
Master of Science Thesis 

KTH School of Industrial Engineering and Management 

Energy Technology EGI-2019-540 

Division of Heat and Power Technology 

SE-100 44  STOCKHOLM 
 

 

 

 

 

Artificial Intelligence in rural off-grid 

Polygeneration Systems: A Case Study with 

RVE.Sol focusing on Electricity Supply & 

Demand Balancing 

 

Axel Bruck 

30.08.2019 

 

  



 
 

II 

 

 

 

 Master of Science Thesis EGI 2010:540 

 

Artificial Intelligence in rural off-

grid Polygeneration Systems: A 

Case Study with RVE.Sol focusing 

on Electricity Supply & Demand 

Balancing 

   

  Axel Bruck 

Approved 

 

Examiner 

Anders Malmquist 

Andreas Sumper 

Supervisor 

Anders Malmquist (KTH) 

Bruno Lopes (RVE.Sol) 

 Commissioner 

 

Contact person 

Axel Bruck 

Abstract 

Growing data generation and increasing computational power accelerate the advance of machine learning 

(ML) as a subsection of artificial intelligence in various sectors, while in Sub-Saharan Africa (SSA) 

electrification cannot keep up with the pace of population growth. Hence, this study aims to determine 

how ML can support rural polygeneration minigrids and thus assisting the electrification efforts in SSA in 

cooperation with the company RVE.Sol. This study focuses on electricity supply and demand balancing, 

but also discusses other application areas and non-rural context. Within the (micro)grid and energy area, 

main application areas studied in academia are identified as power and load forecasting, scheduling and 

sizing. Building on existing works, this thesis proposes a concept aimed at improving the supply and 

demand mismatch, while discussing further ML applications and generating knowledge transfer to general, 

non-rural polygeneration systems. The load and generation mismatch and the impact of possible demand 

response (DR) implementation are quantified, followed by an expert questionnaire to back up machine 

learning knowledge in the discussed context. Moreover, GHI and PV power predictions are performed to 

obtain indications about promising features and algorithms. Finally, considering the previous steps a 

concept for ML supported generation and load matching by DR is proposed. Results indicate that DR 

could improve the significant mismatch of load and power generation in RVE.Sol’s grids. According to 

the proposed model, a 30% acceptance rate to the DR scheme results in 56% operational expenditure 

(OPEX) and approximately 60% CO2 and particulate matter (PM) emissions decline. A sensitivity analysis 

indicates that acceptance is a critical success factor for a DR scheme. Hence, a DR concept is proposed 

where load and PV power are forecasted by ML to set 4 different tariff periods 24 h in advance to 

improve acceptance. The tariff prices could possibly be derived by reinforcement learning. Preliminary PV 

power forecasting indicates that a random forest algorithm for regression with weather and time related 

input features is promising due to high accuracy and short training time compared to other algorithms 

including neural networks. While the proposed scheme has advantages within all three pillars of 

sustainability, the lack of data as well as small system and load sizes/low complexities remain as two major 

impediments for ML in rural polygeneration systems. Thus, ML likely bares better applicability in the 

urban and developed context, where data availability is higher and loads are more diverse.  
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1 Introduction 

According to the International Energy Agency (IEA), the global energy demand rose to 9,555 Mtoe in 

2016 compared to 4,661 Mtoe in 1973 and it is supposed to increase further until 2040, even in the most 

optimistic scenario (IEA, 2018). However, while the demand in OECD countries is slowly saturating, 

many areas are still without any access to electricity. The number of people that are not connected to any 

sort of electricity source decreased to 1.1 billion by 2016 from 1.7 billion in 2000 and it is predicted to 

further decline to 674 million by 2030. Nevertheless, in certain regions and countries population growth 

exceeds electrification efforts. These countries are primarily in Sub-Saharan Africa (SSA), where 

approximately 90% of people without electricity access in 2030 will be from. This has and will have 

negative effects in terms of economic growth, gender equality, poverty reduction, health enhancements 

and stability, as those attributes are strongly correlated to electricity access (IEA, 2017). Hence, investment 

in electrification projects in SSA is highly demanded. Here, minigrids that are often powered by multiple 

energy sources, such as solar, wind or biomass, while using backup systems, like batteries and/or diesel 

generators, play a crucial role. In an energy for all scenario such as that proposed by the IEA 290 million 

of the 670 million non-electrified people by 2030 would become connected via minigrids, which 

represents the major share before grid expansion and off-grid solutions respectively (IEA, 2017).  

Another strong global trend is the production of data, which in 2018, was estimated to be 2.5 x 1030 bytes 

per day, while approximately 90% of all the worldwide generated data has been produced in only two 

years until 2018 (Marr, 2018). This enormous growth is only sped up by the trend of Internet of Things 

(IoT) or “smart objects”, such as smart meters for energy consumption monitoring. Intel assumes the 

number of smart objects to reach 200 billion by 2020 from just 2 billion in 2006 (Intel, 2018). This data 

generation trend enabled the rapid growth in research and applications of artificial intelligence (AI) in 

many sectors (Chang, Lee, & Liu, 2018). Already in 1955, AI was described as “The goal of AI is to 

develop machines that behave as though they were intelligent” by John McCarthy who is considered as 

one of the forerunners in AI. This shows that this field of computer science dates back around 65 years. A 

more modern approach defines AI as a field of study that enables computers to solve problems or do 

tasks which are currently performed better by humans. This requires a thorough understanding of human 

intelligence. Thus, neuroscience, the study of how the human brain operates and how to mimic it with a 

computer, is a substantial field of AI. Being adaptive through learning is one of the most important 

attributes of humans and therefore, a very important subfield of AI is defined by machine learning (Ertel, 

2018). In 1977, Mitchell defined machine learning as a computer that learns from an experience E, 

concerning a particular assignment A, and a performance evaluation P, if its ability to perform A evaluated 

by P, enhances with experience E (Goodfellow, Bengio, & Courville, 2016). 

There are three categories of AI, namely narrow AI (NAI), general AI (GAI) and super AI (SAI). While 

NAI is limited in its parameters to perform a particular task, GAI is on the same level as human 

intelligence and SAI even outperforms humans in every area including arts and emotional tasks. By today, 

only NAI is possible and is applied and disrupts various industries, such as databases, distribution and 

logistics, medicine, forensics, agriculture, energy and more. GAI and SAI on the other hand are currently 

only subject of speculation (Tweedie, 2017) (Nagy & Hajrizi, 2018) (Jha, Bilalovic, Jha, Patel, & Zhang, 

2017).  

The following work focuses on the application of machine learning in polygeneration, particularly in the 

area of supply & demand balancing, in order to support the electrification efforts in SSA by minigrids in 

collaboration with RVE.Sol. 
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2 Objectives & Scope 

This thesis will investigate and reveal potential application areas of artificial intelligence, particularly 

machine learning, in polygeneration in cooperation with the Portuguese company RVE.Sol, which is 

supporting the electrification of Kenya. While an overview of multiple application areas will be given, the 

focus lies on electricity supply and demand balancing by forecasting the community load and PV power 

generation. Finally, a sustainability discussion will sum up the findings of this thesis. The scope is limited 

to conceptual ideas and preliminary implementation of irradiance and PV power forecasting. Outcomes 

will include what kind of machine learning could be applied, which algorithms are most applicable, what 

data would be required and how the current system would have to be adapted. A running implementation 

beyond preliminary irradiance and PV power forecasting and therefore comparison with the current 

solution is not foreseen due to time and data constraints on the load side, as well as background 

knowledge. Additional knowledge shall be obtained by expert interviews. As matching of electricity 

production and load will be the predominant example, a model will be created to quantify the problem of 

the unbalanced electricity supply and demand. Thus, the four main objectives are: 

• Quantification of electricity supply and demand imbalance and possible impact of a DR program 

• Determination of required data and adequate algorithms for possible machine learning-supported 

DR program by preliminary GHI and PV power prediction testing 

• Creation of ML-based demand response concept to address previously quantified problem 

• Discussion of outcomes, including sustainability, various further application areas of ML and 

knowledge transfer to general polygeneration systems 

While machine learning has been researched in the scope of microgrids, few studies specialize in rural 

settings, where completely different challenges arise, especially in areas that have not been electrified 

before. Moreover, the specific case of polygeneration has not been mentioned much in academia. Thus, 

this thesis adds novelty to the existing literature by studying the specific setting of rural Kenya in 

cooperation with RVE.Sol, as well as discussing implications on general polygeneration systems. RVE.Sol 

erects and runs solar-minigrids in Kenya and sells the produced electricity per kWh to the communities 

that were not electrified before. As an additional service potable water is produced by excess electricity 

and sold on a per litre basis, either by RVE.Sol or local entrepreneurs. 

3 Background 

3.1 The Electricity Situation in Kenya 

Kenya is the country with the highest electricity access in East-Africa at approximately 75% by 2018, 

which has been tremendously improved since 2013 (30%). Addressing the quarter of non-electrified 

Kenyans, the government introduced the “Kenya National Electrification strategy”, aiming at accessing 

100% Kenyans by 2022. Geothermal power, in which Kenya is a forerunning nation, has been recognised 

to be the most economic source to expand generation and connect additional people. Along with the grid 

extension, the government identified the importance of private investment in off-grid solutions, such as 

mini-grids (The World Bank, 2018) (The World Bank, 2017). However, according to an interview with 

Aaron Leopold, the CEO of the African Minigrid Developers Association (AMDA), this recognition of 

importance of the private sector is not always expressed in ease of operation. He argues that the 

government often sees private minigrid investments as competition from two points of views. Firstly, as 

the electricity sector is mainly government owned, private minigrids reduce potential customers but 

secondly and more importantly, the government might lose the peoples’ trust. This could put re-election 

at risk if communities get the impression that the government was not majorly involved in their 

electrification, despite many promises. Thus, the pathway from a proposal to the actual implementation 

appears to be very bureaucratical and time-intensive (Leopold, 2018). 
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In a rural scenario, where the majority of non-connected people live, regular loads are rather small as they 

are mainly evoked by lighting and phone charging, in addition to small business-activities. As agriculture is 

the major economic activity, seasonal variations in the load are comparably big, which results in the 

necessity of backup generation, such as diesel powered, to not oversize the grid. Other load variations are 

evoked by specific events, such as funerals, school enrolment, which result in load reductions or market 

days, which stimulate load increases. Such as in developed countries, one of the challenges is to achieve a 

reliably balanced load. Demand side management (DSM) & demand response (DR) could be a solution. 

While DSM represents the general action of adapting loads towards a more desired pattern for the grid 

operator, DR is a sub-tool of DSM that attempts to alter the typical load profile by specific monetary or 

non-monetary incentives. For further information about DSM and DR refer to (Paterakis, Erdinç, & 

Catalão, 2017). Among rural communities acceptance varies strongly and inhabitants are most likely 

sensitive towards electricity pricing strategies (Leopold, 2018). 

Tariffs for domestic customers by KPLC (Kenyan Power and Lighting Company), the semi-public utility 

monopoly, ranged between 12 – 15.80 KES/kWh in 2018. In comparison, tariffs by isolated and privately 

owned minigrids in Kenya ranged between 70 – 83 KES/kWh. According to RVE.Sol, competitors 

currently even charge up to 100 KES/kWh. This tariff is suspect of investigation by the Kenyan ERC 

(Energy Regulatory Commission) and usually based on LCOE (Levelized Cost of Electricity). With an 

exchange rate of 1 KES to €0.0086 as of 1st of July 2019, the grid and minigrid tariffs are €0.10 – 

0.14/kWh and €0.60 – 0.71/kWh, respectively. (Castalia & Ecoligo, 2017) (KPLC, 2018) (XE, 2019). 

Within Africa, Kenya is one of the forerunning nations in the area of data science and machine learning. 

Kenya is a pioneer in open data accessibility among African countries by having launched a portal that 

allows access to various energy, health, environment and population related data. Additionally, Strathmore 

University in Nairobi has founded the iLabAfrica Research Centre, which focuses on data science, AI, 

Blockchain, IoT, Cyber Security, etc. to support Kenya’s ambitions to reach its development goals. Finally, 

IBM established a research facility including AI applications within energy as one of their focus 

application area (Access Partnership, 2018). The technological innovation progress and increased data 

generation requires rules and regulations, such as the data protection bill, which is in the pipeline for 

implementation (ICT, 2018). 

3.2 Polygeneration 

3.2.1 General Polygeneration 

Polygeneration is defined as the study of producing multiple energy products, such as electricity, heat, 

cooling and other yields, such as fuels, fertilizers and potable water from one or various energy sources. 

These sources can be of fossil nature, such as diesel, coal or natural gas or renewable, such as solar, wind 

or hydro (Calise, di Vastogirardi, Dentice d'Accadia, & Vicidomini , 2018). Several combination options 

are depicted in Figure 1. Well-designed polygeneration systems aim for efficiency enhancements, 

reduction of fossil fuel consumption, and higher share of renewable energy penetration within the system 

(Sigarchian, Malmquist, & Martin, 2018). These advantages come with the trade-off of higher system 

complexity resulting in challenging design and operation of such systems.  
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Figure 1: Possible input - output combinations in polygeneration systems (Calise, di Vastogirardi, Dentice d'Accadia, & Vicidomini , 2018) 

Polygeneration is well suited for decentralized systems in rural areas, as various local resources are used to 

generate the required energy products without expensive grid expansions or transmission losses. One of 

the crucial challenges within decentralized systems is to match the demand in terms of electricity load and 

other energy commodities with the electricity production. Thus, deployment of smart control and 

communication technology as well as buffers for security of supply is imperative due to the intermittency 

of the mainly renewable energy sources (Calise, di Vastogirardi, Dentice d'Accadia, & Vicidomini , 2018). 

Several papers discussed various topics within polygeneration, ranging from system design investigations 

over optimization problems (multi-objective, exergy, economical, etc.) to simulations supported with 

various software tools (Jana, Ray, Majoumerd, Assadi, & De, 2017). 

3.2.2 The Case of RVE.Sol 

Strictly speaking, RVE.Sol’s implemented site and those currently under commission are cogeneration 

systems, as the only outputs are electricity and water. No heating or cooling is required due to the climate 

conditions in the operating areas and especially the purchasing power of the clients. The standard setup of 

a minigrid by RVE.Sol for the Kenyan market is called KUDURA and can be seen in Figure 2, where 

yellow flows represent electricity and blue flows represent water. It consists of a solar PV array for 

electricity generation supported by a diesel genset in case of solar absence or empty buffers. Lead acid 

batteries are employed as an electricity buffer medium to bridge high demand times in evenings and low 

irradiance days to reduce operation of the diesel genset. Part of the generated electricity is used for water 

purification to produce potable water, which is stored in a 1,000-litre tank. Electricity and water are sold 

on a pay-as-you-go basis per kWh and litre respectively. Typical appliances that induce the load are very 

limited and currently predominantly consist of lighting and mobile phone charging as well as water 

purification, while few wealthier customers own fridges or TVs. While Figure 2 refers to the operating 

system on which this work will focus, the general patented concept of KUDURA includes biogas for 

cooking and fertilizer as a third and fourth output. Additionally, remote monitoring and mobile payment 

systems are implemented. So far, RVE.Sol has one pilot site with approximately 7 kWp installed PV 

capacity that has been running and growing in terms of installed capacity and connected households since 

2011 and provides valuable experience as well as some data for future projects. Additionally, 10 bigger 

projects are being set up currently in July 2019. Those will electrify approximately 2,250 households and 

businesses in addition to 250 public institutions, such as schools and hospitals, while further sites are 

planned. The component size ranges of the 10 new minigrids are depicted within Figure 2. The 
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components are sized according to the estimated community demand of electricity based on surveys and 

experience. 

 

Figure 2: Simplified KUDURA System 

One of RVE.Sol’s main challenges is matching electricity generation and demand, while reducing 

operation of the diesel genset due to high OPEX (Operating expenditures) and low environmental 

performance. A substantial part of this thesis work will address this problem.  

RVE.Sol undergoes various steps throughout the project which are depicted in Figure 3. 

 

Figure 3: Steps within a minigrid polygeneration project of RVE.Sol (RVE.Sol, 2019) 

3.3 Machine Learning 

This section will introduce the necessary theoretical background and polygeneration and minigrid related 

research in the field of machine learning. As described above, machine learning is an important subsection 

of artificial intelligence, based on learning from experience of input data in order to make decisions or 

solve problems. There are various types of typical problems that can be addressed with a machine learning 

approach, such as classification, regression, transcription, translation, structuration, anomaly detection, 

synthesis/sampling, missing value imputation, density/probability mass function estimation and many 

more (Goodfellow, Bengio, & Courville, 2016). 

In classification, the task is to identify to which group the input fits. Object recognition is a typical 

example for classification that can for example be used in autonomous driving to detect street signs. In 

some cases, attributes in the input may be missing, which complicates the classification task as more 

functions that map an input vector vi to an output vector vo are required. One mapping function for each 

setup of missing inputs is necessary. A typical example for this is medical diagnosis. In regression, the 
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computer is assigned to forecast a numerical value based on the received input data. This is especially 

valuable in time-series prediction, such as price development. In transcription, the computer’s task is to 

produce distinct word-based output from less structured input data. This is applied by google street view 

in order to identify street addresses or in speech recognition, where an audio signal is transferred to text. 

Deep Learning, which will be explained later is an essential aspect in this category. Translation tasks are 

self-explanatory as in translating language A to language B, while language A is already provided in textual 

format. In structuration tasks the machine learning algorithm identifies correlation among input data and 

categorises the data. An example for the implementation of anomaly detection is credit card scam, as the 

thief’s acquisitions is unlikely to fit in the credit card owner’s behaviour pattern and is therefore atypical. 

In synthesis or sampling, samples that are very similar to the input data are to be generated. This is for 

example used in the gaming industry to create landscapes without manual per-pixel work (Goodfellow, 

Bengio, & Courville, 2016).  

 Machine learning makes use of various methods that can be classified as supervised learning, 

unsupervised learning and reinforcement learning as visualized in Figure 4. Depending on the problem to 

be solved, an adequate algorithm or a mix of multiple has to be chosen (Sultan, Ali, & Zhang, 2018).  

 

Figure 4: Classification of machine learning algorithms (Sultan, Ali, & Zhang, 2018) 

In supervised learning, dataset features are used that are labelled. This means that each instance is 

associated with an objective, which is usually what should be predicted or classified by the finalized model. 

A famous example in machine learning is that of the iris flower, where a dataset of physical dimensions of 

flowers is given that is associated with one out of three species. The task of the model after learning the 

correlations between dimensions and species is to predict the species of an unknown dataset, just 

depending on its given dimensions (Goodfellow, Bengio, & Courville, 2016). As it can be seen in Figure 5, 

the data used for supervised learning is usually split up in two or three sets. The training set is created to 

supply enough input to the computer to learn and the test set is applied to evaluate the performance of 

the prediction. In most cases, a small share of the data can be taken as a validation set to fine-tune the 

model’s hyperparameters as further described below (Bedi & Toshniwal, 2019). Typical applications within 

supervised learning are classification, as described in the flower example and regression, which often refers 

to time-series forecasting. 
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Figure 5: Supervised learning (Wu S.-H. , 2018) 

Unsupervised learning on the other hand makes use of unlabelled data. This means the features of the 

data are not associated to a target but the goal is that the algorithm identifies valuable characteristics of the 

data structure by learning (Goodfellow, Bengio, & Courville, 2016). Unsupervised learning is often used 

for clustering of data in order to obtain certain correlated groups.  

Finally, there is reinforcement learning (RL), which is used for decision making processes. RL is a 

behaviour-psychology-based method that attempts to maximize a reward by altering the state of the 

environment by deciding on certain actions. Figure 6 shows a simplified scheme of RL. At any given time, 

the agent takes an action, which is directed to the environment. This action evokes a new state of the 

environment and the agent obtains a reward. The cumulative reward is supposed to be maximized 

according to the actions taken (Lu, Hong, & Zhang, 2018). 

 

Figure 6: Reinforcement learning scheme (Lu, Hong, & Zhang, 2018) 

Another way to classify the various algorithms is according to their inspirational model, where statistically 

based algorithms, neurally inspired and evolutionary algorithms resemble the main categories. 

Evolutionary algorithms form an own subsection within AI rather than being part of machine learning. 

Typical statistical models are Bayesian models as well as clustering or the hidden Markov model. Neural 

learning is currently the most hyped and growing learning type. Artificial neural networks (ANN) 

represent the foundation on which various kinds of neural learning techniques are based. Finally, classical 

evolutionary theories contain particle swarm optimization (PSO), bee algorithms, genetic algorithms (GA) 

and ant colony optimization (ACO). In order to increase accuracy, hybrid algorithms are gaining attention, 

which are combinations of various classes of algorithms, typically evolutionary methods with ANN based 

algorithms (Jha, Bilalovic, Jha, Patel, & Zhang, 2017). 

For enhanced usability, open source tools for machine learning applications are widely available to reduce 

redundancy and coding effort as well as to decrease the barriers of entry in this important field of data 

science. When applying these toolboxes, it is often sufficient to choose and clean the input data and 

decide on certain important parameters (hyperparameters) of the algorithm. Typical coding environments 

are Python, R and Matlab. This work focuses on Python due to its extensive toolkits and data-handling 

ability. For mainly shallow machine learning algorithms that are often compared to the neural network 

approach in literature, the ‘scikit-learn’ Python machine learning toolbox is available, which also includes a 

neural network section. It is freeware and commercially usable. For deep-learning applications there is 
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TensorFlow from Google and Keras that builds on top of TensorFlow with increased user-friendliness, as 

well as Lasagne based on the mathematical Python library Theano (scikit-learn, 2019) (TensorFlow, 2019) 

(Keras, 2019) (Theano, 2019) (Lasagne, 2019). Additionally, there are many more supportive kits and again 

the choice of library or framework depends on multiple criteria, such as pre-knowledge and application. 

3.3.1 Artificial Neural Networks 

As ANNs are the most discussed method of machine learning in many industries at the moment and as 

they also play a predominant role in this work, the theory behind those will be elaborated upon in this 

chapter. This applies as well to the energy industry, as time-series play an important role, such as in 

weather data, generation data and consumption data (Jha, Bilalovic, Jha, Patel, & Zhang, 2017) (Adinolfi, 

D'Agostino, Massucco, Saviozzi, & Silvestro, 2015). As an analogy for ANNs, the human brain as a 

biological neural network is often taken because it consists of a complex structure of interconnected 

neurons. Some neurons accept inputs and other create outputs, which is called ‘firing’. As an example, the 

human eye generates an input, which passes multiple neurons until an output is generated. This output can 

exemplary be the characters and the meaning of this thesis when read. This is achieved by hundreds of 

millions of neurons connected by billions of links between them, adjusted over millions of years to 

perfectly comprehend the visual world. Computer Science utilizes the brain as a biological role model to 

create ANNs. ANNs are a structured order of artificial neurons, each represented as a mathematical 

function, which takes an input to generate an output (van der Mei & Doomernik, 2017) (Nielsen, 2015). 

The most elementary version of ANNs is the single hidden layer feedforward neural network (SLFNN), 

which consists of one input layer, one hidden layer and one output layer. The input layer has as many 

neurons as inputs and the hidden layer consists of neurons with a (non)linear activation function (Qiu, 

Ren, Suganthan, & Amaratunga, 2017). All neurons are interconnected with a weight that declares the 

strength of the connection as it can be seen in Figure 7.  

In order to do classification or prediction with a neural network it has to be trained on labelled data. In 

literature, this data set is usually divided in training data, which represents the biggest portion, often 

around 80-90%, validation and testing data, each with equal shares of the initial data set. As shown in 

Figure 5, the training data set is used to train the ANN by adjusting weights and bias iteratively to obtain 

the output specified in the dataset. The smaller validation dataset is used for evaluation of the mapping on 

unseen data and fine-tuning of the relevant hyperparameters that have to be manually determined 

(number of neurons per layer, learning rate, etc.). It is important to assess that the model is not over-fitted, 

or in other words it is able to generalize and not only function well with known data. Finally, the 

performance of the trained model is tested on the test set and evaluated by typically using the root mean 

square error (RMSE) and/or the Mean Absolute Percentage Error (MAPE) as statistical tools for 

regression (Qiu, Ren, Suganthan, & Amaratunga, 2017) (Cai, Pipattanasomporn, & Rahman, 2019) . 

 

Figure 7: Scheme of a simple single-hidden-layer ANN 



 
 

9 

In Figure 7, xi stands for each input fed into the model, yj describes each output from the hidden layer and 

zk represents the output from the output layer. Wj-i denotes the weight of each hidden layer neuron 

connection with each input layer, while Wk-j represents the weight of each output-hidden layer connection. 

