each model fit the data. The R-squared (Co-
efficient of Determination) represents a valuable metric for evaluating
the overall goodness of fit and the extent to which the model captures
the variability in the data. The R-squared values of the SARIMAX, State
Space, and LSTM models are 0.1825, 0.9835, and 0.9013 respectively,
as indicated in Table 2.

Fig. 7. The plot of banana crop yield forecasting for the LSTM model.

In computing the final predicted value, the ensemble model repre-
sented as:

𝑦 = 0.7204×9.8245+0.1337×10.8487+0.1459×−0.3610 → 𝑦 = 8.4754. (29)

The normalized weights of the SARIMAX, State Space, and LSTM
models are 0.7204, 0.1337, and 0.1459 respectively. The final pre-
dicted values from the SARIMAX, State Space, and SLTM models are
9.8245, 10.8487, and −0.3610 respectively. The ensemble model’s
final predicted value of 8.4754 is the result of combining the outputs
from the individual SARIMAX, State Space, and LSTM models. The
individual models predict different values, with State Space predicting
the highest value of 10.8487, followed by SARIMAX with 9.8245, and
LSTM with −0.3610. The ensemble model combines the predictions
of these individual models using weights that are optimized during
validation to give the final predicted value. Therefore, the ensemble
model can be seen as a more robust and accurate model as it takes
into account the strengths and weaknesses of the individual models to
provide a more accurate prediction (Bertsimas and Boussioux, 2023).

The last phase involved evaluating the ensemble model’s perfor-
mance using relevant metrics, as presented in Table 5. This entailed
comparing the ensemble model’s performance with that of the individ-
ual models to gauge its effectiveness. Thus, the R-squared of SARIMAX,
State Space, LSTM, and Ensemble models are 0.1825, 0.9835, 0.9013,
and 0.9999999999891197 respectively. The R-squared values provide
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Table 5
Evaluation metrics for the ensemble model.

Metric Value

Mean Squared Error (MSE) 8.35788099957876e−10
Mean Absolute Error (MAE) 2.8029999999290567e−05
Root Mean Squared Error (RMSE) 5.2945999999290567e−05
R-squared 0.9999999999891197

a measure of how well each of the models has performed on the
validation data. A higher R-squared value indicates that the model is
better at predicting the actual values.

In this instance, the ensemble model achieved the highest R-squared
value compared to all other models, suggesting that it outperformed
the other models on the validation data. The SARIMAX model has the
lowest R-squared value, indicating that it is the worst performer among
all the models. The LSTM and State Space models have slightly similar
R-squared values, with the State Space model performing slightly better
than the LSTM model.

4. Conclusion

This study focuses on the configuration and forecasting of banana
crop yield in Tanzania, considering the impact of climate change. In
particular, this study delves into the intricate relationship between
climate change and Tanzanian banana crop yield. It aims to understand
how changing climatic conditions might impact agricultural outcomes,
especially in the context of a country like Tanzania. In pursuit of
the addressed objective of this study, the researchers takes a two-
fold approach, including correlation analysis and forecasting models.
A robust multiple regression model uncovers valuable insights within
this connection. Time series analysis and ensemble modeling techniques
are employed to develop accurate forecasting models that incorporate
climate variables and capture the dynamics of banana production in
Tanzania. The findings emphasize the significance of accounting for
climate change in banana crop yield forecasting. By examining the cor-
relations between climatic variables and banana crop yield, the models
provide vital insight into the potential impacts of climate change on
banana production.

In light of these key climate variables at hand, this study re-
vealed that Tanzania’s banana crop yield has been impacted by climate
change, offering insights into potential vulnerabilities. The insights
gleaned from this study offer a critical foundation for actionable policy
recommendations and strategies to safeguard and enhance banana
production in Tanzania amidst the challenges posed by climate change.
It is imperative that policymakers, researchers, and farmers collaborate
to implement the following measures: climate-resilient practices, data-
driven decision-making, infrastructure investment, policy flexibility,
knowledge dissemination, and continued research. By implementing
these recommendations, Tanzania can fortify its banana production
sector against the disruptive effects of climate change. Together, stake-
holders can work towards sustainable banana production, ensuring
food security and prosperity for the nation’s agricultural communities.

Utilizing time series analysis techniques like SARIMAX, State Space,
and LSTM helps identify relevant patterns and trends in historical
datasets, forming the foundation for robust forecasting models. The
ensemble modeling approach further enhances the accuracy and reli-
ability of predictions by combining multiple individual models, while
the integration of climate variables improves the precision of forecasts.
Understanding the specific climatic factors influencing banana crop
yield can inform decisions related to agricultural practices, resource
allocation, and policy planning.

