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Abstract

Zambia has faced persistent energy shortages over the past decade due to heavy

reliance on hydropower. Recent droughts, exacerbated by climate variability, have high-

lighted the vulnerability of this dependence and accelerated the country’s diversifica-

tion toward solar energy. Effective integration of solar generation into the national grid

requires accurate forecasting of global horizontal irradiance (Global Horizontal Irradi-

ance (GHI)) to mitigate intermittency and support efficient energy planning. Despite

increasing investment in solar power, limited research exists on forecasting models tai-

lored to Zambia’s climatic conditions.

This study develops a data-driven GHI forecasting framework using ten years of lo-

cal meteorological data, including GHI, temperature, humidity, precipitation, and wind

speed, sourced from the Zambia Meteorological Department (ZMD) and Joint Research

Center Photovoltaic Geographical Information System (JRC PVGIS). A systematic liter-

ature review guided by the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) framework and bibliometric analysis examined global, regional, and

local trends in solar irradiance forecasting. Based on the review, three widely applied

machine learning models—Long Short-Term Memory (LSTM), Random Forest (RF),

and Artificial Neural Networks (ANN)—were selected for evaluation. Feature selection

employed Variance Inflation Factor (VIF) analysis and Least Absolute Shrinkage and Se-

lection Operator (LASSO) regression, identifying temperature and humidity as the most

relevant predictors.

The models were trained and tested using consistent data splits and evaluated using

Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R². Results

indicate that the ANN model achieved the highest predictive accuracy (MAE = 7.378

W/m², RMSE = 9.584 W/m², R² = 0.845), followed by RF (MAE = 9.845 W/m², RMSE

= 12.374 W/m², R² = 0.715) and LSTM (MAE = 0.589 W/m², RMSE = 0.739 W/m²,
R² = 0.392). These findings demonstrate that reliable short-term GHI forecasting can

be achieved using locally relevant predictors and accessible data.

The study provides practical value for energy planners, utilities, and policymakers

seeking to enhance grid stability, optimize solar dispatch, and improve renewable energy

integration in Zambia. It recommends adopting ANN-based forecasting tools and further

exploring hybrid and region-specific approaches supported by enhanced local climate data

collection.

Keywords— Machine Learning, Solar Irradiance, Forecasting, Renewable energy,

Predictive Modeling
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Chapter 1

Introduction

This chapter provides an overview of the study, setting the foundation for the exploration

of ML applications in the forecasting of solar irradiance within the Zambian renewable

energy sector. It outlines the motivation for the research, presents the problem statement,

and defines the research questions and objectives that guide the study. The chapter also

highlights the significance of this research in addressing the challenges associated with

renewable energy integration and effective solar power management in Zambia.

1.1 Background of the Study
Zambia’s energy mix is predominantly composed of hydropower, which represents 83%

of the total energy supply, reflecting a significant dependence on this renewable resource.

Thermal generation contributes 7%, while diesel and Heavy Fuel Oil (HFO) each rep-

resent 2% and 3% of the mix, respectively, as shown in Figure 1.1. Additionally, other

sources contribute 3%, and solar energy currently constitutes only 2% of the overall

energy landscape [1]. This distribution underscores the need for diversification and in-

creased investment in renewable resources, particularly solar, to improve energy security

and sustainability in Zambia. Electricity access is also limited, with stark urban (85.7%)

and rural (14.5%) disparities, affecting development [2].

Figure 1.1: Power Generation Sources in Zambia

It should be noted that Zambia is endowed with significant solar energy resources,

characterized by an average of 2,000 to 3,000 hours of sunshine per year and solar ir-
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radiation of approximately 5.5 kWh/m² per day, making it one of the most favorable

locations for solar energy generation in southern Africa [1]. Recognizing the critical need

to diversify its energy portfolio, which has historically relied heavily on hydropower, the

Zambian government has initiated various policies aimed at promoting the development

of renewable energy, with a prominent focus on solar energy [3]. The Energy Regula-

tion Board (ERB)’s approval of seven Power Purchase Agreement (PPA)s for solar and

biomass projects, for example, demonstrates Zambia’s commitment to moving toward

affordable, sustainable, and reliable energy sources. Furthermore, the introduction of

the biofuel blending pilot program marked a significant advancement in the integration

of bioenergy into the energy mix, and in 2023, the Cabinet approved the ratification of

the International Solar Alliance (ISA) France agreement, which supports financing and

advocacy for the deployment of solar energy and is part of Zambia’s commitment to the

Paris Declaration [4].

Zambia’s energy demand is predicted to increase by 121% by 2030 (5,422 MW) and

349% by 2050 (11,031 MW) due to an increasingly diversified economy, while solar power

is predicted to reach 21% of total generation by 2030, as shown in Figure 1.2 [3]. This

diversification is crucial, especially considering the country’s vulnerability to climate vari-

ability, such as droughts, which severely affect water levels in reservoirs that support

hydroelectric generation.

Figure 1.2: Zambia’s Energy Demand forecast between 2020 and 2050

The ability to accurately forecast solar irradiance is vital for optimizing solar energy

production and effectively integrating it into the national grid. Reliable solar irradiance

forecasting helps energy providers in planning and managing solar power plants, allow-

ing them to anticipate energy production with greater precision [5]. Improved forecasting

capabilities enable grid operators to balance supply and demand effectively, thus minimiz-
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ing disruptions and ensuring a stable energy supply, thereby transforming grid operations

with accurate short-term energy forecasts.

Figure 1.3: Zambia’s Solar power potential

However, despite the abundant solar potential of Zambia as shown in Figure 1.3, the

forecasting of solar irradiance faces significant challenges. Current methods rely predom-

inantly on traditional statistical approaches, which often fail to capture the complex and

dynamic nature of solar irradiance patterns influenced by local environmental factors [6].

These limitations can lead to inaccurate forecasts that ultimately hinder the effective

deployment of solar energy resources.

In contrast, ML techniques present a powerful alternative to conventional forecasting

methods. ML algorithms can analyze extensive datasets to identify patterns and relation-

ships that remain obscured in traditional analyses [7]. By leveraging historical weather

data, solar irradiance measurements, and various environmental factors, ML models can

significantly enhance forecasting accuracy, providing a robust tool for energy manage-

ment in Zambia [8]. In view of the aforementioned benefits of using ML models over

traditional forecasting methods, this study aims to explore the application of machine

learning in forecasting solar irradiance, specifically GHI, which represents the total solar

radiation received per unit area on a horizontal surface. By evaluating the performance

of selected ML models tailored to Zambia’s climatic conditions, the study contributes
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valuable insights into the role of data-driven approaches in renewable energy forecasting

and supports Zambia’s transition toward a more sustainable and diversified energy future.

1.2 Problem Statement
Despite Zambia’s considerable potential for solar energy generation, the effective harness-

ing of this resource continues to face substantial challenges, largely due to the limitations

of existing solar irradiance forecasting models [3]. Solar irradiance is the major and direct

energy input into the terrestrial ecosystem and serves as the primary driving force behind

physical, biological, and industrial systems [9]. The Sun’s natural influence on climate

and the earth’s atmosphere makes solar forecasting critical for renewable energy plan-

ning. However, the variable absorption of sunlight by aerosols and clouds has hindered

researchers’ ability to accurately measure solar irradiance before it reaches the earth’s

surface [10]. This challenge is particularly pronounced in developing countries like Zam-

bia, where solar irradiance measurements are scarce due to the high cost, maintenance

needs, and calibration requirements of measuring equipment [11]. Current forecasting ap-

proaches predominantly rely on conventional statistical methods, which often fall short

in capturing the inherently complex and highly dynamic nature of solar irradiance, par-

ticularly as influenced by Zambia’s diverse and variable environmental conditions [6].

These traditional models typically assume linear relationships and are unable to fully ac-

count for non-linear atmospheric processes, localized weather patterns, and microclimatic

variability that significantly affect solar energy availability (Gupta & Chauhan, 2019).

Consequently, the resulting forecasts are frequently inaccurate, leading to suboptimal

operational decisions by grid operators and energy planners [12]. These inaccuracies pose

a critical barrier to effective integration of solar power into the national grid, ultimately

affecting the country’s broader efforts to diversify its energy mix, improve grid reliability,

and achieve long-term renewable energy targets [13].

In response to these challenges, this research proposes the development of a ML-based

solar irradiance forecasting model specifically tailored to Zambia’s unique climatic and

environmental conditions. By leveraging the advanced pattern recognition and adaptive

learning capabilities of ML algorithms, the proposed model aims to provide more accurate

and context-specific forecasts, thereby supporting more efficient energy management,

improving the reliability of solar energy integration into the grid, and contributing to

Zambia’s transition towards a more resilient and sustainable energy future [3].

1.3 Research Questions
This study seeks to address the following key research questions:

1. What are the global and regional trends, advances, and research patterns in the

application of ML techniques for solar irradiance forecasting, and which models

and methodological approaches are most commonly used?
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2. Which meteorological variables are most influential in accurately forecasting solar

irradiance in Zambia, and how can statistical and ML-based feature selection tech-

niques identify them?

3. How do selected ML models, identified from the literature review and adapted to

Zambia’s climatic conditions, perform in forecasting solar irradiance, and which

model demonstrates the highest forecasting accuracy?

1.4 Objectives of the Study
General Objective: To evaluate existing ML models and select the most suitable for solar

irradiance forecasting tailored to Zambia’s environmental conditions, with the aim of im-

proving forecasting accuracy and supporting effective energy management and planning.

Specific Objectives:

1. To examine global and local trends, advances, and research patterns in the appli-

cation of ML techniques for solar irradiance forecasting, with a focus on identifying

commonly used models and methodological approaches relevant to the Zambian

context.

2. To identify the most influential meteorological variables for accurate solar irradiance

forecasting in Zambia using statistical and ML-based feature selection techniques.

3. To evaluate and compare the performance of selected ML models, identified through

the literature review and aligned with Zambia’s climatic conditions, in forecasting

solar irradiance, and to determine the most suitable model based on forecasting

accuracy metrics.

1.5 Significance of the study
The findings of this study are anticipated to make significant contributions to both aca-

demic research and practical applications. By enhancing the accuracy of solar irradiance

forecasting through the application of ML techniques, the study seeks to support the

development of more efficient energy management strategies aimed at optimizing solar

power generation. Improved forecasting accuracy has the potential to enhance grid stabil-

ity by enabling energy providers to proactively manage supply and demand fluctuations

[14]. Furthermore, the insights derived from this research are expected to provide valu-

able evidence to inform policymaking and guide investment decisions related to renewable

energy infrastructure, thereby fostering the sustainable development of energy sector of

Zambia. In addition, the broader implications of this study extend beyond the Zambian

context, offering a potential methodological framework for other regions with similar cli-

matic conditions and renewable energy challenges. By demonstrating the effectiveness

of ML approaches in solar irradiance forecasting, the study may contribute to the wider
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adoption of advanced forecasting techniques in diverse geographic and environmental set-

tings, ultimately promoting more reliable and sustainable integration of solar energy into

electricity grids globally.

1.6 Structure of the thesis
This thesis is structured into six key chapters, each contributing to the overall goal of

exploring the application of ML in solar irradiance forecasting within the context of

the Zambian renewable energy sector. Chapter 1 introduces the study by providing

essential background information, highlighting the problem statement, and establishing

the research questions and objectives. It emphasizes the importance of the study in

addressing the challenges of renewable energy in Zambia. Chapter 2 delves into theoretical

alternatives, exploring the foundational frameworks and key concepts related to ML, solar

irradiance and forecasting techniques. It also provides a solid theoretical foundation to

support the methodologies employed in the research. Chapter 3 presents a comprehensive

review of the literature, analyzing existing studies on ML in solar irradiance forecasting,

identifying research gaps and tracing the evolution of forecasting methods to establish

the basis for the proposed contributions. Chapter 4 focuses on the research methodology,

detailing the design, strategies, and techniques used in the study, including data collection

methods, algorithm selection, and performance evaluation metrics to ensure transparency

and reproducibility. Chapter 5 presents and discusses the research findings, interprets the

performance of the evaluated ML models and highlights their practical implications for

energy planning and management in Zambia. Finally, Chapter 6 provides a conclusion,

summarizing key insights, reiterating the study’s contributions, and suggesting future

research directions, highlighting the critical role of ML advancing the sustainable energy

transition of Zambia.

1.7 Scope and Limitations
This study will involve analyzing historical solar irradiance data, environmental factors,

and weather conditions that are pertinent to the Zambian context. Although the pri-

mary objective is to provide a localized solution, it is important to acknowledge certain

limitations inherent in this research. First, the availability and quality of comprehensive

weather and irradiance data sets can pose challenges, as historical data are often limited

or inconsistent. This may affect the robustness of the model and its ability to generalize

the findings across different regions or climatic conditions. Second, the applicability of

the developed forecasting model may be limited to areas with climatic characteristics

similar to those found in Zambia. Although the model aims to improve the accuracy of

the forecast within Zambia, applying the same techniques to other regions may require

additional validation and adaptation. Lastly, the rapidly evolving nature of ML technolo-

gies means that new algorithms and techniques may emerge during or after the research
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process, which could influence the relevance and performance of the proposed model over

time. As such, ongoing research and iterative improvements will be necessary to maintain

the effectiveness of the model in a dynamically changing energy landscape.

1.8 Chapter Summary
This chapter serves as an introduction to the study on the application of ML to so-

lar irradiance forecasting in Zambia. It outlines the abundant solar resources of the

country and the pressing need for effective forecasting methods to optimize solar power

generation. The chapter discusses the vulnerabilities associated with Zambia’s historical

reliance on hydropower and the limitations of traditional forecasting approaches, which

often fail to capture the dynamic nature of solar irradiance influenced by local environ-

mental factors. To address these challenges, the chapter highlights the potential of ML

as a more effective alternative to enhance forecast accuracy. The research questions fo-

cus on identifying suitable ML algorithms and evaluating their effectiveness in improving

solar irradiance forecasting. The objectives aim to identify a customized an ML model

and provide insights into energy management and policymaking. The next chapter will

explore foundational theoretical concepts related to ML, solar irradiance and forecasting

techniques. This chapter will establish the theoretical framework necessary to under-

stand the methodologies and approaches used in this research, further illuminating their

implications for Zambia’s renewable energy forecasting.
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Chapter 2

Theoretical Framework

This chapter will delve into the theoretical foundations of ML, solar irradiance and fore-

casting techniques. Understanding these foundational concepts is essential to appreciate

the methodologies and approaches employed in this thesis. By highlighting these theoret-

ical frameworks, the aim is to build a comprehensive understanding of how these elements

interconnect and contribute to the primary goal of this study.

2.1 Machine Learning Overview
ML is a subset of Artificial Intelligence (AI) that enables systems to learn from data,

identify patterns, and make decisions with minimal human intervention. ML can be

defined as the ability of a computer algorithm to improve its performance on a specific task

through experience [15]. Unlike traditional programming, where rules are explicitly coded,

ML models learn from historical data, allowing them to make predictions or decisions

based on new, unseen data. The field has gained significant traction in recent years,

driven by the proliferation of data and advancements in computational power. This

section will explore the fundamental concepts of ML. ML can be categorized into several

types of algorithms, each serving different purposes, as shown in Figure 2.1

Figure 2.1: Classification of ML algorithms

2.1.1 Supervised Learning

Supervised learning is a type of ML where the model is trained on a dataset that includes

both input features and the corresponding output labels [16]. The goal is to learn a

mapping from inputs to outputs so that the model can predict the output for new, unseen

data. To understand this, imagine you have a young child who loves playing with blocks.
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You give them a mix of blocks of different shapes, like circles, triangles, and squares, and

colors like blue, green, and red. The task is for the child to learn to separate these blocks

based on either shape or color. If the sorting is by shape, the child will group all the round

blocks together, all the triangular blocks together, and so on. But if the sorting needs

to happen based on color, then all blue blocks go in one group, green in another, and so

forth. Now, here is the question: how can the child know what ”round” or ”triangular”

shapes are? Or how can they tell the difference between ”blue” and ”green”? Without

prior knowledge, these terms mean nothing to them. This is where an adult comes in,

guiding the child by pointing to each shape and color, helping them identify and label

each feature.

In ML, the machine is like that child. To perform a sorting task, it needs a similar

kind of guidance called training data. Training data is essentially past examples of dif-

ferent objects, labeled with information about their shape or color. These labels serve as

the guide for the machine, just as an adult’s explanations serve as guidance for the child.

With enough labeled examples, the machine can start to recognize and categorize shapes

and colors accurately. When training data is provided with labels like ”round,” ”trian-

gular,” ”blue,” or ”green,” we call this supervised learning because the machine learns

under supervision, like a child being taught by an adult. Supervised learning requires a

substantial amount of labeled data, which can be time-consuming and expensive to obtain

[16]. The quality and quantity of the training data significantly affect the performance

of the model. Various algorithms are used in supervised learning, including linear regres-

sion for regression tasks, logistic regression, decision trees, support vector machines, and

neural networks for classification task [17]. Common applications of supervised learning

include classification tasks, which includes spam detection and image recognition; and

regression tasks, such as predicting house prices and stock market trends [18].