The output z1 or z2 is determined by value of the activation function of zk, taking into account all the 

weighted inputs from y. An example of this method could be if a picture shows a cow or a deer, which is a 

typical case of classification. 

Looking at one single neuron, the simplest type is the perceptron, developed by Frank Rosenblatt in the 

50s and 60s. Taking the first neuron from the hidden layer in Figure 7 as an example, the perceptron 

expects the inputs x1-3 to generate output the y1. For a perceptron the output is always 0 or 1 and is 

determined by the weighted sum of the inputs that has to be above a certain threshold or bias ‘b’ as shown 

in Equation ( 1 ) (Nielsen, 2015): 

 

𝑦1 =  {
0 𝑖𝑓 ∑ 𝑤1−𝑖 ∗ 𝑥𝑖 + 𝑏 ≤ 0

1 𝑖𝑓 ∑ 𝑤1−𝑖 ∗ 𝑥𝑖 + 𝑏 > 0
 ( 1 ) 

However, the representation of a neuron as a perceptron is not ideal for learning purposes in neuronal 

networks. In order to fine tune the mapping, slight changes to the weights or biases must be made. This 

incremental change should only evoke an equally small alteration in the network’s output. As the output of 

a perceptron is strictly 0 or 1, slight changes in the weights and biases could evoke the output to 

completely change for example from 1 to 0 or vice versa, which can drastically change the final outcome 

of the model in a complicated way. In order to work around this issue, today, nonlinear activation 

functions are used, such as the sigmoid function as the one shown in Equation ( 2 ) (Nielsen, 2015): 

 
𝜎(𝑧) =  

1

1 + 𝑒−𝑧
 ( 2 ) 

This transfers Equation ( 1 ) and therefore the output of the first hidden layer neuron to Equation ( 3 ) 

(Nielsen, 2015): 

 
𝑦1 =  

1

1 + 𝑒(− ∑ 𝑤1−𝑖∗𝑥𝑖−𝑏)
 ( 3 ) 

Figure 8 shows that fine tuning weights and/or biases that would result in an input change from -0.1 to 

0.1 would correspond to a change in output of the neuron from 0.475 to 0.525, if the activation function 

is a sigmoid function. However, if the neuron is a perceptron, the output would abruptly jump from 0 to 

1, which is challenging for training the neural network. There are many kinds of activation functions that 

can be used depending on the application. 

 

Figure 8: Step function (red) and sigmoid function (blue) 

During learning, the goal of the algorithm is to identify weights and biases so that the ANN’s output 

z(x,w,b) comes as close as possible to the actual a(x) from the dataset for all input xi. This can be achieved 

with the quadratic cost (QC) function or mean squared error or another kind of cost function as shown in 

Equation ( 4 ) while n is the number of inputs: 



 
 

10 

 
𝑄𝐶(𝑤, 𝑏) =  

1

2𝑛
∑‖𝑎(𝑥) − 𝑧(𝑥, 𝑤, 𝑏)‖2

𝑥

 ( 4 ) 

The aim is to find weights and biases that minimize or approximate QC towards zero. The stochastic 

gradient descent (SDG) algorithm is very common in machine learning to solve minimization problems 

but there are different kinds of algorithms applicable. In simplified words, it iteratively assesses the 

gradient ∇𝑄𝐶 by means of the backpropagation algorithm. Thereby it always moves on step ‘down the 

slope’ until a global minimum is found. This step size is also called ‘learning rate’. By alteration of the cost 

function, introduction of regularization approaches, such as dropout that improves generalization and 

many more techniques, the learning of the simple ANN introduced above can be enhanced (Nielsen, 

2015) (Goodfellow, Bengio, & Courville, 2016).  

Today’s focus in order to increase accuracy of prediction, is on deep neural networks, which introduce 

multiple hidden layers between the input and output layers. This abstraction of the prediction problem 

handles nonlinearities well but evokes the drawback of complexity and lower efficiency. This results in 

higher accuracies but decreases transparency and increases required computational power. Depending on 

the application, more specific kinds of feed forward neural networks, such as convolutional networks that 

are specialized on image recognition, or non-feed forward networks, such as recurrent networks that 

handle time series data well, have to be selected and specified. (Nielsen, 2015) (Cai, Pipattanasomporn, & 

Rahman, 2019). 

In addition to neural networks, this thesis also applies simpler models, such as random forests (RF), k-

nearest neighbors (KNN) and support vector regression (SVR). For additional information about the 

working principles of these three algorithms please refer to (Zeyu, Yueren, Ruochen, Srinivasan, & 

Ahrentzen, 2018), (Imandoust & Bolandraftar, 2013) and (Smola & Schölkopf, 2004), respectively. 

3.3.2 Related work within polygeneration and minigrids 

Regarding machine learning in polygeneration in particular but rather generally within AI, Kyriakarakosa 

et al. investigated the possibilities of particle swarm optimization (PSO) for sizing and optimization by 

allowing part load operation, while compared to an ON/OFF approach. The polygeneration minigrid 

itself was more complex than KUDURA, as it included PV-arrays, wind turbines, battery banks, 

electrolysis with an H2 metal hydride storage, a proton exchange membrane (PEM) fuel cell and a 

desalination unit. The loads were electrical power and potable water, hence, the excess heat from the PEM 

fuel cell remained unused. Firstly, a fuzzy cognitive map (FCM) was created with five concepts (minigrid 

frequency, state of charge of the battery bank (SOC), electrolyser, the desalination unit and the fuel cell), 

while some of the concepts were interconnected with weights that can be represented in a matrix. PSO 

was used to optimize the weighted connections in the map. Within the FCM, a petri-net was applied in 

order to activate different maps corresponding to the minigrid’s current state. Using this as an integrated 

energy management system, the operation was optimized, which resulted in a component reduction during 

sizing of up to 34% compared to the ON/OFF approach (Kyriakarakos, Dounis, Arvanitis, & Papadakis, 

2012). Furthermore, Karavas et al. investigated the possibilities of a decentralized management approach, 

where each device of the grid is controlled independently, as opposed to the centralized system described 

above. Economically, the decentralized solution outperformed the centralized solution (Karavas, 

Kyriakarakos, Arvanitis, & Papadakis, 2015). 

Ma and Ma reviewed various forecasting techniques for minigrids including statistical, intelligent and 

hybrid approaches which turned out to outperform the ANN-only approaches regarding power and load 

predictions. They stated that one of the critical aspects, when applying neural network-based systems, is 

the decision on input data. Additionally, two different approaches for solar power forecasting are 

presented. Namely, creating a mapping of predicted irradiance and solar power or forecasting of the 

irradiance according to sky-data (clearness, etc.) and calculating the corresponding output power. 

Moreover, for hourly load prediction with help of neural network-based algorithms important input data 

is a combination of historical load data, weather data (temperature values) and calendar types, according to 
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Raza and Khosravi, who reviewed AI based approaches to load forecasting (Ma & Ma, 2017) (Raza & 

Khosravi, 2015). 

Adionolfi et al. studied the possibilities of PV production and load forecasting, taking into account the 

weather forecast and current weather data. While the generation forecast has been done by linear 

regression, the load prediction was based on a neural network approach to estimate consumption 36h 

ahead. The proposed ANN is structured as a multi-layer perceptron with one hidden layer for simplicity 

and computational speed improvement. As network inputs, different kinds of historical load profiles and 

resolutions as well as the day of the week, weekday/working day and the temperature were fed in. Finally, 

the generation and consumption forecast as well as weather measurements and external constraints were 

introduced to an algorithm for working-point optimization in order to obtain the perfect working point 

for each distributed energy resource (DER) (Adinolfi, D'Agostino, Massucco, Saviozzi, & Silvestro, 2015). 

Zahraee et al. collected application areas of AI for optimization in hybrid energy systems based on 

previous academic papers. Their focus was on genetic algorithms, PSO, simulated annealing and 

combinations, which also incorporated ANNs. Areas of research were forecasting, cost minimization, 

operation and sizing (Zahraee, Khalaji Assadi, & Saidur, 2016).  

In their paper ‘Artificial Intelligence for Minigrid Planning’ van der Mei et al. compared an actual grid with 

a grid designed by machine learning regarding unit allocation (size and location of DER) and transmission 

length and location. The approach was to use a neural network to design expert systems that mimic 

human decision making, which in turn realized the actual grid planning. In their research this resulted in a 

theoretical reduction of transmission length of 60% compared to the installed grid. The ANN’s inputs 

were demand locations, load size, efficiencies, reliability, CAPEX and OPEX (van der Mei & Doomernik, 

2017). 

In their study, Hernández et al. investigated ANNs to predict short-term electricity consumption in 

minigrids. They found that clustering and pattern recognition of the data before being fed in the ANN 

increases the accuracy of prediction. Another result was that the longer the learning phase of the models, 

the smaller the error was going to be. Thus, the authors propose the sliding window system for training 

purposes (Hernández, et al., 2014). 

Wu et al. propose a deep learning-based optimization of minigrid energy management in a dynamic and 

adaptive way without forecasting the system state in the future. As it is typical for control strategies, the 

algorithm gives feedback in a closed-loop approach. The authors claim that their algorithm allows for a 

real-time and self-learning decision reasoning, which can be used for real-time scheduling throughout the 

day. Depending on the quality of current data, the algorithm optimizes the objective function to 

implement real-time decisions, the optimization of OPEX and enhances utilization of renewable energy 

resources (Wu & Wang, 2018). 

François-Lavet et al. propose a deep RL framework to optimize the operation of a minigrid with solar PV 

production, a battery and a hydrogen storage. The LCOE, through RL decision making of the storage 

dispatched, was improved compared to a naïve policy. Further improvement was achieved, the more 

information was provided, such as by electricity generation forecast. Additionally, the source code is 

published for testing (François-Lavet, Taralla, Ernst, & Fonteneau, 2016). 

Venayagamoorthy et al. developed an intelligent dynamic energy management system for a hybrid minigrid 

and compared it with one that is decision tree based. The intelligent system was based on adaptive 

dynamic programming and reinforced learning by using two multi-layered neural networks to optimize 

scheduling. While both algorithms were able to supply the critical load, the intelligent system was able to 

supply more of the none-critical load, while also taking into account optimal states for the battery system 

(Venayagamoorthy, Sharma, Gautam, & Ahmadi, 2016). 

Kofinas et al. investigated the application of fuzzy reward within reinforcement learning in a solar 

minigrid. The standalone grid consisted of a PV source, batteries and a desalination unit that had to cover 

the water and power demand. In order to schedule the interaction of these constituents, Q-learning was 
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successfully applied, as the water tank level stayed above 70% for most of the time and the battery SOC 

above 20%, apart from 4 deep discharge cycles. Only 0.8% of the annual load could not be covered 

(Kofinas, Vouros, & Dounis, 2018). 

Kuznetsova et al. assessed RL for a grid-connected microgrid consisting of a load of one consumer, wind 

turbines and batteries. The reinforcement learning (Q-learning based) was focused on the battery dispatch 

to maximise the battery usage during peak-load times and the exploitation of available wind power, taking 

into consideration wind power forecasts two time steps ahead. A comparison to other optimization 

methodologies was done with promising results for the RL-approach (Kuznetsova, et al., 2013). A similar 

approach was undertaken by Leo at al. who applied Q-learning based RL to a grid-connected, solar 

powered minigrid for optimized battery scheduling. It was shown that over the years, the battery usage 

and the exploitation of solar power could be increased, while the utilization of electricity from the grid was 

reduced (Leo, Milton, & Sibi, 2014). 

In the 5th chapter of their book ‘Microgrid – Advanced Control Methods and Renewable Energy System 

Integration’, Abouheaf and Mahmoud investigate different RL techniques for controlling microgrids in an 

optimal way. They distinguish between policy and value iteration and the outcomes of their simulations 

show the system stabilisation ability of the RL-based controller as well as its robustness to load 

disturbances (Abouheaf & Mahmoud, 2017). 

Additionally, in an industrial context there are start-ups emerging that focus on AI within the grid-

operation context. One of these, is the young Canadian enterprise ‘BluWave~ai’ that raised more than 

$1M of capital in their pre-seed round. Their AI based solution for grid operation optimization directly 

communicates with the grid’s control system and is claimed to be applicable for all kinds of scales form 

microgrids to mega-cities. One of their customers is the city of Summerside that optimizes dispatch for 

enhanced renewable resources exploitation as well as cost reductions (BluWave-ai, 2019). Another of 

BluWave~ai’s customers is the microgrid controller company Sustainable Power Solutions, which plans to 

embed BluWave~ai’s solution into their products (Burger, 2018). Germany introduced the EWeLINE 

project to support their ambitions towards 80% renewable power by 2050 through machine learning based 

power generation and demand forecasting. This project is a collaboration between Fraunhofer, the 

German Weather Service and the three German transmission service companies (EWeLINE, 2013). 

Additionally, big companies such as the North American transmission utility VELCO or the Californian 

utility company PG&E has invested heavily in their own machine learning solutions for enhanced 

renewable energy integration and supply-demand matching (VELCO, 2016) (MSEI, 2017). 

It can be summarized that the state of the art related to ML in polygeneration and minigrids focuses 

predominantly on controlling, forecasting and sizing, mainly by applying prevalent neural network-based 

algorithms. It has to be mentioned that the work listed above only displays an excerpt of literature about 

this topic instead of a complete review. Furthermore, most of the aforementioned literature is not focused 

on a rural context, while many even consider grid connectivity, which introduces a higher level of 

complexity. 

3.3.3 Related work in sub-topics of polygeneration systems 

Much research has been conducted about renewable electricity generation forecasting supported by 

machine learning, in particular by neural networks. Gligor et al. for example state that the usage of Feed 

Forward Artificial networks (FNN) as described in section ‘Artificial Neural Networks’, are well 

researched in solar PV power generation applications and names different kinds of forecasting examples. 

As a result, it has been presented that a longer regression window leads to higher accuracy but also results 

in the requirement of more potent computers (Gligor, Dumitru, & Grif, 2018). Jah et al. reviewed 39 

papers concerning machine learning within solar energy. Solar power and radiation prediction with neural 

networks or hybrid approaches were the main topics discussed, while system optimization and MPPT 

(Maximum Power Point Tracking) supported by AI has been studied as well. Additionally, studies about 

29 cases within wind energy, mainly discussing wind speed and power prediction are mentioned. Wind 
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generation system design, fault diagnosis and wind energy trading optimization by machine learning has 

been reviewed as well. Furthermore, papers were discussed about AI in geothermal energy, hydro energy, 

ocean energy, bioenergy, hydrogen systems and hybrid systems (Jha, Bilalovic, Jha, Patel, & Zhang, 2017). 

In their review paper, Youssef et al. collected several application areas for machine learning algorithms 

within the field of PV-system design and control. The main areas mentioned are system sizing, MPP-

tracking, inverter control, sun tracking, irradiance and power forecasting as well as fault detection. In most 

of the application areas neural network or NN-hybrid based algorithms are superior. Only in inverter 

control fuzzy/hybrid fuzzy controllers are most widespread and genetic algorithms are superior in sun 

tracking (Youssefa, El-Telbany, & Zekry, 2017). 

Much focus has been put on load forecasting with ANNs. Cai et al. present a comparison of a traditional 

statistical algorithm used for forecasting (ARIMAX) with varieties of deep recurrent (RNN) and 

convolutional neural networks (CNN). Network inputs comprise historical load data, as well as outdoor 

temperature. In this paper, the gated CNN was superior and showed an accuracy enhancement of 22.6% 

compared to ARIMAX (Cai, Pipattanasomporn, & Rahman, 2019). Furthermore, Qiu et al. compared 

support vector regression (SVR) with multiple neural network setups, including deep neural networks for 

load demand series prediction. The results show that most ANN varieties are superior to SVR regarding 

load forecasting accuracy. Moreover, deep networks outperformed single hidden layer models and 

conventional algorithms in handling nonlinear features and a proposed deep learning setup based on 

empirical mode decomposition resulted in the highest accuracies on average (Qiu, Ren, Suganthan, & 

Amaratunga, 2017). In their paper, Bedi et al. show the advantages in handling nonlinear behaviour and 

understanding short to long-term relationships of data of long short-term memory (LSTM) based deep 

neural networks for time series predictions. Furthermore, multi-input-multi-output (MIMO) mapping is 

tested for active learning in order to enhance forecasting. The results of the study show the prediction 

advantage of the LSTM based multi-window proposed model over SVR, conventional ANNs and 

regression based RNN (Bedi & Toshniwal, 2019). Fan et al. assessed deep RNNs to predict short-term 

building loads. They compared LSTMs and gated recurrent units (GRU), which are lighter versions of 

LSTMs, in terms of computational demand but often perform similarly well, which is also shown in this 

paper. Both applications allow for reuse of information and therefore are interesting extensions for time 

series forecasting. Furthermore, multiple enhancement methods are discussed in the paper, such as mixing 

recurrent and convolutional layers, using a bidirectional approach with great success and applying dropout 

to reduce overfitting to the known data. Finally, three methods for multi-step ahead forecasting are 

compared, namely recursive, direct and multi-input-multi-output (MIMO). They concluded that the direct 

and the MIMO approach are most successful regarding accuracy for short term forecasting (Fan, Wang, 

Gang, & Li, 2018). 

Concluding it can be said that work within distributed electricity generation and demand as subtopics of 

minigrids are predominantly focused on forecasting by means of ANN based systems. 
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4 Methodology 

This thesis will assess implementation potential for machine learning in polygeneration minigrids by 

KPEA (KUDURA Power East Africa), a subsidiary of RVE.Sol. Within the steps along a rural 

polygeneration project life cycle, in cooperation with RVE.Sol, electricity supply and demand matching 

has been depicted as most crucial for the company regarding inefficiency. In order to incorporate other 

application areas for ML within the given context and to obtain a holistic overview about the potential of 

ML in general polygeneration minigrids, further potential applications are being discussed in ‘Additional 

Application Areas of ML within KUDURA’ and ‘ML in General Polygeneration’.  

An overview of the methodology, building on the literature review, is given in Figure 9. The obtained 

knowledge from the literature review is applied to the case of RVE.Sol and its KUDURA polygeneration 

solution. As aforementioned, based on RVE.Sol’s preferences but also on typical minigrid challenges 

according to the literature review, electricity supply and demand balancing will be primarily addressed as a 

problem. In order to assess its magnitude and potential impacts of a possible DR-scheme as RVE.Sol’s 

preferred solution, an operational model for KUDURA will be developed. Based on the outcomes of this 

model, it will be evaluated how ML can support decreasing this inefficiency. Secondly, additional 

knowledge will be acquired by performing standardized interviews with experts in the field of ML in the 

energy sector. Tests on GHI and PV power forecasting will give insights in the applicability of ML in PV 

power forecasting using simulated weather data in a rural setting, as well as required data to be measured 

on site. Finally, based on the aforementioned steps, a demand response concept for RVE.Sol to improve 

the current situation supported by machine learning will be proposed, including data measurement 

requirements. All outcomes will be discussed separately in addition to implications drawn towards general 

polygeneration systems. A sustainability discussion about the DR concept for KUDURA and for ML in 

polygeneration systems will complete the picture. 

 

Figure 9: Umbrella Methodology 

The described problem or challenge oriented approach, as formulated in Figure 9 is motivated by a similar 

methodology used by Noe and Mocanu. Noe is focusing her work on the question if machine learning 

could address some of Africa’s challenges. She approaches this topic by identifying certain challenges that 

can be addressed by AI. Additionally, machine learning techniques towards addressing these challenges are 

emphasized. In addition to Noe’s study, this work will include the validation step by experts in order to 

account for the limited computer science background as well as more elaborated concepts (Noe, 2018). 

The approach of reaching out to experts by interviews or questionnaires is widely used academically in 

early stage research. Here, the target answer group is ‘purposive’, which means that a small sample of 

respondents is selected to conduct the questionnaire based on their knowledge of machine learning and if 

possible the energy sector (Rowley, 2014). Also, Mocanu used a similar preliminary approach in her 

dissertation, where she identified problems of smart grids and developed and validated machine learning 

mechanisms to address them. While Mocanu developed machine learning code to overcome the identified 

problems, this work will be limited to algorithm testing in the specific case of solar PV power forecasting 

and concept development for RVE.Sol, utilizing algorithm toolboxes (Mocanu, 2017). Considering solar 

irradiance and PV power prediction, the methodology of comparing various ML algorithms is widely 

applied in literature, such as by Wang et. Al. who compared GRU-DNNs with conventional machine 
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learning algorithms or by Kim et. al. who evaluated various algorithms for PV power forecasting from 

weather forecast and observation data (Wang, Liao, & Chang, 2018) (Kim, Jung, & Sim, 2019). This study 

differs in its attempt to train machine learning models with simulated weather and irradiance data in order 

to predict real PV power output based on actual weather forecast data, while other studies predominantly 

train and test on real or on simulated data. The attempt to use simulated data to predict real PV output 

aims to overcome the problem of deficient historical generation data, while still being able to predict the 

day-ahead PV output power. 

4.1 Energy Balance & Demand Response Model of KUDURA 

In this section, the methodology will be presented on how an operational model of a given RVE.Sol 

minigrid is created to assess the magnitude of the power supply and demand mismatch. In order to show 

the potential environmental and economic impacts of a (machine learning supported) DR application, 

leading to a more customizable demand side management due to prediction of excess energy, a demand 

side management model will be included. Moreover, a sensitivity analysis will show the change in 

economic and environmental indicators, if input parameters, such as acceptance, fuel cost and load growth 

vary. The language used to develop the model is Python, because of its powerful data handling 

capabilities. Furthermore, as aforementioned there is a wide range of machine learning frameworks that 

can be used with Python, given that sufficient data and computational power is available (Python Software 

Foundation, 2019). 

4.1.1 Profiles of PV power production and electricity demand 

In order to assess the potential mismatch of PV electricity production and electricity consumption of a 

certain community, modelling the demand and supply profile is the first step. This visualizes the difference 

in electricity production and consumption at any given time during the year. The smaller the time steps the 

better the resolution, which would increase the accuracy of the model in terms of resembling reality. 

However, due to lack of high resolution solar and load data a resolution of one hour has been chosen, 

which already introduces inaccuracies. Comparing both parameters over time, the consumption and 

production surplus can be calculated at any given moment to schedule dispatch of storage or backup 

generators. Figure 10 illustrates a typical PV production – consumption profile, where the mismatch of 

supply and demand is clearly shown.  

 

Figure 10: Typical PV electricity generation & consumption profiles (Moner-Girona, et al., 2018) 

Solar Power Production 

The sites of RVE.Sol’s minigrids are rather remote, which results in limited access to reliable TMY (typical 

meteorological year) data. This data is required in an hourly resolution over an entire year. Hence, TMY 

data from the PVGIS (Photovoltaic Geographical Information System) by the European Commission has 

been chosen. This data is satellite based in order to cover a more extensive area (European Commission, 

2017). Table 1 shows relevant hourly variables for the calculation of PV power at any given time included 

in the TMY-csv file. 
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Table 1: Relevant variables included in TMY data (European Commission, 2017) 

Variable Unit 

Dry Bulb Temperature °C 

Global Horizontal Irradiance (GHI) W/m2 

Direct Normal Irradiance (DNI) W/m2 

Diffuse Horizontal Irradiance (DHI) W/m2 

Wind speed m/s 

 

For the calculation of the hourly PV power, the Open-Source Python package pvlib is used, which 

requires the variables listed in Table 1 and Table 2 as input parameters. Here, the system of the site 

‘Namagumba’ (15 kW AC power grid, 18.5 kWp PV capacity, 72 kWh battery pack, 22 kVA genset) is 

used, however the model allows to select any available site and automatically adapts relevant parameters, 

such as load profile and component size. Pvlib includes various classes and methods for modelling solar 

power systems. (Holmgren, Hansen, & Mikofski, 2018). From this variety of classes and methods, this 

work applies the classes ‘Location’, ‘PVSytem’ and ‘ModelChain’ and ‘ModelChain’s’ function run_model. 

‘Location’ defines the PV-array’s geographical location by latitude, longitude, time zone and altitude. 

‘PVSystem’ sets up the PV system, applying information about angles, albedo as well as the panel and 

inverter selected from a database. Finally, ‘ModelChain’ takes the two other classes and applies models for 

clear sky, transposition, solar position, airmass, angle of incidence, spectral and temperature to calculate 

relevant model parameters, such as AC and DC power output, voltage and current. The applied models 

are shown in ‘Appendix 8: Pvlib input parameters for MBB model’. In order to achieve an AC power of 

15 kW, 3 strings with 19 panels are installed, resulting in approximately 18.5 kWp installed PV capacity. 