Future research can build upon these findings by incorporating ad-
ditional variables and employing machine learning techniques for even
more accurate predictions. The prospective effects of climate change
on Tanzania’s banana crop yield can also be assessed with the help

of impact assessment and climate modeling approaches. Eventually, it
is possible to successfully raise knowledge about the hazards posed
by climate change to the region’s banana crop output by planning
workshops and outreach activities for farmers and stakeholders.
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Introduction

Banana is a significant crop globally, used for food, income, and health benefits.
It’s among the top crops worldwide in terms of productivity and plays a crucial
role in food security, particularly in Tanzania [1]. Climate change poses serious
risks to agricultural systems. These risks include altered temperature and rainfall
patterns, as well as extreme weather events. This is especially true in countries
like Tanzania that are heavily dependent on crop agriculture [1, 2]. Tanzania faces
significant challenges due to climate change, impacting agricultural productivity.
Farmers encounter obstacles hindering the growth of the agricultural sector [3, 4].
Accurate forecasting models are crucial for ensuring resilience and adaptability in
banana farming amid shifting climatic conditions [5].

Research objectives

This study’s primary goal is to utilize time series and ensemble models to forecast
banana crop yield in Tanzania, considering the effects of climate change.
The study pursued the following specific objectives:
(i) To assess the impact of climate change on banana crop yield in Tanzania.
(ii) To determine the sensitivity of banana crop yield to climate variables.
(iii) To develop time series models that can accurately forecast banana crop yield in

Tanzania under the effects of climate change.
(iv) To develop an ensemble model that can improve the accuracy of banana crop

yield forecasting.

Materials and Methods

This study seeks to comprehend how banana crop yield, as a crucial agricultural
product is affected by changing climatic patterns. It takes a two-fold approach:
Correlation analysis to examine the relationship between bananas and important
climate variables and forecasting models to forecast future banana yields in the
context of changing climates. While an ensemble model incorporated to improve
prediction accuracy of these forecasting models. The schematic diagram in Fig. 1
indicates the flow of the whole work:

Fig. 1: The schematic diagram, a representation of methodology.

The study quantitatively expressed the multiple regression model’s equation as
follows:

Y = Ψ0 + Ψ1X1 + Ψ2X2 + Ψ3X3 + Ψ4X4 + Ψ5X5 + ε (1)
The weighted average approach for the ensemble model is represented mathe-
matically as follows:

y = w1 × y1 + w2 × y2 + w3 × y3 + · · · + wn × yn (2)

Results

In this study, the dataset spanning 60 years, from 1961 to 2020. The first 80%
of the dataset was used to train the models, while the final 20% were used to
validate the models. The MATLAB (R2021a), and Spyder (Python 3.9) tools were
used interchangeably throughout the analysis.

The study derived the following expression for the multiple regression model:

Y = −22.8320 + 0.0206X1 − 0.0085X2 + 4.8328X3 − 1.6594X4 − 0.0991X5 (3)

When calculating the final predicted value, the ensemble model is represented
as follows:

y = 0.7204× 9.8245 + 0.1337× 10.8487 + 0.1459×−0.3610→ y = 8.4754. (4)

A high positive coefficient and a small negative coefficient in Eq. (3) indicate
that the variable has a significant impact on banana yields. The R2 of SARI-
MAX, State Space, LSTM, and Ensemble models are 0.1825, 0.9835, 0.9013, and
0.9999999999891197 respectively. A higher R2 value indicates that the model is
better at predicting the actual values.

Conclusion

In conclusion, this study revealed that Tanzania’s banana crop yield has been
impacted by climate change. The results showed gradual decrease in bananas
while showing that minimum temperature, precipitation and soil moisture have the
most impact on bananas and affect the crop’s production variability. This necessi-
tates imperative collaboration among policymakers, researchers, and farmers to
implement the following measures [6]:
(i) Climate-Resilient Farming Practices: Promoting drought-resistant banana vari-

eties, and optimizing irrigation systems.
(ii) Data-Driven Decision Making: Exploring opportunities to discover alternative

sources of subnational-level data on banana yields is crucial.
(iii) Investment in Infrastructure: Improved water management systems, and post-

harvest facilities.
(iv) Policy Flexibility: Policymakers should be prepared to adjust policies in re-

sponse to changing climate realities and emerging challenges.
(v) Knowledge Dissemination: Workshops, training programs, and outreach activi-

ties for stakeholders to raise awareness.

Limitations

The challenges in this study include: Handling uncertainties and the dynamic
nature of climate, unavailability of alternative sources at the subnational level for
banana yield data, and the study acknowledges limitations in the inclusivity of
climate variables.

Future Work

Future research should consider: Additional climate variables and management
factors, improving the analysis by setting up the models at the subnational level
and finding an alternative source of data on banana yields, and incorporate artifi-
cial intelligence (AI) and machine learning techniques
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