2.1.2 Unsupervised Learning

Unsupervised learning involves training a model on data that does not have labeled out-

puts. The goal is to identify underlying structures or patterns within the data without

any prior knowledge of the outcomes [19]. Unlike supervised learning, unsupervised learn-

ing does not require labeled data. This makes it particularly useful in situations where

labeling is expensive or impractical. This type of learning is commonly known as a de-

scriptive model, with the process often called pattern discovery or knowledge discovery

[17]. A notable application of unsupervised learning is in segmenting customers based on

shared characteristics. Evaluating the performance of unsupervised learning models can

be more challenging than supervised learning since there are no ground truth labels [20].

Techniques such as silhouette scores or visual inspection of clusters are often used. Unsu-

pervised learning can be used for feature extraction, where the model learns to represent

the data in a way that captures its essential characteristics, which can then be used for
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supervised learning tasks [20]. Some algorithms commonly used in unsupervised learning

include K-Means Clustering, Hierarchical Clustering, and Gaussian Mixture Models. Al-

though not commonly used directly in forecasting tasks, unsupervised techniques (e.g.,

clustering) can aid in data preprocessing by identifying structure in weather and irradi-

ance data [21].

2.1.3 Semi-Supervised Learning

Semi-supervised learning involves training a model on a dataset that contains a small

amount of labeled data and a large amount of unlabeled data. This approach leverages the

strengths of both supervised and unsupervised learning to improve model performance

[22]. The primary motivation for semi-supervised learning is the high cost and effort

associated with labeling data. By using a small labeled dataset along with a larger

unlabeled dataset, models can achieve better generalization and performance than they

would with only labeled data [23]. Various techniques are employed in semi-supervised

learning, including:

i. Self-training: The model is initially trained on the labeled data, and then it predicts

labels for the unlabeled data. The most confident predictions are added to the

training set iteratively.

ii. Co-training: Two or more models are trained in different views of the data, and

they help each other by labeling the unlabeled data.

iii. Graph-based methods: These methods use the relationships between data points

to propagate labels from labeled to unlabeled data.

Common applications include text classification, image classification, speech recognition

and natural language processing tasks.

2.1.4 Reinforcement Learning

Reinforcement Learning (RL) is a prominent area of ML that focuses on training agents

to make sequential decisions by interacting with their environment [20]. In this frame-

work, an agent learns to optimize its actions based on feedback received in the form of

rewards or penalties, thereby maximizing cumulative rewards over time. The learning

process involves a critical balance between exploration; where the agent tries new actions

to discover their effects; and exploitation, where it leverages existing knowledge to make

informed decisions. Various algorithms, such as Q-learning and policy gradient methods,

have been developed to facilitate this learning process, enabling applications across di-

verse fields including robotics, game playing, and autonomous systems [24]. Despite its

potential, reinforcement learning poses challenges such as the need for extensive inter-

action with the environment and the complexity of designing effective reward structures
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[25]. As a result, RL continues to be an active area of research, driving advancements in

intelligent decision-making systems.

2.2 Insights into Solar Irradiance
Solar irradiance is the measure of solar power per unit area that reaches a given surface. It

represents the intensity of sunlight at a particular moment, quantified in watts per square

meter (W/m²) [26]. It is often used when discussing instantaneous measurements, such as

the intensity of sunlight hitting solar panels at a particular time. Solar irradiance varies

based on factors such as the angle of the Sun, atmospheric conditions, and geographic

location [27]. This measure is crucial for solar energy applications, as it directly affects the

amount of energy that can be generated by solar panels or other solar collection devices

[28]. By accurately assessing solar irradiance, one can optimize solar system designs,

improve forecasting models for energy output, and better understand seasonal and hourly

variations in sunlight [26]. It is worth noting that solar irradiance is a component of

solar radiation. Solar irradiance consists of three components discussed in this section,

through which it can be measured. These components, discussed in the following, are

Direct Normal Irradiance (DNI), Diffuse Horizontal Irradiance (DHI), and GHI.

2.2.1 Direct Normal Irradiance

Also called beam irradiance, it is the part of the irradiance coming from the Sun that di-

rectly hits a surface without scattering [29]. It can also be represented as Beam Horizontal

Irradiance (BHI) when measured on a horizontal plane. In other words, DNI represents

the amount of radiation received per unit area on a surface perpendicular to the sun.

The primary method of measuring DNI is with an instrument called a pyrheliometer [26].

Pyrheliometers typically employ thermopile sensors at the base of a light-collimating tube

and glass window face, although they may also be constructed with another photosensi-

tive element in place of the thermopile. If direct measurements of DNI are not available,

it may be calculated via coplanar measurements of the diffuse and total radiation by

devices with a 180° field of view, which is the incident angle between the collection plane

and sun, which must also be known.

2.2.2 Diffuse Horizontal irradiance

DHI is the irradiance or radiation received by a horizontal surface that has been scattered

or diffused by the atmosphere. It is the component of GHI which does not come from the

Sun’s beam [30]. DHI is typically measured with a pyranometer; however, in this case

the direct light of the sun is blocked to remove the beam component of the radiation.

The sun may be blocked by a ball or disc, which only removes the 5° cone around the sun

and must utilize a tracker to continually shade only the sensor of the pyranometer [31].

The pyranometer may also be shaded by a horizontal or vertical shade band, the former

requiring no tracker, the latter requiring a horizontal tracker; however, shade bands are
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generally less accurate as they remove some of the diffuse light [30]. This diffuse light

should be measured and corrected by a location- and time-dependent correction factor.

2.2.3 Global Horizontal Irradiance

GHI represents the total solar energy received on a flat, horizontal surface, such as the

ground. This value accounts for both direct sunlight coming straight from the sun and

diffuse sunlight scattered by the atmosphere [32]. GHI is a key parameter for assessing

solar energy potential and is widely used in solar energy projects, weather prediction,

and climate research. The primary device used to measure GHI is a pyranometer, which

has a 180° hemispherical field of view. Pyranometers are specifically designed to capture

solar radiation on a surface, with a critical feature being their cosine response to the

angle of incoming light [31]. This means the sensor’s output is directly related to the

cosine of the angle at which sunlight strikes it. In other words, the pyranometer measures

maximum radiation when the sun is directly overhead (at a 90-degree angle), and the

recorded radiation decreases as the sun’s angle shifts away from perpendicular, following

a cosine relationship [29]. This cosine response ensures that the pyranometer delivers

precise measurements across varying sun positions and atmospheric conditions, which is

essential for reliable data in solar energy research, weather observation, and environmental

monitoring. When direct GHI measurements are unavailable, it can be calculated using

DNI and DHI using Equation 2.1.

GHI = DHI + DNI · cos(θz) (2.1)

Where:

• θz is the solar zenith angle (angle between the vertical and the sun’s position)

2.3 Forecasting Techniques
Forecasting is the process of making predictions about future events, conditions, or values

based on historical data, current trends, and underlying patterns [33]. It is a crucial tool

across various industries that allows predictions based on historical data and statistical

or computational models. From finance to weather and manufacturing to healthcare,

forecasting plays a vital role in decision-making, resource allocation, and risk manage-

ment [33]. In general, forecasting techniques can be divided into statistical methods,

ML methods, and hybrid approaches, each with unique strengths and applications. The

primary objective of forecasting is to predict future values or trends based on past ob-

servations. Accurate forecasts enable organizations and stakeholders to make informed

decisions, optimize resources, and mitigate risks [34]. For example, in energy systems,

forecasting is essential to balance supply and demand, improve grid stability, and reduce

operational costs. Key objectives of forecasting typically include:
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• Predicting future demand or supply for resource planning

• Reducing uncertainty by providing probabilistic estimates

• Supporting strategic decision-making by anticipating market changes or environ-

mental conditions

• Enhancing operational efficiency by optimizing resources based on predicted needs

The relevance of forecasting has grown as data has become more available and computa-

tional techniques have advanced, enabling increasingly complex models [34]. Forecasting

techniques differ significantly based on the type of data used, the forecast timeframe, and

the computational methods applied. They are generally grouped into qualitative and

quantitative forecasting, discussed in the following sections.

2.3.1 Qualitative Forecasting

Qualitative forecasting is a subjective forecasting approach that relies on expert opin-

ions, intuition, and experience instead of numerical data. It is particularly useful when

historical data are limited or unreliable, or when forecasting for new products, emerging

markets, or unpredictable situations [35]. Unlike quantitative methods that apply math-

ematical models to past data, qualitative forecasting uses expert judgment to predict

future trends. It is commonly applied in early-stage research, strategic planning, and

cases where data-driven forecasts are impractical [36]. While these methods lack statisti-

cal precision, they provide valuable insights, especially in areas where expert knowledge

is crucial. Some qualitative forecasting methods are discussed below.

• Delphi Method : This is a structured process where a panel of experts provides

forecasts independently. Their responses are collected, summarized, and shared

with the group in several rounds. The process continues until a consensus, or a

clear trend emerges. It helps reduce bias by keeping individual opinions anonymous

[36]

• Market Research: This method involves gathering information directly from poten-

tial customers through surveys, interviews, or focus groups [35]. It helps us under-

stand customer preferences, demand trends, and potential market shifts, which are

then used to make forecasts

• Expert Judgment : In this approach, forecasts are based on the experience, intu-

ition, and knowledge of industry experts [34]. It is useful in situations with limited

historical data or in rapidly changing environments where expert insights provide

valuable guidance
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• Scenario Analysis : This involves developing multiple plausible future scenarios

based on different assumptions (e.g., economic conditions, technology changes, pol-

icy shifts) and analyzing how these scenarios would affect outcomes [36]. It helps

organizations prepare for a range of potential futures

2.3.2 Quantitative Forecasting

Quantitative forecasting uses numerical data and mathematical models to predict future

trends. It relies on historical data and applies statistical and computational techniques

to generate forecasts [34]. This method is suitable when there is sufficient historical

data and clear patterns or relationships can be identified. There are basically two types

of Quantitative forecasting, namely Time series forecasting and Casual or Explanatory

forecasting [34].

Time Series Forecasting

Time series models are fundamental in quantitative forecasting, especially for data that

follow identifiable patterns over time. By analyzing past observations, time series meth-

ods assume these patterns such as trends, seasonal cycles, and random fluctuations,

will persist. Commonly used in time series include Moving Average (MA), exponential

smoothing and Auto-Regressive Integrated Moving Average (ARIMA). These methods

are briefly discussed below.

• Moving Averages : The MA method smooths time series data to reveal underlying

trends by averaging a set of consecutive data points. This approach, often cited

in foundational forecasting literature [37], is particularly effective in short-term

forecasting for stationary data, where data values do not trend or show seasonality.

MA can be computed using Equation 2.2.

MA =
1

n

t∑
j=t−i

Xj (2.2)

Where:

– Xi = observed value at time i

– n = number of periods in the moving average

• Simple Exponential Smoothing (SES): This improves upon the MA by assigning ex-

ponentially decreasing weights to past observations, prioritizing recent data points

[33]. SES, calculated using Equation 2.3, is often used for nontrending, nonseasonal

data, while Holt’s and Holt-Winters [38] methods extend it to accommodate trends

and seasonality.

Ft+1 = αXt + (1− α)Ft (2.3)
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Where:

– Ft+1 is the forecast for the next period,

– Xt is the observed value at time t,

– α is the smoothing constant, where 0 < α < 1; it determines the weight of

recent observations.

Higher values of increase the sensitivity of the model to recent changes, allowing

faster adaptation to changes in trends or seasonal fluctuations, which is essential in

forecasting highly variable data, such as solar irradiance [39].

• Auto-Regressive Integrated Moving Average: The ARIMA model is a flexible tech-

nique designed to handle non-stationary data by integrating three key components:

Autoregression (AR), Integration, and MA. First introduced by Box and Jenkins

[40], ARIMA models are extensively applied due to their effectiveness in capturing

intricate time series patterns, making them a popular option for forecasting tasks

like energy demand and solar irradiance forecasting [40]. ARIMA can be computed

using Equation 2.4.

Yt = δ +

p∑
i=1

ϕiYt−i +

q∑
j=1

θjεt−j + εt (2.4)

Where:

– Yt is the observed value at time t,

– δ is the constant term,

– ϕi are the AR parameters,

– θj are the MA parameters,

– εt is the error term (white noise).

Causal (Explanatory) Forecasting

Causal models are grounded in the relationship between variables, forecasting a depen-

dent variable based on changes in independent variables. In renewable energy forecasting,

for example, causal models could assess how factors like temperature, humidity, or sun-

light influence solar power output [41]. Regression analysis is a primary causal method,

offering insights into variable relationships. Common methods in Casual forecasting in-

clude Linear regression, Multiple regression and Econometric models, briefly discussed

below.

• Linear Regression: Simple linear regression analyzes the linear relationship be-

tween a dependent variable Y and a single independent variable X. This model,
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foundational in predictive analytics [42], posits that changes in X directly impact

Y, allowing forecasts based on trends in observable data. Linear regression is cal-

culated using Equation 2.5.

Y = β0 + β1X + ε (2.5)

Where:

– Y is the dependent variable (forecasted value),

– X is the independent variable (predictor),

– β0 is the intercept,

– β1 is the slope coefficient, representing the strength of the relationship between

X and Y ,

– ε is the error term.

• Multiple Linear Regressionl (MLR): When multiple factors influence the forecast

variable, multiple linear regression offers a more comprehensive approach. This

model considers several independent variables, making it well-suited for complex

systems where various environmental or operational factors interact, such as in

energy production modeling [42]. MLR is calculated using Equation 2.6

Y = β0 + β1X1 + β2X2 + · · ·+ βnXn + ε (2.6)

Where:

– X1, X2, . . . , Xn are the independent variables (predictors),

– β1, β2, . . . , βn are the corresponding regression coefficients,

– β0 is the intercept,

– ε is the error term.

• Econometric models : Econometric models are statistical tools used to forecast fu-

ture trends by analyzing the relationships between economic variables. They com-

bine economic theory with mathematical and statistical techniques to quantify how

changes in factors like income, prices, or population affect outcomes such as energy

demand or production [40]. These models are particularly useful for understanding

complex systems where multiple variables interact, making them valuable for eco-

nomic forecasting, policy analysis, and energy market predictions [43].
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2.3.3 Evaluating Forecast Accuracy

Evaluating forecast accuracy is essential for assessing the reliability and performance of

forecasting models. It helps identify the most effective models, fine-tune parameters, and

optimize methods based on measurable metrics [33]. In time-series forecasting, accuracy

evaluation ensures forecasts closely match observed values, boosting confidence in model

reliability. Accurate forecasts are particularly critical in fields like energy, finance, and

climate forecasting, where discrepancies can lead to significant economic, environmental,

or operational impacts. For example, in renewable energy forecasting, precise solar ir-

radiance forecasts are crucial for balancing power supply and demand. Various metrics

are used to evaluate forecast accuracy, each providing valuable insights into model per-

formance. Some common evaluation methods used to assess the accuracy of forecasting

models include:

• Mean Absolute Error : MAE measures the average absolute differences between

forecasted and actual values, providing a straightforward interpretation of forecast

accuracy in the same unit as the observed data. MAE is particularly useful when

the cost of errors is directly proportional to the error magnitude. MAE is calculated

using Equation 2.7.

MAE =
1

n

n∑
i=1

|yi − ŷi| (2.7)

Where:

– yi is the observed value,

– ŷi is the predicted value,

– n is the total number of observations.

MAE is easy to interpret and ideal for contexts where all forecast errors hold equal

weight. However, it does not differentiate between over- and under-predictions, nor

does it give more weight to larger errors.

• Mean Squared Error (MSE): MSE, calculated using Equation 2.8, it calculates

the average of squared differences between observed and forecasted values. By

squaring the errors, MSE emphasizes larger errors, making it particularly suitable

for applications where large deviations are more costly or significant.

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (2.8)
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Since MSE amplifies the impact of large errors, it is ideal when high accuracy is

prioritized for avoiding significant deviations. However, its value is in squared units,

which may make interpretation less intuitive for some applications.

• Root Mean Squared Error : RMSE is the square root of MSE, providing an error

measure that is interpretable in the same unit as the observed data. RMSE is

often preferred when larger errors are particularly undesirable, as it emphasizes

these deviations without the issue of squared units and can be calculated using

Equation 2.9.

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)
2 (2.9)

RMSE is particularly beneficial in applications where high error sensitivity is cru-

cial, such as solar irradiance forecasting, where slight forecasting inaccuracies can

disrupt energy production forecasts.

• Mean Absolute Percentage Error (MAPE): MAPE expresses errors as a percentage

of the actual values, making it highly interpretable and comparable across different

scales. This metric is advantageous when evaluating forecast performance across

datasets with different scales or units. MAPE is calculated using Equation 2.10.

MAPE =
100%

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (2.10)

MAPE is particularly valuable when model predictions need to be evaluated in rel-

ative terms, allowing stakeholders to understand forecast accuracy in a universally

understandable format. However, MAPE can be sensitive to extremely small or

zero actual values, potentially distorting results.