‘Appendix 1: Trina Solar TSM-325 PD14’ shows the technical data sheet of the Trina Solar PV-panels 

utilized and ‘Appendix 2: InfiniSolar 5 and 10 kW On-Grid Inverters’ that of the Voltronic inverters. As 

these inverters are not available in the pvlib database, the Fronius IG Plus 5.0-1 inverter was used 

alternatively, as it best resembles the Voltronic inverter in terms of AC output power, efficiency and 

voltages. 

Table 2: Data required and used for PV production modelling (*1) Substitute for Voltronic inverter) 

Variable Value RVE.Sol 

TMY Data (Table 1) Taken from EU Commission 

Location (Latitude, Longitude, 

Orientation, Altitude) 

(0.346°N, 34.107°E, South, 

1155 m) 

Tilt Angle 5° 

Reference Azimuth Angle 180° 

Surface Type Grass 

PV Module Trina Solar 325 PD14 

Inverters Fronius IG Plus 5.0-1*1) 

Modules per String 19 

Strings per Inverter 1 

Strings in Array 3 

Losses Default 

 

Electricity Consumption 

As the minigrids are not running yet and data from the pilot site ‘Sidonge’ is not reliable, the hourly load 

had to be estimated. Therefore, a community load pattern for each new site was provided by RVE.Sol 

based on individual estimated loads for households, businesses and public street lighting, while water 

purification is included in the business pattern. This load pattern resembles one day of the year with 
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hourly resolution and is taken for all days. Due to confidentiality, the individual load patterns are not 

shown. It has to be mentioned that this implies severe simplifications as important daily or seasonal load 

variations cannot be depicted. 

4.1.2 Operation Model 

This model will simulate the operation of the minigrid of the selected site. It will visualize an energy 

balance, including the SOC of the batteries, electricity ‘not produced’, as in curtailed PV power and when 

which DER is employed. The time step taken for modelling the system is one minute. The model will be 

run for 10 years and will return the revenues, the operating expenses (fuel, maintenance, …), the curtailed 

PV power, the renewable fraction and emissions (CO2 & particulate matter) as it is shown in Figure 11. As 

the model aims for already existing and/or designed sites, CAPEX is not included. Hence, focus is on 

operational and maintenance costs only, while equipment replacement cost is omitted. 

 

Figure 11: Input and Output overview of KUDURA System model 

Input parameters 

Parameters included in the model are the PV power and the electrical load discussed in the previous 

sections, as well as information about the battery pack and the diesel generator. Values regarding the 

battery pack can be found in Table 3 and those concerning the diesel generator are depicted in Table 4. 

The datasheets of the batteries and of the diesel generator set can be found in ‘Appendix 3: Narada REX-

1000 Lead Acid Battery’ and ‘Appendix 4: Kohler K22/33 Diesel Generator’, respectively. 

Table 3: Battery (Narada Rex 1500) attributes for model (Narada, 2012) (HOMER Energy, 2018) 

Attribute Value Unit Comment 

Capacity 72 kWh For the selected site 

Max. Depth of Discharge 60 % Set by RVE.Sol 

Round-trip efficiency 80 % Simplification made according to HOMER 

 

As the aim of this thesis is not an exact model of the KUDURA system but to identify areas in the energy 

balance that could be improved by AI, the approximated round trip efficiency that is independent of the 

current is taken as adequate, even though it does not accurately resemble charging and discharging 

behaviour of the batteries. Thus, Equation ( 5 ) resembles the charge function of the battery that updates 

the SOC at any given moment. ‘enAdd’ stands for the energy to be added and effroudntr for the round-trip 

efficiency. This function will be called if the energy to be added times the root of the round-trip efficiency 

is smaller or equal to the remaining capacity. In any other case the SOC will be updated to 1.  

 
𝑆𝑂𝐶(𝑡𝑠) =

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡𝑠 − 1) + 𝑒𝑛𝐴𝑑𝑑(𝑡𝑠) ∗ √𝑒𝑓𝑓𝑟𝑜𝑢𝑛𝑑𝑡𝑟

𝑀𝑎𝑥𝑖𝑚𝑎𝑙 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦
 ( 5 ) 

The corresponding function that models the battery discharging behaviour and updates the current state 

of charge is shown in Equation ( 6 ), where ‘enRequ’ stands for the energy required from the minigrid at 

any given time. This function is called if the available capacity is bigger than or equal to the energy 

required, divided by the square root of the round-trip efficiency. In any other case the remaining available 

capacity (no discharge below SOC of 0.4 allowed) is discharged and the SOC updated. 
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𝑆𝑂𝐶(𝑡𝑠) =

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝑡𝑠 − 1) +
𝑒𝑛𝑅𝑒𝑞𝑢(𝑡𝑠)

√𝑒𝑓𝑓𝑟𝑜𝑢𝑛𝑑𝑡𝑟

𝑀𝑎𝑥𝑖𝑚𝑎𝑙 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦
 

( 6 ) 

In order to be able to schedule battery exchange, the equivalent full cycles (EFC) are accounted by 

applying Equation ( 7 ) over the whole timeframe of the project (Dufo-López, Lujano-Rojas, & Bernal-

Agustín, 2014). 

 
𝐸𝐹𝐶 =

∑ 𝐸𝑛𝑒𝑟𝑔𝑦 𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑑

𝑁𝑜𝑚𝑖𝑛𝑎𝑙 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦
 ( 7 ) 

 

Table 4: Diesel Generator (Kohler SDMO K22) attributes for model (Kohler, 2017) 

Attribute Value Unit Comment 

Rated power 15.6 kWe 17.2 kWe in emergency 

Tank capacity 50 l  

Consumption 

4.5 

3.3 

2.3 

l/h 

100% load 

75% load 

50% load 

Emission PM 0.20 g/kWh  

 

Fuel consumption at any given time step ts is approximated with a linear approach, taking the points at 

100% load and 50% load resulting in Equation ( 8 ). This does not accurately resemble real generator 

behaviour, where part-load efficiency below 50% rated power significantly decreases. However, for the 

aim of this work this simplification is justifiable as focus is laid on machine learning. The cumulative CO2 

emissions will be based on fuel consumption, as shown in Equation ( 9 ) (Rukumini, Harun, Adisasmita, & 

Sitepu, 2014): 

 
𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 [

𝑙

ℎ
](𝑡𝑠) = 4,4 ∗

𝐿𝑜𝑎𝑑 [𝑘𝑊] (𝑡𝑠)

15.6 𝑘𝑊𝑒
+ 0.1 ( 8 ) 

 

 
𝐶𝑂2𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 [𝑘𝑔] = 𝑚𝑓𝑢𝑒𝑙[𝑘𝑔] ∗ 𝐶𝐷𝑖𝑒𝑠𝑒𝑙[%] ∗

𝑀𝐶𝑂2

𝑀𝐶
 ( 9 ) 

In Equation ( 9 ), mfuel stands for the mass of fuel used throughout the monitored time, CDiesel for the 

weight-based carbon content in diesel and M for the molar masses. Additional important inputs for the 

model are depicted in Table 5. 

Table 5: Further important input parameters (GlobalPetrolPrices, 2019) (Fioriti, et al., 2017) (Trina Solar, 2016) (Umweltbundesamt, 2016) 

Attribute Value Unit 

Fuel cost 106 KES/l 

Maintenance cost generator 5 KES/kWh 

Maintenance cost PV 1,615 KES/kWp/year 

Degradation PV 0.7 %/year 

Maintenance cost battery 0 KES/year 

Electricity tariff (KUDURA) 70 KES/kWh 

CDiesel 0.8632 % by weight 
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Decision Tree Based Dispatch 

To model the behaviour of the minigrid at any given time step, a decision tree approach is taken as it can 

be seen in Figure 12. Here, ∆P represents the difference between PV power and load at any given time. As 

described in ‘Electricity Consumption’, the water filtration will be assumed as a baseload during certain 

hours of the day because water consumption is very uncertain and low by experience of RVE.Sol. 

However, for integrity reasons it is included in the diagram as a dotted path but will not be part of the 

decision process of the model. If there is excess electricity and the SOC is 1 this electricity would not have 

been generated, as the consumption of the filtration is already included in the load. 

 

Figure 12: Decision tree for operational model at any given time step (Water tank not considered in actual model due to uncertainties of water demand; 
thus, it shown as a dotted arrow) 

The code in Python is divided into separate files for clarity. There is a module for the PV production and 

load as well as a class each for the battery pack and the diesel generator. The main function will take 

inputs from all these modules to calculate the relevant output of the model. The logic of the main 

function is shown in Algorithm 1 in ‘Appendix 5: KUDURA- and DR-model code logic’. 

In order to address the supply and demand mismatch of the KUDURA system that will be quantified by 

the previous section, a demand response scheme has been decided to be a viable option in close 

collaboration with RVE.Sol. Therefore, an additional model based on the operational model will be 

developed to obtain an estimation of the scheme’s potential impact. The demand side management 

function runs every day in advance and inserts the current SOC of the batteries from the day before. 

Thereby it returns at which time steps (ts) excess energy would be available, when the battery was 

discharged, when the generator was operated and how much excess energy could have been produced 

over the entire day. Based on this output, the model manipulates the actual load profile by subtracting the 

load at times of generator usage and battery discharge respectively. An acceptance factor (0 to 1) will 

consider the inflexibility of certain loads, as well as the acceptance to the demand response scheme by the 

community. The subtracted load will be added to times when energy would have been lost otherwise. 

These are times of the day when the battery is fully charged, the water tank is full, and PV power exceeds 
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the initial load. Algorithm 2, in ‘Appendix 5: KUDURA- and DR-model code logic’ shows the simplified 

logic of the demand side management model.  

To obtain the Python code files, please contact the respective department at KTH or the author, as they 

are not included in the thesis for enhanced compactness. 

Limitations 

The model has various limitations, such as approximated linear operation modelling of batteries and diesel 

generator, a constant load pattern over seasons and days of the week and very static modelling of the 

demand response program. Additionally, a demand response system, such as the one modelled, would 

potentially not only shift the peak, but also shave it. This could result in decreased overall consumption 

during high peak times without necessarily shifting it (Annala, Viljainen, Tuunanen, & Honkapuro, 2014). 

However, this is not considered in this work. Nevertheless, it is sufficient to visualize the problematic 

areas within supply and demand matching of a given minigrid and what effect a DR-scheme could have 

on the system from an economical and environmental perspective. Furthermore, it provides insights of 

how to approach the arising problems with machine learning and is thus supportive for the machine 

learning concept. 

Sensitivity Analysis 

A sensitivity analysis will show how the model outcomes vary according to variations of external factors 

that are hardly influenceable.  Therefore, 17 cases in addition to the base case have been predefined but 

can be expanded arbitrarily. These 18 cases can be divided in umbrella sections, namely the base case, load 

growth variations, acceptance factor variations, different fuel prices, annual fuel price increases, and 

changing super high and super low tariff. The exact changes of the aforementioned variables can be seen 

in Table 14 in ‘Appendix 6: Sensitivity Cases’. 

4.2 Expert Interviews 

To enhance the knowledge of machine learning, expert interviews in form of anonymous questionnaires 

will be conducted. The questionnaire contains a balanced share of quantitative and qualitative questions, in 

order to obtain specific answers. Additionally, the survey will be designed to not induce any bias to the 

respondent and trigger their creativity. This will for example be done by asking open questions first, 

before offering answers to select from. Furthermore, the survey will converge to more specific questions 

and problems from rather wide, basic and open questions. Thus, the survey can be divided in 5 main 

section. It will start with a landing page, where the survey and the author are introduced. This will be 

followed by very broad questions, on where AI/machine learning could be applied within the given setting 

of rural polygeneration. Then the survey will converge to the main focus of PV power and community 

load prediction to support a potential demand response scheme. The fourth section will focus on the 

usage of reinforcement learning to decide on an optimized electricity price at any given moment. Finally, 

some statistical information will be gathered. As the survey is of considerable length due to the complexity 

of the topic, only the most important questions are made compulsory to increase the response rate.  

The survey will not aim for quantity in terms of responses but rather for quality. Thus, the target 

participants will be hand-picked and previously contacted via phone or face-to-face to ensure their 

suitability to answer the questions. In J. Rowley’s guide to questionnaires this is called ‘purposive’ sample 

type (Rowley, 2014). ‘Appendix 7: Survey Design’ shows the full questionnaire design. 

Feedback that the survey is too long and difficult resulted in a short version with only question 3 and 4, as 

well as a new release of the complete survey without questions 1, 2, 5, 10 and 11. 
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4.3 Data-driven Irradiance and PV power prediction 

In order to potentially enhance the acceptance of the previously discussed DR-scheme, PV power and 

community load could be predicted for the upcoming day in order to obtain the quantitative mismatch. 

Thus, DR incentives could already be released one day ahead to increase plannability. As no historical load 

data is available, this thesis practical machine learning part focuses on the PV power prediction side. 

As there is no previous, historical PV power generation data, no direct machine learning prediction can be 

conducted. However, historical, simulated, hourly weather data including irradiance (GHI & DHI) has 

been made available, which makes PV power prediction possible. Therefore, hourly PV power will be 

modelled by using the aforementioned pvlib framework. As it requires DNI as an input, this parameter 

will be derived from GHI, DHI and the solar zenith angle (sza) by Equation ( 10 ) (Vignola, 2012): 

 
𝐷𝑁𝐼 =  

𝐺𝐻𝐼 − 𝐷𝐻𝐼

cos(𝑠𝑧𝑎)
 ( 10 ) 

Irradiance and PV power forecasting, as any other machine learning problem, can be divided into several 

steps in accordance with Aurélien Géron. In his book he lists six major steps to be followed in every 

machine learning project, beginning from outlining the problem at hand. This is followed by the most 

time and work consuming three steps: Obtaining the data, investigating it and preparing it for the machine 

learning models. Finally, the actual machine learning process includes comparing different models to 

obtain a superior solution and fine tune these models by altering their hyperparameters (Géron, 2017). 

The open-source scikit-learn package for python will be used with its predefined models and functions for 

k-nearest neighbour (KNN), support vector machine (SVM), random forest (RF) regression and Multi-

Layer Perceptron (MLP) neural networks (Pedregosa, et al., 2011). Keras running on TensorFlow will be 

used for recurrent neural network regression tasks (Chollet, 2015) (Abadi, et al., 2015), for which 

Pedersen’s lectures will be utilized as an approach example (Pedersen, 2018).  

4.3.1 Outlining the problem 

The objective of this machine learning task is to obtain an understanding of which input data is essential, 

as well as which algorithms are applicable to predict irradiance and PV power. As no direct historical PV 

output data from RVE.Sol’s sites is available, it is particularly interesting to examine if simulated weather 

data can perform equally well as measured weather data in predicting real PV output power.  

Thus firstly, simulated data from Kenya will be compared to measured weather data from Nuremberg as 

well as how both datasets perform on predicting GHI with a simple RF regression algorithm. For this 

comparison RF is chosen, as it offers a sensible trade-off between accuracy and model-complexity for 

regression tasks according to survey responses and literature. To obtain a first overview of which 

algorithm performs best for simulated data, RF, SVR, KNN, MLP and a neural network with a Long 

Short-Term Memory cells (LSTM) will be used for GHI forecasting. Furthermore, simulated Kenyan GHI 

and DHI will be calculated to PV output power for the Mudoriko & Bwiri Bwiri (MBB) community with 

the coordinates 0.19°N and 34.05°E, as it is planned to be the earliest to be commissioned. Component 

sizes of the 40 kW AC grid at MBB are 47 kWp PV capacity, a 144 kWh battery pack and a 33 kVA diesel 

generator. PV power modelling will be conducted according to the previously discussed methodology in 

pvlib. The exact pvlib input parameters and chosen models are shown in ‘Appendix 8: Pvlib input 

parameters for MBB model’. Subsequently, the aforementioned algorithms will be applied to train 

machine learning models to predict the hourly PV power profile one day ahead. Validation with real data 

has to be made with the GHI prediction model as real maximum PV power output cannot be measured 

on site due to demand dependencies. Figure 13 illustrates the six steps to approach the problem. 
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Figure 13: Overview of machine learning driven Irradiance and PV power output forecasting methodology 

In accordance with the literature review, these regression problems are classical supervised learning tasks 

with historical data that is labelled to the two irradiance parameters or directly to PV power. Performance 

of the model will be tracked by applying the ‘root mean square error’ (RMSE), which denotes the standard 

deviation of the errors that the model performs within its forecasts. The RMSE is a typical performance 

indicator for regression tasks and calculated as in Equation ( 11 ) (Géron, 2017): 

 

𝑅𝑀𝑆𝐸 (𝑋, 𝑝) = √
1

𝑛
∑(𝑝(𝑥(𝑖)) − 𝑦(𝑖))2

𝑛

𝑖=1

 ( 11 ) 

Here, n stands for the number of data instances the RMSE is evaluated on, x(i) is the feature-vector of the 

ith instance and y(i) its corresponding label, X denotes a matrix with all features (x(i))T. Finally, p represents 

the prediction function that aims to approximate �̂�(𝑖) =  𝑝(𝑥(𝑖)) to 𝑦(𝑖)  taking into consideration 𝑥(𝑖). 

For enhanced comparability, the RMSE is normalized to the nRMSE and standardized to the sRMSE. 

Normalization is performed by dividing the RMSE by the difference of the maximal observed and 

minimal observed value, while for standardization, the RMSE is divided by the standard deviation of 

observations. 

The system to be used for the tasks is a Lenovo Thinkpad E485 with an AMD Ryzen 5 2500 U CPU and 

8 GB of RAM. 

4.3.2 Obtaining, investigating and Preparing data 

Firstly, the required data must be determined. In this case, as real PV power is not available, GHI and 

DHI in maximum hourly resolution over at least two to three years is required, accompanied with as many 

weather parameters as possible. This data should preferably be measured to not exclude important 

dependencies or include artificial ones. Parameters that do not perform well, are of bad quality or not 

possible to use in a real-life forecasting scenario can be dropped later (Géron, 2017).  

Contact with the meteorological department of Kenya revealed that hourly radiation is not measured in 

Kenya. Only wind speed, temperature and pressure are measured hourly, while wind speed is the only 

digitalised parameter in this resolution. Thus, Meteoblue, a Basel based weather forecasting and simulation 

enterprise that offers 35 years of historical, hourly weather data has been contacted. These approx. 35 

years accumulate to 301,055 datapoints for each input feature. The University of Basel spin-off granted 

this thesis project one location for their history plus service, including the aforementioned historical data 

for academic purposes (Meteoblue, 2018). This data includes GHI and DHI, temperature, humidity, sea 

level pressure, low and for some time steps high resolution precipitation, sunshine duration per hour and 

wind speed at 10 and 80 m as well as the wind directions at the respective altitudes. The location that has 

been chosen for history plus is the MBB community, as it is assumed to be the first community to be 

commissioned and running. 
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Time features, such as day of the year and hour of the day will be manually generated. As the zenith angle 

is expected to be strongly correlated with the radiation, it will be added as well and has been obtained 

from the National Renewable Energy Laboratory that offers a free tool for its calculation (NREL, 2003). 

Here, 5-minute resolution angles will be used to create average hourly angles. 

To compare the prediction performance of this simulated data set to measured weather data, an additional 

data set with measured hourly values from Nuremberg Airport has been obtained for approximately 4 

years. This data is publicly available by the DWD’s (German Weather Service) climate data centre. Here, 

each attribute had to be manually extracted and then merged to one data matrix (DWD, 2019). The 

parameters that will be used are GHI and DHI, sunshine duration, zenith angle, cloudiness, temperature, 

humidity, wind speed, wind direction, precipitation and local pressure. For the measured data, only 36,480 

datapoints are available for each feature. 

For data investigation Jupyter notebooks will be created for each set that can be requested as separate 

documents from the respective KTH department or the author (Kluyver, et al., 2016). Firstly, a training 

and testing set will be established with a share of 80% to 20% respectively, while the testing set will 

remain untouched. For each attribute, the datatype, missing values and outliers will be explored. 

Additionally, to assess the correlation among the parameters, correlation matrices as well as data 

visualization will be performed. Finally, extra features will be added that were not originally part of the 

dataset, such as day of the year to include seasonal dependencies as well as hour of the day. 

Data preparation firstly will involve cleaning the data i.e. fixing outliers and missing values either by 

dropping them or filling them in an appropriate way, such as using the mean. Furthermore, if some 

features do not seem promising or are not feasible to obtain in a real-life forecasting situation, they will 

optionally be dropped from the data set. If needed, some features can be adapted for machine learning. 

These adaptions include discretisation, decomposition and transformations as well as aggregations. 

However, in this project, data will not have to be transformed, as it is already numerical. Finally, the data 

must be standardized or normalized (for ANNs). Here, standardization will be selected as it is not as 

susceptible to outliers, while data for neural networks requires normalization (Géron, 2017). Both scaling 

options are implemented with predefined functions in scikit-learn. All the feature engineering will be 

summed up in one function or so-called ‘pipeline’ that automatically transforms the whole dataset. 

4.3.3 Machine Learning 

For fine-tuning the hyperparameters of the model, cross validation and grid or random search will be used 

that are combined to gridSearchCV/RandomizedSearchCV in scikit-learn. Hence, obtaining a superior 

model, with which the final prediction will be made. While grid search compares performance with each 

given parameter possibility against each other, random search randomly takes parameters within the given 

boundaries and trains a predefined number of models. As the data are time-series, k-fold cross validation 

could theoretically be problematic, and time-series cross validation should be used alternatively. However, 

similar studies, which apply 10-fold cross validation for hyperparameter tuning, such as by (Chen, Duan, 

Cai, & Liu, 2011) and (Bergmeir, Hyndman, & Koob, 2018) showed that standard k-fold cross validation 

often proves to be the best choice even for time series data. Here, k-fold and time-series cross validation is 

tested and the model with superior performance selected. This will not apply to the recurrent neural 

network with LSTM cell, as computational power will be insufficient for gridSearchCV combined with 

this ML algorithm. Thus, the number of neurons in the hidden layer will have to be manually tested. For 

the grid search parameters and random search boundaries considered, please refer to ‘Appendix 11: GHI 

Predictions – Hyperparameters and Input features’ and ‘Appendix 12: PV Power Predictions – 

Hyperparameters’. 

4.3.4 Validation of Predictions 

As the KUDURA systems will not produce maximum output power throughout the day due to demand 

dependencies, the PV power predictions cannot be directly validated. Since PV power predictions are 
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partly based on irradiance, GHI predictions will be taken for validation, as it can be measured throughout 

the day. In order to capture all the possibly induced errors, 4 different GHIs should be compared: 

• Measured GHI with pyranometer 

• Simulated GHI by Meteoblue 

• Predicted GHI with weather parameters by Meteoblue by pretrained superior model  

• Predicted GHI with weather parameters by weather forecasting service Accuweather by 

pretrained superior model. 

The error compared to pyranometer measured GHI is expected to increase in descending order among 

the four bullet points, as for each point a new potential error source is introduced. Unfortunately, the 

pyranometer obtained GHI will not be part of the thesis as the field trip had to be postponed. The 

measurements and predictions have to be made over an extended period of time. Here, one week 

(15.07.2019 – 21.07.2019) will be used, however for enhanced validation, a longer period shall be tested as 

part of future work including the measured GHI values. The hourly weather forecast input parameters 

(temperature, humidity, precipitation and wind speed) will be taken from Accuweather at midnight 

(12 am) Kenyan time of the day to predict GHI. Towns available on Accuweather in close proximity to 

the MBB site are Sio Port (approx. 5km linear distance) at Lake Victoria and Ukwala (approx. 15 km linear 

distance) further inland. Both forecasts will be considered, and the better performing location will be 

selected for GHI comparison. For the upcoming field trip, the same GHI predictions will have to be 

made but they will be compared to actual measured GHI. Therefore, a measurement device will be 

horizontally placed at 0.19°N and 34.05°E at MBB to record the GHI for 24 h in 30 second resolution, 

which will be averaged to hourly values. In the best case this measurement device would be a calibrated 

pyranometer. If none will be available on site, the developed PV reference cell based pyranometer 

prototype will be used. For more information about this device refer to ‘Appendix 13: Pyranometer 

Prototype’. Otherwise, the illuminance in lux could be recorded by a Samsung Galaxy S7 using its 

integrated sensor and the ‘phyphox’ application developed by RWTH Aachen and converted to irradiance 

with the global luminous efficacy of 105 lm/W (Littlefair, 1985). Using a smartphone to capture the 

illuminance, is extremely inaccurate and therefore will only be used as a last possibility. 

4.4 Machine Learning Concept in rural minigrid energy 

balancing 

Finally, based on the outcomes of the previous chapters, a demand response concept based on machine 

learning will be developed to address the mismatch of electricity supply and demand. This includes 

deciding on an applicable machine learning technique and algorithms in accordance with the literature 

research and expert knowledge as well as defining the data that needs to be gathered. Determination of 

input data will be made in reference with literature, experts and by testing the feature correlation to the 

desired output where applicable. 
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5 Results  

One of the largest challenges for rural polygeneration minigrids according to RVE.Sol and literature is the 

matching of electricity supply and demand. Especially in solar PV based grids this is evoked by 

intermittency of solar power and daily sun cycles as well as the typical load peak during the evening. A 

further challenge within the part of operation is the controlling of the grid (Calise, di Vastogirardi, Dentice 

d'Accadia, & Vicidomini , 2018). Additionally, within the area O&M (Operation and Maintenance), 

maintenance of the minigrid components has potential for improvement as well as fraud detection, such 

as electricity theft. Towards the beginning of the minigrid value chain, preliminary site identification, 

surveying for load assessment and preliminary sizing for investor attraction has potential for efficiency 

enhancement in the case of RVE.Sol.  

This section will reveal the applicability of machine learning in some of the aforementioned fields, as well 

as a concept tailored to RVE.Sol’s KUDURA system including algorithm choice and input data 

requirements. Focus has been laid on the operational side of the value chain, in particular, the mismatch 

of electricity supply and demand. Thus, the results of the operational model will be presented followed by 

a summary of the survey answers. Finally, the machine learning-based solar irradiance prediction testing 

and the ML-supported DR scheme is presented and elaborated. 

5.1 Energy Balance Model Results 

5.1.1 Base Scenario 

As expected by RVE.Sol, the results of the simplified energy balance model indicate that a considerable 

share of the solar energy available is not transformed into electricity. The electricity that is not generated is 

highlighted with the red pattern over the yellow filled ‘max. PV power available’ within Figure 14. In the 

graph on the left it is clearly visualized that throughout daylight hours the solar PV power potential 

exceeds the community load by far. This and the fact that the battery pack is not sized to capture a whole 

day of electricity generation results in fully charged batteries at approx. noon during this day and no usage 

for additional electricity that could be converted from the available solar energy. Moreover, it can be 

observed that in the evenings, when the sun has set, the community load peaks. As no solar PV power is 

available at this time of the day, the battery is discharged to cover the whole peak demand until it reaches 

its minimum SOC of 40% and the diesel generator backs up to ensure load coverage at night. As 

aforementioned, it is assumed that water purification is already part of the load, which eliminates this as an 

additional buffer for the red patterned zone. 

 

Figure 14: Energy Balance on January 4th & year 5; Left without demand response scheme; Right after demand response scheme 

Applying a demand response scheme could reduce the mismatch between electricity generation and 

demand. The right graph of Figure 14 shows the energy balance after modelling a DR scheme with an 

acceptance rate of 30%. This means that 30% of the electricity supplied by the genset and the batteries 

will be shifted to times when electricity is ‘wasted’, as long as there is availability. Naturally, this would 
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look more distributed than in the graph, however, for increased coding efficiency it has been implemented 

as shown. There is still a small amount of ‘power not produced’ over the given day, since the system starts 

with increased remaining battery charge in the day and especially because 30% of the genset and battery 

supplied electricity is not sufficient to cover the whole amount of ‘wasted’ electricity. It is also displayed 

that during this particular day the need to use the diesel genset is almost eliminated, which indicates major 

savings in OPEX. At the end of the day, the battery still shows a SOC of approx. 50%, while without the 

DR scheme, the battery reaches its maximum DOD around 11 pm. According to African electrification 

experts, including RVE.Sol employees, the community is most likely to be price sensitive when it comes to 

incentivise load shifts. Thus, while the normal electricity tariff is ca. 70 KES/kWh, four new tariffs have 

been introduced as shown in Table 6, depending on the availability of solar electricity. With an exchange 

rate of 1 KES to €0.0086 on 1st of July 2019, 70 KES/kWh correspond to approximately €0.6/kWh (XE, 

2019). 

Table 6: Tariffs to incentivize demand response scheme 

Tariff 
Value 

[KES/kWh] 

Time 

Super High 90 During diesel genset usage 

High 75 During battery usage 

Low 65 During sun hours & SOC < 1 

Super Low (Happy hour) 55 During ‘wasted’ energy hours 

 

From a qualitative perspective, as it can be seen in Table 7, the demand response supported model 

outperforms the normal system in every indicator, as has already been visualized in Figure 14. 

Table 7: Qualitative improvements of financial and environmental parameters by DR scheme (numbers accumulated over 10 years and apart from 

battery cycles, PM emissions and renewable fraction rounded to the nearest thousand) 

Parameters Without DR After DR Change [%] 

Revenue [KES] 

[€] 

19,035,000 

163,700 

19,730,000 

169,678 
4 

OPEX [KES] 

[€] 

2,814,000 

24,200 

1,243,000 

10,700 
-56 

Electricity not produced [kWh] 92,000 55,000 -40 

Hours of genset usage [-] 35,000 12,000 -66 

Electricity by genset [kWh] 61,000 23,000 -62 

Battery cycles [-] 1,934 1,906 -1 

Renewable fraction [-] 0.77 0.91 18 

CO2 emissions [kg] 56,000 21,000 -63 

PM emissions [kg] 12 5 -58 

 

As displayed in Table 7, the revenue increases by approximately 4% over 10 years. However, this depends 

on the chosen values of the four tariff periods, as shown in the sensitivity analysis. Additionally, by 

introducing less load in evening hours, the operating expenditures dropped by approx. 56% over the 

project life, which is mainly due to reduced fuel consumption and does not include cost for equipment 

replacement. Indicated by the 1.5% decrease in battery cycles and the 66% decrease in genset hours, 

considering reduced replacement cost for gensets would likely even strengthen the decrease in OPEX, as 

replacement intervals would become larger. While the economic gains on OPEX from a potential DR 

scheme are obvious, it would also introduce environmental enhancements. This is shown by a 18% 

increase of the renewable fraction with the same equipment and by a 63% and 58% decrease of CO2 and 

PM emissions, respectively. As the KUDURA systems are mainly located around town centres, this would 

also reduce the risk of exposing the public to hazardous emissions. It has to be mentioned that the OPEX 
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and emissions would likely be significantly higher due to the linear generator efficiency that was assumed 

for the model, while the gensets mainly operate in part load below 30%. 

5.1.2 Sensitivity Analysis 

As many of the model’s parameters are either hardly influenceable or difficult to assess in the current stage 

before project commissioning, a sensitivity analysis for these variables is performed. A numeric overview 

of the analysis is presented in Table 16 in ‘Appendix 9: Sensitivity Analysis Results’. It is indicated that the 

OPEX is very sensitive to changes in load growth, as one of the most unpredictable parameters. An 

annual load growth of 7%, instead of the initially assumed 5%, results in an OPEX increase of 18%, while 

the revenue only increases by 6% for the non-DR model compared to the base case. With DR applied for 

both cases these changes become even more radical with 40% and 8% respectively. Increased annual load 

growth also has negative impacts on the environmental performance in terms of renewable fraction and 

emissions. Generally, demand response also improves the model that is subject to increased or decreased 

load growth, however, individual parameters are strongly affected. 

When varying the acceptance of the DR scheme, the revenue stays largely unaffected, while the OPEX is 

strongly influenced and shows a negative correlation towards the acceptance rate. This can be explained 

by reducing the diesel genset usage, when increasing the DR acceptance rate. Moreover, environmental 

indicators, such as emissions and the renewable fraction increase with rising acceptance. While in the base 

scenario the battery cycles only decrease by 28 cycles over 10 years due to DR, with a 50% acceptance rate 

of the DR scheme, this increases to 264 which translates to a 14% reduction in full battery cycles over 10 

years. The 1934 equivalent full cycles without the DR scheme are within the tested ideal cyclic 

performance of 2400 EFCs at a DOD of 60% but not within the practical daily cyclic performance of 

1640 EFCs at the same DOD. Hence, the DR scheme with acceptance of 30%, as in the base case, results 

in 1906 EFCs, while with 50% acceptance only 1670 EFCs are required according to the model. It can be 

concluded that DR, as it is simulated in the model has the potential of equipment-life elongation (Narada, 

2014). This example however is even more prevalent regarding the genset. If the acceptance rate of the 

DR system drops from 30% to 10%, the usage of the generator increases by around 150%. A diesel genset 

of similar size as the one used in KUDURA is evaluated with 20,000 hours of life expectancy, depending 

on usage and maintenance (Mainali & Dhital, 2015). While a DR scheme with 30% acceptance results in 

12,000 hours of operation, one with 10% adoption would result in approximately 30,000 hours after 10 

years of usage. Thus, high acceptance of the demand response scheme could potentially increase the 

lifetime of the diesel genset, taking the running hours as an indicator. 

As expected, fuel price variations only affect the OPEX, which show a positive correlation. As the DR 

approach reduces the electricity supplied by the genset, this correlation is then slightly reduced. 

In this model, for simplification reasons, changes of the electricity tariff affect only the revenue, while 

those changes would drastically affect the acceptance of the DR scheme as well, being its primary 

incentive. As the super high tariff was increased, while the happy hour (super low) tariff was decreased 

simultaneously, no major change in economic indicators can be observed. When holding the super high 

tariff at 100 KES and reducing the super low tariff from 45 to 25 KES, the overall revenue is only 

decreased by around 1.2%, while increases in the acceptance can be expected. 

Considering the results of the sensitivity analysis, a high acceptance of a DR scheme, combined with the 

optimal electricity tariffs could have a strong influence on economic and environmental factors and hence 

acceptance and tariffs should be optimized. Moreover, load growth, as a very uncertain parameter, also 

affects economic and environmental indicators strongly and hence should be monitored  

5.2 Questionnaire 

In this chapter, quantitative survey answers are displayed backed up by a summary of most relevant 

qualitative responses. The number of participants N was 10 for questions 3, 4, 19, 20 and 21, while N was 

6 for the remaining questions. Due to the length and complexity of the survey, the response rate was 
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relatively small. However, it has to be considered that only potential experts in this topic have been 

approached to participate. 

The answer analysis to question 3, ‘Within the following areas, where do you see machine learning 

potential in the context of rural polygeneration minigrids’ is shown in Figure 15. The four predominantly 

chosen answers are power and load forecasting, dispatching/controlling, maintenance, fraud detection, 

and load trend chosen by 80%, 60% and three times 40% of the survey participants, respectively. These 

results are underlined by the answers to question 2, being the same question but without predefined 

answer options. 

 

Figure 15: Chosen answer options of survey question 3 in percent 

As shown in the previous chapter, a demand response system could be an economic way to improve the 

monetary and ecological indicators of the minigrid. Hence, the following questions are related to this area. 

Question 6 ask for a grading from 0 to 5 of the applicability of demand and PV power forecasting in order 

to assess the ‘wasted’ electricity and plan the demand response incentivization 24 h in advance to increase 

acceptance. The average response by all experts is 3.91 which can be interpreted as a very good 

applicability. Moving further to PV power and load forecasting 24 hours ahead, experts in AI chose the 

input features as shown in Figure 16 as most crucial for a forecasting model. For PV power predictions, 

the day of the year and the hour of the day as well as the cloud cover appear to be most crucial, followed 

by temperature and previous PV power. For load forecasting also date and time as well as temperature 

seems to be most crucial, while the load of the past 2 days appears to be important as well. 

 

Figure 16: Answers chosen for input features for PV power prediction (left) and load prediction 24 hours ahead (right) in percent resulting from 

questions 8 and 9 
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One problem that could arise by a ML-supported DR scheme, such as the one discussed, is that the new 

load that is taught to the machine learning system is manipulated and thus, it will be challenging to include 

load growth in the machine learning model. Question 7 deals with this problem, however, answers vary 

strongly. Some argue that community contact is required to assess the load growth, while others would 

consider the tariff in the prediction model. Other approaches discussed are two phased schemes and to 

simply include the manipulated load. As in the current setting of RVE.Sol historical hourly PV power is 

not available, irradiance was considered to be used for PV power predictions, as it is often measured by 

weather stations or is part of weather simulations. Thus, question 10 covers the appropriateness of using 

one irradiance model to predict the irradiance at an individual community and hence derive the PV power 

for the local system. 5 out of 6 participants answered this question with ‘yes’, adding that it would have to 

be tested if the correlation can be transferred to another location without too much interference. 

Question 12 deals with the issue of lacking measured weather data in Kenya and therefore asks if a model 

could be trained on data from an area with similar latitude and altitude to then apply to the Kenyan case. 

All of the respondents replied that this would have to be tested, while most of them are skeptical that it 

would work, as weather parameters are very location dependent. Question 14 addresses the problem of 

not having historical consumption data for a ML-based load prediction model and what could be a 

solution to this problem, if a continuous data flow of hourly community load would be established soon. 

Here, the most prominent answer is to either create models of hourly consumption based on surveys and 

available appliances, which would omit the weather dependencies or to use the load of a community with 

similar climate conditions and economic power and train a model on this. In both cases the model would 

improve and adapt towards the actual consumption pattern, when it will be fed with the data from the 

actual community. Another suggestion is to introduce reinforcement learning that would make decisions 

about the load at any time. Question 15 asks if it would be sufficient to train one model to predict the 

community demand and apply this model to forecast loads of various communities taking into account 

household and business numbers. Here, the predominant answer is that it is very uncertain and would 

depend on many parameters followed by that it would not be possible. This is due to different events at 

different days and times in different villages, such as market days, but it is also caused by different 

behavior patterns, economic activities and habits. Finally, question 17 discusses the applicability of RL to 

decide on an optimal tariff price at any given time. Here, the mean answer was 2.5 out of 5, which 

translates to an average applicability. Participants who gave low scores reasoned with not enough data and 

the dependencies of price and demand in such small communities. 

Summarizing it can be said that the survey participants see great potential for machine learning in load and 

generation forecasting and other aforementioned areas, such as predictive maintenance and system 

dispatch. However, a general suggestion is to not overcomplicate models with e.g. reinforcement learning. 

5.3 Data-driven Irradiance and PV power Predictions 

Based on the results of the energy balance model, a high acceptance factor determines the success of a DR 

scheme. To increase this factor, tariff periods could be published 24 h in advance by using ML to forecast 

PV power potential and load to increase plannability for the community, which is confirmed by the expert 

questionnaire. As no historical load data is available, this section evaluates suitable algorithms and required 

data for PV generation forecasting by preliminary ML supported predictions. 

5.3.1 Data Visualization 

To evaluate the data on correlation to GHI, a correlations matrix using a predefined scikit-learn function 

has been derived that is shown in Table 8. It is shown that simulated and measured GHI is strongly 

positively correlated with temperature and sunshine duration, whereas temperature is less correlated for 

the measured data. This difference in dependencies can either result from differences in measured 

compared to simulated data or could be evoked by the dissimilar locations. Humidity and the solar zenith 

angle show strong negative correlation towards GHI for both, the simulated and measured data set. Also, 

as expected the cloud cover/cloudiness shows some weak negative correlation with GHI. 
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Table 8: Linear correlation of input features to GHI in Kenya (left) and Nuremberg (right) 

Kenya (simulated) Nuremberg (measured) 

Parameters 
Correlation 

to GHI 
Parameters 

Correlation 

to GHI 

Temperature [°C] 0.82 Sunshine Duration [min] 0.80 

Sunshine Duration [min] 0.77 Temperature [°C] 0.51 

Wind Direction 80m altitude [°] 0.19 Wind Speed [m/s] 0.14 

Wind Speed 10m altitude [km/h] 0.16 Wind Direction [°] 0.12 

Wind Direction 10m altitude [°] 0.15 Pressure at Station [hPa] 0.02 

Hour of Day [-] 0.07 Hour of Day [-] -0.00 

Precipitation [mm] 0.03 Day of Year -0.02 

Year -0.02 Precipitation [mm] -0.06 

Day of Year -0.03 Cloudiness [-] -0.21 

Wind Speed 80m altitude [km/h] -0.10 Humidity [%] -0.66 

Cloud Cover [%] -0.30 Solar Zenith Angle [°] -0.76 

Pressure Sea Level [hPa] -0.32 

Humidity [%] -0.71 

Solar Zenith Angle [°] -0.83 

 

While some parameters show strong correlation with GHI in Table 8, this does not necessarily imply that 

parameters that show almost no correlation should be discarded due to independencies of GHI. The 

correlations in Table 8 only show linear dependencies, while nonlinear relationships could result in values 

around zero. This can be seen in Figure 17, where the simulated, Kenyan GHI is plotted along each day of 

the year and during each hour of the day. While Table 8 shows almost no correlation for both parameters, 

Figure 17 clearly shows the dependencies of GHI with the day of the year but especially with the hour of 

the day. Thus, the correlation matrix gives a good initial overview of which features should be included in 

the prediction model but does not give indications on which parameters should be excluded. Hence, 

visualization of the data often reveals valuable additional insights regarding feature – label 

interdependencies. 

 

Figure 17: Correlation of Day of the Year and Hour of the Day to GHI in Kenya 

Comparing the plots of GHI dependency on humidity and temperature in Figure 18 support the result of 

the linear correlation matrix that stated negative correlation for humidity and positive for temperature. 

However, in the left plot of the Kenyan simulated data, distinctive lines around 400, 600, 800 and 

1000 W/m2 can be observed, which are most likely a result of the simulation, when comparing it to the 

very naturally distributed plot of measured data. These distinctive lines indicate problems for machine 

learning, as described in Géron’s ‘Hands on book for machine learning’ because it could evoke overfitting 

to the corresponding values (Géron, 2017).  



 
 

31 

 

 

Figure 18: Comparison of humidity and temperature influence on GHI of simulated data in Kenya (left) and measured data in Nuremberg (right) 

5.3.2 Irradiance Prediction Outcomes 

Comparison of Simulated and Measured Data 

The RMSE of a random forest prediction, considering the whole simulated dataset, resulted in 

60.47 W/m2. However, obvious mispredictions could be observed, as the model forecasts GHI during 

some nights, which can be seen in Figure 19. Additionally, it can be observed that spikes and strong 

variations cannot be forecasted well. For better comparison with the measured data, drastically decreased 

computational power demand and increased prediction accuracy, the simulated data set has been cut to 

36,480 hours, which is the same size as the measured data set from Nuremberg. 

 

Figure 19: Mispredictions by simulated data by Random Forest Regressor 

Table 9 shows, that reducing the amount of data, decreases the model’s root mean squared error for the 

Kenyan dataset. Even though the nighttime spikes could have been reduced, they are still present in 

decreased amplitude and frequency. Additionally, it becomes apparent that in this experiment, simulated 

data performed inferior compared to measured data. With 25.91 W/m2, the measured data derived model 

scores an almost halved RMSE, while having less input features. This result cannot strictly be reduced to 

the fact that simulated data is used but it is also likely that the different climate conditions play an 

influencing role. 

Table 9: RMSE of Random Forest Prediction of simulated and measured data 

Model (all features) Final RMSE [W/m2] Final nRMSE [%] Final sRMSE [%] 

Kenya; 301,056 hours 60.47 5.95 20.11 

Kenya; 36,480 hours  48.63 4.97 15.71 

Nuremberg; 36,480 hours 25.91 2.72 11.30 
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As some input features cannot be obtained by weather forecasts and others have scored low importance 

in scikit-learn’s ‘feature_importances_’-function of the random forest regressor, they were dropped to 

obtain a model that could be fed with actual weather forecast data. These excluded parameters are year, 

sunshine duration, wind speed at 80 m, wind direction at 10 and 80 m and the pressure at sea level. The 

reduced model derived from Kenyan data increased the RMSE to 51.82 W/m2, while one with an one-hot 

feature for day/night attained 52.18 W/m2 but slightly improved the issue with night-time radiation. For 

the measured dataset from Nuremberg, not considering the sunshine duration per hour, approximately 

doubled the RMSE to 52.13 W/m2, and thus performing similarly well as the simulated data for Kenya. In 

both cases (simulated and measured data) the mispredictions at night are prevalent, while they are almost 

negligible in the case of the measured data. Accumulated, less than 3 W/m2 has been predicted at night 

over the course of 304 days (size of the test set), while the simulated data, with the day and night one-hot 

feature almost mis-predicts 50 W/m2 over the same period. It can be concluded that forecasting measured 

and simulated GHI based on measured and simulated weather parameters respectively, performs similarly 

well on the corresponding test sets, after excluding the previously mentioned features. However, it has to 

be assessed how the model based on simulated data performs, when its output is compared to actually 

measured data of the respective location. 

Algorithm comparison for GHI prediction 

Comparing several machine learning algorithms on GHI prediction with simulated data at the MBB 

KUDURA site resulted in Table 10. 36,480 hourly time steps have been used with the aforementioned 

reduced number of features. The exact hyperparameters of each algorithm that have been chosen by grid 

or random search and are included in ‘Appendix 11: GHI Predictions – Hyperparameters and Input 

features’ as well as the list of features used. 

Table 10: Algorithm Comparison of ‘root mean squared error’ on the test set for GHI prediction 

Algorithm 
Final RMSE 

 [W/m2] 

Final 

nRMSE [%] 

Final 

sRMSE [%] 

Recurrent Neural Network (LSTM) 50.45 5.15 16.29 

Random Forest (RF)  51.65 5.28 16.68 

Multi-Layer Perceptron (MLP) 55.17 5.64 17.81 

k-nearest neighbours (KNN) 59.82 6.11 19.32 

Support Vector Regression (SVR) 63.93 6.53 20.64 

 

 

Figure 20: Comparison of prediction performance of machine learning algorithms on GHI test set 
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Figure 20 shows the algorithms’ predictions of GHI compared to the actual values from the test set for 3 

random days in 2019. While the RNN with LSTM cells is slightly superior considering the ‘root mean 

squared error’ over the entire training set, it is obvious that its prediction does not capture fluctuations 

well during these days. Here, the random forest algorithm in dark red appears to be more accurate. Also, 

the plain MLP feed-forward neural network seems to apprehend irregularities rather well. Additionally, it 

has to be mentioned that the RF algorithm was far superior concerning training time, while SVR and 

especially LSTM celled RNNs took exceptionally long. 

5.3.3 PV power Prediction Outcomes 

As the PV power is derived by partly making use of the GHI data, the PV power prediction accuracies are 

similar as for GHI prediction. Table 11 shows the RMSEs for the considered algorithms and ‘Appendix 

12: PV Power Predictions – Hyperparameters’ include its hyperparameters. In addition to the input 

features used for GHI prediction, the solar azimuth angle has been added. Here, the RF algorithm is 

superior regarding the RMSE. 

Table 11: Algorithm Comparison of ‘root mean squared error’ on the test set for PV power prediction 

Algorithm 
Final RMSE 

 [kW] 

Final 

nRMSE [%] 

Final 

sRMSE [%] 

Random Forest (RF) 2.22 5.55 16.08 

Recurrent Neural Network (LSTM) 2.39 5.98 17.31 

Multi-Layer Perceptron (MLP) 2.41 6.03 17.45 

Support Vector Regression (SVR) 2.51 6.28 18.18 

k-nearest neighbours (KNN) 2.86 7.15 20.71 

 

 

Figure 21: Comparison of PV power prediction performance of machine learning algorithms on test set 

As already observed for the GHI prediction, RF and MLP algorithms show a good ability to follow the 

real (simulated) PV power curve within the days in Figure 21. Just like for the GHI prediction, training the 

RF algorithm required the least computational resources, while SVR and particularly LSTM RNN needed 

most. 

5.3.4 GHI Prediction Validation 

As the random forest algorithm derived models show a superior trade-off between accuracy and 

requirement of computational resources, the most accurate model has been saved and used for the 
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following validation. Table 12 shows the RMSEs of the predictions done by Meteoblue simulated features 

and Accuweather forecasts for Sio Port and Ukwala, compared to the simulated GHI by Meteoblue. 

Table 12: Comparison of prediction by weather forecasting service Accuweather and Meteoblue simulated input parameters 

Data 
Final RMSE 

 [W/m2] 

Final 

nRMSE [%] 

Final 

sRMSE [%] 

Meteoblue Simulated Features 81.96 9.45 29.72 

Accuweather Forecast Ukwala 108.42 12.49 39.32 

Accuweather Forecast Sio Port  110.55 12.74 40.09 

 

As expected, using the simulated features for the exact location of the MBB site, from the same institution 

from where GHI labels are obtained, resulted in the smallest error. Both predictions performed with 

features derived from Accuweather one day in advance of each day to predict, resulted in approximately 

30 W/m2 increased RMSE on average. In this experiment the forecasted parameters for the town of 

Ukwala performed slightly better than the ones for Sio Port. 