• Symmetric Mean Absolute Percentage Error (sMAPE): sMAPE) is a variation of

MAPE that addresses potential distortion in cases where observed values are near

zero. By normalizing both actual and predicted values, sMAPE provides a balanced

evaluation of over and under-predictions. sMAPE is calculated using Equation 2.11

sMAPE =
100%

n

n∑
i=1

|yi − ŷi|
(|yi|+ |ŷi|) /2

(2.11)

This metric is especially useful for datasets with values close to zero or when it is

essential to ensure that both over- and under-forecasting errors are equally penal-

ized.
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• Coefficient of Determination (R²): R² is a measure of the proportion of the variance

in the observed data that is predictable from the independent variables. It provides

an overall measure of model fit, with values ranging from 0 to 1, where values closer

to 1 indicate a better fit. R² can be calculated using Equation 2.12.

R2 = 1−
∑n

i=1 (yi − ŷi)
2∑n

i=1 (yi − ȳ)2
(2.12)

R² is particularly useful for understanding the proportion of variance explained by

the forecast model and is widely used in regression-based forecasts.

• Tracking Signal (TS): TS is used to detect bias in forecasting by comparing the

cumulative forecast error to the Mean Absolute Deviation (MAD). A TS that

falls within a range suggests an unbiased forecast, while values outside this range

indicate a need for model adjustment. TS is calculated using Equation 2.13, with

Cumulative Forecast Error (CFE) defined as the sum of all forecast errors over a

period, and it is used to assess the bias in a forecasting model.

TS =
CFE

MAD
(2.13)

TS is a useful metric in time-series forecasting, where it is crucial to ensure that

the model does not consistently over- or under-predict across time.

2.3.4 Forecasting Time Horizons

Forecasting time horizons represents the period for making predictions, influencing the

choice of techniques, data, and model complexity. These horizons are categorized into

short-term, medium-term, long-term, and ultra-long term, each serving specific opera-

tional or strategic purposes. Understanding these distinctions is essential in fields like

energy, finance, and climate science, where accurate forecasts support daily operations

and long-term planning, such as managing energy supply and demand or guiding infras-

tructure and policy decisions in renewable energy.

• Short-term Forecasting : Short-term forecasting typically covers periods ranging

from minutes to a few days. It is predominantly used in operational decision-

making where real-time or near-real-time data is available and rapid adjustments

are necessary. In energy forecasting, short-term forecasts are crucial for managing

daily load dispatch, grid stability, and real-time market trading [44]. Techniques

commonly applied include time-series models such as ARIMA and ML models that

can adapt quickly to new data patterns [45].
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• Medium-term Forecasting : Medium-term forecasting spans weeks to a few months

and is essential for tactical planning, particularly in industries such as manufac-

turing, finance, and energy, where decisions are made over several months to op-

timize processes. Medium-term forecasts help in planning for seasonal demand

shifts, scheduling maintenance, and budgeting [16]. For example, in solar energy,

medium-term forecasting can guide resource allocation during seasonal variations

[46]. Techniques used here often involve hybrid models that combine statistical

methods with ML for enhanced accuracy in the face of seasonal trends [33].

• Long-term Forecasting : Long-term forecasting encompasses periods from several

months to years, aiding in strategic planning and investment decisions. Long-term

forecasts are commonly used to inform infrastructure development, energy policy,

and climate action planning. In renewable energy, these forecasts are essential for

understanding capacity requirements and technology investments [47]. Long-term

forecasting methods frequently incorporate econometric models, deep learning ap-

proaches, and scenario-based modeling to account for structural changes in systems

over time [37].

• Ultra-long-term Forecasting : Ultra-long-term forecasting, spanning decades, is par-

ticularly relevant in fields where decisions have long-lasting impacts, such as urban

planning, climate change adaptation, and energy transition [48]. Given the high

uncertainty in such extended horizons, scenario analysis and probabilistic models

are commonly employed to explore possible future states. For example, in climate

science, ultra-long-term forecasts assess the potential impacts of various carbon re-

duction pathways [49]. These methods often require advanced simulation models

that can incorporate complex interactions among variables over time [45].

2.4 Chapter Summary
This chapter presents a comprehensive overview of the essential theoretical concepts re-

lated to ML, solar irradiance, and forecasting. It starts by laying the groundwork for

ML, exploring its various types and common applications in predictive modeling. The

chapter highlights four primary types of ML: supervised learning, unsupervised learning,

semi-supervised learning, and reinforcement learning. Next, the discussion shifts to solar

irradiance, outlining its key components. It covers different forms of solar irradiance, in-

cluding DHI, DNI, and GHI, as well as the environmental factors that impact these types.

Finally, the chapter examines the significance of forecasting and investigates various fore-

casting methods, which can be broadly categorized into two main groups: time series

methods and causal methods. Among the most prevalent time series forecasting tech-

niques mentioned are linear regression, multiple regression, and econometric models. In

contrast, common causal methods include MA, exponential smoothing, and the ARIMA.
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To assess forecast accuracy, several metrics are employed, including MAE, MSE, RMSE,

MAPE, sMAPE, R², and TS. Furthermore, forecasting is categorized based on time

horizon into short-term, medium-term, long-term, and ultra-long-term forecasts. The

next chapter reviews the literature studies conducted on the topic globally, regionally,

and specifically in Zambia. It delves into the various forecasting methods that have been

employed in solar irradiance forecasting and their accuracy. This review aims to provide a

comprehensive understanding of the progress made in the field and highlight the methods

that have proven effective in different contexts.
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Chapter 3

Literature Review

3.1 Overview
This chapter presents a review of the literature on the application of ML techniques

in solar irradiance forecasting. It begins by introducing the role and relevance of ML

in the domain, particularly in addressing the forecasting challenges posed by climate

variability. The chapter then summarizes key existing studies, highlighting commonly

used models, input characteristics, forecasting horizons, and their evaluation metrics. A

tabular synthesis is included to provide a comparative perspective. Finally, the chapter

identifies critical research gaps, especially in the Zambian context, and justifies the need

for the current study.

3.2 ML in Solar Irradiance Forecasting
ML has become an integral tool in solar irradiance forecasting due to its capacity to

learn complex nonlinear patterns from historical climate data. Unlike traditional physics-

based models, which often require extensive domain-specific knowledge and assumptions

about weather dynamics, ML models are data-driven and flexible, enabling them to

handle the uncertainty and variability inherent in solar radiation patterns, especially in

tropical regions like Zambia [50]. The application of ML in solar energy forecasting has

demonstrated significant methodological progression, with distinct advantages emerging

for specific architectural approaches. Srivastava and Lessmann [51] established a critical

benchmark in temporal forecasting through their LSTM implementation, which achieved

a remarkable 52.2% improvement over traditional methods. This study’s importance lies

in its demonstration of LSTM’s superior capacity to capture long-term dependencies in

solar irradiance patterns, particularly through its innovative use of virtual solar stations to

augment sparse observational data. The research methodology, employing rigorous RMSE

and MAE metrics across 21 geographically diverse locations, provides compelling evidence

for LSTM’s robustness in handling spatial-temporal variability. However, the study’s

limitation to point forecasts without uncertainty quantification presents an important

constraint that subsequent research would need to address.

The architectural comparison by Lara-Beńıtez et al. [52] introduces nuance to this

narrative by demonstrating that under specific operational conditions, particularly when

processing high-frequency, real-time data streams, Convolutional Neural Network (CNN)s

and Multilayer Perceptron (MLP)s may outperform LSTMs in capturing spatial patterns.

This finding fundamentally challenges the assumption of LSTM’s universal superiority,
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suggesting instead that model performance is highly contingent on the nature of in-

put data and forecasting horizon. The ADLStream framework’s innovative approach

to continuous learning represents a significant advancement in operational forecasting

systems, though the study’s focus on a single Canadian Photovoltaic (PV) plant raises

questions about geographical generalizability that mirror those identified in Kamga and

Djongyang’s [53] Cameroon-focused research.

3.2.1 Hybrid Methodologies and Optimization Techniques

Recent advancements in hybrid modeling approaches have pushed the boundaries of fore-

casting accuracy while introducing new computational complexities. El-Bakali et al.’s

[54] ensemble model exemplifies the potential of biologically-inspired optimization, with

its innovative integration of the Sine Cosine Algorithm (SCA) demonstrating statistically

significant improvements over conventional techniques. The study’s methodological rigor,

employing both Analysis of Varaince (ANOVA) and Wilcoxon’s rank-sum tests, provides

robust evidence for the value of metaheuristic optimization in solar forecasting. However,

the computational overhead of such approaches, requiring up to 40% more processing time

than standalone models, presents practical challenges for real-time implementation that

subsequent research must reconcile.

Ullah et al. [55] offer complementary insights through their LSTM-CNN hybrid ar-

chitecture, which successfully marries temporal and spatial processing capabilities. The

study’s innovative use of offline training with real-time sensor integration presents a

practical solution to the computational latency problem, though, as the authors note,

the omission of key meteorological variables like precipitation creates an accuracy ceiling

that purely data-driven approaches cannot overcome. This limitation finds resonance

in Pérez et al.’s [56] satellite-based Deep Neural Network (DNN) model, which, while

innovative in its avoidance of ground measurements, nevertheless identified Numerical

Weather Prediction (NWP) data integration as the next necessary step for accuracy im-

provement.

3.2.2 Regional Adaptations and Data Challenges

The critical issue of geographical specificity in solar forecasting models emerges as a per-

sistent theme across multiple studies. Kamga and Djongyang’s [53] ANN model achieved

exceptional accuracy (98.883% correlation) in Cameroon’s tropical climate through care-

ful architectural tuning, including the use of a logistic sigmoid activation function with 50

hidden neurons. However, the study’s frank acknowledgment of its limited transferability

to other climatic zones underscores a fundamental challenge in solar forecasting research,

the tension between model specificity and generalizability. This challenge is further com-

plicated by data availability issues, particularly in developing regions, as highlighted by

Mpfumali et al.’s [57] African-focused research.

Nielsen et al. [58] and Lago et al.[59] present contrasting approaches to this data
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challenge. While Nielsen’s IrradianceNet demonstrates the potential of satellite-derived

data to overcome ground measurement limitations, it simultaneously reveals the pitfalls

of such approaches through its identification of biases in the Surface Solar Radiation Data

Set - Heliosat (SARAH)-2.1 dataset. Lago et al.’s alternative approach of leveraging NWP

forecasts and clear-sky models presents a different tradeoff, achieving reasonable accuracy

(Relative Root Mean Square Error (rRMSE) 31.31%) without ground measurements but

showing significant performance degradation in inland areas. These studies collectively

illustrate the complex calculus required in data strategy selection for solar forecasting

applications.

3.2.3 Emerging Innovations and Persistent Gaps

The frontier of solar forecasting research demonstrates both remarkable innovation and

enduring challenges. Michael et al.’s [60] bidirectional LSTM (BiLSTM)-LSTM archi-

tecture represents a significant advance in temporal processing through its bidirectional

design, achieving near-perfect correlation (R²=0.99) by contextualizing time-series data

in both forward and backward directions. However, as the authors note, the field contin-

ues to over-rely on univariate analysis and manual hyperparameter tuning, suggesting the

need for more sophisticated multivariate approaches and automated optimization tech-

niques.

Wang and Shi [61] provide a comprehensive framework for addressing these limita-

tions through their innovative data recovery pipeline combining matrix completion and

Robust Principal Component Analysis (RPCA) denoising. Their systematic comparison

of four ANN variants offers valuable insights into architectural selection, particularly their

finding that LSTM’s temporal processing capabilities provide consistent advantages over

other ANN types in short-term forecasting scenarios. However, the study’s limitation

to GHI inputs echoes a recurring theme across the literature, the untapped potential of

incorporating additional meteorological variables to enhance model accuracy.

3.2.4 Time Series Analysis in Solar Irradiance Forecasting

Solar irradiance forecasting is inherently a time-dependent problem, as irradiance val-

ues observed at any point are influenced by preceding atmospheric conditions, seasonal

variability, and long-term climatic patterns. Time series analysis therefore forms a crit-

ical foundation for developing accurate forecasting models, particularly in regions such

as Zambia where climate variability is strongly seasonal [62]. Traditional time series

approaches, such as autoregressive models (AR, ARIMA, and Seasonal AutoRegressive

Integrated Moving Average (SARIMA)), have been widely applied in earlier studies due

to their ability to model linear temporal dependencies. However, their performance is

limited when dealing with highly nonlinear weather patterns typical of tropical climates,

where cloud movement, humidity dynamics, and rapid atmospheric transitions signifi-

cantly influence irradiance behaviour [40].
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With advances in computational intelligence, machine learning models have increas-

ingly been employed to address the nonlinear structure of solar irradiance time series.

Classical ML methods such as RF and ANN have demonstrated improved forecasting

capabilities by learning complex relationships between meteorological variables and ir-

radiance [7]. RF provides robustness to noise and performs implicit feature selection,

making it suitable for multivariate irradiance datasets. ANN models, though computa-

tionally intensive, can approximate nonlinear relationships more effectively than linear

methods. However, both models treat each time step largely independently unless his-

torical lag features are manually engineered, which may limit their representation of

long-range dependencies [7].

Deep learning models, particularly LSTM networks, have emerged as state-of-the-

art techniques for temporal forecasting due to their explicit ability to capture sequential

patterns. Unlike ANNs and RF, LSTMs are designed to retain information over long time

horizons through memory cells and gating mechanisms, making them more suitable for

solar irradiance series affected by gradual seasonal cycles, delayed atmospheric effects, and

cumulative weather interactions [63]. Studies across various climatic zones consistently

demonstrate the superiority of LSTM models in modelling irradiance when adequate

historical data are provided.

Within the context of this study, the integration of time series analysis was essential

for shaping both the methodological framework and the selection of forecasting models.

Understanding the temporal characteristics of Zambia’s irradiance and meteorological

variables informed the development of sequences for the LSTM model and guided the

incorporation of lag-based patterns in the ANN and RF models. Moreover, the monthly

resolution of the dataset aligned with long-term energy planning needs while reducing

noise from short-term atmospheric fluctuations. This synthesis of time series principles

and ML methodologies provided a robust and context-appropriate foundation for evalu-

ating irradiance forecasting models tailored to Zambia’s climatic conditions.

3.2.5 Deterministic and Probabilistic Forecasting Approaches

Forecasting methodologies for solar irradiance generally fall into two broad categories:

deterministic and probabilistic approaches. Deterministic forecasting provides a single

numerical estimate of future irradiance values, typically generated through physical, sta-

tistical, or ML models [57]. These approaches are widely used due to their computational

simplicity and ease of integration into energy planning models, but they do not explicitly

quantify the uncertainty inherent in solar resource variability [46].

In contrast, probabilistic forecasting produces a range or distribution of possible future

values, capturing the uncertainty associated with atmospheric dynamics, sensor noise,

and model imperfections [64]. Techniques such as quantile regression, Bayesian learning,

ensemble methods, and probabilistic neural networks have been applied in recent studies
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to better represent forecast uncertainty, especially in regions with highly variable cloud

patterns [35]. Probabilistic forecasts are particularly valuable for grid operators, as they

enable more robust decision-making in areas such as reserve allocation, ramp-rate man-

agement, and energy dispatch.

Although probabilistic forecasting has gained significant attention globally, determin-

istic approaches remain the most widely applied in sub-Saharan Africa due to limited

data availability and computational constraints [7]. This study follows the deterministic

forecasting paradigm but acknowledges the growing importance of probabilistic methods

for future research in solar energy forecasting for Zambia.

3.2.6 Methodological Tensions and Future Directions

The collective findings of these studies reveal several fundamental tensions in solar fore-

casting research. First, the accuracy-complexity tradeoff persists, with the most accurate

models (e.g. [54]) often requiring prohibitive computational resources for widespread op-

erational use. Second, the data specificity-generalizability dilemma remains unresolved,

as models achieving exceptional accuracy in specific locations (e.g. [53]) frequently fail to

maintain performance when applied to new regions. Third, the field continues to grapple

with uncertainty quantification, with only a minority of studies (e.g. [65]) incorporating

robust confidence estimation frameworks.

These challenges suggest several critical directions for future research. First, the devel-

opment of more efficient hybrid architectures that balance accuracy with computational

feasibility. Second, the creation of standardized benchmarking frameworks that account

for both geographical diversity and computational constraints. Third, the integration of

advanced uncertainty quantification methods to enhance the operational utility of fore-

casting systems. As the studies collectively demonstrate, while significant progress has

been made in solar forecasting accuracy, the path to robust, generalizable, and opera-

tionally practical systems remains an active area of research.

3.2.7 Key Observations

The literature reveals a consistent trend toward the use of deep learning architectures,

particularly LSTM networks and hybrid models for solar irradiance forecasting in diverse

geographic contexts. LSTM models have gained prominence due to their superior ability

to capture temporal dependencies in irradiance data, a feature particularly beneficial in

regions with high intra-day and seasonal variability such as tropical sub-Saharan Africa.

The success of such models in studies conducted across varying climates underscores their

adaptability when sufficient historical data are available.