Figure 22 shows that the predictions by weather forcasting input data based models are barely able to 

follow the real (simulated) GHI at MBB. Among the two towns, GHI predictions by values forecasted for 

Ukwala perform slightly better in following the real (simulated) GHI. 

 

Figure 22: First 3 days of calendar week 29 of 2019: Comparison of GHI prediction with Meteoblue simulated data for the exact location of MBB 

and weather forecasting for close towns as input parameters for the RF regressor 

5.4 Machine Learning – Demand Response Concept 

Taking insights from the literature review, the operational model, the questionnaire and the GHI and PV 

power prediction testing, a machine learning supported supply and demand balancing concept has been 

developed. An overview of this concept is visualized in Figure 23. It is based on two machine learning 

models, namely hourly community load forecasting and hourly PV power potential forecasting, both one 

day in advance. These two cases are typical machine learning regression problems in the energy sector 

with focus on smart and mini- or microgrids, as it is discussed in the literature review. Part of the input 

data for the machine learning models is based on weather forecasts. Therefore, a provider with an hourly 

weather forecasting API should be chosen, such as ‘openweathermap API’ or ‘AccuWeather API’ among 

many others (OpenWeatherMap, 2019) (AccuWeather, 2019). API stands for Application Programming 

Interface and allows the model to access the weather forecasting databases. 
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Figure 23: Machine learning supported demand-response scheme 

Taking this weather data in addition to time and date related data, pre-trained machine learning models 

can predict an approximation of the hourly PV power potential and community load, 24 h in advance. In 

order to adapt to trends and changes, the models will have to be updated continuously or in batches with 

current data. The electricity ‘not produced’ as well as the other 3 relevant periods can be derived by 

feeding the machine learning model output into an energy balance model of the system, such as the one 

shown in ‘Operation Model’. This electricity ‘not produced’ can be obtained in kWh over the whole time 

period or in kW per time step. Finally, depending on the predicted amount of electricity ‘wasted’, a happy 

hour (super low) as well as a low (electricity supplied by PV but SOC<1), high (electricity supplied by 

battery) and super high tariff (electricity supplied by genset) can be defined for the next day. Variables of 

importance would be the price in KES/kWh, the time frame in which the happy hour is valid and the 

available amount of energy in kWh. Additionally, a cap in power supplied is needed to prevent businesses 

from moving machine intensive applications, such as milling, to the happy hour, which could likely exceed 

the possible power generation per time step. Equal parameters have to be determined for the three 

additional tariffs. According to the sensitivity analysis of the energy balance DR model in the section 

‘Sensitivity Analysis’, the qualitative outcome of the demand response scheme is strongly dependent on 

the acceptance from the community side. While one factor that influences the acceptance is the flexibility 

of the load, another important parameter could be plannability on the consumer side. It can be assumed 

that the community acceptance would increase by knowing the price for each tariff period one day in 

advance, as they can prepare their flexible loads for the event. 

As the only incentive that would induce a load change in this particular model is monetary, i.e. a reduced 

or increased electricity tariff, setting this parameter correctly is crucial. A happy hour tariff that is too high 

would not incentivize enough community members to undertake the effort of load shifting, while a tariff 

that is set too low would have negative implications on RVE.Sol’s profit. On the other hand, for the super 

high tariff zone, a high price is supportive for the DR adoption and RVE.Sol’s profit but has negative 

moral consequences, as poor customers could lose access to elementary services, such as lighting. This 

problem resembles a perfect case for Reinforcement Learning, where a system learns to make a decision, 

in this case setting the right tariff price by accounting for the environment’s reaction to each decision. 

Here, the reaction would be the acceptance by the community as well as the profit of RVE.Sol and 

potentially fairness. Another positive aspect of having the tariff price determined by a RL agent is that 

different acceptance behavior of communities could be considered. This is especially important in an 

event of scale-up, where RVE.Sol would have many different communities in different locations, as a 

tariff tailored to the acceptance of each community could be automatically derived. This approach is 
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inspired by (Lu, Hong, & Zhang, 2018), who approached dynamic pricing in smart grids with RL from the 

perspective of a service provider. Their simulations resulted in a win-win situation for the service provider 

and clients. However, only two experts from the questionnaire rate RL as very applicable for this 

particular problem, while others question the available amount of data and the RL agent’s ability to 

capture the dependencies between tariff and behavior. Thus, this could be a promising extension for the 

future to be tested within a small pilot project. 

The following sub-chapters discuss the machine-learning intensive parts of the concept in more detail. 

5.4.1 PV Power Forecasting 

Figure 24 visualizes the simplified development process of a machine learning based PV power prediction 

model. Following, some of the individual steps will be discussed in further depth. In order to stay up-to 

date, increase precision on real data and to capture trends the model has to be constantly updated, either 

batch-wise or continuously. 

PV power forecasting would be implemented by machine learning. Here, the input data that must be 

considered is a crucial step as it determines additions to RVE.Sol’s KUDURA system. Taking into 

consideration the literature review, the questionnaire and the preliminary forecasting tests, Figure 24 

shows the most promising parameters to be used as input features for PV power prediction. It has to be 

mentioned that this list is not complete, and many further parameters could be considered, such as wind 

direction at high altitude and pressure. However, those did not seem to be relevant to the machine 

learning algorithm tested in ‘Data-driven Irradiance and PV power Predictions’ and/or are challenging to 

obtain from weather forecasting services or measure. 

Since the projects are just about to be commissioned in July/August 2019, no historical PV power output 

is available that could be used to train a model. Moreover, maximum PV power potential corresponding 

to the weather conditions at any given time step would not be available even after commissioning, as 

electricity is only generated when demanded. Thus, simulated weather data including GHI and DHI could 

be obtained to work around this problem and to be able to perform day ahead PV power predictions for 

each KUDURA. If simulated data does not perform well according to the validation with real GHI, no 

predictions can be made before enough measured data has been collected. Therefore, PV power has to be 

modelled from GHI and DHI, to then directly use PV Power to train ML models. Another approach that 

would work around modelling PV power from irradiance and thus should be tested is to make use of a 

reference solar cell and measure and dissipate its DC power. The DC power would have to be upscaled to 

the corresponding system size and converted to AC power by accounting for inverter specifications. 

Literature often states that artificial neural networks are superior over traditional machine learning 

algorithms in capturing non-linear dependencies (Wang, Liao, & Chang, 2018). Thus, in most studies, such 

as in the comparison of different machine learning techniques for PV power forecasting by (Theocharides, 

Makrides, Georghiou, & Kyprianou, 2018) or ‘GRU Network-Based Short-Term Photovoltaic 

Forecasting’ by (Wang, Liao, & Chang, 2018), ANNs and especially DNNs outperform other algorithms. 

However, these studies and experts that answered the questionnaire state that for PV power forecasting, 

simpler models, such as RF regression and SVR, could be sufficient and could reduce requirements of 

computational power and dataset size. This is also indicated by the good prediction results of the RF 

algorithm within the section ‘Algorithm comparison for GHI prediction’. However, as this is a case to 

case decision, multiple models, such as Random Forests, SVR, KNN, SLFFNN and GRU/LSTM DNN 

should again be tested and compared to obtain the best performance. In this thesis, Random Forest 

regressors seem to deliver a well-balanced trade-off between accuracy and model complexity. Thus, it is 

highlighted as the preferred option in Figure 24.  

Each algorithm has different hyperparameters, such as number of trees for a RF regressor or number of 

neurons or layers for an ANN. Unlike model parameters, such as weights that are optimized throughout 

the process of training, these parameters have to be manually set ahead of training. As the performance of 

these hyperparameters differs from case to case, no rules on which are superior can be applied before 
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testing. Hence, a broad range of hyperparameters should be analyzed to determine a superior set of values 

to obtain the best model. This is done by grid or random search cross-validation, where the training set is 

divided in a predefined number of subsets with a corresponding validation set to enable testing of various 

combinations. 

 

Figure 24: PV power forecasting model setup overview 

5.4.2 Community Load Forecasting 

Similar to the PV power forecasting model, Figure 25 shows the simplified steps for the development of a 

machine learning model for community load forecasting. As the load is projected to grow over time, 

model updating on new consumption data is essential to capture trends. As no hourly community load 

profile for a long time-horizon could be obtained, the concept for community load forecasting is 

exclusively based on the literature review and the expert questionnaire. The data preparation section in 

Figure 25 shows a list of promising input parameters, considering the survey and literature, such as 

(Lahouar & Slama, 2015), (Buitrago & Asfour, 2017) and (Chen, et al., 2018). 

Compared to PV power time-series, community load time-series are subject to increased randomness and 

uncertainty due to hardly predictable behavior of an individual and environmental influences. Thus, 

according to literature, deep neural network-based forecasting techniques that are able to capture 

nonlinear and complex dependencies are superior over more traditional machine learning techniques, such 

as SVR and KNN, or statistical methods, such as ARIMAX (Kong, Dong, Hill, Luo, & Xu, 2018) (Wen, 

Zhou, Yang, & Lu, 2019) (Cai, Pipattanasomporn, & Rahman, 2019). To increase accuracy, several papers 

suggest pattern recognition and clustering by unsupervised learning followed by prediction for each cluster 

(Hernández, et al., 2014) (Bedi & Toshniwal, 2019). These clusters could be similar days or seasons, as 

well as similar customer groups regarding consumption behavior. However, it has to be mentioned that 

most papers do not apply their research on households within developing countries that just gained access 

to electricity without main grid connection as it is the case of RVE.Sol’s communities in Kenya. This 

potentially reduces complexity and increases applicability of simpler ML models. Additionally, as no 

consumption data is recorded yet and DNNs require vast amounts of data to be trained and comprehend 

dependencies, it would take years to employ a DNN-based model. Thus, traditional algorithms can be 

used to bridge this time. 
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Figure 25: Community load forecasting model setup overview 

5.4.3 Data Collection Devices 

The most important adaptations to the KUDURA system that have to be made in order to perform the 

previously proposed machine learning based DR-scheme are concerned with data collection. Most 

significant parameters to be measured and collected are the load on community and household level with 

smart meters and the maximum PV power potential at the given solar influx, as those resemble the labels 

for the supervised learning algorithms. Even though simulated weather data can be obtained, measured 

data would be preferred, as it demonstrates more natural distribution and dependencies to the labels. 

Thus, Table 13 shows the list of additional parameters to be measured within the KUDURA system, the 

means of measurement and their additional cost. The prices only include the sensors and do not include 

wiring, electronic components, nor a housing for a self-engineered meteorological station. Hence, a 

weather station consisting of an Apogee SP510 lower range pyranometer (€290), the two 3 in 1 sensors 

from Table 13 and a Raspberry Pi 3 (€30) as the processing unit would cost approx. €400 (Apogee 

Instruments, 2019) (XE, 2019) (RS, 2019). As the pyranometer represents almost ¾ of the overall cost, it 

offers the highest cost reduction potential. Here, one could take advantage of the direct proportional 

relationship of solar irradiance and short circuit current of a solar cell to build a reference cell-based 

pyranometer (Markvart, 2000). Considering a small solar panel for €1, an Arduino Nano as an analog to 

digital converter and microprocessor for €20 and some electronic components the PV-cell based 

pyranometer would result in a cost of approx. €30 (AliExpress, 2019) (RS, 2019). This would decrease the 

overall weather station cost to approx. €140. A prototype of such a PV-cell based pyranometer has been 

designed and build in cooperation with RVE.Sol and is shown in ‘Appendix 13: Pyranometer Prototype’. 

Table 13: Important data to measure and additional cost (Apogee Instruments, 2019), (XE, 2019), (Amazon, 2019), (Adafruit, 2019), (Argent 
Data Systems, 2019) 

Parameters to be measured Comment 
Additional 

cost [€] 

Load per household [kW] Implemented - 

Maximum AC PV power [kW] 
No direct measurement possible → Irradiance 

PV-cell based Pyranometer/DC power meter 

180 – 3500 

30 

Temperature [°C] 

Available as 3 in 1 sensor (BME 280) 6-18 Humidity [%] 

Local pressure [hPa] 

Wind speed [m/s] 

3 in 1 sensor tower pre-assembled 60 Wind direction [°] 

Precipitation [mm] 
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The €140 weather station would only include one pyranometer, which implies the derivation of DNI and 

DHI by modelling. For more accurate data, an additional pyranometer to measure DHI is required. To 

increase precision and reduce modelling complexity, maximum available PV power could possibly be 

derived by the DC power of a reference cell alternatively. This reference cell should ideally be from the 

Trina Solar modules used in the KUDURA system or identical in terms of specifications. Its DC power 

would have to be measured every 10-30 seconds and dissipated in an adequate resistor. The data would 

have to be averaged over each hour (or smaller timestep) of the day, adjusted to account for the size of the 

respective KUDURA system and converted to AC power by taking into consideration the inverter 

specifications. Additionally, connections losses will have to be accounted for. This approach would likely 

increase the accuracy of the PV power measurement, as error sources such as the less precise, self-

engineered pyranometer itself and the PV power modelling would disappear. Even though the schematic 

of such a DC power output meter would be very similar to or even easier as the one of the pyranometer 

shown in ‘Appendix 13: Pyranometer Prototype’, it could not deliver GHI and maximum DC power from 

one PV cell – resistor setup. This is due to the fact that the shunt resistance for the GHI measurements 

needs to be very small to generate a current close to the short circuit current to obtain a linear relationship 

of ISC and GHI. For maximum DC power measurement on the other hand, the resistance would need to 

be significantly higher and would have to be optimized to generate a voltage drop of Vmpp, while being 

potent enough to easily dissipate the cell’s maximum power (Patel & Shireen, 2011). As the Arduino has 5 

additional analog inputs available, a second PV reference cell and resistor configuration for DC power 

measurement could be added to the proposed pyranometer in Appendix 13: Pyranometer Prototype 

without significantly increasing its cost. Hence, the device could be able to measure DC power and GHI 

simultaneously and thus is proposed as the preferred solution to replace the pyranometer in the self-

engineered meteorological station and to obtain PV generation data if successfully tested. 

The wind speed will have to be converted to km/h, if applied to one of the models developed within 

‘Data-driven Irradiance and PV power Predictions’ in order to be coherent with the units used in training. 

As cloudiness is difficult to measure it must be obtained from historical weather simulations made from 

satellite imagery. Even though wind direction and pressure were not included as input features in the 

concept within the section ‘Machine Learning – Demand Response Concept’, those values are easy to 

measure and should be tested with various algorithms. Capturing the load on household level is important 

for clustering and it can easily be aggregated to community level load for forecasting. Finally, it is 

suggested that even though the time step chosen for the demand-response scheme is one hour, the 

parameters presented in Table 13 should be measured in higher resolution, not exceeding 15 minutes. This 

ensures good preparation for the future and, in the case of load monitoring, allows RVE.Sol to capture 

high and short-lasting load spikes. These spikes could be lost in an hourly load profile. To sum up the data 

collection requirements, while load data will be recorded with smart meters, relevant meteorological data 

can be measured with existing sensors as shown in Table 13 that have to be assembled to one weather 

station. The most promising substitute for the expensive pyranometer to obtain PV power potential data 

is the PV-cell based pyranometer described in ‘Appendix 13: Pyranometer Prototype’, extended by a 

second PV-cell – resistor setup to obtain DC power that could possibly be scaled up and converted to 

system AC power. 
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6 Discussion 

6.1 Operational Model 

The results from the operational model show a PV electricity potential of 92 MWh over 10 years of 

project life that is not harvested due to insufficient demand at the given time. This could be reduced to 

55 MWh by the simulation of a demand response scheme with 30% acceptance. Additionally, OPEX and 

environmental indicators were enhanced extensively. Concluding, a DR-scheme most likely has positive 

implications on the economic and environmental parameters of the project. Considering the sensitivity 

analysis, these parameters are mostly influenced by the acceptance level by the community. As the genset 

is predominantly used for streetlighting at night, it runs more than 90% of the time below 30%-part load 

in year one, which significantly reduces its efficiency. This is also due to the very simplified decision tree 

scheduling approach used for the model. An approach where the genset is used to recharge part of the 

battery would be more appropriate. 

The acceptance factor is subject to great uncertainty, especially in a newly electrified area with low income. 

It can be expected that many customers use electricity for lighting, which is a very inflexible load. 

Electronic device charging would likely be one of the most flexible loads, is well plannable and should 

thus be considered for the DR scheme. Due to the low income most of RVE.Sol’s customers are likely to 

be extremely price sensitive, which would indicate a potentially high adoption of the scheme. However, it 

has to be mentioned that having a high evening tariff, evoked by genset usage, significantly increases the 

cost for lighting, which could reduce the customer satisfaction or even their ability to afford the service. 

Generally, it is very difficult to estimate the adoption of the DR scheme by the communities, as some 

loads are most likely inflexible, while on the other hand the community is likely to be very price sensitive. 

Survey participants argue that DR in rural electrification concepts could be challenging regarding time 

concepts, habits and communication barriers. Thus, a questionnaire among customers should be 

conducted to assess their willingness to shift certain loads as well as to determine the various loads and 

their corresponding flexibility, in addition to preliminary DR testing. 

Demand-response is possibly not the most obvious solution to address the problem of unused electricity 

potential and undesirable generator usage. One solution that would focus on both issues would be to 

increase the battery size. However, this is hardly possible in the given context due to strong limitations on 

CAPEX in rural electrification projects. Hence, CAPEX intensive equipment, such as batteries, are sized 

to the minimum. Another pathway to address the unused electricity potential is to introduce additional 

loads. Possible ideas that have been discussed with rural electrification experts are irrigation and cooling 

activities, as those mostly correlate with high solar influx and are required in the dominant agricultural 

sector. However, this could also increase the generator load, as one might want to irrigate or cool even 

when there is no excess irradiance. Hence, demand-response is a measure among the mentioned ones that 

does not only react to upcoming problems but addresses the issue at its roots. A combination of DR and 

additional, flexible loads could decrease PV curtailment even further and hence would result in the most 

resource efficient usage of solar power available. 

Finally, it has to be mentioned that due to a number of severe simplifications, the model is strongly limited 

in its capabilities to resemble the real environment and solely used to depict the mismatch of supply and 

demand as well as approximate effects of a DR-scheme. Main limitations are the daily load profile that is 

equal for each day, simplified generator and battery modelling and repetitive, yearly TMY-profiles. 

Additionally, the DR-scheme is modelled rather statically, which means that increased evening hour tariffs 

and decreased tariffs during times of excess electricity potential, do not affect the accumulated load. This 

implies that the peaks are only shifted but not shaved, which would however be unlikely and would reduce 

RVE.Sols revenue. 
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6.2 Expert Questionnaire 

Most experts who participated in the questionnaire agreed that generation and load forecasting for supply 

and demand balancing as well as dispatching are two of the most promising AI applications in rural 

polygeneration grids, followed by fraud detection and predictive maintenance. On the other hand, the very 

well researched and relatively easily implementable customer segmentation by load pattern supported by 

unsupervised learning techniques (k-means or self-organizing maps) is only selected by 3 out of 10 

participants (McLoughlin, Duffy, & Conlon, 2015).  

Regarding input features for PV power predictions, one of the most promising features besides times, 

temperature and cloudiness, is PV power 24 and 48 hours ago, according to the survey. However, this 

could not be verified within the predictions made in this work, as the inclusion of this feature had a 

slightly negative effect on the RMSE. While this feature is important in load forecasting, the irradiance is 

less dependent on the irradiance of previous days. 

While 5 out of 6 participants approve the concept of taking measured DHI and GHI data from a nearby 

weather station to predict irradiance within the local communities, this question became obsolete, since 

hourly irradiance data is not measured by Kenyan meteorological stations according to an employee of the 

Kakamega station. 

Question 17, discussing the applicability of RL for electricity price determination, is the most 

controversially answered question in the survey. While two respondents rate the concept with 5 out of 5, 

the remaining participants give a score of 1, 2 and 2. The low scores are reasoned by not enough 

households and not enough data, while in another part of the survey another participant states that in 

order to negotiate lack of data, RL could be applied. This discrepancy could be due to the relatively low 

applicability of RL in real life situations and likely depends on the respondents’ fields of study and 

knowledge. While there is no clear correlation between the answers to Question 20, the working area or 

background, the two high scores were given by PhD students/holders, while two of the low scores were 

given by non-PhDs. This might be an indication that RL is predominantly discussed in academia, 

compared to supervised and unsupervised learning that is more widely applied in various industry sectors. 

6.3 Irradiance and PV Power Forecasting 

In both forecasting tasks, the recurrent neural network with LSTM cells and the random forest regressor 

achieved superior performance. The GHI forecasting RMSEs are 50.45 W/m2 and 51.65 W/m2 for RNN 

and RF and the PV power prediction RMSEs are 2.22 kW and 2.39 kW for RF and RNN, respectively. 

For enhanced comparability, the normalized and standardized RMSEs for GHI predictions are 5.15% 

(RNN) and 5.28% (RF) or 16.29% (RNN) and 16.68% (RF), in that order. The normalized and 

standardized RMSEs for PV power predictions are 5.55% (RF) and 5.98% (RNN) or 16.08% (RF) and 

17.31% (RNN), respectively. Additional features, such as irradiance 24 h ago and day/night have been 

tested but resulted in inferior accuracy. While the average error is very similar between RF and RNN, the 

RF algorithm appeared to be more accurate regarding fluctuations and was superior in terms of training 

time among all algorithms. Especially the complex LSTM RNN required extensive training time. Thus, 

due to hardware limitations, hyperparameter tuning for the RF regressor was done significantly more 

thoroughly. Therefore, while the RF model is well optimized through a randomized search, considering a 

great width and variety of hyperparameters, only 3 different setups (64, 128, 256 neurons in LSTM layer) 

are considered for the RNN. Hence, the performance of the neural network can likely be substantially 

improved by extensive hyperparameter tuning with access to more powerful hardware. Additionally, 

LSTM RNNs proved to perform better on huge and complex datasets (Schmidhuber, 2015). Thus, 

considering access to more powerful hardware, a significantly longer period than the one currently studied 

of 36,480 hours and additional input features could be tested to increase the RNN’s performance. 

However, it can be argued that taking into account all potential error sources, such as simulated data, 

weather forecast and PV power modelling, the accuracy of the random forest regressor is sufficient, 

especially considering its advantages in training time. This can be a crucial advantage in an environment 
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such as rural Kenya with low developed IT infrastructure. Thus, only considering the results obtained 

from this work, an RF model would be the choice for PV power prediction due to its superior trade-off 

between training time and performance, as well as the positive feedback from experts. Generally, it can be 

concluded that by performing a more in depth hyperparameter tuning, a model that would be superior to 

the one retrieved in this thesis can likely be obtained.  

One unusual observation that has been made while studying the Jupyter notebooks is that for all 

algorithms the training error is higher than the test error for predictions of the Kenyan GHI or PV power, 

using simulated input features. This observation does not hold for the GHI predictions for the 

Nuremberg Airport, using measured input features and labels. One possible explanation for this 

occurrence could be that the specific year that has been used as a test set was relatively easy to predict. 

This can for example be the case if there were less cloudy days than in the years before. Figure 26 

confirms this assumption, as there is no long lasting significantly cloudy period within the test set. This 

should be avoided when training a final model for PV power prediction, for example by using cross 

validation or a larger data set. 

 

Figure 26: Daily Cloud Cover in % at the MBB site over considered dataset divided in training set (red) and test set (green) (Meteoblue, 2018) 

For the PV power prediction model, it has to be mentioned that the results can only be taken as an 

indication and cannot be interpreted to the exact value. This is due to various sources that induce errors in 

the model, in addition to the error made by the predictor. Firstly, there is the usage of simulated 

meteorological data, that induce artificial dependencies as depicted in Figure 18 and do not perfectly 

resemble the actual ambient conditions. Secondly, the fact that the PV power is modelled from GHI and 

DHI and is not directly measured induces another error, especially as site specific considerations, such as 

shading are difficult to consider. Additionally, the model used for the simulation of the PV power with 

pvlib does not allow for accurate resemblance of internal errors due to insufficient panel information in 

pvlib. However, with the previously proposed solution of using direct DC power of a reference cell, these 

modelling related errors could be decreased. Finally, for actual predictions, hourly weather forecast must 

be taken as input features. Even though it is the weather forecast for the next 24 hours, it still introduces a 

certain degree of error. This applies particularly for rural locations, such as those of the KUDURA 

systems. Taking all these error sources into account, exact prediction of the PV power is hardly possible. 

The overall error could be reduced by taking measurements to eliminate the simulation data error, creating 

a more accurate model for each KUDURA PV system or substituting the modelling by direct power 

measurement as well as by finding a more accurate weather forecasting service. 