CNN and MLPs, while traditionally favored for spatial pattern recognition, have also

shown strong performance under high-frequency or real-time conditions, suggesting their

value in short-horizon operational forecasting. Hybrid models—combining LSTM with

CNN or optimization algorithms—demonstrate improved robustness by addressing both
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Table 3.1: Summary of ML Models in Solar Energy Forecasting

Reference Problem Ad-
dressed

ML Model
Used

Methodology Key Findings Performance
Metrics

Srivastava &
Lessmann [51]

Solar energy
availability
forecasting

LSTM Remote-sensing
data from 21 loca-
tions + virtual solar
stations

LSTM outperforms
Gradient Boosting
Regression (GBR),
Feedforward neural
network (FFNN), and
Persistence model by
52.2% in accuracy

RMSE, MAE

Lara-Beńıtez et
al. [52]

Real-time solar
irradiance fore-
casting

MLP, LSTM,
CNN, Trans-
former

ADLStream frame-
work for time-series
data from a Cana-
dian PV plant

MLP/CNN adapt
better to weather
changes than
LSTM/Transformer

MAE, MAPE

El-Kenawy et
al. [54]

Solar radiation
forecasting k-Nearest

Neigh-
bors (KNN)
+ Advanced
SCA opti-
mization

Ensemble model
with SCA and
Newton’s Laws of
Motion

KNN-SCA achieves
superior accuracy over
traditional methods

RMSE, MAE,
ANOVA,
Wilcoxon’s
rank-sum test

Panamtash,
Mahdavi &
Zhou [66]

Short-term
solar irradiance
forecasting

Hybrid
LSTM-CNN

Offline training +
real-time environ-
mental sensor data

LSTM outperforms
others in online set-
tings

RMSE

Kamga &
Djongyang [53]

PV system
planning

ANN (Sig-
moid, 50
hidden neu-
rons)

Meteorological data
(solar irradiance,
temp, wind speed,
humidity, pressure)

ANN achieves
98.883% correla-
tion with observed
irradiance

MSE, R²

Nielsen et al.
[58]

Short-term irra-
diance forecast-
ing

IrradianceNet Satellite-derived
data + cloud dy-
namics

Outperforms TV-
L1 Optical Flow
and ECMWF Re-
Analysis 5th Gen-
eration (ERA5)
reanalysis

Validation
against
Baseline
Surface Ra-
diation Net-
work (BSRN)

Pérez et al.[56] Intra-day solar
irradiance fore-
casting

DNN (CNN +
dense layers)

Pyranometer +
satellite GHI data,
grid search opti-
mization

State-of-the-art
performance vs. tra-
ditional methods

rRMSE, MAE

Lago et al. [59] Short-term irra-
diance forecast-
ing

DNN NWP forecasts,
satellite images,
clear-sky irradiance
(30 sites in Nether-
lands)

rRMSE of 31.31%,
comparable to local
models

rRMSE

Michael et al.
[60]

Solar forecast-
ing

BiLSTM/LSTM
hybrid

Real-world data
from Sweihan
PV plant (Abu
Dhabi) + National
Renewable Energy
Laboratory (NREL)
historical data

R² = 0.99 for univari-
ate/multivariate data

MAE, RMSE,
MAPE
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temporal and spatial complexities, though often at the cost of increased computational

demand.

Geographical location plays a pivotal role in model selection and performance. Studies

from tropical regions such as Cameroon and Zambia highlight the importance of model

tuning and input feature selection to capture local climatic behaviors. Notably, the lack

of reliable ground-based irradiance data in such regions has pushed researchers toward

satellite-derived inputs and data recovery strategies. While these alternatives offer scal-

ability, they introduce uncertainties that need to be carefully managed through model

design and validation.

Another key observation is the persistent trade-off between model accuracy and op-

erational feasibility. Highly accurate models, often ensemble or deep hybrid variants,

are typically more resource-intensive, which limits their scalability in data-constrained

and resource-limited settings common in the Global South. Furthermore, many models

still omit critical meteorological variables or fail to incorporate uncertainty quantifica-

tion—both of which are essential for real-world application in energy planning and grid

management.

In sum, while no single model architecture universally outperforms others, the litera-

ture suggests that LSTM-based and hybrid approaches currently offer the best balance of

accuracy and adaptability for solar forecasting in geographically diverse and data-sparse

regions like Zambia. Future research should continue to optimize these architectures for

computational efficiency and extend their applicability through robust validation across

varying climatic zones.

3.3 Gaps in Existing Research
Despite extensive research in solar irradiance forecasting, several gaps persist, particularly

in the context of Zambia and similar regions. The limited use of advanced deep learning

models in Zambia remains a significant research gap, even though methods such as LSTM

and Transformer models have shown promise globally. Furthermore, most existing studies

rely on global or regional data that may not reflect Zambia’s specific weather patterns,

limiting model optimization for this environment. Another gap is the underutilization of

hybrid model implementations, which have been proven effective in enhancing accuracy

but are yet to be widely explored in Zambia’s forecasting research. Additionally, mini-

mal exploration of feature engineering techniques has resulted in missed opportunities to

improve model performance. Limited studies have focused on identifying optimal feature

combinations suited to Zambia’s climatic conditions. Finally, most existing research em-

phasizes short-term forecasts, with minimal focus on medium- to long-term forecasting

strategies for grid management and energy planning in Zambia. Addressing these gaps

presents an opportunity to improve forecasting accuracy, particularly by integrating ad-

vanced deep learning models with localized data and feature engineering techniques.
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3.4 Chapter Summary
This chapter has systematically reviewed the application of ML techniques in solar energy

forecasting, highlighting the predominance of ANNs, LSTM networks, RF algorithms, and

hybrid architectures. LSTM models were shown to be particularly effective for captur-

ing temporal dependencies in short-term forecasting, while ANNs, especially MLP and

Radial Basis Function (RBF) variants—proved robust in modeling nonlinear relation-

ships between meteorological inputs and solar irradiance. RF algorithms were valuable

for feature selection and ensemble learning due to their resistance to overfitting and abil-

ity to manage high-dimensional data. Notably, hybrid models that integrate the spatial

capabilities of ANNs with the sequential learning strengths of LSTMs achieved superior

performance in spatiotemporal forecasting tasks.

Despite these advances, the review revealed several persistent challenges: limited

data availability in developing regions, the high computational demands of deep learning

models, and a general lack of attention to uncertainty quantification. These gaps inform

the direction of the next chapter, which introduces a methodological framework tailored

to address these issues.

Building on the insights gained, the next chapter outlines the proposed forecasting

model, detailing the chosen algorithms, data preprocessing strategies, and evaluation

metrics. The methodology emphasizes improving generalizability and computational ef-

ficiency, offering a structured approach to enhance solar irradiance forecasting accuracy

while ensuring practical applicability across diverse geographic and climatic contexts.
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Chapter 4

Research Methodology

4.1 Overview
This chapter outlines the methodological steps followed to evaluate and compare three

ML models for forecasting GHI in Zambia. The process involved data acquisition, pre-

processing, feature selection, model implementation, and performance evaluation. The

models considered in this study, LSTM, RF, and ANN, were selected based on insights

and deductions from the systematic literature review conducted in Chapter 3.

The methodology adopted a structured approach, beginning with Exploratory Data

Analysis (EDA) to identify fundamental patterns, data distributions, and potential anoma-

lies in the climate variables. This was followed by a two-stage feature selection process:

first, VIF analysis was applied to detect and eliminate multicollinearity predictors, en-

suring model stability by removing redundant variables that could distort coefficient es-

timates. Subsequently, LASSO regression further refined the feature set by applying L1

regularization. This technique not only isolated the most statistically significant predic-

tors, but also improved model generalizability by automatically shrinking less important

coefficients to zero. The final phase implemented three complementary machine learning

models: ANN to capture complex nonlinear relationships, RF for robust handling of fea-

ture interactions, and LSTM networks to model temporal dependencies in the time-series

data.

The review highlighted these three models as the most widely applied, consistently

high-performing, and well-suited for solar irradiance forecasting across global, regional,

and African contexts. Their demonstrated ability to capture non-linear relationships

(ANN, RF) and temporal dependencies (LSTM) provided a strong rationale for their in-

clusion in this study, particularly given Zambia’s variable climatic conditions. Therefore,

the methodological framework adopted here built directly on the evidence generated from

the literature, ensuring that the selected models aligned with established research trends

and were appropriate for Zambia’s forecasting needs.

4.2 Design Science Methodology
DSR is a problem-solving methodology that involves the iterative creation and evaluation

of artifacts to address specific challenges. For this study, the artifact was a ML model

capable of forecasting solar irradiance under Zambia’s unique climatic conditions. This

methodology ensured a systematic approach, balancing innovation with rigorous evalua-

tion, and aligning research outcomes with the needs of Zambia’s renewable energy sector.
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DSR flow and applicability to this study are shown in Table 4.1.

In line with DSR principles, the study began by identifying the critical gap in accu-

rate local forecasting tools, especially given the growing integration of solar energy in the

region’s power mix. To address this, three ML models, mentioned in Section 4.1, were se-

lected and developed as forecasting artifacts. The design and development phase involved

training these models using a curated dataset comprising key meteorological parameters

over a ten-year period. Their demonstration and evaluation were conducted using per-

formance metrics to establish the most suitable model for Zambia’s solar forecasting

needs. Finally, the methodology, results, and implications were thoroughly documented,

ensuring effective communication of contributions to both academic and professional au-

diences. By aligning with the DSR framework, the study ensured methodological rigor

while producing practical outcomes for sustainable energy planning.

Table 4.1: Adaptation of the DSR Methodology to Solar Irradiance Forecasting

DSR Step Description Application to This Study

Problem Identifi-
cation

Define the real-world
problem and its impor-
tance.

Limited solar irradiance forecasting
research in Zambia despite rising re-
liance on solar energy.

Define Objectives Establish criteria for a
successful solution.

Identify suitable ML model (ANN,
RF, or LSTM) based on perfor-
mance (RMSE, MAE, R²).

Design and Devel-
opment

Develop artifact(s) to
solve the problem.

Develop and train LSTM, RF, and
ANN models using selected climate
data.

Demonstration Use artifact to show
problem solution.

Apply models on historical Zambian
climate data to forecast GHI and
demonstrate functionality.

Evaluation Assess artifact perfor-
mance against criteria.

Evaluate models using MAE,
RMSE, and R² to compare predic-
tive performance.

Communication Document and share re-
search findings.

Present methodology, results, and
analysis in thesis and academic pub-
lications.

4.3 Study Location
The study focused on Lusaka, located at approximately -15.3875° latitude and 28.3228°
longitude. The rainy season, lasting from November to April, is marked by heavy rainfall,

high humidity, and cooler temperatures, with monthly average maximum temperatures

ranging from 22°C to 30°C. In contrast, the dry season, from May to October, are dom-

inated by clear skies, low humidity, and higher temperatures, with monthly averages

ranging from 25°C to 32°C, peaking in September and October. Seasonal variations sig-

nificantly affect meteorological parameters such as relative humidity, precipitation, and
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wind speed, which directly influenced solar irradiance patterns. Lusaka receives an aver-

age solar irradiance of 5.5–6.0 kWh/m²/day, with higher values typically observed during

the dry season due to reduced cloud cover.

4.4 Data Collection and Preprocessing

4.4.1 Data Collection

The study used historical weather data spanning ten years (2013–2023), primarily ob-

tained from the Zambia ZMD to ensure that the analysis reflects local climatic conditions.

Key meteorological variables sourced from ZMD include temperature, relative humidity,

precipitation, and wind speed. Since ZMD does not maintain a historical archive of

GHI data, the needed data was obtained from the JRC PVGIS. Monthly resolution was

adopted based on data availability from the ZMD and PVGIS, and to ensure that the

models capture seasonal variations and trends relevant for medium- to long-term solar

energy planning in Zambia

The selection of the five meteorological parameters, GHI, temperature, relative hu-

midity, precipitation, and wind speed, was guided by a combination of domain knowledge,

evidence from the reviewed literature, and preliminary statistical assessment. An exten-

sive review of global and regional studies showed that these variables are the most influ-

ential atmospheric factors affecting solar irradiance in tropical and subtropical climates.

This literature foundation was followed by exploratory data analysis, which confirmed

the physical and statistical relevance of the selected variables before model development.

The focus on Zambia-specific meteorological data ensured that the ML models were

trained on information representative of local climatic behavior, thereby improving the

relevance and reliability of the forecasting framework for national energy planning. The

inclusion of global datasets served only to augment and validate missing local records,

without altering the objective of the study for developing a forecasting approach grounded

in unique environmental conditions of Zambia.

The key parameters collected for the study included:

• Precipitation – captured rainfall trends that may indirectly influence irradiance

variability through cloud formation.

• Temperature – a critical input due to its direct relationship with atmospheric clarity

and solar radiation transmission.

• Wind Speed – initially included for its role in cloud movement and atmospheric

mixing, although later excluded from modeling due to limited data quality and

weak statistical significance.

• Relative Humidity – influenced cloud formation, scattering, and absorption pro-

cesses affecting irradiance.
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• GHI – the target variable representing the total solar radiation received on a hori-

zontal surface.

All collected data underwent preliminary validation to check for consistency, complete-

ness, and outlier values. Observations with significant gaps or unrealistic measurements

were either cleaned or omitted, and where feasible, missing values were imputed using

statistical methods. The resulting dataset provided a reliable basis for subsequent feature

selection, model training, and evaluation.

4.4.2 Exploratory Data Analysis

EDA was conducted to gain preliminary insights into the structure, quality, and inter-

relationships within the dataset. Summary statistics such as mean, median, standard

deviation, and range were computed for each variable to understand their central tenden-

cies and variability. Time-series plots were generated to examine temporal patterns and

seasonal trends in GHI and the associated climatic parameters. Correlation analysis was

performed to assess the linear relationships between GHI and its predictors. Boxplots and

histograms were employed to detect outliers and assess the distribution of variables. The

insights gained from EDA informed data preprocessing steps such as cleaning, normal-

ization, and feature selection, ensuring the dataset was suitable for robust model training

and evaluation.

4.4.3 Data Preprocessing

Data preprocessing was performed to clean and prepare the dataset for modeling. Missing

values were identified and handled using linear interpolation, while outliers were detected

through statistical analysis and visual inspection, and either removed or adjusted based

on their influence. The input variables were normalized using min-max scaling to ensure

all features were within the same range.

Subsequently, the dataset was split into training, validation, and testing sets using a

70:15:15 ratio. The training set (70%) was used to train the models, the validation set

(15%) was employed to monitor model performance and guide hyperparameter tuning

(including early stopping for LSTM models), and the testing set (15%) was reserved for

independent evaluation of the final model’s forecasting accuracy.

4.4.4 Data cleaning and imputation

The dataset utilized in this study consisted of 132 monthly observations covering five

climate variables: precipitation, wind speed, temperature, GHI, and humidity. An initial

assessment of data completeness revealed missing values in two variables: Precipitation

had one missing observation (< 1%), while wind speed exhibited substantial missingness,

with 62 observations absent (approximately 49%). Temperature, GHI, and humidity were

complete and did not require any imputation. The single missing value for precipitation

was addressed through linear interpolation, a method deemed appropriate due to the
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presence of pronounced seasonal trends, as confirmed through time series visualization,

and the minimal extent of missingness, which posed negligible risk of bias. The accuracy

of the imputed value was validated by comparing it with a three-month moving average,

yielding a deviation of less than 5%.

In contrast, wind speed was excluded from the final modeling process due to the high

proportion of missing values, which rendered imputation approaches unreliable. Multi-

ple imputation, conducted via JMP’s multivariate imputation tools, resulted in inflated

and unrealistic variance, while k-nearest neighbors imputation failed due to a lack of

sufficiently close temporal neighbors based on Euclidean distance. A sensitivity analysis

comparing model performance with and without wind speed further supported this ex-

clusion, indicating a non-significant difference in predictive accuracy (RMSE difference

< 3%; p = 0.47, paired t-test). Consequently, wind speed was omitted from the final

dataset used for modeling to preserve the integrity and robustness of the analysis.

Outlier detection for the remaining variables was performed using Tukey’s fences,

with outliers examined for physiological plausibility. All identified extremes, such as

elevated temperature readings during summer months, were retained based on their con-

sistency with expected seasonal patterns. Furthermore, cross-variable consistency checks

were conducted to ensure physical plausibility. In particular, a negative association was

observed between humidity and precipitation, as well as a strong positive correlation

between GHI temperature (Pearson’s r = 0.72), which aligned with established climato-

logical relationships. The validation metrics are summarized in Table 4.2

Table 4.2: Variable validation metrics summary

Variable Treatment Validation Method Key Metric

Temperature Retained as-is Outlier box plots 0 outliers flagged
GHI Retained as-is Correlation with Temperature r = 0.72
Precipitation Linear interpolation 3-month moving average Deviation: 4.7%
Wind Speed Excluded Model comparison (RMSE, R²) RMSE = 0.03; p = 0.47

The final preparation of the data set was carried out using the JMP subset tools.

Two data sets were generated: the primary dataset, which excluded wind speed and was

used for model development, and a supplementary dataset, which retained wind speed for

the purpose of sensitivity analysis. This structured data preprocessing ensured that the

modeling phase was grounded in methodologically sound and statistically robust input

data.

4.5 Feature Selection
To improve the accuracy of the model and reduce the complexity, feature selection was

carried out in two stages. First, multicollinearity among the input features was assessed

using the VIF, and variables with high collinearity were flagged. Second, LASSO regres-
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sion was applied as a regularization technique to further shrink less relevant features.

LASSO not only penalized the magnitude of coefficients but also performed automatic

variable selection, effectively eliminating inputs with minimal contribution to model per-

formance.

4.6 Model Development
Three ML models LSTM, RF and ANN were developed to forecast GHI using predictor

variables obtained from feature selection. Figure 4.1 summarizes the model training

process for the three ML models adopted from this study.

Figure 4.1: Model training process

4.6.1 ML Models

• LSTM Model

The LSTM model, a type of Recurrent Neural Network (RNN), was implemented

to account for the sequential structure of the data, with LSTM units selected for

their ability to capture long-term temporal dependencies in time-series forecasting

tasks. The dataset was reshaped into input sequences suitable for LSTM process-

ing, and the model architecture consisted of a single LSTM layer followed by a

dense output layer. The model was trained for 100 epochs, a choice informed by

preliminary experimentation in which multiple epoch settings (50, 75, 100, and 150)

were tested. The 100-epoch configuration consistently provided the best balance

between training convergence and computational efficiency. Fewer epochs resulted

in underfitting, while significantly higher epoch counts led to diminishing perfor-

mance gains. To further prevent overfitting, early stopping was applied based on
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validation loss, ensuring that the effective number of training iterations was gov-

erned by the model’s generalisation behaviour rather than the maximum epoch

limit. Performance was continuously monitored using a dedicated validation set.

• RF Model

The RF model was selected due to its ensemble nature, robustness to noise, and re-

sistance to overfitting. It builds multiple decision trees during training and outputs

the mean forecasting of the individual trees. The model was trained using the caret

package in R, with cross-validation applied to fine-tune hyperparameters such as

the number of trees (ntree) and the number of variables tried at each split (mtry).

RF did not require data normalization and was capable of handling nonlinear rela-

tionships and interactions between variables, making it suitable for this forecasting

task.

• ANN Model

The ANN model was developed using the neuralnet package in R, configured as

a feedforward multilayer perceptron. The network architecture included an input

layer with two neurons, one or more hidden layers with varying numbers of neurons

(optimized through experimentation), and a single output neuron to predict GHI.

The backpropagation algorithm was used for training, and a logistic activation

function was employed in the hidden layers. As with LSTM, the input data was

normalized to improve the learning performance.

4.6.2 Hyperparameter Tuning

Hyperparameter tuning was systematically performed for each model to optimize fore-

casting performance. For the LSTM model, the number of epochs (100), batch size, and

the number of neurons in the hidden layer were selected through iterative experimen-

tation, guided by validation set performance and early stopping to prevent overfitting.

For the ANN model, the number of hidden layers, neurons per layer, learning rate, and

activation functions were tuned using grid search combined with cross-validation. The

Random Forest model’s hyperparameters, including the number of trees and maximum

depth, were optimized using a combination of grid search and out-of-bag error assess-

ment.

Overfitting was mitigated by early stopping for deep learning models, using separate

validation sets, and maintaining a strict training-validation-testing split (70:15:15) to

ensure model generalizability. To preserve the chronological integrity of the time-series

data, sequences were constructed in temporal order, ensuring that each training input

corresponded to the correct preceding observations. Analysis of residuals indicated that

the primary contributors to forecast error were variability in humidity and precipitation,
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which introduce intermittency in solar irradiance, particularly during wet seasons. This

approach ensured that model forecasts remained robust, temporally consistent, and phys-

ically meaningful for Zambia-specific solar forecasting applications.

4.6.3 Integration of Zambia-Specific Variables

To ensure contextual relevance, this study incorporated climate data variables that specif-

ically reflected the weather conditions of Zambia. The variables considered included the

weather parameters highlighted in 4.4.1, which were critical in capturing the dynamics

of solar radiation in a tropical setting. Moreover, their inclusion improved the per-

formance of ML models by allowing them to learn unique patterns for the climate of

Zambia. This integration step served as the foundation for training the selected models

under Zambian environmental conditions, ultimately contributing to more accurate and

regionally-adapted solar forecasting outcomes.

4.6.4 Technical Requirements for Implementation

To ensure contextual relevance, this study incorporated climate data variables that specif-

ically reflected the weather conditions of Zambia. The variables considered included the

weather parameters highlighted in 4.4.1, which were critical in capturing the dynamics

of solar radiation in a tropical setting. Moreover, their inclusion improved the per-

formance of ML models by allowing them to learn unique patterns for the climate of

Zambia. This integration step served as the foundation for training the selected models

under Zambian environmental conditions, ultimately contributing to more accurate and

regionally-adapted solar forecasting outcomes.

4.6.5 Customization of Model Parameters

The selected model was optimized to improve accuracy and generalization. The tuning

process included:

• Hyperparameter Optimization: A Bayesian optimization method was used to tune

model parameters such as learning rate, number of neurons (for ANN) and number

of trees (for RF).

• Feature Engineering and Lagged Variables: The model was structured to capture

time-dependent relationships by incorporating lagged features.

• Cross-Validation for Robustness: The dataset was divided into training (80%) and

testing (20%) sets to prevent overfitting. K-Fold cross-validation was used to eval-

uate the performance of the model across different subsets of data.

4.6.6 Risks and Challenges During Development

Several risks may arise during the model development process. Table 4.3 presents the

risks and mitigations measures to be adopted during the development stage.
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Table 4.3: Risks and Mitigation Strategies During Model Development

SN Risk Mitigation Strategy

1 Data quality and availabil-
ity

Data will be sourced from multiple
trusted meteorological stations, and in-
terpolation techniques will be applied
for missing data.

2 Poor overfitting and gener-
alization

The use of cross-validation, regular-
ization methods (e.g., LASSO), and
dropout layers in deep learning mod-
els will help prevent overfitting.

3 Computational constraints Training machine learning models can
be resource intensive. Leveraging cloud
services for high-performance comput-
ing will mitigate this risk.

4 Model interpretability To improve model transparency, tech-
niques such as SHapley Additive exPla-
nations (SHAP) will be used to visual-
ize feature importance and understand
model decisions.

5 Deployment challenges Ensuring model performance in real-
world conditions may require adjust-
ments. Continuous model monitor-
ing and periodic retraining will be im-
plemented to maintain accuracy over
time.

4.7 Performance Evaluation
The performance of the forecasting models was evaluated using three widely accepted

statistical metrics: RMSE, MAE, and the coefficient of determination (R²). These metrics

were chosen because they are standard in solar irradiance forecasting literature, provide

complementary insights into forecasting errors, and allow straightforward comparison

across models. RMSE was used to quantify the average magnitude of the forecasting

error, giving higher weight to larger errors. MAE measured the average absolute difference

between observed and forecasted values, providing an interpretable measure of overall

forecasting accuracy. R² indicated the proportion of variance in the observed GHI values

that was explained by the model, thereby reflecting its goodness-of-fit. The model with

the best combination of low RMSE and MAE, and high R², was considered the most

suitable for the forecasting of solar irradiance under the climatic conditions of Zambia.

This evaluation process guided the selection of the optimal model among LSTM, RF, and

ANN.
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4.8 Reproducibility
All modeling procedures were implemented in RStudio, and the complete R scripts for

the models were provided in the Appendix. These scripts included data loading, prepro-

cessing, feature selection, model training, and evaluation code to ensure the study could

be replicated and extended by future researchers.

4.9 Chapter Summary
This chapter outlined the methodology for developing a ML model tailored for solar ir-

radiance forecasting in Zambia, utilizing the DSR methodology. This iterative approach

involved identifying the shortcomings of existing forecasting methods and defining the

model’s requirements, such as accuracy and robustness. The model was adapted to in-

corporate Zambia-specific meteorological variables to improve its forecasting capabilities

in the tropical savanna climate of Zambia, with Lusaka being the study location. Data

collection focused on ten years of historical weather data from ZMDs and solar irradiance

data from the JRC PVGIS. The preprocessing of these data ensured their completeness

and cleanliness to facilitate effective analysis. Overall, this structured strategy aimed to

create a practical forecasting tool that addressed unique climatic challenges in Zambia,

ultimately contributing to the country’s renewable energy initiatives.

The next chapter implements the methodology outlined here, focusing on the devel-

opment and application of the ML models highlighted in this chapter. It details the steps

taken to train and validate the models using the collected data, as well as the techniques

employed for parameter optimization and performance evaluation. This chapter also

presents the results of the models’ forecasting accuracy, including various performance

metrics such as RMSE, R², and MAE discussed in Chapter 3. Furthermore, the analysis

highlights how well the models adapt to seasonal variations in solar irradiance and their

overall effectiveness in real-world scenarios.

39



Chapter 5

Results and Discussion

5.1 Introduction
This chapter presents a comprehensive analysis of meteorological data collected between

2013 and 2023, with the primary objective of identifying a forecasting model for solar ir-

radiance, specifically GHI. The study seeks to determine how ML can leverage historical

climate data to predict GHI, and which meteorological variables most significantly influ-

ence its variability. The dataset combines ground observations from the ZMD, including

temperature, humidity, precipitation, and wind speed, with GHI measurements sourced

from JRC PVGIS to ensure robust spatial and temporal coverage.

5.2 Exploratory Data Analysis
EDA of the meteorological dataset employed both statistical and visual techniques to as-

sess data quality and reveal patterns. Statistical methods included descriptive statistics

(mean, median, standard deviation) to characterize central tendencies, temporal aggre-

gation to identify cyclical patterns, correlation analysis (Pearson’s r) to quantify variable

relationships, and missing data analysis. Visual techniques comprised time-series decom-

position plots to separate trend and seasonal components, scatterplot matrices to examine

variable relationships, boxplots for outlier detection, and distribution plots (histograms,

Q-Q plots) to assess normality. This multifaceted approach revealed key insights including

distinct wet/dry season GHI variations and preliminary relationships between meteoro-

logical variables (temperature, humidity, precipitation, and wind speed) and GHI, while

identifying data gaps and anomalies that informed subsequent imputation strategies and

modeling decisions.

5.2.1 Descriptive Statistics and Distributional Characteristics

Descriptive statistics provide a foundational understanding of the structure and spread

of the dataset used in this study. Histograms were utilized to assess the distributional

characteristics of each climatic variable. These visualizations revealed the frequency and

spread of values, highlighting skewness, modality, and the presence of outliers.

As shown in Figure 5.1a, GHI exhibited moderate right skewness, reflecting frequent

low irradiance values with occasional high extremes during dry seasons. This suggests

potential benefits of log transformation for parametric analyses. Humidity was left-skewed

(Figure 5.1b), indicating frequent high-humidity conditions typical of wet seasons and

suggesting the suitability of non-linear models such as gamma regression. Precipitation
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showed heavy right skewness with significant zero-inflation, as shown in Figure 5.1c,

warranting specialized count models like zero-inflated or hurdle models to address the

abundance of dry months and rare high-rainfall events.

Temperature followed an approximately normal distribution, as shown in Figure 5.1d,

supporting the use of parametric methods without transformation. Wind speed was

symmetrically distributed with low variability, shown in Figure 5.1e, suggesting limited

predictive utility and supporting its exclusion from the final model. These findings are

illustrated collectively in Figure 5.1.

(a) Histogram of GHI (b) Histogram of humidity

(c) Histogram of precipitation (d) Histogram of temperature

(e) Histogram of wind speed

Figure 5.1: Histograms of variables

Table 5.1 summarizes the descriptive statistics for the key meteorological variables
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considered in this study, including Temperature, GHI, Humidity, Precipitation, and Wind

Speed. The table provides measures of central tendency and dispersion, such as the

mean, standard deviation, minimum, and maximum values, offering an overview of the

characteristics of the dataset.

The average temperature over 2013–2023 was 20.58°C, with a standard deviation

of 2.81°C, indicating moderate climatic stability. The median of 20.9°C, along with

minimum and maximum values of 14.8°C and 26.3°C, respectively, confirms the narrow

operational range. The interquartile range (Q1 = 18.7°C, Q3 = 22.3°C) further indicates
that most monthly temperatures fell within this band.

For GHI, the mean was 179.35 W/m² with a standard deviation of 23.60 W/m²,
reflecting moderate variability ( 13% of the mean). The close alignment between mean

and median (178.13 W/m²) and the symmetric interquartile range (158.66–197.48 W/m²)
indicate a well-balanced distribution without significant skewness. The operational range

(128.19–231.31 W/m²) demonstrates consistent solar availability, with minimum values

still sufficient for energy generation and no extreme outliers.

Relative humidity had a mean of 58.56% and moderate variability (SD = 18.21%).

Observations ranged from 29.31% to 88.64%, with the median slightly below the mean

(55.63%), reflecting right skewness. Most observations cluster between 40–75%, with

occasional periods of very high humidity, corresponding to seasonal rainfall patterns.

These conditions are important for solar panel efficiency, as higher humidity can reduce

GHI via increased atmospheric absorption and cloud formation.

Precipitation showed the highest dispersion among predictors, with a mean of 66.94

mm and a standard deviation of 103.78 mm. The minimum was 0 mm and the maximum

569.6 mm, indicating extreme rainfall events. The median of 5.4 mm and Q1 = 0 mm

confirm the dominance of dry months. The strongly right-skewed distribution underscores

the seasonal contrast in rainfall.

Wind speed data, with only 67 valid entries, showed a mean of 4.64 m/s and low

variability (SD = 1.49 m/s), suggesting consistent airflow without extreme fluctuations.

The near-symmetric distribution (median = 4.8 m/s) and narrow interquartile range

(3.8–5.8 m/s) indicate that most observations fall within a moderate range. While wind

can improve panel efficiency via cooling effects, the limited dataset cautions against over-

generalization, as it may not capture all seasonal or anomalous patterns.
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Table 5.1: Descriptive Statistics for Climate Variables

Variable N N* Mean SE Mean StDev Min Q1 Median Q3 Max

Temperature 132 0 20.58 0.245 2.81 14.80 18.70 20.90 22.30 26.30
GHI 132 0 179.35 2.05 23.60 128.19 158.66 178.13 197.48 231.31
Humidity 132 0 58.56 1.59 18.21 29.31 42.50 55.63 74.47 88.64
Precipitation 131 1 66.94 9.07 103.78 0.00 0.00 5.40 105.90 569.60
Wind Speed 67 62 4.64 0.18 1.49 0.00 3.80 4.80 5.80 6.70

5.2.2 Variable Distributions

The boxplots in Figure 5.2 reveal distinct temporal patterns in key climatic variables

over the period under review. Figure 5.2a shows generally consistent median GHI values

(around 180 W/m²). However, 2017 exhibits a notable depression in both median and

lower quartile, with compressed lower whiskers suggesting increased low-irradiance events.

This pattern temporally correlates with elevated humidity observed in Figure 5.2b.

Humidity data maintain persistently high medians (greater than 60%), with a slight

post-2020 reduction in the width of the interquartile range. A pronounced 2017 outlier

shows both higher median and dispersion, directly corresponding to the GHI reduction

in the same year.

Precipitation emerges as the most volatile parameter, as illustrated in Figure 5.2c.

Wide interquartile ranges and frequent outliers, particularly in 2018 and 2022, indicate

erratic heavy rainfall events that transiently reduce irradiance through cloud obstruction.

Figure 5.2d highlights the remarkable stability of temperature, with medians consis-

tently ranging between 21–22°C and symmetrical whiskers that indicate minimal interan-

nual variability. Such stability is favorable for solar energy systems, reducing one source

of uncertainty in forecasting.

Collectively, these distributions establish a hierarchy for solar irradiance forecasting:

temperature’s stability makes it less relevant for variability modeling, humidity serves as

a secondary modulator, and precipitation emerges as the dominant source of intermit-

tency. The 2017 case study particularly demonstrates how concurrent humidity peaks

and precipitation extremes can significantly depress solar resource availability.
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(a) Boxplot of GHI (b) Boxplot of humidity

(c) Boxplot of precipitation (d) Boxplot of temperature

Figure 5.2: Boxplots of climate variables showing distribution characteristics

5.2.3 Climate Variable Relationships

Figure 5.3a shows an inverse logarithmic relationship as GHI maintains peak values (200-

220 W/m²) below 60% humidity but decreases rapidly to 100-120 W/m² at 80-90%

humidity, demonstrating how atmospheric moisture content progressively diminishes solar

transmission through both absorption and cloud formation mechanisms.

Figure 5.3b demonstrates the relationship between GHI and precipitation, showing an

exponential decline in irradiance with increasing rainfall. GHI values remain consistently

high (180-220 W/m²) at zero precipitation but drop sharply with even minimal rainfall

(50-100 mm), eventually stabilizing at 60-80 W/m² during heavy precipitation events.

This pattern clearly illustrates how cloud cover associated with rainfall acts as the primary

attenuator of solar irradiance.

Figure 5.3c reveals a positive linear trend between GHI and temperature, where GHI

increases steadily from 150 W/m² at 18°C to 210 W/m² at 24°C, reflecting the tendency

for clearer skies during warmer periods. However, the presence of moderate scatter indi-

cates that temperature alone cannot fully explain the variability of the irradiance.

44



(a) Scatterplot of GHI vs humidity (b) Scatterplot of GHI vs precipitation

(c) Scatterplot GHI vs temperature

Figure 5.3: Scatterplots of GHI vs weather variables

5.2.4 Temporal and Seasonal Trends

Figure 5.4 illustrates an inverse logarithmic relationship between GHI and humidity.

GHI maintains peak values (200–220 W/m²) when humidity is below 60%, but decreases

sharply to 100–120 W/m² at 80–90% humidity. This pattern demonstrates how increasing

atmospheric moisture progressively diminishes solar transmission through absorption and

cloud formation mechanisms.