During the validation with weather forecasting input data, the first obvious observation is that the RMSE 

for predictions by the Meteoblue derived features increased to 81.96 W/m2, compared to the 51.65 W/m2 

achieved by the test set, while training the RF model. This can be explained by the short period of one 

week within the rainy season for validation, compared to 304 days of the test set. Over the whole period 

of the test set many clear days reduce the overall RMSE. Regarding weather forecasting input data, while 

Sio Port is located in closer proximity to MBB, values forecasted for Ukwala seem to return slightly more 

accurate predictions. This could be explained by the fact that Sio Port is located at the shore of Lake 

Victoria, while MBB and Ukwala are located inland. Thus, Sio Port’s climate is likely to be affected by the 

lake and thus deviates from MBB’s and Ukwala’s. In general, it can be concluded that in this specific 

experiment, weather forecasted features introduced an error increase of approx. 33% compared to the 
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application of simulated data from the exact location of the MBB site. Especially fluctuations throughout 

the day are hardly captured. Hence, using Accuweather forecasts of closely located towns is barely 

applicable to create accurate predictions for supporting the DR-scheme and a more accurate weather 

forecasting service for the exact location needs to be discovered. 

6.4 ML-Supported Demand-Response scheme 

This chapter will discuss the technical and operational issues of the proposed machine learning based 

demand response framework, followed by a sustainability discussion including the economic, 

environmental and social pillar. 

6.4.1 Technical and Operational Considerations 

As already mentioned, one negative point is that the maximum possible AC PV power potential, given 

local weather conditions, is not measurable due to the demand dependency of generation. Hence, PV 

power output potential must be modelled using GHI and DHI or potentially DC power from a reference 

cell. Another critical point that has also been controversially discussed in the survey, is to capture the long-

term load trend. In order to do so, and to improve the final electricity demand prediction model, it is 

supposed to be trained batch-wise or continuously with new data. This load data however would already 

be manipulated by DR and therefore the demand prediction model would start to learn that the load is 

rather peaking around afternoon, depending on the adoption of the DR system. However, this load shift 

to the afternoon is only induced by incentives and would likely not happen otherwise. If the model learns 

that there is more load in the afternoon, the happy hour period would be shortened, as less ‘wasted 

electricity’ would be predicted. Presuming that people did not change their behaviour yet, this would lead 

to an increasing share of unused solar energy, as an incorrectly short happy hour period would be 

predicted. While survey respondents did not agree on a solution to this problem, phone interviews with 

research centres confirmed the issue. Most likely, as also one survey answer advises, one should take the 

manipulated demand into account, which would increase the ‘electricity not generated’ for some time but 

might balance itself in the long-run. 

Furthermore, the water production and consumption that was not included in this work due to high 

uncertainty could be part of the proposed DR scheme. While it would be part of the community load for 

prediction, prices per litre of water could be adapted in order to create an additional buffer. For example, 

if the machine learning supported prediction system anticipates high potential of PV power that will not 

be exploited, the price for water could be lowered in advance to increase potential buffer capacity. 

However, the major issue of the proposed framework is the readiness for implementation in terms of data 

availability. While on the generation side simulated data will have to prove its adequacy as a 

circumvention, there is no similar solution for load prediction. As proposed in the survey, interesting 

possibilities that could be considered are the study of similar minigrid load data if available or 

reinforcement learning. For this thesis, hourly load data from similar minigrids over an extended period 

could not have been made available, despite great efforts. Otherwise, at least one year of data generation 

would be required for preliminary implementation with shallow algorithms and thus collection of the 

required data is advised to be initialized as soon as possible. Finally, also weather forecasting data is 

insufficient for the concerning rural areas, as shown previously. 

As also mentioned in the survey multiple times, a demand response scheme such as the one proposed 

would introduce hardly manageable complexity in terms of communication. In particular, the 

communication of different tariffs is highlighted. However, as mobile phones are well established means 

of communication in rural Kenya and are also used for all electricity payment related tasks, it would be 

easily implementable to notify each customer per SMS about the tariff times. To reduce complexity, only 

two (happy hour and normal) or three (happy hour, normal, high) different tariffs could be tested instead 

of the proposed four. 
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The maximum power available will have to be well regulated, in case too many consumers shift to the 

happy hour phase. This applies especially for high power agricultural machinery, such as mills. In order to 

avoid problems, these events will have to be well defined before implementation of the DR scheme and 

stated in the contract between RVE.Sol and the consumer. 

Furthermore, Kenya’s rules and regulations in terms of tariffs and data usage have to be complied with. 

While there is no specific legal framework for data usage and citizen protection implemented yet, the 2018 

Data Protection Bill has been approved by the government. If implemented, this law will significantly 

increase the citizens’ rights in terms of data access, correction and demand of deletion. Additionally, the 

law would only permit cross-border processing of data under certain circumstances. In anticipation of 

stricter data processing and collection regulations, this bill should already be complied with, when 

implementing the proposed DR framework (ICT, 2018). Additionally, it has to be taken into account that 

the Kenyan ERC (Energy Regulatory Commission) will have to approve the tariff structure to guarantee 

fairness towards the community (Castalia & Ecoligo, 2017). 

Finally, reinforcement learning might theoretically be a perfect tool to determine the optimal tariff price, 

accounting for sustainability indicators (all three pillars) and DR acceptance as goals. Especially if 

operating various minigrids in different locations, where customers might display deviating consumption 

behaviour, RL can automatically decide on customized tariffs for each site. While Google applied RL to 

the controlling of one of their data centre cooling facilities and achieved energy cost savings of 40%, not 

many cases of implemented RL in the energy sector could be found (Deepmind, 2016). Additionally, 

adding RL would increase concept complexity and according to some of the survey participants the model 

would have difficulties to introduce a suitable policy within the given boundaries. Compliance with ERC’s 

tariff approval will have to be evaluated as well. Thus, given its potential but also its challenges, RL should 

be considered as a pilot project that can be applied as soon as the base concept is in operation and could 

be promising for potential future scale-up. 

6.4.2 Sustainability Discussion 

Economic Pillar 

The economic pillar is twofold. As demonstrated in chapter ‘Energy Balance Model Results’ the OPEX 

could be significantly reduced by a demand response system due to better solar resource exploitation and 

thus, reduced fossil fuel usage. As illustrated by the sensitivity analysis, this effect increases with higher 

acceptance. Hence, machine learning prediction could improve the demand response framework 

economically, as it could likely generate a higher adoption due to the introduced plannability. On the other 

hand, machine learning penetration of a DR system also introduces additional costs. The major additional 

expenses would be induced by one necessary weather station per site and the employment of a 

data/computer scientist, who trains, implements and integrates the machine learning concepts seamlessly. 

Here, a general IT employee with ML knowledge could be sufficient and could also take care of other IT 

related tasks. Furthermore, as discussed in section ‘Data Collection Devices’, if self-engineered, a data 

gathering weather station can be obtained inexpensively (approx. €140), e.g. as part of a thesis project. 

Additionally, one station could possibly be used for multiple sites if located in proximity. However, mobile 

data cost should not be neglected, as no WIFI is available in the rural locations, yet. In the end, it must be 

assessed if the additional expenditures, compared to a basic DR model or a flat electricity tariff, are 

economically justifiable. However, considering an average monthly Tier 2 customer electricity bill of €2-3, 

and a relatively small customer base per grid, extensive scale-up might be required to rationalize machine 

learning implementation with savings in OPEX (Castalia & Ecoligo, 2017). Tier 2 refers to one of the 

lower classes of a multi-tier framework proposed by the World Bank (World Bank, 2016). Savings in 

CAPEX, such as less batteries required, are unlikely as the battery pack is already rather small compared to 

the installed PV capacity. Furthermore, it must be considered that high evening tariffs would very likely 

not only shift but also shave the peak. This would decrease the accumulated load and therefore RVE.Sol’s 

revenue. In the end, gathered data can also support other O&M and development related activities, such 
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as scheduling, give important insights and can thus be valuable above the scope of the proposed DR 

scheme. 

Environmental Pillar 

From an environmental point of view, the benefits are outweighing the drawback. As shown in the 

‘Sensitivity Analysis’ of the operational model, a demand response system reduces CO2 and particulate 

matter emissions and increases the renewable fraction. These enhancements are amplified by an increased 

acceptance through a potential ML prediction support. The emission reductions and renewable fraction 

improvements are due to a better exploitation of the solar resource and therefore reduction in electricity 

generation from the diesel genset. While there are no negative environmental influences locally, one could 

argue that growing computational power requirements, especially if deep learning is applied, would 

increase electricity consumption at the server location. Depending on the electricity mix used, there might 

be an increase in emissions. A study about the energy consumption and CO2equ emissions of deep learning 

for natural language processing concludes that training a deep neural network (BERT base model) for 

approx. 80 hours on 64 V100 Tesla GPUs results in similarly much emissions as caused by a Transamerica 

flight from New York to San Francisco (Strubell, Ganesh, & McCallum, 2019). The study accounts for the 

electricity mix of the Amazon Cloud Service. However, if significantly simpler models, such as a random 

forest algorithm are used, for significantly less complicated tasks, powered by adequately potent hardware, 

these additional emissions become negligible. 

Social Pillar 

Finally, from a social perspective, the addition of machine learning to a demand response scheme is 

beneficial. Firstly, the proposed ML supported scheme provides customers with the opportunity to plan 

their consumption. This approach is significantly more social than in a regular DR-scheme, where 

customers would be notified about an immediate tariff change, depending on the current LCOE for 

example. Additionally, as mentioned in the literature review, Kenya is a forerunner in computer science 

among African countries and thus local labour could be employed as IT personal, which would 

additionally strengthen the social impact. However, there is a drawback induced by the proposed DR-

scheme. The typical appliance of the least wealthy Tier 1 and 2 clients are lightbulbs. As lighting occurs 

predominantly at night throughout the most expensive tariff periods and is completely inflexible in terms 

of load shifting, it will very likely increase the electricity bill of the poorest or would reduce their time of 

usage due to affordability. As this implies that customers that have multiple, more flexible loads and thus 

might already be wealthier would benefit, while the poorest consumers would suffer, a standard tariff for 

lighting should be considered. Additionally, taking advantage of extremely price sensitive customers by 

introducing a price-based DR scheme is morally questionable and it should be ensured that at least the 

basic needs, such as lighting, are covered. However, these negative points relate to demand response 

systems based on the LCOE in general and would not be induced by machine learning implementation. 

6.5 Additional Application Areas of ML within KUDURA 

As also extensively discussed in the survey, demand response support by generation and load prediction is 

not the only application for machine learning within the KUDURA system. This section discusses the 

applicability of the most promising and/or best rated areas according to the survey, while does not claim 

completeness. 

While only 3 out of 10 experts voted for load clustering, it can be extremely useful and is simple to 

implement. This view was supported by PhD researcher Miha Grabner during a phone interview, who 

studies machine learning in smart grids at the Electric Power Research Institute in Ljubljana and wrote an 

article about clustering of smart meter data (Grabner, 2018). This unsupervised learning task results in 

groups of related loads. Loads can for example be clustered according to customer, weekday or season. 

Clustering according to customer would result in average load profiles that are similar, and thus obtaining 

a predefined number of groups of clients with similar consumption behaviour. This could simplify 
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identification of consumers that depict an undesirable consumption pattern and specifically frame DSM 

activities for these groups. Furthermore, if clustered by weekday, unusual recurring days could be 

identified. For example, it could be the case that weekdays are on average similar regarding the community 

load, but only Thursdays are clustered separately as the average load deviates strongly. In this scenario, the 

grid operator could closely examine the given day to identify the source of deviation and introduce 

balancing measures. This could for example be recurring market days, which are a very typical event for 

rural Africa according to the survey. The same can also be applied to cluster the load in different seasons, 

as seasonal fluctuations are highly expected. These clusters can also be used to improve the performance 

of load prediction for the proposed DR scheme, as applied by (Bedi & Toshniwal, 2019). Thus, it can be 

concluded that clustering is a simple ML task, if load data is available, to gain valuable insights about the 

clients’ behaviour in an appealing visual way and to support other ML tasks. 

Another application of ML that is well tailored for rural electrification is electricity theft detection. Kenya 

Power reported multiple issues of illegal lines as well as meter tampering despite heavy fines for such 

crimes, resulting in substantial losses for the company (KPLC, 2019). For private minigrid operators this 

can be an increasing problem in events of scale-up, as complexity of manual surveillance grows with the 

increasing number of minigrids to operate. Typical activities classified as electricity theft are meter 

bypassing, meter tampering and meter hacking (Zheng, Yang, Niu, Dai , & Zhou, 2018). While tampering 

would be detected by smart meters, bypassing the meter to power for example a single, high consumption 

device cannot be easily discovered. Even though attempts of bypassing are extremely dangerous because 

they can result in electrocution, those cases have happened in Kenya. Addressing this problem, anomaly 

detection could be applied on the overall electricity demanded, compared to the electricity paid for by 

customers, as well as to the electricity consumption profile of each customer. While the former could 

detect anomalies within the whole grid, the latter could expose the potential stealing households (Glauner, 

2018). Additionally, the small size of up to 300 households per minigrid would increase the likelihood to 

discover the anomaly’s cause. This application requires no additional data collection, as load data will be 

recorded by smart meters and overall power demanded by the inverters. 

The second most selected application area for ML within KUDURA in the survey was gird controlling 

and scheduling. Here, electricity supply and demand forecasting, such as discussed within ‘Machine 

Learning – Demand Response Concept’, can be used to schedule different generators and buffers in the 

most economical, environmentally friendly or equipment protecting manner. Additionally, reinforcement 

learning is discussed as a possible solution to manage the complex scheduling policy, as presented by (Kim 

& Lim, 2018). However, the discussed scheduling problem for smart houses that according to the author 

can also be transferred to smart grids, involves more storage potential than KUDURA, as in addition to a 

battery, grid connection and electric vehicles can be scheduled as buffers. On a first glance, it could be 

argued that the KUDURA system is too simple to require a machine learning supported energy 

management system from an economic point of view. While from an equipment protection and efficiency 

perspective, RL could find an optimized policy in terms of generator output and battery SOC, it would 

have to be tested if the additional effort would justify the elongation of equipment life and reduction in 

OPEX, considering the small system size. Accounting for water purification as an additional buffer, as 

well as cooling and heating loads, grid connection or gas and fertilizer production in the future, intelligent 

scheduling and controlling becomes increasingly essential. For a quantitative statement on the 

implementation of a ML-based control and scheduling system, economic and environmental effects would 

have to be modelled using real data, compared to the current state. This has been done by Moretti et al. 

who modelled a predictive dispatch algorithm for a rural Somalian microgrid and achieved a 15% 

reduction in diesel fuel consumption compared to the prior dispatch strategy using a programmable logic 

controller. The grid was composed by the same constituents as the KUDURA system but considerably 

bigger in size with a 500-kW genset, 1 MWp PV installed and 1440 kWh of lead acid batteries (Moretti, et 

al., 2019). If such a significant reduction in fuel consumption could be transferred to KUDURA would 

have to be tested and compared to its current state. Indicated by the aforementioned very high part-load 

usage of the diesel generator, an optimized scheduling between battery and genset would likely have 
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positive effects. Here, the forecasted load and next day PV generation would be considered, so that the 

diesel genset would be used to recharge the batteries on high power to cover the predicted load until sun 

hours by the battery pack, instead of directly by the genset. This would likely result in fuel savings due to 

efficiency enhancements by operating closer to the rated power and generator life elongation due to 

reduced start-ups and running hours. On the other hand, as EFCs of the battery would increase, a 

balanced strategy would need to be determined. 

Component sizing is only considered by 2 out of 10 survey participants to be an adequate field of machine 

learning within rural polygeneration minigrids. While economic improvements are possible, as shown by 

Moretti et al., those are not always applicable in the rural electrification scenario. In their article, Moretti et 

al. applied their predictive scheduling algorithm to sizing a new grid, which resulted in reduction of overall 

system expenses by 6.5% and 24% decrease in fuel consumption compared to a HOMER Pro derived 

sizing. This was mainly achieved by increases in storage size and by technology changes to lithium ion 

batteries (Moretti, et al., 2019). Given the aforementioned CAPEX limitations in rural electrification 

projects, this optimization is not applicable in many cases. A phone discussion has been conducted with 

George Kyriakarakos, who worked on intelligent energy management solutions for more complex 

polygeneration systems and consults projects related to energy in the rural context in Central and Western 

Africa. The debate concluded low applicability of ML support for sizing of KURUDA-like rural 

polygeneration systems due to lack of real consumption data and uncertainty of load growth as well as 

CAPEX limitations and system size. 

Predictive maintenance is widely applied within the energy sector. EDPR for example, uses machine 

learning for predictive maintenance of their wind turbine fleet, which resulted in €3 million savings in 

2018. Critical parameters used were vibration, temperature and yaw position. Considering €201 million 

expenses for maintenance and repairs in 2018, approximately 1.5% has been saved by ML supported 

maintenance (EDPR, 2018). While this implies the necessity of a certain scale, additional historical data of 

failure events would be required. A KUDURA system, with one 22-33 kVA diesel genset, ca. 20-50 kWp 

installed PV capacity per site and no historical failure data, is therefore not prepared for predictive 

maintenance for the genset, PV panels or the battery pack yet. Failure data in addition to temperature, 

operating hours and vibration (genset) data would need to be collected. A predictive maintenance 

approach for PV panels recurrently found in literature is the comparison of predicted and occurring PV 

power produced, such as proposed by (Huuhtanen & Jung, 2018). However, this is not possible due to the 

demand dependency of off-grid PV power output. Hence, and because of the lack of failure data, the only 

current possibility to apply predictive maintenance is by anomaly detection. Therefore, sensors for e.g. 

temperature and vibration would have to be installed, while the savings will currently most likely not 

justify the expenditures. 

Concluding it can be said that without data none of the mentioned approaches is applicable, which highly 

reduces the suitability for rural polygeneration, where data is still scarce as experienced during this study. 

Most applicable in case of load data availability appear to be load clustering, electricity theft detection and 

load and power generation forecasting for DR as well as simple scheduling, in case generation and 

meteorological data is obtainable. 

6.6 ML in General Polygeneration 

Polygeneration in the context of rural off-grid electrification often exhibits rather simple load profiles, due 

to low purchasing power of the customers. Hence, energy services are primarily constrained to electricity 

and potable water initially. However, as depicted in Figure 1, polygeneration can have additional services, 

such as cooling, heating and gas for cooking, as well as further generation and buffer technology, such as 

wind power, fuel cells, CHP gensets, grid connection or electric vehicles. This generation of various 

energy service on top of electricity, generated by multiple sources is where polygeneration excels, due to 

superior resource efficiency. The aforementioned drawback is the high complexity of those systems if 

electricity, heating, cooling and further loads have to be covered from an integrated system. Handling this 
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high complexity in load balancing to reduce e.g. fossil fuel usage or increase economic indicators is where 

machine learning is discussed to be very promising. While all the aforementioned applications, such as 

demand response support, clustering and predictive maintenance, are similarly well, or better applicable in 

general polygeneration systems, system design and in particular scheduling and controlling are highly 

promising application areas compared to rural off-grid polygeneration systems such as KUDURA. 

Machine learning’s potential for scheduling will be shortly illustrated by the following fictitious scenario. 

Given is a grid connected, polygeneration system for the Instituto Tecnico Superior (IST). A location in 

Portugal is chosen due to its four tariff periods. Power sources in addition to the grid are wind and solar 

PV as well as a CHP steam turbine running on biomass. A steam turbine is selected over other prime 

movers because of its adjustable heat-to-power ratio. The heat is utilized for space heating, domestic hot 

water and cooling, by employing an absorption chiller. A lithium-ion battery pack and a hot water tank act 

as buffers for electricity and heat, respectively. Figure 27 illustrates a schematic of the discussed system.  

 

Figure 27: Simplified scheme of fictious polygeneration system for IST, Lisbon 

A machine learning scheduling and controlling framework would now forecast the generation of wind and 

photovoltaic power, as well as the electricity, heating and cooling loads. Considering these predictions and 

the current state, a controller that could be based on reinforcement learning makes decisions on when to 

buy and sell electricity from or to the grid, when and with which power to charge and discharge the 

battery, when and with which heat-to-power ratio will the steam turbine be deployed and how much heat 

will be used for cooling, will be stored or used as heat directly. The RL agent would optimize its actions 

according to a ‘cost function’ that could consider economic and environmental parameters. Depending on 

the cost function, the RL agent would also slowly learn perfect working points of prime movers and 

batteries for increased efficiency and lifetime elongation. One scheduling example could be that the ML-

framework predicts very few wind and PV power production for the next 24 h but high electricity, cooling 

and heating loads. Equipped with this future knowledge, the controller would e.g. decide to charge the 

battery pack at the lowest tariff period to cover the electricity load at peak time and adjust the heat-to-

power ratio of the genset to high heat to satisfy the heating and cooling loads, while potentially covering 

the remaining electricity demand. 

While ML supported demand response is promising in the rural context, it would be even more applicable 

in more developed areas. This is due to increased flexibility, complexity and variety of loads, such as 

electric vehicles, dishwashers and washing machines, which are perfectly suitable for DR. 

6.7 Qualitative Sustainability Discussion 

This last section includes a short, qualitative sustainability discussion on machine learning in general 

polygeneration systems as opposed to the one performed for the specific case of a ML supported demand 
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response scheme for KUDURA. This discussion is solely based on the authors opinion and is not based 

on a quantitative study. 

From an economical perspective, it can be said that machine learning as a subcategory of AI would have 

primarily positive effects. Through perfect scheduling of all integrated equipment supported by adequate 

forecasting of energy supply and demand, it is very likely and shown in academia and industry that savings 

occur by decreased usage of expensive fossil fuels as well as exploitation of various tariff periods. 

Additionally, predictive maintenance already plays a major role in big corporations, such as EDPR. With 

increased system size, machine learning in maintenance becomes increasingly relevant, as faults can be 

prevented before appearance. Hence, equipment preservation and especially downtime reduction can be 

attained. From a development point of view, if within this project stage the aforementioned optimized 

controlling is already considered, individual system constituent sizes, such as of the battery pack, the 

genset and the PV plant can be optimized according to the net present value or the LCOE over project 

life. Only considering those three applications of ML high economic benefit appears to be feasible. As the 

cost would primarily consist of data collection (sensor costs) and human labour (data/computer scientist), 

the feasibility would increase with system size, as the costs would not grow proportionally. Only one smart 

meter for each consumer is needed, independent of its consumption and sensors for weather and 

equipment parameters would not change with size. Also, a bigger system would not necessarily require 

more data scientists. 

While the environmental considerations from the rural polygeneration demand response scheme also hold 

for ML in general polygeneration demand response concepts, additional benefits can be obtained by 

predictive maintenance and scheduling. While predictive maintenance reduces downtime and thus the use 

of potential fossil backup or additional non-renewably generated grid electricity, it also is equipment-life 

elongating and therefore resource efficient. Scheduling, if environmental considerations are included in the 

control policy, can decrease fossil fuel usage and increases the overall renewable fraction by being able to 

plan by forecasting but also by sizing components adequately. As mentioned in the section ‘Sustainability 

Discussion’ the only environmental shortcoming could be the additional energy requirement for machine 

learning tasks, where especially deep learning would be increasingly energy demanding.  

From a social point of view, mainly positive influence is apparent. ML increases plannability in a demand 

response scheme, creates highly qualified jobs as opposed to replacing them and supports reliable and 

environmentally friendly electrification. Additionally, if the savings are being shared with the consumers, 

energy is becoming more affordable. One social or rather moral drawback is the interpretability of some 

machine learning algorithms. Especially the transparency of deep learning-based decisions, predictions or 

classifications is low. This ‘blind’ trust of machines could result in an increased loss of control, for 

example within grid scheduling (Gilpin, et al., 2019). Moreover, this discussion does not account for AGI 

or SAI, but only for narrow AI within the polygeneration and minigrid area. AGI and especially SAI 

would open many new points for socially and morally related discussions, which however are not part of 

this work.  
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7 Conclusion & Future Work 

Taking RVE.Sol’s Kenyan minigrids as an example, this work revealed application areas for ML in rural 

polygeneration minigrids with focus on supply and demand balancing. Therefore, the main objectives 

were imbalance and DR application quantification, creation of a concept to reduce this imbalance by usage 

of ML, determination of data required and algorithms needed to realise this concept and discussion of 

further application areas and knowledge transfer to the non-rural context. 

Simplified models of RVE.Sol’s minigrids, developed within this thesis, suggest that within 10 years of 

project life, 92 MWh of PV electricity potential is not produced due to lack of demand during solar hours 

at Namagumba, one of the smallest sites with a 15 kW AC grid. According to the DR model, this unused 

electricity potential could be reduced to 55 MWh by implementation of a tariff period-based demand 

response program, accounting for a 30% acceptance rate. This would result in approximately 56% OPEX 

and 60% emissions reduction. A sensitivity analysis determined the acceptance rate to be crucial for the 

financial and environmental success of the DR scheme. Thus, a machine learning supported DR scheme is 

proposed, where load and PV power production potential, depending on meteorological conditions, are 

predicted 24 hours in advance to inform the community about the times of the tariff periods one day 

ahead. This would enhance plannability for the end-users and thus could increase acceptance to the DR 

scheme, resulting in economic and environmental advantages. Moreover, it would be more social than 

immediate tariff changes. As lighting is completely inflexible, the major load for the poorest customer 

group and would primarily be needed in the most expensive night hours, an affordable, DR scheme-

independent lighting tariff should be considered. Data required for the concept is high-resolution load and 

meteorological data as well as maximum PV generation potential data. While load data can be captured by 

smart meters, for generation and meteorological data a self-engineered weather station for approx. €140 is 

proposed. A simple random forest algorithm shows the best-balanced trade-off between accuracy and 

training time/power requirements over KNN, SVR and neural network algorithms in preliminary GHI 

and PV power predictions. Thus, deep learning and neural networks are not always the best option and 

the perfect algorithm should be a case to case decision. This discovery is supported by a conducted expert 

survey and literature. Within load forecasting, neural networks most likely enhance prediction accuracy 

due to higher randomness compared to PV power generation, according to literature.  

While the proposed scheme could be sustainably sensible, two major impediments have been identified 

throughout this work. Firstly, the availability of data, such as load, generation and accurate weather 

forecasting data, is very low in the rural context. Thus, data agglomeration is required before considering 

the proposed framework. Secondly, loads are very small, simple and partly inflexible, due to low financial 

liquidity of the average end-user. This would result in reduced DR acceptance, low revenue for the grid 

operator and a small system size in terms of installed capacities. Thus, the economic justification of the 

additional CAPEX and OPEX is questionable and would have to be tested thoroughly. Accounting for 

the second barrier of small load and system size but considering data availability, sensible ML applications 

in the rural system are load clustering, electricity theft protection, and possibly the proposed DR scheme 

as well as simple scheduling of genset and batteries, if successfully tested. 

As both previously mentioned barriers are strongly reduced or even absent in non-rural and developed 

areas, system scheduling and controlling becomes very interesting as an ML application for big and 

complex polygeneration systems. This also applies for system sizing based on optimized scheduling. Also, 

due to increased load size and complexity an ML-based DR system would possibly be enhanced, even 

though the economic incentive would unlikely be as efficient as in the rural, African context due to 

increased customer wealth. 

Future work can be split up between rural, KUDURA-related and urban/general context. Within the rural 

context the validation of simulated data derived GHI predictions with measured GHI will have to show, if 

simulated meteorological data can be applied for PV power predictions. In addition, data collection, 

especially of load and generation data but also meteorological data will have to be initialized. To reduce 
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the cost, a microcontroller-based weather station can be self-engineered within a degree project based on 

the proposal and preliminary work within this thesis. After sufficient data has been collected, ML-

supported demand response can be started as a pilot project to assess its feasibility. Therefore, a more 

accurate weather forecasting service for the exact location of each site should be identified. Moreover, the 

accuracy of the energy balance model needs to be enhanced, to better resemble KUDURA’s control 

system and real constituent behaviour. Load forecasting will have to be performed in accordance with the 

methodology of PV power and GHI prediction proposed in this work, whenever enough load data is 

collected. More powerful models (LSTM RNNs) might be required due to higher randomness of human 

behaviour, compared to GHI.  

In the general and urban polygeneration context scheduling possibilities to reduce OPEPX and increase 

economic indicators would be promising to investigate and could include RL. Here, an existing 

polygeneration system with available generation, consumption and weather data is required. 
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Appendix 1: Trina Solar TSM-325 PD14 

 

Figure 28: Trina Solar TSM-PD14 fact sheet page 1 (Trina Solar, 2017) 



 
 

60 

 

Figure 29: Trina Solar TSM-PD14 fact sheet page 2 (Trina Solar, 2017) 
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Appendix 2: InfiniSolar 5 and 10 kW On-Grid Inverters 

 

Figure 30: InfiniSolar 5kW On-Grid Inverter with Energy Storage Selection Guide (Voltronic Power, 2019) 
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Figure 31: InfiniSolar 10kW Three Phase On-Grid Inverter with Energy Storage Selection Guide (Voltronic Power, 2019) 
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Appendix 3: Narada REX-1000 Lead Acid Battery 

 

Figure 32: Narada REX-1000 Fact Sheet page 1 (Narada, 2012) 
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Figure 33: Narada REX-1000 Fact Sheet page 2 (Narada, 2012) 
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Appendix 4: Kohler K22/33 Diesel Generator 

 
Figure 34: Kohler K22 diesel genset fact sheet page 1 (Kohler, 2017) 
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Figure 35: Kohler K22 diesel genset fact sheet page 2 (Kohler, 2017) 
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Figure 36: Kohler K33 diesel genset fact sheet page 1 (Kohler, 2017) 
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Figure 37: Kohler K33 diesel genset fact sheet page 2 (Kohler, 2017) 
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Appendix 5: KUDURA- and DR-model code logic 

This appendix shows the logic of the KUDURA operational model and of the demand response model to 

supply a more detailed understanding of the applied reasoning.  

Algorithm 1 resembles the reasoning of the operational model as it is applied in the main function. Here, 

∆P is the difference of produced solar power and community load, DOD stands for depth of discharge of 

the battery, ∆E is the difference of produced energy and consumed energy for a given time period t, SOC 

is the state of charge of the battery and eff is the charge or discharge efficiency of the battery. 

 Algorithm 1: Decision tree function for operational model 

for each time step t do 

 if ∆P < 0 then 

  if DODbat < DODmax then 

   discharge battery to cover ∆E(t) 

   if energy in battery for t < ∆E(t) then 

    run genset to cover the difference 

  else 

   run genset to cover ∆E(t) 

 else  

  if ∆P == 0 then 

   load is covered 

  else  

   if SOCbat < 1 then 

    charge battery with ∆E(t) 

    if remaining capacity in battery < ∆E(t)*effch then 

     dissipate ∆E(t)-remaining capacity in battery/effch 

   else 

     dissipate ∆E(t) 

return revenue, OPEX, energy lost, hoursGenset, batteryCycles, renewable fraction, emissions 
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Algorithm 2 depicts the logic of the simplified demand side management code implementation. Here, ts 

stands for time step, adden stands for energy to add, res stands for resolution (how many time steps per 

hour) and 𝑦+= 𝑎 or 𝑦−= 𝑎 is a short form for 𝑦 = 𝑦 + 𝑎 or 𝑦 = 𝑦 − 𝑎. 

Algorithm 2: Demand Side Management Code 

for each day of year(s) do 

 
run Algorithm 1 for upcoming day with current SOC from day before 
adden = 0 

 if enLostTotalDay > 0 then 

  for all ts of day do 

   if genset was running or battery got discharged at current ts then 

    difference = (load at ts – load light at ts)*acceptanceFactor/res 

    if difference < enLostTotalDay then 

     
adden += difference #adden stores how much energy gets subtracted 
yearlyLoad at ts -=difference*res  
enLostTotalDay -=difference #remaining lost energy at that day gets adapted 

    else then 

     
adden += enLostTotalDay 
yearlyLoad at ts -=enLostTotalDay*res 
break 

  for all ts of day do 

   if enLost at ts > 0 and enLost at ts < adden then 

    
yearlyLoad at ts += enLost at ts * res 
adden -= enLost at ts 

   elif enLost at ts > 0 and enLost at ts > adden then 

    
yearlyLoad at ts += adden 
break 

   if adden is not 0 then 

    spread remaining load evenly over whole day 

 for each ts of current day do 

  
extract daily laod and production from yearly lists 
run Algorithm 1 with manipulated demand side management load list for current day 
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Appendix 6: Sensitivity Cases 

Table 14 shows all the sensitivity cases that have been assessed within the energy balance model. 

Parameters that are subject of change compared to the base case are highlighted in yellow. 

Table 14: Sensitivity Cases 

Cases 

Annual 

Load 

Growth [%] 

Acceptance 

Factor [%] 

Fuel Price 

[KES] 

Annual Fuel 

Price 

Change [%] 

Super High 

Tariff 

[KES/kWh] 

Super Low 

Tariff 

[KES/kWh] 

Base 5 30 106 0 75 55 

Load 

Growth 

3 30 106 0 75 55 

7 30 106 0 75 55 

Acceptance 

Factor 

5 50 106 0 75 55 

5 40 106 0 75 55 

5 20 106 0 75 55 

5 10 106 0 75 55 

Fuel Price 

5 30 90 0 75 55 

5 30 100 0 75 55 

5 30 110 0 75 55 

5 30 120 0 75 55 

5 30 130 0 75 55 

Annual Fuel 

Price 

Increase 

5 30 106 1 75 55 

5 30 106 2 75 55 

5 30 106 3 75 55 

Tariff 

Changes 

5 30 106 0 95 50 

5 30 106 0 100 45 

5 30 106 0 100 25 
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Appendix 7: Survey Design 

This chapter shows the exact design of the survey as it has been spread. For implementation the software 

SoGoSurvey has been used with an academic licence. The layout here differs from the online survey. 

Machine Learning in rural polygeneration Minigrids 

 

Figure 38: Figure taken from www.esmap.org (ESMAP, 2018) 

This survey is conducted within the scope of my master thesis at Royal Institute of Technology, KTH 

(Stockholm) in machine learning applications in rural polygeneration minigrids (e.g. Figure above) taking 

Kenya as a case study. 

I have a bachelor degree in Industrial Engineering and currently I am in the final stages of my master 

degree in 'Environomical Pathways for Sustainable Energy Systems' (MSc SELECT by Innoenergy). I 

have limited background in computer science and machine learning and there is insufficient data and time 

to realize much actual testing on algorithms. Thus, this survey in addition to the completed literature 

review and preliminary prediction testing shall contribute with valuable expert knowledge to my thesis 

results. Hence, your input would be of great help for my study, and I am happy to send you its outcomes 

after completion. 

My contact details can be found on the final page of the survey. 

Information gathered in this survey will exclusively be used within the research scope of my master thesis. 

The estimated time to complete the survey is 15-25 minutes. 

Only questions with an (*) are mandatory. 

Thanks a lot in advance for your the contribution 

 

Figure 39: Axel Bruck, Innoenergy Master Student 

PAGE BREAK 

http://www.esmap.org/
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Figure 40: Examplary Minigrid 

The picture above shows an exemplary polygeneration minigrid that produces electricity and drinking 

water for a community that did not have electricity access before and is not connected to the main grid. 

Thus, the minigrid can be seen as a closed system. Polygeneration means that multiple energy resources, 

here solar and fossil, are used to provide various energy services, such as electricity and potable water in 

the given example. Some share of the electricity generated that cannot be used elsewhere is used to filter 

water to drinking water quality. The integrated inverter converts the DC power from the PV system to AC 

power for usage in the community and is also responsible for charging and discharging the batteries. The 

batteries will be charged if the PV power generation exceeds the electricity demand at any given time step. 

If the battery is discharged and the solar generation is not enough or not abundant at any time step the 

diesel generator is used as a backup system to guarantee 100% accessibility. 

 

A typical daily power demand and supply profile of such a system is depicted in the figure below. The 

community electricity demand includes the drinking water production. 

 

Figure 41: Typical daily power demand and supply profile 

The following questions shall be answered from the point of view of a minigrid designer and operator that 

is in charge of multiple minigrids. 

PAGE BREAK 

1) In your opinion, what could be the biggest challenge in the given rural polygeneration minigrid 

within development, operation and maintenance considering that there has not been access to 

electricity before? 

2) Where do you see major machine learning implementation potential in the in the context of such 

rural polygeneration minigrids? * 

PAGE BREAK 
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3) Within the following areas, where do you see machine learning implementation potential in the 

context of rural polygeneration minigrids (Multiple options are possible)? * 

a. PV power and electricity demand forecasting for better balancing of demand and supply 

b. Grid controlling/dispatching: Decision at any given time step if battery should be 

(dis)charged, generator should be deployed, water should be filtered, ... 

c. Diesel generator and PV Panel maintenance 

d. Preliminary site identification: Which community could be applicable in terms of 

proximity from the national grid, population density, purchasing power and economic 

activity and accessibility? 

e. Preliminary Sizing: How much installed capacity of PV, size of energy storage, nominal 

power of diesel generator,...? 

f. Electricity Theft / Fraud 

g. Customer Segmentation in terms of electricity usage 

h. Surveying of community's electricity consumption 

i. Optimization of distribution grid: Usage of less material such as cable and poles 

j. Estimation of community's electricity demand growth over time 

k. Other _______ 

4) For the chosen options in the previous question, shortly, how would you use machine learning 

and which data would be urgently required. * 

PAGE BREAK 

The thesis will focus on the area of Demand and Supply balancing. Thus, this will be the subject of the 

remaining part of the survey. 

5) Due to cost reasons, the battery is usually not sized to capture a whole day of PV electricity 

generation. Thus, if the battery is fully charged as well as the drinking water tank full, and the 

solar PV production power is still higher than the overall community demand, there is electricity 

wasted or not harvested. The figure below visualizes the described situation (in order to not wear 

down the battery it is not discharged below 40% state of charge (SOC)).  

Shortly, how would you approach the issue discussed including Machine Learning? 

 

Figure 42: Energy Balance with Battery state of charge 

PAGE BREAK 

The issue discussed in the previous question could be improved by Demand Response. This means that 

some of the demand from the evening peak could be shifted to hours when electricity is ‘wasted’ (Battery 

is fully charged and overall community load is below the current electricity production). 

By forecasting the hourly PV Production and the hourly electricity demand on community level, the 

amount of electricity wasted during the next day could be derived. By drastically decreasing the price for 

this amount of energy during the predicted time the community members could be incentivized to switch 

to desired hours as shown in the figure below. By already communicating them the ‘electricity happy hour’ 

one day in advance the acceptance rate is assumed to be increased as the community can prepare their 

consumption. 
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This reduces the ‘wasted electricity’ on the one hand but also the usage of the generator as there is more 

battery state of charge left at the end of the day due to reduced demand in non-sun hours. 

 

Figure 43: Demand Response Peak Load Shifting 

6) 6. On a scale of 0 to 5 please rate the applicability of machine learning (24h electricity demand 

and supply forecasting) to this problem, while 0 means not at all and 5 means perfect 

applicability.* 

0 1 2 3 4 5 

      

 

PAGE BREAK 

7) The communities' consumption is projected to grow rapidly as the members discover the 

potential of electricity. Thus, the machine learning model for electricity demand prediction would 

have to keep learning constantly in order to take this growth into account for its predictions. On 

the other hand, the demand response program manipulates the hourly demand and the model 

would learn this and would start to forecast more demand during sun hours than naturally. This 

reduces the predicted 'wasted electricity' for the next day and therefore would reduce the financial 

incentives for demand shifting, which however are still necessary to actually move the electricity 

demand. 

How would you approach the problem of capturing electricity demand growth without capturing 

the manipulated demand by the demand response scheme? 

8) Which input variables would you consider forecasting the hourly PV power 24h ahead? * 

a. Day of the year 

b. Day of the week 

c. Hour of the day 

d. Temperature (Weather Forecast) 

e. Cloud Cover/Clear Sky Index (Weather Forecast) 

f. Wind Direction (Weather Forecast) 

g. Wind Speed (Weather Forecast) 

h. Precipitation (Weather Forecast) 

i. Air Pressure (Weather Forecast) 

j. Humidity (Weather Forecast) 

k. PV Power 24h ago 

l. PV Power 48h ago 

m. Others _______ 

9) Which input variables would you consider forecasting the hourly electricity demand on 

community level (including the consumption of the water filtration) 24h ahead? * 

a. Day of the year 

b. Day of the week 

c. Hour of the day 

d. Holiday 

e. Demand 24h ago 
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f. Demand 25h ago 

g. Demand 26h ago 

h. Demand 48h ago 

i. Demand 49h ago 

j. Demand 50h ago 

k. Demand one week ago 

l. Temperature (Weather Forecast) 

m. Precipitation (Weather Forecast) 

n. Others _______ 

10) Consider there are multiple new minigrids in the same geographical area (approx. 50km radius) 

with various sized PV systems (no historical power production data). * 

Do you think the following concept for hourly PV power forecasting 24h ahead makes 

sense? 

With existing historical hourly irradiance (GHI and DHI) data from a nearby weather station 

ONE model for the area is trained to predict GHI (global horizontal irradiance) and DHI (diffuse 

horizontal irradiance). For each location the model predicts the irradiance taking into account 

location specific weather forecast data. This output will then be calculated to location specific PV 

power taking into account the differently sized PV systems. (Select one option) 

a. Yes 

b. No 

11) Please explain shortly your chosen answer from the previous question. 

12) Do you think it is possible to use an irradiance forecasting model trained on irradiance data from 

a location with similar latitude (Equator) and altitude to predict irradiance in Kenya where 

historical irradiance data is not easy to obtain? (Select one option) * 

a. Yes 

b. Has to be tested 

c. No 

13) Please explain shortly your chosen answer from the previous question. 

14) Imagine you have no historical data of the communities' electricity consumption, but you expect 

to have hourly consumption data incoming soon. 

In your opinion what would be the best workaround/plan (if there is any) to still be able to 

predict the hourly electricity consumption 24h ahead as soon as possible? * 

15) Do you think each community needs its own trained model for electricity demand forecasting 24h 

ahead? Or do you think it is sufficient to train one model from one community demand data and 

apply it to forecast the demand of others if number of households and business is considered as 

an input feature? (Select one option) * 

a. One general model is sufficient 

b. Each community needs its own trained model 

c. Depends on … (Please Specify) 

16) Please explain shortly your chosen answer from the previous question. 

PAGE BREAK 

The questions on this and the next page are not mandatory to answer. Thus, in case you would rather 

want to finish the survey you can skip the next two pages. However, your answers would still be valuable 

to the discussion of my thesis 

17) Defining the perfect electricity prices for the tariff periods (‘wasted electricity’, ‘electricity from 

sun while batteries are charging’, ‘electricity from battery’, ‘electricity from diesel generator’) that 

satisfy the tradeoff of maximizing the minigrid operator’s revenue, while maximizing the 

acceptance to shift the load from the community is crucial. 
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On a scale from 0-5 how applicable is Reinforcement Learning (RL) in order to define the cost of 

electricity per kWh for any given tariff period, while 0 is not applicable at all and 5 is perfectly 

applicable. 

0 1 2 3 4 5 

      

 

18) As aforementioned, to increase the acceptance of demand shifts, the amount of energy wasted 

during the next day shall be communicated to the community one day in advance in form of a 

happy hour.  

If you would consider using RL to determine the perfect price for this happy hour how would 

you approach this, as the feedback reward for the chosen price can only be issued after the event 

actually changed the environment 24h later? 

19) Please share any remaining thoughts that you have about the project of Machine Learning 

Applications in rural polygeneration minigrids that have not been touched within that survey and 

that you consider of importance. 

20) Please specify your background / working area. * 

a. Machine Learning in the Energy Sector 

b. Machine Learning in another Sector 

c. Computer Science but no focus on Machine Learning 

d. Energy Engineering 

e. I’d prefer not to say 

f. Other ________ 

21) Title * 

a. Professor 

b. PhD 

c. Master’s degree 

d. Bachelor’s degree 

e. I’d prefer not to say 

f. Other ________ 

  



 
 

78 

Appendix 8: Pvlib input parameters for MBB model 

Table 15 shows the relevant input parameters for the pvlib PV-power model for the MBB site. The 

models, from clear sky to loss also account for the PV power model for the Namagumba site that has 

been taken exemplary for the operational model. 

Table 15: Input parameters for pvlib classes 'Location', 'PVSystem' and 'ModelChain' for MBB; *1)Substiute inverter for Voltronics equipment which 
is not available in CEC databas 

Variable Value RVE.Sol 

TMY Data (Table 1) GHI, DHI, temperature and 

windspeed simulated by 

Meteoblue; DNI calculated 

Latitude 0.19°N 

Longitude 34.05°E 

Altitude 1155 m 

Time-Zone Kenya/Nairobi 

Tilt Angle 5° 

Reference Azimuth Angle 180° 

Surface Type Grass 

PV Module Trina Solar 325 PD14 

Inverters Fronius IG Plus 5.0-1*1) 

Modules per String 19 

Strings per Inverter 1 

Strings in Array 8 

Losses Default 

Clear-Sky Model ‘ineichen’ 

Transposition Model ‘haydavies 

Solar Position Model ‘nrel_numpy’ 

Airmass Model ‘kastenyoung1989’ 

DC Model ‘cec’ 

AC Model ‘snlinverter’ 

AOI Model ‘physical’ 

Spectral Model ‘no_loss’ 

Temperature Model ‘sapm’ 

Loss Model ‘no_loss’ 
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Appendix 9: Sensitivity Analysis Results 

Table 16: represents the results of the sensitivity analysis of the energy balance model. It always shows the 

case with and without demand response scheme applied. 

Table 16 Sensitivity Analysis Results 

Parameters 

Total 

Revenue 

[KES] 

Total 

OPEX 

[KES] 

Total 

Energy 

Dissipated 

[kWh] 

Total 

Hours 

of 

Genset 

Usage 

[h] 

Total 

Energy 

by 

Genset 

[kWh] 

Equivalent 

Full Cycles 

[-] 

Renewable 

Fraction [-] 

Total CO2 

Emissions 

[kg] 

Total PM 

Emissions 

[kg] 

Base 19,035,261 2,814,418 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

BaseDR 19,729,570 1,242,932 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

LoadGrowth3ann 17,106,440 2,012,553 98,693 29,437 40,156 1,939 83.57% 38,164 8.03 

LoadGrowth3annDR 17,422,542 601,624 67,175 4,139 7,409 1,881 96.96% 6,696 1.48 

LoadGrowth7ann 20,321,141 3,333,612 88,386 36,599 75,836 1,930 73.88% 66,995 15.17 

LoadGrowth7annDR 21,303,763 1,741,906 48,941 18,510 35,720 1,909 87.69% 31,895 7.14 

Acceptance50 19,035,261 2,814,418 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

Acceptance50DR 19,311,999 823,735 48,688 7,539 12,741 1,670 95.31% 11,628 2.55 

Acceptance40 19,035,261 2,814,418 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

Acceptance40DR 19,477,409 918,456 48,555 8,073 15,293 1,819 94.37% 13,696 3.06 

Acceptance20 19,035,261 2,814,418 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

Acceptance20DR 20,064,793 1,820,659 68,470 20,913 37,246 1,935 86.29% 33,690 7.45 

Acceptance10 19,035,261 2,814,418 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

Acceptance10DR 20,456,213 2,507,669 85,221 29,990 54,176 1,937 80.07% 48,888 10.84 

FuelPChange90 19,035,261 2,481,166 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

FuelPChange90DR 19,729,570 1,118,181 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

FuelPChange100 19,035,261 2,689,448 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

FuelPChange100DR 19,729,570 1,196,150 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

FuelPChange110 19,035,261 2,897,731 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

FuelPChange110DR 19,729,570 1,274,120 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

FuelPChange120 19,035,261 3,106,014 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

FuelPChange120DR 19,729,570 1,352,089 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

FuelPChange130 19,035,261 3,314,297 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

FuelPChange130DR 19,729,570 1,430,058 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

FuelAnnual1 19,035,261 2,939,227 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

FuelAnnual1DR 19,729,570 1,299,575 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

FuelAnnual2 19,035,261 3,071,461 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

FuelAnnual2DR 19,729,570 1,359,909 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

FuelAnnual3 19,035,261 3,211,536 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

FuelAnnual3DR 19,729,570 1,424,153 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

Tariff9550 19,035,261 2,814,418 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

Tariff9550DR 19,813,437 1,242,932 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

Tariff10045 19,035,261 2,814,418 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

Tariff10045DR 19,897,305 1,242,932 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 

Tariff10025 19,035,261 2,814,418 92,423 34,854 61,488 1,934 77.39% 55,705 12.30 

Tariff10025DR 19,659,608 1,242,932 55,155 11,811 23,456 1,906 91.37% 20,853 4.69 
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Appendix 10: Survey Answers 

In this appendix, the survey answers are compiled for each question. Due to the nature of the survey it is 

possible that some questions have more answers than others. 