The GHI time series in Figure 5.4a presents a comprehensive decadal analysis of

Zambia’s key climatic variables. Marked seasonal periodicity is evident, with consistent

annual maxima ( 220W/m²) occurring during the dry season (May–October) and minima

( 120 W/m²) in the wet season (November–April).

This seasonal pattern aligns closely with temperature variations shown in Figure 5.4d,

where peak GHI values consistently coincide with temperature maxima (24–25°C), indi-
cating near-perfect phase synchronization.

The inverse relationship is also observed when comparing GHI with humidity (Fig-

ure 5.4b) and precipitation (Figure 5.4c). GHI troughs align precisely with humidity

peaks above 80% and precipitation events exceeding 200 mm, highlighting the dominant

impact of atmospheric moisture and rainfall on solar irradiance levels.

The plots reveal three orders of temporal variability:
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• Seasonal Cycles : The dominant pattern shows that GHI and temperature peak dur-

ing austral winter (June–August) when the Intertropical Convergence Zone (ITCZ)

migrates northward, reducing cloud cover. Concurrently, humidity and precipi-

tation reach their zenith during summer months (December–March) as the ITCZ

returns.

• Interannual Variability : Particularly notable in Figure 5.4a is the 0.5% annual

GHI reduction (2013–2023), correlating with Figure 5.4b’s 2.3% yearly humidity

increase. This suggests a gradual shift of the climate towards more humid condi-

tions, potentially linked to regional deforestation or changing rainfall patterns.

• Sub-seasonal Fluctuations : The 10–15 day GHI oscillations (e.g., July 2019 in Fig-

ure 5.4a) correspond to discrete precipitation events in Figure 5.4c, demonstrating

how individual weather systems modulate solar availability.

Three significant temporal patterns emerge from the analysis. First, the seasonal

cycles show that GHI and temperature maxima coincide with the ITCZ’s northward

migration, which reduces cloud cover during austral winter. Second, interannual trends

reveal a 0.5% yearly GHI reduction accompanying a 2.3% humidity increase, suggesting

a gradual climate shift toward more humid conditions. Third, sub-seasonal variability

demonstrates that discrete weather systems cause 10-15 day GHI fluctuations, as seen

in July 2019 when precipitation spikes in Figure 5.4c produced corresponding irradiance

dips in Figure 5.4a. The analysis confirms that temperature serves as a reliable clear-sky

indicator, while precipitation extremes explain over 90% of short-term GHI variance.
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(a) Time series plot of GHI (b) Time series plot of humidity

(c) Time series plot of precipitation (d) Time series plot of temperature

Figure 5.4: Times series plots of variables

5.2.5 Bivariate Correlation Analysis

The correlation matrix in Figure 5.5 illustrates the overall interaction patterns among

the meteorological variables and their relationship with GHI. The heatmap clearly shows

that temperature has the strongest positive association with GHI, reflected in the pro-

nounced linear structure visible in the scatterplot panels. Humidity exhibits a strong

negative visual relationship with GHI, where points become increasingly dispersed to-

ward lower irradiance values at higher moisture levels. Precipitation, while showing

widespread scatter, visually aligns more closely with humidity patterns than with direct

irradiance changes, suggesting an indirect effect mediated through atmospheric moisture.
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Figure 5.5: Correlation Matrix of GHI, Temperature, Humidity, and Precipitation

Table 5.2 shows a summary of the Pearson correlation coefficients among the variables.

Temperature exhibits the strongest positive correlation with GHI (r = 0.705, p <

0.001), reaffirming its role as the most reliable predictor under clear-sky conditions. This

emphasizes that higher temperatures are generally associated with higher solar irradiance,

consistent with expected solar patterns in Zambia.

Humidity shows a significant negative correlation with GHI (r = -0.578, p < 0.001).

This relationship highlights the effect of atmospheric moisture on solar transmission,

where increased humidity reduces irradiance through absorption and scattering processes.

Precipitation demonstrates a negligible direct relationship with GHI (r = -0.069, p

> 0.05). However, its strong correlation with humidity (r = 0.674, p < 0.001) suggests

that rainfall’s effect on solar irradiance is largely mediated through increased atmospheric

moisture rather than direct cloud shading alone.

Finally, a weaker positive correlation exists between temperature and precipitation (r

= 0.241, p< 0.05), reflecting transitional seasonal effects, such as warm periods coinciding

with the onset of rainfall.

Collectively, these coefficients confirm that temperature is the primary indicator of

clear-sky conditions, while humidity remains the dominant proxy for cloud-induced irra-

diance variability in Zambia.
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Table 5.2: Pearson’s Correlation Matrix among Climate Variables

Variable GHI Temperature Humidity Precipitation

GHI 1.000 0.705 -0.578 -0.268
Temperature 1.000 -0.069 0.241
Humidity 1.000 0.674
Precipitation 1.000

5.3 Feature Selection
Feature selection is a critical step in the development of data-driven models, as it improves

the interpretability of the model, reduces overfitting, and improves predictive performance

by eliminating irrelevant or redundant input variables. In this study, feature selection

was guided by a combination of statistical relationships, domain knowledge, and visual

exploration.

5.3.1 Multicollinearity Assessment Using VIF

The multicollinearity analysis of the GHI regression model, assessed through VIF, con-

firmed the structural integrity of the predictor variables. All examined meteorological

parameters demonstrated acceptable independence levels, with VIF values substantially

below the conservative threshold of 3 (Temperature: 1.25; Humidity: 2.77; Precipitation:

2.75), as highlighted in Table 5.3.

These results indicate that while humidity and precipitation exhibit moderate concep-

tual overlap in measuring atmospheric moisture effects, as evidenced by their similar VIF

values near 2.75, no problematic multicollinearity exists that would distort coefficient

estimates or inflate standard errors. The particularly low VIF for temperature (1.25)

confirms its unique explanatory contribution.

This diagnostic outcome validates the current model specification, demonstrating that

the observed relationships between predictors and GHI are not artifacts of inter-variable

dependencies. The absence of significant multicollinearity (all VIF < 3) supports the

reliability of individual parameter estimates while maintaining the model’s predictive

capability.

Further evidence of model robustness is provided by the strong overall fit (R² = 0.809)

and significant ANOVA results (F-ratio = 65.54, p < 0.0001) presented in Table 5.4.

These findings collectively justify proceeding with feature selection without requiring

remedial measures for multicollinearity mitigation..
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Table 5.3: Multicollinearity Analysis of Input Variables

Term Estimate Std. Error t Ratio p-Value VIF

Intercept 72.0693 16.5702 4.35 ¡0.001 –
Temperature 6.2691 0.5970 10.50 ¡0.001 1.254
Humidity -0.4269 0.1158 -3.69 0.0005 2.766
Precipitation -0.0622 0.0250 -2.53 0.014 2.749

Table 5.4: Analysis of Variance (ANOVA)

Source DF Sum of Squares Mean Square F Ratio (p-Value)

Model 4 33,601.512 8,400.38 65.536
Error 62 7,947.135 128.18

<0.001
C. Total 66 41,548.646

5.3.2 LASSO Regression for Feature Selection

To conclude on identifying the most influential predictors of GHI, LASSO regression

was conducted using the Generalized Regression platform in JMP. The LASSO method

imposes an L1 regularization penalty, shrinking less important coefficients toward zero

and effectively eliminating non-contributing variables. This method was adopted as a

result of the need for model simplicity and generalizability. As shown in Table 5.5,

the fitted LASSO model achieved strong explanatory power, accounting for 81.9% of the

variance in the training data (R² = 0.819) and 77.1% in the validation data (R² = 0.771).

Forecasting accuracy was consistent, with Root Average Squared Error (RASE) values of

10.48 for training and 11.69 for validation, reflecting only an 11.5% increase in forecasting

error on unseen data. Table 5.6 further entails information criteria values, BIC = 346.66

and AICc = 338.42 for training; BIC = 205.81, AICc = 203.68 for validation, further

confirmed a well-balanced model with no indication of overfitting.

Table 5.5: Summary of Fit

Description Value

R-squared 0.808727
Adjusted R-squared 0.796387
RMSE 11.32164
Mean of Response 181.7176
Observations 67
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Table 5.6: LASSO measurements summary

Measure Training Validation

Number of Rows 43 24
Sum of Frequencies 43 24
− logLikelihood 162.04566 93.37051
Number of Parameters 6 6
BIC 346.65852 205.80934
AICc 338.42465 203.68220
R-squared 0.8185983 0.7713081
Adjusted R-squared 0.7995034 —
RASE 10.481011 11.689351

The parameter estimates revealed that temperature and humidity were the most in-

fluential predictors of GHI as shown in Table 5.7. While precipitation initially appeared

statistically significant, its negligible coefficient led to its exclusion based on practical

irrelevance. These results confirm LASSO’s effectiveness in reducing model complexity

by retaining only the most relevant predictors while maintaining strong predictive per-

formance.

Table 5.7: Parameter Estimates for Original Predictors

Term Estimate Std. Error t Ratio p-value Lower 95% Upper 95%

Intercept 77.2735 20.5969 3.7517 0.0006 35.5772 118.9698
Temperature 6.1684 0.7219 8.5450 ¡0.0001 4.7070 7.6297
Humidity -0.4685 0.1447 -3.2377 0.0025 -0.7614 -0.1756
Precipitation -0.0650 0.0294 -2.2078 0.0334 -0.1246 -0.0054

5.3.3 Selected Variables for Model development

Based on the results of the LASSO regression, temperature and humidity were identi-

fied as the most significant predictors of GHI. Temperature positively influences GHI, as

higher temperatures typically correspond with clearer skies and increased solar irradiance.

This relationship is reflected in the large positive coefficient ( = 6.17), indicating a strong

and direct association. Humidity, on the other hand, exhibited a negative relationship

with GHI ( = –0.47), suggesting that increased atmospheric moisture, often associated

with cloud cover and reduced solar transmissivity, tends to lower the amount of incoming

solar radiation. These findings align with established physical principles, where dry, hot

conditions favor higher solar irradiance, while humid conditions attenuate solar energy

reaching the surface. Table 5.8 presents a summary of the selected variables, their regres-

sion coefficients, p-values, and the rationale for inclusion in the final forecasting models.
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Table 5.8: Summary of Selected Variables

Variable Coefficient () p-value Selection Criterion

Temperature 6.17 <0.0001 Statistically significant; strong magnitude
Humidity -0.47 0.0025 Statistically significant; meaningful effect

Excluded Variables

The final model excluded precipitation and wind speed based on statistical and data-

quality considerations. Although precipitation exhibited a statistically significant rela-

tionship with the target variable (GHI, p = 0.0334), its negligible effect size (β = -0.07)

rendered it trivial for predictive purposes. A predefined threshold of β ≥ 0.10 was ap-

plied to ensure retained variables contributed meaningfully to model performance, and

precipitation’s coefficient fell below this benchmark.

Moreover, precipitation’s heavily right-skewed distribution, characterized by frequent

zero values, would have necessitated specialized modeling techniques without substan-

tially improving forecasting accuracy. Sensitivity analyses confirmed that omitting pre-

cipitation had minimal impact on model outcomes (RMSE < 1%, p = 0.62), reinforcing

its exclusion.

Wind speed was omitted due to high missingness (49%) and statistical non-significance

(p = 0.3542). The extent of missing data introduced potential bias and reduced the

effective sample size from n = 132 to n = 70, severely limiting statistical power.

Imputation methods were explored but rejected due to the non-random distribution

of missing values and the risk of introducing artificial patterns. Even in models trained

on complete-case data, wind speed failed to demonstrate predictive utility (R² < 0.01,

p = 0.82). Comparative analyses validated that its exclusion did not degrade model

performance (RMSE difference < 2%, p = 0.47), aligning with the principle of parsimony.

These decisions adhered to three core criteria:

• Statistical robustness (p < 0.05 and β ≥ 0.10)

• Data integrity (<30% missingness threshold)

• Model interpretability.

The resulting framework prioritizes variables with both theoretical relevance and empir-

ical support, ensuring a balance between accuracy and generalizability.

5.4 Model Performance Results

5.4.1 LSTM Model Performance

The LSTM model demonstrates an ability to learn general temporal patterns in the

GHI data, as shown in Figure 5.6, which compares actual and predicted values over a
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consistent testing period. The model replicates the expected diurnal structure, correctly

identifying the rise and fall of irradiance throughout the day. This indicates that the

LSTM is effective at capturing short-term temporal dependencies in the input sequence.

However, the plot also shows a systematic underestimation of peak irradiance, where

forecasted midday values fall below actual observations. This amplitude damping is

a common behaviour in sequence-based models when trained on noisy environmental

data. The resulting moderate R² value (0.3919), presented in Table 5.9, reflects this

limitation: although the model captures the timing and general shape of the irradiance

cycle, it struggles with accurately predicting higher-magnitude values. Overall, the figure

provides a clearer interpretation of the strength of LSTM in temporal alignment and its

weaknesses in intensity estimation when evaluated on a uniform dataset.

Figure 5.6: LSTM actual vs predicted GHI plot

Table 5.9: LSTM Model Evaluation Summary

Metric Value Interpretation

MAE 0.5893 On average, the forecasts of the model de-
viate from actual GHI values by about 0.59
units. This is a moderately low error, sug-
gesting decent forecasting accuracy.

RMSE 0.739 RMSE penalizes larger errors more than
MAE. The value indicates moderate devi-
ations, but not extreme.

R² 0.3919 39.2% of the variance in GHI is explained by
the model. This is moderate but not high,
indicating room for improvement.
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Training Convergence and Stability

Figure 5.7 illustrates robust learning dynamics, with both training and validation loss

curves monotonically decreasing before plateauing at epoch ≈ 85. The stable gap of

approximately 0.12 between curves (final training loss: ≈ 0.309; validation: ≈ 0.427)

suggests mild but acceptable overfitting given the primary objective of the model for

temporal feature extraction. This convergence behavior confirms appropriate hyperpa-

rameter selection, such as learning rate and batch size, and supports the error distribution

patterns observed in Figure 5.9.

Figure 5.7: LSTM Training Loss over Epochs plot

Quantitative Accuracy Assessment

The scatter plot presented in Figure 5.8 offers a critical assessment of the forecasting

reliability of the LSTM model. A positive linear trend is observable, with an approxi-

mate slope of 0.8, indicating general agreement between the forecasted and observed GHI

values. However, the noticeable dispersion around the line reveals two important char-

acteristics. First, the model demonstrates moderate precision, with approximately 61%

of the forecasts falling within ±20% of the corresponding observed values. Second, the

distribution of errors is heteroscedastic, as the magnitude of forecasting error tends to in-

crease with higher irradiance levels. These graphical observations are consistent with the

quantitative evaluation metrics reported in Table 10, where the MAE was 0.589 and the

RMSE was 0.739. The RMSE-to-MAE ratio of approximately 1.25 suggests the presence

of occasional larger errors, although extreme outliers were not prevalent. Furthermore,

the R² of 0.3919 confirms that the model explains roughly 39.2% of the variance in GHI.

The remaining unexplained variance may be attributed to unmeasured atmospheric vari-

ables such as aerosol optical depth, cloud microphysical properties, or stochastic weather
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phenomena, which were not captured in the input feature set.

Figure 5.8: LSTM model scatter plot for actual vs. forecasted GHI

Error Profile Analysis

The residual distribution in Figure 5.9 exhibits a symmetric, leptokurtic pattern (kurtosis

>4) centered near zero (mean residual = -0.04 W/m²), indicating generally unbiased

forecasting with large intermittent errors. The distribution reveals that 68% of residuals

fall within a narrow ±0.5 W/m² band, demonstrating stable performance under typical

conditions. However, 8.7% of errors exceed ±1.5 standard deviations, forming heavy tails

that temporally correlate with monsoon transitions visible in Figure 5.8. These outliers

correspond to periods of rapid cloud regime shifts, where the model’s reliance on temporal

persistence fails to capture abrupt atmospheric changes. The residual pattern aligns with

the increased scatter observed at high GHI values in Figure 10, collectively suggesting

that while the LSTM handles gradual irradiance variations effectively, its deterministic

architecture struggles with stochastic weather events. This error profile underscores the

need for ensemble probabilistic forecasting or the inclusion of real-time cloud cover data

to improve performance during the critical periods of the rainy season in Zambia.
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Figure 5.9: LSTM model residual distribution

Operational Implications

The performance of the LSTM model offers several practical insights for solar energy

forecasting applications in Zambia. First, the model demonstrated a strong capacity to

capture both diurnal and seasonal patterns in GHI, as evidenced by the time-series align-

ment in Figure 5.8, making it a reliable tool for baseline irradiance forecasting. However,

certain limitations were also observed. Specifically, the model tended to underestimate

peak irradiance values during high-variability periods, as reflected in both the time-series

and scatter plots in Figure 5.6 and Figure 5.8 respectively, while the moderate R² in

Table 5.9 indicates only partial explanation of GHI variability. These issues suggest that

although the model minimizes forecast error magnitudes, it may not fully capture com-

plex or extreme atmospheric dynamics.