1) In your opinion, what could be the biggest challenge in the given rural polygeneration minigrid 

within development, operation and maintenance considering that there has not been access to 

electricity before? 

a. The microgrid, once accepted, is most probably expected to "just work". It might come 

as a bit of a surprise when the generator runs low on diesel because people use the 

facilities more when they cannot be powered from PV and the battery has already run 

empty. Keeping the human in the loop is probably the biggest challenge, and potentially 

also the most rewarding, because it can help sustaining the microgrid. 

b. Learning how to set up, to use, to maintain and to repair the complete system 

c. The main challenge in bringing energy where there was none is definitely the 

unpredictability of the demand. From a daily perspective is certainly hard to predict what 

the consumption will be without having previous data, but it is even harder to assess the 

adoption rate and then the increase in demand that the generation system will need to 

satisfy over time. A second challenge is Diesel genset operation (but it is not hard to 

imagine the same for the battery storage). While is certainly possible to operate the genset 

to cover peak loads, this will shorten its lifetime drastically if some conditions are not 

respected (e.g. minimum load requirements or operation time). There is a tradeoff here 

between grid stability and battery & genset lifetime. 

d. The biggest challenge would be the business model that allows for enough revenue to 

provide maintenance, training, and community engagement. For projects like this, the 

community needs to fully support the project and there has to be an ongoing process of 

training and education. 

e. For the development, local population should be aware of the project and express their 

acceptance. They have to understand in advance that they will have more services (light, 

clean water,...) but that they will have to pay for it. From a European perspective, we 

might think that they will always choose to drink purified water, but from their point of 

view, paying for water might be just something unthinkable. This is key for the success of 

the project. For operation and maintenance, extreme care should be taken in the 

management of lead acid batteries. Any leak could be dangerous, especially at the end of 

life. Without proper training and sensitization, damaged or used batteries could end up in 

the field, polluting their farm lands and water resources. 

f. - 

2) Where do you see major machine learning implementation potential in the in the context of such 

rural polygeneration minigrids? 

a. Predictive maintenance, i.e., enlarging or shortening maintenance cycles to keep travel 

costs for technicians low - Predicting power generation and consumption, both to predict 

fuel status as well as to size the battery accordingly (e.g., during the next design iteration) 

- Predicting and generating schedule: Working with incentives to shift the usage of the 

microgrid towards more favorable times, to do peak shaving, etc. 

b. On improving the learning curve based on previous errors made in usage or maintenance 

c. Forecasting PV generation and demand. There may be further potential in other 

applications but not for the first years of operation (lack of data!). Having a precise 

forecast of these two parameters will allow for an optimal schedule of the backup assets 

(genset and batteries) to elongate their lifetime. 

d. Two areas I can think of: 1) optimization of dispatch. The controller must be able to 

determine when to start the diesel, when to store energy, when to use controllable loads, 

etc. This requires some understanding about probability of future energy flows. 2) It can 



 
 

81 

save a lot of time if there is algorithms that are analyzing the system and energy trends 

and can notify people if there is a potential problem or strange behavior in the load or 

generation. 

e. Machine learning techniques will be useful in the optimization of the size of the batteries 

and size of the solar field. Besides, when combined with weather forecasts, batteries load 

levels can be optimized so that their lifetime is prolonged. Depth of discharge and cycles 

should be minimized when possible for that purpose. 

f. Optimization 

3) Within the following areas, where do you see machine learning implementation potential in the 

context of rural polygeneration minigrids (Multiple options are possible)? * 

 Participant 

a b c d e f g h i j 

PV power and electricity demand forecasting for better 

balancing of demand and supply 

x x x x x  x  x x 

Grid controlling/dispatching: Decision at any given time step 

if battery should be (dis)charged, generator should be 

deployed, water should be filtered, ... 

x x  x x   x x  

Diesel generator and PV Panel maintenance x x x   x     

Preliminary site identification: Which community could be 

applicable in terms of proximity from the national grid, 

population density, purchasing power and economic activity 

and accessibility? 

 x     x    

Preliminary Sizing: How much installed capacity of PV, size 

of energy storage, nominal power of diesel generator, …? 

x      x    

Electricity Theft / Fraud  x x x      x 

Customer Segmentation in terms of electricity usage      x x   x 

Surveying of community's electricity consumption    x      x 

Optimization of distribution grid: Usage of less material such 

as cable and poles 

 x    x x    

Estimation of community's electricity demand growth over 

time 

x x     x   x 

 

4) For the chosen options in the previous question, shortly, how would you use machine learning 

and which data would be urgently required. * 

a. I would be starting using simple regression techniques such as random forest, as they do 

not require a high-power hardware. If data about power consumption, solar radiation, 

etc. is not available (which one must assume), then reinforcement learning can be applied. 

b. Existing sites operation data 

c. PV power and demand: ML coupled with time series forecasting (SARIMAX) using 

irradiance and temperature data Diesel generator maintenance using vibration and output 

data (not sure you can measure the input but that would be great). Electricy theft: 

https://arxiv.org/pdf/1708.05907.pdf 

d. First step is simply predicting future demand. Picking up on patterns such as diurnal, 

weekly, seasonal profiles. Picking up on correlations. 

e. For PV power forecasting, weather forecasts (mainly irradiation and temperature) are 

necessary. Weather forecasts are also useful when predicting electricity demand, because 

electricity consumption is closely linked to current weather. The latter holds true, 

especially, in places where population has access to high-consumption devices (heating or 

air conditioning). My guess, however, is that they won't represent a large share of the 

consumption in rural Kenya, at least until people get used to the use of electricity and 

https://arxiv.org/pdf/1708.05907.pdf
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understand all the potential. Thus, electricity demand can be fairly easy to predict at the 

beginning of the project (lights during nighttime), for which no machine learning is 

needed, and then become more complex as people start getting more devices (fans, tvs...) 

The second point, grid controlling/dispatching, is where I see more potential. In order to 

optimize the performance, characteristics from batteries, genset, water filter and so 

should be known. 

f. Data of electricity usage 

g. For forecasting time series data are necessary to train your forecast model 

h. – 

i. If you are running solar in Kenya then I presume that demand forecasting is fairly simple. 

however, the need for better forecasting increases when you move to more complex 

systems. as for the make or buy decision with the water / diesel, then you need some 

form of dispatch mechanism which would probably include some form of pricing 

mechanism. Diesel is fairly expensive so this would be used as a back up only and hence 

you need some form of marginal cost analysis here. 

j. At least whole demand and generation measurements are needed for forecasting. 

5) Due to cost reasons, the battery is usually not sized to capture a whole day of PV electricity 

generation. Thus, if the battery is fully charged as well as the drinking water tank full, and the 

solar PV production power is still higher than the overall community demand, there is electricity 

wasted or not harvested. The figure below visualizes the described situation (in order to not wear 

down the battery it is not discharged below 40% state of charge (SOC)).  

Shortly, how would you approach the issue discussed including Machine Learning? 

a. Predicting demand/supply, therefore identifying the relevant timespans in which waste 

would occur, and then creating incentives for habitants to use the energy or the water. 

E.g., most simply, by notifying them of the water surplus, suggesting they fetch it now to 

store it at their houses, thus allowing the tank to refill. 

b. - 

c. - 

d. This scenario represents a failure of system sizing or load prediction/algorithm design. 

However even in the best designed system, it is possible to have situations like this. I 

would have a process that retrospectively solves for the optimal control solution and 

compares it to the solution that was implemented. This provides a benchmark. I'm not 

going to design the control in this survey. 

e. I would see how much all that dumped electricity sums at the end of the year and 

compared that to the diesel consumed, the water tank ($/l) and to the price of the 

batteries ($/Wh). Maybe that leads to a different sizing of the components. If you find 

yourself in the situation you are describing in the picture, there is not much you can do 

then. A potential solution would be to encourage people to use electricity in that 

situation, shifting it from night consumption. 

f. setting the problem as a minimization of the difference between the consumption and 

the production. 

6) 6. On a scale of 0 to 5 please rate the applicability of machine learning (24h electricity demand 

and supply forecasting) to this problem, while 0 means not at all and 5 means perfect 

applicability.* 
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 Participant 

a b c d e f 

0       

1       

2       

3   x  x  

4 x x     

5    x  x 

 

7) How would you approach the problem of capturing electricity demand growth without capturing 

the manipulated demand by the demand response scheme? 

a. The generation can very well still be trained; the demand (even the shifted/manipulated) 

*is* the actual demand. The ML model actually should incorporate this! Demand 

response is not just ML, but the ML model is the basis for the demand response scheme. 

If consumer behavior changes based on demand response, this can and should be 

incorporated into the ML prediction. But the feedback loop is not part of this ML 

regressor, but of, e.g., a reinforcement learning scheme that uses the prediction only as 

input. 

b. Two phased approach: first no incentive to learn the actual patern and then with the 

incentives in place 

c. If you are manipulating the demand with price then you input the price to the model, any 

other incentive provided should be represented somehow into your model. A good way 

to approach rising demand is the time-series forecasting (SARIMAX) and analysis with 

the separation of seasonality (recurring patterns in your data, like the shape of the 

demand every day/week) and trend (the direction in which your demand is overall going) 

d. This might require some input from the consumers. Asking questions to find out how 

and when they are using energy differently in response to price. 

e. – 

f. estimating electricity consumption over time 

8) Which input variables would you consider forecasting the hourly PV power 24h ahead? * 

 Participant 

a b c d e f 

Day of Year x x x x x  

Day of Week  x   x  

Hour of Day x x x x x x 

Temperature  x x x x x 

Cloud Cover/Clear Sky Index x x x x x  

Wind Direction     x  

Wind Speed  x x  x  

Precipitation  x x  x  

Air Pressure x x x    

Humidity x x x  x  

PV Power 24h ago x x x  x x 

PV Power 48h ago x x x  x  
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9) Which input variables would you consider forecasting the hourly electricity demand on 

community level (including the consumption of the water filtration) 24h ahead? * 

 Participant 

a b c d e f 

Day of Year x x x x x  

Day of Week x  x x x  

Hour of Day x x x x x x 

Holiday  x x x x  

Demand 24h ago x x x  x x 

Demand 25h ago x x     

Demand 26h ago x x     

Demand 48h ago x x x  x  

Demand 49h ago x      

Demand 50h ago x      

Demand one week ago x  x    

Temperature x x x x x x 

Precipitation  x x  x x 

Others …    x   

 

d. Energy totals for different time scales in order to see if the load is trending above or below 

expected values for that hour, day, etc. 

10) Consider there are multiple new minigrids in the same geographical area (approx. 50km radius) 

with various sized PV systems (no historical power production data). * 

Do you think the following concept for hourly PV power forecasting 24h ahead makes 

sense? 

With existing historical hourly irradiance (GHI and DHI) data from a nearby weather station 

ONE model for the area is trained to predict GHI (global horizontal irradiance) and DHI (diffuse 

horizontal irradiance). For each location the model predicts the irradiance taking into account 

location specific weather forecast data. This output will then be calculated to location specific PV 

power taking into account the differently sized PV systems. (Select one option) 

 Participant 

a b c d e f 

Yes x x  x x x 

No   x    

 

11) Please explain shortly your chosen answer from the previous question. 

a. I don't know enough about GHI/DHI to accurately answer this, but normally, 

aggregation helps/makes sense. 

b. Not sure 

c. It seems to me that it would be quite hard to verify at each location whether the GHI and 

DHI are the forecasted ones. It may be easier to obtain a direct forecast of the PV 

output? In these way your ML model learn to use the features taking implicitly into 

account the different locations, while in the first case there may be an assumption that 

the panels are facing similar GHI and DHI (maybe true, maybe not). 

d. Yes, if the model can find correlations between published weather station data and local 

production, it can be used for prediction. 

e. Having real data (weather station) is always good and the distance (around 50km) should 

not be a big problem as long as geography doesn't change abruptly. You could create 2 
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models, one using data from the station and from forecasted weather and other just with 

forecasted weather and then, compare their performance. 

f. The hourly PV power forecasting 24h is more accurate 

12) Do you think it is possible to use an irradiance forecasting model trained on irradiance data from 

a location with similar latitude (Equator) and altitude to predict irradiance in Kenya where 

historical irradiance data is not easy to obtain? (Select one option) * 

 Participant 

a b c d e f 

Yes       

No       

Has to be tested x x x x x x 

 

13) Please explain shortly your chosen answer from the previous question. 

a. If the weather is similar, which can be checked from random samples, this makes sense. 

In general, starting training from an already initialized model and re-training with 

modified data usually provides for a far better start then beginning from 0. 

b. – 

c. Really as I said above, I don't know enough to say whether the irradiance is going to 

change significantly 

d. Irradiance depends on latitude, elevation, pollution, weather, time of year, hour of day as 

well as others with less impact. Your model considers latitude, elevation, and time but 

also needs to consider pollution and weather differences between the two areas. 

However, some useful satellite data can also be obtained from NASA, etc. 

e. Testing the model doesn't hurt, but climate is specific of each region. Could be that 

northern winds bring cloud cover in a specific region in Kenya due to the presence of 

mountains, while those winds in Equator bring stable weather. 

f. Has to be tested and part of the network should be retrained using a local dataset 

14) Imagine you have no historical data of the communities' electricity consumption, but you expect 

to have hourly consumption data incoming soon. 

In your opinion what would be the best workaround/plan (if there is any) to still be able to 

predict the hourly electricity consumption 24h ahead as soon as possible? * 

a. Reinforcement learning 

b. Models or similar data from another place 

c. No clue 

d. Talking to the community. Looking at their appliances and asking questions. Also, it isn't 

a big deal if the system starts working with sub optimal dispatch. It can improve. 

e. Do research in other communities elsewhere with similar climatic conditions and income 

levels. Most of the population in rural areas live with little electricity and it shouldn't be 

difficult to predict. For instance, you could assume that every dwelling has 3 light bulbs 

and that they are used 4 hours/day plus a community pump to extract water from a well. 

f. Set the weights of the network to zero and update them 

15) Do you think each community needs its own trained model for electricity demand forecasting 24h 

ahead? Or do you think it is sufficient to train one model from one community demand data and 

apply it to forecast the demand of others if number of households and business is considered as 

an input feature? (Select one option) * 
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 Participant 

a b c d e f 

Yes, on is enough      x 

No, each needs one  x x    

Depends on … x   x x  

 

a. … Local computing power 

b. – 

c. – 

d. … income, economic activity, location, how long they have had electricity, cooking   

methods, and many more things 

e. … local characteristics 

16) Please explain shortly your chosen answer from the previous question. 

a. This depends on the local computing power. If there is enough to train a sufficiently 

large model, then this makes sense. If, in a central place (cloud infrastructure, etc.), there 

exists sufficient computing power to train a far larger model from all data, then this 

should be preferred. 

b. May start with one model and then see if it is enough 

c. The level of economic activity, the kind of work that is most common, the size of the 

community will all alter the model in different ways. For small communities, just having 

some people working harder than in others would *destroy* (wording changed) the 

model. It is fairly easy to create a pipeline for data that goes to create a similar model. 

d. Sometimes different communities can have similar load profiles and per capita 

consumption. Sometimes they are very different. For example, maybe in one community 

a lot of families use rice cookers at the same time, but in another they don't. In one 

community people may have similar daily schedules when in other communities it is 

more varied. The number of households and businesses is important, but so are the other 

things I mentioned above. 

e. Market days are a big deal in rural communities in Africa. I forgot to include the input 

'market day' in the prediction of electricity before. In market days, consumption increases 

a lot because people from other villages go to one. This causes a big increase in one 

village, while a decrease in consumption in the villages nearby. That's why it could be 

challenging to use a single model for many villages if they don't have the same market day 

f. - 

17) Defining the perfect electricity prices for the tariff periods (‘wasted electricity’, ‘electricity from 

sun while batteries are charging’, ‘electricity from battery’, ‘electricity from diesel generator’) that 

satisfies the tradeoff of maximizing the minigrid operator’s revenue, while maximizing the 

acceptance to shift the load from the community is crucial. 

On a scale from 0-5 how applicable is Reinforcement Learning (RL) in order to define the cost of 

electricity per kWh for any given tariff period, while 0 is not applicable at all and 5 is perfectly 

applicable. 

 Participant 

a b c d e f 

0       

1   x    

2    x x  

3       

4       

5 x     x 
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18) If you would consider using RL to determine the perfect price for this happy hour how would 

you approach this, as the feedback reward for the chosen price can only be issued after the event 

actually changed the environment 24h later? 

a. Yes, with the exception that one should not blindly trust RL but impose certain 

restrictions when it makes sense. I.e., depending on the algorithm, excessive prices can be 

the result at the beginning (because the algorithm hasn't learned what sensible prices are). 

b. – 

c. I don't think there is enough data to train a RL model 

d. Again, I would recommend communication with the community as the number one step. 

Machine learning is going to have a hard time understanding the difference between price 

and demand in small communities. 

e. I use this section to discuss a slightly different issue. However interesting the issue of 

optimizing electricity prices is, having 4 tariff periods (as mentioned above) is extremely 

difficult to manage and to implement. Will they have smart meters at home?, who will 

maintain them?, who will pay for them?, how are people going to be informed each day 

of the 4 different prices of electricity of next day? Even in our society, with a higher 

electricity consumption and thus, a bigger potential for savings, most of the people 

choose to have a plain tariff for all the day because we don't want/can't deal with 

adjusting our lives to the price of electricity. To sum up, this issue makes for a very 

interesting research topic but its implementation in rural communities is very uncertain. 

f. - 

19) Please share any remaining thoughts that you have about the project of Machine Learning 

Applications in rural polygeneration minigrids that have not been touched within that survey and 

that you consider of importance. 

a. – 

b. Good luck with your thesis 

c. This has been touched but not discussed. Maybe it is possible, but I think it will be really 

hard to do demand response in places where the concept of time is different from ours. 

In my experience, people living in African rural villages don't share our concept of 

timing, tend to do their activities (i.e. working) when it is possible and would have a hard 

time shifting. 

d. It would be very useful to have an automatically generated system performance report 

that only takes a few seconds to view and comprehend. Most of the time you just want to 

see that everything is working fine. However, you also want to know if there is a 

problem, which is where machine learning could help. It could recognize deviations in 

behavior, etc and then put that information on the report, so the stakeholders know 

when to look closer. 

e. It's a nice project! My two big concerns, which I already wrote: don't forget market days 

and consider the complexity of implementing hourly tariffs. 

f. – 

g. ML can also be used for control. But therefore you need reinforcement learning. For site 

assessment you need solar irradiance data for all seasons and this data can be used for 

generating long term (+10y) time series using reanalysis data and MCP (measurement 

correlation prediction) 

h. – 

i. This is of course an interesting and viable project but how do you scale this when 

moving out of a simplistic environment towards a more complex, integrated system? I 

find your thinking very interesting. 

j. Questions in the survey are too wide 
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20) Please specify your background / working area. * 

 Participant 

a b c d e f g h i j 

Machine Learning in Energy Sector x    x  x   x 

Machine Learning in another Sector  x    x     

Computer Science but not Machine Learning           

Energy Engineering   x x       

Other        x x  

 

i. Energy Trading 

 

21) Title * 

 Participant 

a b c d e f g h i j 

Professor       x    

PhD x    x x     

Master’s Degree  x x     x x x 

Bachelor’s Degree    x       

 

 

  



 
 

89 

Appendix 11: GHI Predictions – Hyperparameters and 

Input features 

This section shows the used input features for GHI prediction as well as the hyperparameters that have 

been altered for each algorithm that resulted in the lowest RMSE. Hyperparameters not mentioned have 

been left as default. In addition to the grid search cross validation that has been performed, each 

prediction has been done with k-fold or time series cross validation, while either no or insignificantly small 

differences could be noted. 

Table 17: Input features for day ahead GHI predictions 

Input Feature Unit 

Day of the year - 

Hour of the day - 

Temperature [°C] 

Humidity [%] 

Precipitation [mm] 

Cloud Cover [%] 

Wind Speed at 10 m altitude [m/s] 

Zenith Angle [°] 

 

Additionally to the input features shown in Table 17, a one-hot (zero or one) feature for day or night as 

well as the GHI of the same hour from the previous day have been tested with a worse performance. 

Table 18: Parameter values considered and values of the final regressor for RF 

Random Forest # Estimators Max. features per node 

Values Considered 10, 30, 60 2, 4, 6, 8 

Best Performance 60 4 

 

As the RF model trained comparably fast, a more extensive randomized search, as shown in Table 19 has 

been performed to improve accuracy over the grid search derived model from Table 18. 

Table 19: Parameter values considered and values of final RF regressor by randomized search 

Random Forest # Estimators 
Max. features per 

node 

Bootstrap Min. samples split 

Values Considered 
100, 130, 150, 

170, 200 
1-9 True, False 2-11 

Best Performance 150 4 True 8 

 

Table 20: Parameter values considered and values of the final regressor for KNN 

k-nearest neighbour # Neighbours Leaf Size weights 

Values Considered 7, 10, 15 2, 5, 10 ‘uniform’, ‘distance’ 

Best Performance 15 2 ‘distance’ 

 

Table 21: Parameter values considered and values of the final regressor for SVR 

Support Vector Regression C-Penalization gamma 

Values Considered 0.1, 1, 10 0.1, 1 

Best Performance 10 0.1 
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In addition to the parameters evaluated for SVR in Table 21 by grid search, the kernel has been manually 

optimized to be ‘rbf’. 

Table 22: Parameter values considered and values of the final regressor for MLP 

MLP regressor Hidden layer size 

Values Considered 15, 20, 25 

Best Performance 25 

 

Table 23: Parameter values considered and values of the final regressor for RNNs 

LSTM RNN Number of neurons in LSTM layer 

Values Considered 64, 128, 256 

Best Performance 256 

 

Additionally, to the number of neurons in the LSTM layer, GRU cells have been tested that performed 

slightly worse than LSTM cells. 
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Appendix 12: PV Power Predictions – Hyperparameters 

For the PV power predictions, the same input features plus the solar azimuth angle have been considered 

as for the GHI predictions. Additionally, considering the knowledge from the GHI predictions, the 

hyperparameters for grid_searchCV have been adapted if the highest or lowest possibility was chosen for 

GHI predictions. 

Table 24: Parameter values considered and values of the final regressor for RF 

Random Forest # Estimators Max. features per node 

Values Considered 60, 100, 150 2, 4, 6, 8 

Best Performance 100 6 

 

Table 25: Parameter values considered and values of the final regressor for KNN 

k-nearest neighbour # Neighbours Leaf Size weights 

Values Considered 15, 20 1, 2 ‘uniform’, ‘distance’ 

Best Performance 15 1 ‘distance’ 

 

Table 26: Parameter values considered and values of the final regressor for SVR 

Support Vector Regression C-Penalization gamma 

Values Considered 500, 700 0.1 

Best Performance 500 0.1 

 

Table 27: Parameter values considered and values of the final regressor for MLP 

MLP regressor Hidden layer size 

Values Considered 15, 20, 25 

Best Performance 25 

 

Due to the extensive training time for the LSTM celled RNN, the 256-neuron setup for the hidden layer 

has been applied from the GHI predictions. 
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Appendix 13: Pyranometer Prototype 

The pyranometer prototype for GHI prediction validation in Kenya is based on the fact that a PV cell’s 

short circuit current is direct proportional to the solar irradiance (Markvart, 2000). Inspiration has been 

taken from Meteocercal (Meteocercal, 2014). The prototype’s components are depicted in Table 28. The 

pyranometer is programmed to measure the voltage over Rsh, which is amplified to make use of the whole 

spectrum of 0-1.1V reference of the Arduino. The highest possible value which would correspond to 

1.1 Vin is 1600 W/m2. The pyranometer is programmed to take a measurement every 30 seconds and saves 

it with the corresponding timestamp in the SD-card. Measurements are indicated by a green LED that 

lights up. 

Table 28: Pyranometer prototype’s major components 

Component Comment 

Solar Cell 50 mA, from garden light 

Shunt resistor 
1,88 Ω, to measure voltage over Rsh → 

proportional to solar irradiance 

Amplifier 6.875 gain, to maximize the resolution 

RTC unit Timestamp creation per measurement  

Arduino Nano Microcontroller 

LEDs Increase current drawn from battery 

Housing IP44 certified, from garden light 

Battery 
To power the Pyranometer in rural locations 

(10Ah) 

SD card adapter To save measurements 

 

Figure 44 illustrates the schematic of the PV panel based pyranometer and Figure 45 shows the 

breadboard prototype that has been done to test the functionality of the pyranometer before final 

assembly on circuit boards. Finally, Figure 46 depicts the final assembly in a IP44 splash proof certified 

glass char and the three layered PCB (printed circuit board) construction. 
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Figure 44: Schematic of pyranometer prototype 

 

Figure 45: Breadboard prototype 
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Figure 46: Final pyranometer assembly (left) & PCB assembly attached to PV-cell bottom (right) 