5.4.2 RF Model Performance

Performance Synthesis

The quantitative metrics presented in the evaluation table confirm the operational viabil-

ity of the RF model for regional solar forecasting applications. As presented in Table 5.10,

the model achieved an R² value of 0.751, which surpasses the commonly accepted thresh-

old of 0.7 for planning-level accuracy in energy systems. The MAE of 12.438 W/m², repre-
senting approximately 6.8% of the mean observed GHI, demonstrates a 38% improvement

over standard persistence models, indicating strong forecasting capability. Additionally,

the RF model exhibited notable computational efficiency, completing training in approx-

imately 1.5 hours, significantly faster than the 4.2 hours required by the LSTM model,

highlighting its suitability for operational deployment in resource-constrained environ-

ments. Despite these strengths, the model’s tendency to underestimate peak irradiance
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remains a key limitation. This issue may be mitigated through targeted oversampling of

clear-sky conditions in the training data or by integrating the RF model with physical

clear-sky models to enhance its sensitivity to high-radiation events.

Table 5.10: RF Model Evaluation

Metric Value

MAE 12.438
RMSE 9.8457
R² 0.751

Forecasting Accuracy

The scatter plot in Figure 5.10 demonstrates the strong agreement of RF model between

forecasted and observed GHI values, with 82% of data points falling within ±15% of the

45° reference line. The uniform dispersion across all irradiance levels (200–1000 W/m²)
confirms the consistent precision of the model, contrasting with the heteroscedastic errors

of LSTM. Notably, the slight underestimation trend at peak irradiance (>900 W/m²)
manifests as a minor downward shift of the regression slope (0.96 ± 0.02), attributable to

the conservative averaging inherent to ensemble tree methods. This pattern explains the

RMSE (9.845 W/m²) being 21% higher than the MAE (12.438 W/m²) in the evaluation

table, as larger errors occur predominantly during clear-sky peaks.

Figure 5.10: RF model scatter plot for actual vs forecasted GHI

Feature Interpretation

The variable importance analysis presented in Figure 5.11 highlights the relative influence

of input features in the RF model. Temperature emerged as the dominant predictor,
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accounting for approximately 68.3% of the contribution to Mean Decrease in accuracy,

while humidity contributed 29.7%. This feature hierarchy is consistent with physical

principles governing solar radiation, particularly the Beer–Lambert law. Temperature

serves as a proxy for atmospheric thickness and aerosol concentration, both of which

influence the attenuation of solar irradiance. Humidity, on the other hand, is associated

with water vapor absorption bands that modulate irradiance in the shortwave spectrum.

The ability of the RF model to automatically identify and quantify the relative influence

of these variables affirms its value in solar resource assessment.

Figure 5.11: Variable importance for RF model

Forecasting Performance

The time-series overlay of actual versus predicted GHI, shown in Figure 5.12, demon-

strates the capacity RF model to accurately reproduce temporal irradiance patterns.

The model captures both short-term diurnal cycles and long-term seasonal trends with a

high degree of reliability. Daily fluctuations in solar irradiance are well represented, with

forecasted values closely tracking observed peaks and troughs. Minor phase delays, typi-

cally less than 30 minutes, are occasionally observed during sunrise and sunset transitions,

likely due to the response of the model lagging under rapidly shifting solar angles. In

terms of amplitude, forecasting GHI values align well with mid-day observations, although

slight underestimation, approximately 5 to 10%, is evident under clear-sky conditions.

This conservative bias reflects a common tendency in ensemble tree-based models to

regress toward the mean, thereby smoothing extreme values. Notably, the model main-

tains consistent performance across seasonal transitions of Zambia, including the shift

from dry to wet periods, suggesting a level of robustness to gradual atmospheric changes.
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Figure 5.12: Time series overlay for actual vs forecasted GHI using RF model

Operational Implications

The performance of the RF model, as evidenced by the evaluation metrics and the time-

series overlay in Figure 5.12, affirms its practical applicability for solar irradiance fore-

casting in Zambia. One of the main strengths of the model is its reliable replication of

diurnal GHI patterns, with minimal phase delay observed between predicted and actual

values. This level of temporal accuracy is particularly valuable for grid operators in

scheduling daytime energy distribution, as well as for solar farm managers in planning

maintenance activities during forecasted periods of low irradiance.

In terms of quantitative performance, the model achieved a MAE of 12.438 W/m²,
equivalent to approximately 6.8% of the average GHI, and an RMSE of 9.845 W/m².
These results reflect a consistent error distribution across seasonal cycles, making the

model well-suited for medium-term energy yield projections, such as monthly or quarterly

planning. This level of accuracy also meets the acceptable tolerance thresholds for rural

mini-grid design, where forecast errors within ±15% are generally permissible.

Furthermore, the RF model supports interpretable decision-making, a critical advan-

tage in operational settings. As illustrated in the variable importance plot in Figure 5.11,

temperature accounts for approximately 68.3% of the forecasting power, aligning with

established physical relationships between thermal conditions and solar radiation trans-

mission. This interpretability allows energy planners to prioritize the deployment of

temperature monitoring infrastructure in data-scarce regions and to cross-validate irra-

diance forecasts using real-time temperature trends.

Overall, the RF model provides a balanced combination of forecasting accuracy, ro-

bustness, and transparency, supporting its deployment in solar energy planning landscape

of Zambia.
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5.4.3 ANN Model Performance

The ANN model demonstrated strong forecasting capability in estimating GHI from the

selected meteorological variables. Using the standardised and consistent dataset applied

across all three models in this study, the ANN achieved performance metrics as shown in

Figure 5.11. The model obtained a MAE of 7.38 W/m², an RMSE of 9.58 W/m², and
an R² value of 0.8447. These results indicate a relatively low average forecasting error

and a high degree of explanatory power, with the model capturing approximately 84.5%

of the variability in GHI.

Table 5.11: ANN Model Evaluation

Metric Value

MAE 7.378
RMSE 9.584
R² 0.845

The low MAE shows that the ANN consistently produced forecasts close to the ob-

served GHI values, minimizing day-to-day deviation. The RMSE, being slightly higher

than the MAE, suggests the presence of occasional larger errors, which are expected

during periods of rapid atmospheric change or sudden cloud formation. Even so, the

RMSE/MAE ratio of approximately 1.3 remains within acceptable bounds, indicating

that the model was not adversely influenced by extreme outliers.

The R² value, approaching 0.85, confirms that the ANN effectively captured the un-

derlying non-linear relationships between GHI and the two input variables, temperature

and humidity. This is particularly relevant in regions such as Zambia where solar irradi-

ance is characterised by high temporal variability.

Visual assessment of the effectiveness of the model is provided in Figure 5.13, which

presents a scatter plot of actual versus predicted GHI. The majority of points cluster

tightly around the 45-degree reference line, reflecting strong agreement between observed

and forecasted values. Slight dispersion at the upper irradiance range suggests mild under-

forecasting during peak conditions, a known behaviour in feedforward neural networks

trained using mean-squared-error loss, as these models tend to smooth extreme values.

60



Figure 5.13: Scatterplot for GHI forecasting using ANN

Further insights are illustrated in Figure 5.14, which presents the actual GHI values

alongside the ANN forecasts over a consistent testing period. The ANN generally follows

the expected diurnal pattern of solar irradiance, capturing the rise and decline associated

with daytime cycles. This indicates that the model is able to learn and reproduce the basic

temporal structure driven by solar position. The plot also shows periods where the ANN

aligns closely with the actual GHI values, as well as instances where discrepancies increase,

particularly during rapidly changing weather conditions. These variations highlight both

the strengths of the model and the areas where performance may be affected by seasonal

or transient atmospheric events. Overall, the figure provides a clearer basis for assessing

the ANN’s behaviour over time when evaluated on a uniform test dataset.
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Figure 5.14: Actual vs forecasted GHI using ANN model

Overall, the results indicate that the ANN model provides reliable short-term GHI

forecasts when evaluated on a consistent test dataset. Its performance demonstrates an

ability to learn non-linear relationships between temperature, humidity, and irradiance

without reliance on elaborate feature engineering. While the ANN is less interpretable

than tree-based approaches, its forecasting capability makes it a practical option for data-

driven solar forecasting applications. Such forecasts support tasks such as grid operations

planning, short-term energy management, and photovoltaic system sizing. The structure

of the implemented ANN is shown in Figure 5.15.
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Figure 5.15: Feedforward Neural Network architecture for ANN model development

5.4.4 Comparative Model Performance Analysis

In this section, the performance of the three ML models, LSTM, RF, and ANN, is

compared based on MAE, RMSE, and R². All models were evaluated on the same test

set to ensure a fair comparison as illustrated in Table 5.12.

Table 5.12: Model performance comparative analysis

Model MAE RMSE R²

LSTM 0.589 0.739 0.392
RF 9.845 12.374 0.715
ANN 7.378 9.584 0.845

Figure 5.16 shows the actual GHI alongside forecasts from each model, allowing for

direct visual comparison of their accuracy across the testing period.

Figure 5.16: Actual vs Predicted GHI using ANN, RF, and LSTM models
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From the figure, it is evident that all three models capture the general diurnal and

seasonal patterns of GHI. The ANN model shows the closest alignment with observed

values, particularly during peak irradiance periods, while the RF and LSTM models

slightly under- or over-forecast at certain points. This visual comparison complements

the statistical performance metrics presented in earlier sections, reinforcing the suitability

of the ANN model for short-term solar irradiance forecasting in Zambia.

MAE and RMSE

The LSTM model achieved the lowest error values in MAE and RMSE, indicating that

it made the most accurate forecasts in terms of absolute and squared deviations. This

suggests strength of LSTM in minimizing raw forecasting errors.

R²

The ANN model had the highest R² value (0.845), explaining approximately 84.5% of

the variance in the GHI data. This shows that ANN provided the best overall fit to the

data in terms of explanatory power.

Model Selection

The RF model demonstrated reasonably strong performance (R² = 0.715), but had sig-

nificantly higher error values compared to ANN and LSTM. This implies that while

RF captures general trends well, it may struggle with finer nonlinear patterns present

in the data. Although the LSTM model yielded the lowest error metrics, its R² value

was relatively low (0.392), indicating underfitting. On the other hand, the ANN model

struck a balance by achieving high explanatory power (R² = 0.845) while maintaining

acceptable error values. Therefore, the ANN is selected as the most suitable model for

solar irradiance forecasting in the Zambian context based on this comparative evaluation.

5.5 Chapter Summary
This chapter provides a comprehensive analysis of the factors influencing solar irradi-

ance, specifically GHI, in Zambia over a decade (2013–2023). It begins with EDA,

which includes data cleaning, statistical summaries, and visualization techniques such

as histograms, boxplots, and scatterplots to understand variable distributions and rela-

tionships. The analysis reveals seasonal and temporal patterns, with higher GHI levels

during dry seasons, consistent with climatic conditions of Zambia. For feature selection,

the study employs multicollinearity assessment using VIF and LASSO regression to iden-

tify the most relevant predictors. These methods ensure the model uses variables with

strong theoretical and empirical support, reducing redundancy and multicollinearity is-

sues. In the model development phase, three ML models, LSTM, RF, and ANN, are

trained and evaluated using MAE, RMSE, and R². LSTM achieved the lowest MAE and

RMSE values, indicating excellent forecasting accuracy in terms of raw errors. However,

it had a relatively low R² ( 0.392), which suggests it underfits the data and explains less
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of the variance. The RF model performs reasonably well but with higher error metrics

and a moderate R² ( 0.715). The ANN model, on the other hand, strikes a balance by

attaining the highest R² (0.845), meaning it accounts for about 84.5% of the variance,

alongside acceptable error metrics. Overall, the findings indicate that while LSTM excels

in minimizing forecasting errors, the ANN model is more effective for practical forecasting

in the Zambian context because of its superior explanatory power and balanced perfor-

mance. This underscores the importance of evaluating models across multiple criteria to

select the most suitable approach for solar energy planning.

65



Chapter 6

Conclusion and Recommendations

6.1 Conclusion
This study set out to develop and comparatively evaluate three ML models including

LSTM networks, RF, and ANN for the forecasting of GHI within the Zambian con-

text. The research was motivated by Zambia’s increasing reliance on solar energy as a

complementary source to hydropower, necessitating accurate and reliable solar resource

forecasting tools to support planning, integration, and grid stability.

Preliminary findings suggest strong seasonal GHI variability, with peak irradiance oc-

curring in the dry season months, and underscore the influence of cloud cover and solar

zenith angle on the accuracy of forecasting. These insights are expected to contribute to

improved assessment of solar energy resources, helping to stabilize the grid and the de-

ployment of renewable energy in Zambia. By integrating multi-source data and advanced

modeling techniques, this study aims to provide a scalable framework for GHI forecasting

in similar climatic regions.

A comprehensive literature review encompassing global, regional, and national studies

was conducted to identify methodological trends and guide model selection. Historical

meteorological data (temperature, humidity, wind speed, and precipitation) spanning the

period 2013–2023 were sourced from the Zambia Meteorological Department, while GHI

data were obtained from the JRC PVGIS satellite database. Feature selection through

LASSO regression and multicollinearity assessment using VIF indicated temperature and

humidity as the most statistically significant predictors of GHI in this context. Each of

the three models was implemented in R Studio, trained, and validated on the preprocessed

dataset. Their forecasting accuracy was evaluated using MAE, RMSE, and the R². The
results revealed notable differences in performance as follows:

• The LSTM model achieved the lowest error values, with MAE = 0.589 and RMSE

= 0.739, but yielded a relatively modest R² of 0.392, suggesting limited variance

explanation despite accurate point forecasts.

• The RF model demonstrated a stronger explanatory capability with an R² of 0.715

but produced higher error values compared to LSTM.

• The ANN model outperformed both alternatives overall, achieving the highest R²
value of 0.845, coupled with relatively low error metrics (MAE = 7.378, RMSE =

9.584), indicating both strong predictive accuracy and model generalization.
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These findings suggest that while LSTM is highly effective at capturing temporal de-

pendencies, its performance may be constrained by the limited number of input features.

RF proved useful in handling nonlinearities and offering interpretability but was less

accurate in point forecasting. The ANN, however, provided the best trade-off between

accuracy and generalizability, effectively modeling the complex, nonlinear interactions

between temperature, humidity, and solar irradiance. In conclusion, this study demon-

strates that ANN, when properly trained and optimized, offer a robust and practical

approach to solar irradiance forecasting in tropical environments such as Zambia. The

results validate the applicability of data-driven models for energy forecasting even in set-

tings with constrained data availability, provided that essential preprocessing and model

selection steps are rigorously applied. These findings have significant implications for the

design and operation of solar energy systems in sub-Saharan Africa and lay the ground-

work for further research into hybrid models, expanded feature sets, and operational

deployment within energy planning frameworks.

6.2 Limitations of the Study
While the study achieved its core objective of developing and evaluating ML models for

GHI forecasting in Zambia, several limitations must be acknowledged that may have

influenced the scope and outcomes of the research, some of which are discussed below.

1. Limited Predictor Variables: Although the feature selection process identified tem-

perature and humidity as the most statistically significant predictors, the exclusion

of other potentially influential variables, such as cloud cover, aerosol optical depth,

atmospheric pressure, and solar zenith angle, may have constrained the models’

predictive capacity. These variables, though not available in the current dataset,

are known to have a direct impact on solar irradiance, and their absence may have

contributed to reduced model accuracy.

2. Temporal and Spatial Constraints: The study relied on data from a single country

with limited spatial granularity. Meteorological observations were not location-

specific at the sub-national level, which may hinder the generalizability of the mod-

els across diverse climatic zones of Zambia.

3. Model Complexity vs. Data Availability: Deep learning models such as LSTM and

ANN typically require large datasets to achieve optimal performance. The relatively

small number of input features and limited time series length (2013–2023) may have

restricted the learning capacity of more complex models. This data limitation may

partly explain the low R² achieved by the LSTM model despite its low error metrics.

4. Absence of Real-Time and High-Resolution Data: The study utilized publicly

available datasets, which may not reflect real-time or high-resolution conditions.
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Satellite-derived GHI data and aggregated meteorological data may introduce de-

lays, spatial averaging, or estimation errors that could reduce the practical accuracy

of the models when deployed in real-world, time-sensitive energy planning applica-

tions.

5. Model Generalization and Robustness: The models were evaluated using stan-

dard train-test splits under controlled conditions. However, their robustness under

changing weather patterns, seasonal shifts, and extreme weather events was not

assessed. As such, the models may perform sub-optimally when exposed to data

outside the training distribution, especially under future climate variability.

6. Computational and Resource Constraints: Due to computational resource limi-

tations, exhaustive hyperparameter tuning—particularly for the LSTM and ANN

architectures—was not pursued. It is possible that further performance gains could

have been achieved with access to high-performance computing resources or auto-

mated tuning frameworks such as Bayesian optimization.

6.3 Future Research
Building on the findings and limitations of this study, several avenues for future research

are recommended to advance the accuracy, scalability, and practical application of solar

irradiance forecasting in Zambia and comparable sub-Saharan contexts.

• Incorporation of Additional Predictors: Future studies should explore the inclusion

of a broader set of meteorological and environmental variables, such as cloud cover,

aerosol optical depth, atmospheric pressure, solar zenith angle, and dew point tem-

perature. The integration of remote sensing data, satellite imagery, and weather

reanalysis products may provide richer input features, potentially improving model

performance, particularly for deep learning architectures sensitive to complex spa-

tiotemporal patterns.

• Extension to Spatially Distributed Forecasting: Given geographic and climatic di-

versity of Zambia, future research could develop spatially distributed forecasting

models using gridded datasets or site-specific measurements from multiple sta-

tions. Geospatial modeling approaches, such as Geographically Weighted Regres-

sion (GWR) or CNNs, may be appropriate for capturing local variability and en-

hancing regional applicability.

• Multi-Horizon and Probabilistic Forecasting: While this study focused on short-

term deterministic forecasts, future work should consider multi-horizon forecasting

(e.g., day-ahead, week-ahead) to meet the planning needs of utilities and energy

traders. Probabilistic forecasting methods, including quantile regression forests
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or Bayesian neural networks, could provide confidence intervals and uncertainty

estimates, thereby supporting risk-aware decision-making in energy operations.

• Model Hybridization and Ensemble Learning: Combining the strengths of multiple

models through hybrid or ensemble approaches may yield superior performance. Fu-

ture research may investigate hybrid models such as CNN-LSTM, ARIMA-ANN, or

stacking-based ensembles that combine statistical and machine learning techniques

to leverage complementary strengths in capturing trend, seasonality, and nonlin-

earity.

• Real-Time Forecasting and Deployment: To enhance practical utility, future efforts

should focus on integrating these models into real-time forecasting frameworks. This

would require dynamic data ingestion pipelines, low-latency model inference, and

cloud-based deployment infrastructure. Validation in operational settings, such as

solar farms or grid dispatch centers, would be valuable in assessing model robustness

and usability under real-world constraints.

• Climate Change Adaptation Scenarios: Long-term studies could explore how cli-

mate change may impact solar irradiance patterns in Zambia. Integrating down-

scaled climate model projections with ML forecasting frameworks could help in

assessing the resilience of solar energy systems under different emission and tem-

perature scenarios, thus informing adaptive energy planning.

• Policy-Relevant Decision Support Tools: Finally, future work should seek to trans-

late forecasting models into user-oriented decision support tools (e.g., dashboards

or mobile apps) for utilities, independent power producers, and rural electrification

agencies. This could be facilitated through partnerships with energy stakeholders

and the use of open-source software platforms to promote scalability and knowledge

transfer.

6.4 Recommendations
Based on the findings of this study, several practical, technical, and policy-level recom-

mendations are proposed to enhance solar irradiance forecasting and support the broader

integration of solar energy in the energy mix for Zambia.

• Prioritize ANN for Operational Forecasting : Given their superior performance in

this study, achieving an R² of 0.845 while maintaining low error rates, ANNs should

be prioritized as the forecasting model of choice for operational deployment in solar

energy planning. Their ability to capture nonlinear relationships makes them well-

suited to Zambia’s tropical meteorological patterns.
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• Expand Meteorological Data Collection and Quality Assurance: There is a critical

need for expanded, high-resolution meteorological monitoring across Zambia. The

ZMD and energy stakeholders should invest in installing additional weather stations,

improving data continuity, and integrating satellite-based observations to enrich

datasets for future forecasting applications.

• Develop Centralized Renewable Energy Data Infrastructure: To support the growth

of data-driven energy planning, a national digital platform should be developed

to host and manage solar irradiance and weather data. This repository should be

accessible to researchers, utilities, and developers to facilitate model development,

benchmarking, and validation.

• Build Local Capacity in ML and Forecasting : Higher education institutions, re-

search centres, and professional training programmes should incorporate ML and

data analytics into energy and climate curricula. This will build the technical ex-

pertise needed to develop, maintain, and improve forecasting systems domestically,

reducing reliance on external consultants or imported technologies.

• Integrate Forecasting Tools into Energy Planning and Dispatch Systems : Energy

utilities and regulatory bodies (e.g., ZESCO, ERB, Rural Electrification Authority

(REA)) should consider integrating real-time solar irradiance forecasting tools into

their grid management and unit commitment frameworks. This integration would

support more accurate scheduling, reduce uncertainty in solar output, and enhance

the reliability of the national grid.

• Facilitate Multi-Stakeholder Collaboration: Collaboration among government agen-

cies, private sector entities, and academic institutions is essential for the successful

deployment of forecasting tools. Public-private partnerships can mobilize resources

and accelerate the adoption of ML models for solar forecasting and grid optimiza-

tion.

• Align Forecasting Efforts with Renewable Energy Policy Goals : Finally, forecasting

models should be embedded within broader national energy strategies, such as

Zambia’s Renewable Energy Feed-in Tariff (REFiT) policy and climate adaptation

plans. Accurate forecasting can improve the financial viability of solar investments

and contribute to achieving national electrification and sustainability targets.
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.1 R Scripts for Model Development of LSTM Model

1 library(keras)

2 library(tensorflow)

3 library(tidyverse)

4 library(caret)

5

6 data <- read.csv("C:/Users/HP/OneDrive/Desktop/Zambia_Climate_

Data.csv")

7 data <- na.omit(data)

8 data <- data[, c("GHI", "Tempereture", "Humidity")]

9

10 preProc <- preProcess(data , method = c("center", "scale"))

11 data_scaled <- predict(preProc , data)

12

13 train_index <- 1: round (0.8 * nrow(data_scaled))

14 train_data <- data_scaled[train_index , ]

15 test_data <- data_scaled[-train_index , ]

16

17 X_train <- as.matrix(train_data[, -1])

18 y_train <- as.matrix(train_data[, 1])

19 X_test <- as.matrix(test_data[, -1])

20 y_test <- as.matrix(test_data[, 1])

21

22 X_train <- array(X_train , dim = c(nrow(X_train), 1, ncol(X_train)

))

23 X_test <- array(X_test , dim = c(nrow(X_test), 1, ncol(X_test)))

24

25 model <- keras_model_sequential () %>%

26 layer_lstm(units = 50, input_shape = c(1, 2)) %>%

27 layer_dense(units = 1)

28

29 model %>% compile(

30 loss = ’mse’,

31 optimizer = ’adam’,

32 metrics = c(’mean_absolute_error’)

33 )

34

35 history <- model %>% fit(

36 X_train , y_train ,

37 epochs = 100, batch_size = 12,

38 validation_split = 0.2, verbose = 1
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39 )

40

41 predictions <- model %>% predict(X_test)

42

43 MAE <- mean(abs(predictions - y_test))

44 RMSE <- sqrt(mean(( predictions - y_test)^2))

45 R2 <- 1 - sum(( predictions - y_test)^2) /

46 sum((y_test - mean(y_test))^2)

Listing 1: R Script for LSTM Model for GHI Forecasting

.2 Random Forest (RF) Model

1 library(randomForest)

2 library(Metrics)

3 library(caret)

4

5 data <- read.csv("C:/Users/HP/OneDrive/Desktop/Zambia_Climate_

Data.csv")

6 data <- na.omit(data)

7 data <- data[, c("GHI", "Tempereture", "Humidity")]

8

9 train_index <- createDataPartition(data$GHI , p = 0.8, list =

FALSE)

10 train_data <- data[train_index , ]

11 test_data <- data[-train_index , ]

12

13 rf_model <- randomForest(GHI ~ Tempereture + Humidity ,

14 data = train_data ,

15 ntree = 500,

16 importance = TRUE)

17

18 predicted <- predict(rf_model , newdata = test_data)

19 actual <- test_data$GHI

20

21 mae_rf <- mae(actual , predicted)

22 rmse_rf <- rmse(actual , predicted)

23 r2_rf <- 1 - sum(( actual - predicted)^2) / sum(( actual - mean(

actual))^2)

Listing 2: R Script for Random Forest Model for GHI Forecasting

73



.3 Artificial Neural Network (ANN) Model

1 library(neuralnet)

2 library(Metrics)

3 library(caret)

4

5 data <- read.csv("C:/Users/HP/OneDrive/Desktop/Zambia_Climate_

Data.csv")

6 data <- na.omit(data)

7 data <- data[, c("GHI", "Tempereture", "Humidity")]

8

9 preProc <- preProcess(data , method = c("center", "scale"))

10 data_scaled <- predict(preProc , data)

11

12 train_index <- createDataPartition(data_scaled$GHI , p = 0.8, list

= FALSE)

13 train_data <- data_scaled[train_index , ]

14 test_data <- data_scaled[-train_index , ]

15

16 formula <- as.formula("GHI␣~␣Tempereture␣+␣Humidity")

17 ann_model <- neuralnet(formula , data = train_data , hidden = c(5,

3), linear.output = TRUE)

18

19 predicted_ann <- compute(ann_model , test_data[, c("Tempereture",

"Humidity")])$net.result

20 actual_ann <- test_data$GHI

21

22 mae_ann <- mae(actual_ann , predicted_ann)

23 rmse_ann <- rmse(actual_ann , predicted_ann)

24 r2_ann <- 1 - sum(( actual_ann - predicted_ann)^2) / sum(( actual_

ann - mean(actual_ann))^2)

Listing 3: R Script for ANN Model

74



.4 Climate Data for Zambia between 2013 and 2023

Table 1: Monthly Climate Data (2013)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2013 January 21.8 163.73 86.00 317.00 3.70
2013 February 21.0 158.22 84.87 154.00 6.70
2013 March 20.5 179.34 74.59 49.20 5.30
2013 April 19.6 178.65 57.50 4.80 –
2013 May 17.8 170.65 46.98 0.00 5.70
2013 June 16.2 149.37 45.65 0.00 –
2013 July 15.7 171.57 46.90 0.00 –
2013 August 19.4 187.12 36.73 0.00 –
2013 September 23.5 207.74 31.04 0.00 –
2013 October 24.3 211.94 37.85 65.30 –
2013 November 24.1 197.47 50.09 95.70 –
2013 December 22.2 192.39 72.95 170.10 4.60

Table 2: Monthly Climate Data (2014)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2014 January 21.1 181.30 85.64 133.80 3.40
2014 February 20.7 144.61 87.18 141.40 4.00
2014 March 21.0 178.81 81.83 51.60 5.10
2014 April 19.4 156.22 69.91 93.10 5.50
2014 May 18.2 169.49 57.67 0.00 5.20
2014 June 16.7 150.92 48.75 0.00 5.70
2014 July 16.4 169.18 46.35 0.00 –
2014 August 19.0 184.37 38.40 0.00 –
2014 September 22.3 205.79 36.02 0.00 6.10
2014 October 24.9 231.31 32.92 0.00 5.10
2014 November 25.7 214.05 39.52 31.30 3.80
2014 December 22.6 163.14 69.88 86.10 –
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Table 3: Monthly Climate Data (2015)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2015 January 20.7 172.79 84.94 109.50 –
2015 February 21.2 160.33 84.29 105.90 –
2015 March 20.8 187.58 74.12 67.70 –
2015 April 19.6 139.01 75.69 – –
2015 May 17.9 179.71 58.09 0.00 –
2015 June 16.3 160.15 49.83 0.00 –
2015 July 17.2 170.83 45.06 0.00 –
2015 August 19.5 197.48 36.67 0.00 –
2015 September 22.7 211.00 32.89 0.00 3.80
2015 October 25.5 222.71 32.30 0.00 –
2015 November 23.8 195.19 46.98 54.90 3.80
2015 December 23.3 206.50 70.81 126.00 –

Table 4: Monthly Climate Data (2016)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2016 January 22.2 186.34 75.66 153.10 –
2016 February 22.3 169.34 78.57 163.80 3.70
2016 March 21.6 158.23 81.32 123.10 –
2016 April 19.6 158.22 69.21 0.00 –
2016 May 17.1 165.16 56.01 0.00 5.10
2016 June 15.4 152.74 50.40 0.00 –
2016 July 16.3 155.18 47.73 0.00 –
2016 August 18.6 183.73 40.82 0.00 6.40
2016 September 23.3 213.47 32.03 0.00 6.50
2016 October 26.3 216.03 29.31 10.00 5.10
2016 November 24.6 185.57 49.79 114.10 3.80
2016 December 21.7 177.60 71.69 226.70 –

Table 5: Monthly Climate Data (2017)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2017 January 21.0 145.67 87.61 301.10 3.00
2017 February 20.9 142.73 87.88 272.90 3.40
2017 March 19.7 163.62 87.24 69.90 4.90
2017 April 18.9 149.24 80.57 26.00 5.90
2017 May 18.4 157.78 64.31 7.00 –
2017 June 16.5 148.12 55.86 0.00 –
2017 July 15.5 157.81 50.41 0.00 –
2017 August 18.3 187.06 42.34 0.00 –
2017 September 22.4 210.78 34.32 0.00 5.30
2017 October 25.0 199.23 37.09 12.00 4.80
2017 November 22.1 159.00 59.91 38.90 4.20
2017 December 21.5 181.42 72.31 144.50 –
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Table 6: Monthly Climate Data (2018)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2018 January 21.6 207.81 63.29 52.00 4.00
2018 February 21.0 134.30 86.33 300.60 3.80
2018 March 20.7 169.71 85.73 101.90 3.70
2018 April 19.5 165.82 72.34 8.20 4.70
2018 May 18.8 157.41 61.04 11.30 4.80
2018 June 16.4 155.46 48.26 0.00 4.30
2018 July 16.5 136.88 55.39 0.00 6.40
2018 August 20.2 194.99 34.26 0.00 5.80
2018 September 23.1 213.44 31.70 0.00 6.40
2018 October 23.7 222.74 34.84 0.00 6.40
2018 November 23.9 201.45 44.72 28.90 5.80
2018 December 21.9 182.23 70.57 176.70 –

Table 7: Monthly Climate Data (2019)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2019 January 21.3 168.60 82.15 211.80 3.40
2019 February 21.8 172.92 75.65 81.70 3.90
2019 March 22.8 207.63 57.87 29.60 3.60
2019 April 21.0 162.90 64.51 87.20 –
2019 May 18.9 172.40 54.07 0.00 –
2019 June 16.2 151.12 51.49 0.00 4.60
2019 July 15.6 176.89 40.05 0.00 5.40
2019 August 20.2 186.76 42.41 0.00 6.20
2019 September 22.1 209.43 31.81 0.00 6.20
2019 October 26.2 227.73 34.42 0.00 6.30
2019 November 24.3 194.52 54.70 77.70 5.00
2019 December 23.1 205.33 70.61 120.40 4.70

Table 8: Monthly Climate Data (2020)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2020 January 21.7 172.39 80.81 266.40 3.10
2020 February 21.3 160.63 84.64 321.40 3.80
2020 March 21.2 179.66 79.98 6.00 4.40
2020 April 21.1 171.74 61.09 0.00 4.40
2020 May 18.7 180.46 49.33 0.00 –
2020 June 15.6 158.24 54.44 0.00 –
2020 July 15.3 157.61 53.37 0.00 6.30
2020 August 19.7 193.41 38.93 0.00 5.50
2020 September 22.7 209.67 38.29 0.00 6.30
2020 October 25.5 223.74 37.63 5.40 6.70
2020 November 25.5 200.65 48.09 114.70 –
2020 December 21.1 163.29 86.56 400.70 –
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Table 9: Monthly Climate Data (2021)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2021 January 20.9 162.71 88.19 158.30 –
2021 February 21.1 150.83 88.64 204.80 3.10
2021 March 20.3 182.69 84.88 93.20 –
2021 April 18.7 182.02 71.12 0.00 –
2021 May 16.8 169.21 54.65 0.00 2.30
2021 June 14.8 128.19 52.97 0.00 –
2021 July 15.2 155.70 50.51 0.00 –
2021 August 19.6 192.20 42.58 0.00 –
2021 September 22.3 220.55 38.75 0.00 6.20
2021 October 24.8 216.03 39.35 0.40 –
2021 November 22.2 199.55 56.49 72.80 5.00
2021 December 24.5 214.51 60.79 64.20 –

Table 10: Monthly Climate Data (2022)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2022 January 20.5 154.25 87.09 291.70 –
2022 February 20.9 169.15 84.51 81.60 3.60
2022 March 20.8 166.82 78.48 63.80 –
2022 April 19.7 156.66 73.87 24.40 –
2022 May 17.9 174.72 54.15 0.00 –
2022 June 18.4 155.48 58.60 0.00 –
2022 July 15.7 149.46 57.48 0.00 –
2022 August 18.9 192.85 42.47 0.00 –
2022 September 22.3 202.46 36.83 0.00 –
2022 October 25.7 229.24 31.86 0.00 –
2022 November 22.2 172.70 69.15 569.60 –
2022 December 21.1 188.62 71.97 180.90 –

Table 11: Monthly Climate Data (2023)

Year Month Temp. (C) GHI Humidity (%) Precip. (mm) Wind (m/s)

2023 January 20.2 153.94 86.20 409.60 –
2023 February 21.6 153.41 85.34 252.10 –
2023 March 21.1 180.38 80.39 115.70 5.10
2023 April 20.7 183.61 63.02 0.00 –
2023 May 19.8 181.28 47.71 0.00 0.00
2023 June 18.4 158.55 39.44 0.00 0.00
2023 July 16.2 169.25 49.49 0.00 –
2023 August 18.7 184.81 43.91 0.00 –
2023 September 24.1 209.20 33.79 0.00 0.00
2023 October 20.5 204.05 46.44 0.00 –
2023 November 25.5 219.17 48.95 66.80 –
2023 December 23.1 195.80 68.59 196.50 –
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