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Abstract: This study explores the use of geometric progression as a mathematical tool to analyze and 

predict the growth behavior of renewable energy systems, such as hydropower and ocean energy. 

Such forms of energy have shown increased uptake due to technological advancements and the 

global push towards sustainability. The paper analyzes the use of geometric progression in describing 

historical energy output and projecting future capacity using actual data. However, findings indicate 

towards the limitation in geometric progression's predictive accuracy in the long term due to the 

nonlinear and complex nature of the impacts from technology, economics, and the environment. 

Findings emphasize the need for more secure, multi-variable models while forecasting the trajectory 

of renewable energy systems. 

Keywords: geometric progression; forecasting; hydropower; ocean energy 

 

1. Introduction 

The need to abate climate change and reduce carbon emissions has swung the world toward 

clean energy alternatives such as ocean energy and hydropower. Not only is this clean energy 

sustainable, but it is essential to achieving ultimate energy security over the long run. One compelling 

aspect of developing them is in the geometric form of growth the development has achieved—

exemplified in exponentially increasing technological advance, capacity installations, and share of 

the market over time [1,2]. 

This research utilizes geometric progression to assess the extent to which it can describe the past 

and future trends of hydropower and ocean energy development. Geometric progression is a method 

of quantifying the exponential growth seen in such industries, enabling us to calculate future output 

based on past data. The article critically evaluates the usefulness and reliability of such a 

mathematical technique in capturing the dynamic nature of renewable energy development [3]. 

Hydropower is one of the oldest renewable technologies, and it makes electricity using the 

energy of running water. It has evolved with improvements in turbine efficiency and in infrastructure 

(Figure 1). Ocean energy, comprising wave and tidal power, has only recently begun to go large-scale 

[21–23], with the spur of technologies such as the Waveline Magnet (Figure 2), which converts sea 

wave energy into electrical power. Knowledge and forecasting of energy production patterns are 

crucial in planning, investment, and policymaking. As energy demand continues to rise, forecasting 

the possibility of hydropower and marine systems is imperative to minimize fossil fuel reliance [24–

26]. This research analyzes whether geometric progression can provide such forecasting data, along 

with demonstrating the limitations and implications of the approach [4–6]. 
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Figure 1. Hydraulic Turbine and Electrical Generator, cutaway view (Wikipedia Contributors, 2019). 

Hydropower, which extracts energy from flowing water, has long been a part of the worldwide 

energy mix. Its expansion has been characterized by advances in turbine technology (see Figure 1), 

better efficiency, and the creation of new projects worldwide [7,8].  

Ocean energy, although a new topic, has experienced a surge of interest due to its immense 

potential. Tidal and wave energy technologies (see Figure 2) are developing fast, with pilot schemes 

becoming business initiatives at a record rate. The economic contribution of such fast development 

is significant. It has contributed to higher investment, employment, and market reorientation in the 

energy sector [27,28]. However, this development is not without challenges. It is necessary for the 

proper development of such industries to achieve economic objectives while maintaining 

environmental sustainability and social implications [8]. 

 

Figure 2. Cyprus-based Sea Wave Energy Limited’s Waveline Magnet Prototype (Joaquin Victor Tacla, 2022). 

1.2. Problem Statement 

Unpredictability of energy production with hydropower and marine energy resources (see 

Figure 3) is the biggest hindrance in terms of their utilization in the renewable energy context. From 

the bar chart, the produced energy fluctuates between 360 million megawatt hours and 220 million 

megawatt hours. The main problem is the uncertainty that energy created by power generation 

through hydro energy technologies will be inadequate to address the demands of the world. This 

uncertainty has the potential to cause volatility in power grids that raises the cost of storing energy 

and backup units. 
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Figure 3. Hydroelectric power generation compared to other renewable energy sources from 1995 to 2015 

(Hydroelectric Energy, n.d.). 

1.3. Parties Affected by Research 

In the scenario of variable energy generation via hydropower and ocean energy plants, an 

extended list of stakeholders is affected. Energy consumers—domestic, industrial, and commercial 

users—depend on an uninterrupted and credible power supply for day-to-day business. Variability 

in energy generation can affect these operations and increase dependence on alternative, often non-

renewable, sources of energy. Renewable energy companies, who finance, construct, and operate 

such systems, suffer from profitability and contract compliance if energy production varies. This, in 

turn, can harm their reputation and long-term viability. Governments and policy makers are similarly 

hindered by the issue that variability of energy output presents for the integration of renewables into 

a country's power grid and diverting from the effort to cut greenhouse gas emissions.  

Environmentalists, who actively advocate for a shift towards sustainable energy, can have their 

initiatives undermined by the intermittency of renewable output. Meanwhile, research and 

development hubs are also obliged to reinvent technologies in order to address this uncertainty, 

while investors and the financial markets are influenced by the changing risk-reward dynamic of 

fluctuating energy output. Grid managers and power companies, responsible for allocating energy, 

are confronted by operating issues and increased costs because of volatility. Solving these issues 

using the concept of geometric progression has several benefits. Through facilitating more accurate 

forecasting of hydropower and ocean energy generation, energy resource planning and management 

become efficient, leading to a more stable and secure power supply (Trueworthy & DuPont, 2020). 

Accurate energy output also allows for minimizing operational costs by decreasing the need for 

expensive storage facilities and backup systems, hence becoming more attractive for investment in 

renewable energy ventures. Also, improved reliability and efficiency allow integrating such sources 

with existing energy infrastructures, accelerating the shift to clean energy worldwide. Most 
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importantly, more predictability of renewable generation enables the reduction of greenhouse gas 

emissions because it allows for less use of fossil fuels and aids in the fight against climate change. 

2. Literature Review 

This research draws on a variety of pre-existing work to examine the applicability of geometric 

progression to forecast trends in hydropower and ocean energy systems. The starting point 

foundation study of [9], provides a worldwide outline of hydropower potential from both a 

geographical and hydrological viewpoint like river discharge and slope. Their findings, such as the 

ranked list of top 20 countries by per capita hydropower potential, are a basis for experimentation 

with correlations to geometric progression models. In this paper, a generalized formula was derived 

from hydropower potential, current energy production, and a shared growth ratio from [10]. The 

modern-day energy production was calculated as a product of per capita energy production and the 

2010 population statistics. The model was subsequently verified against real-time reported 

hydropower generation data supplied by [11]. for the purpose of comparing the theoretical projection 

to what has been realized. 

The second study reviewed is an annual report by the International Hydropower Association 

(IHA), reporting on technological advances in hydropower with a particular focus on growth trends 

in installed capacity since 1900 [12]. Historical data from such reports, specifically in the 2019 report 

(Sector Trends and Insights, n.d.), were employed in constructing another geometric progression 

model to project future capacity growth. This allowed for a sustained investigation of hydropower 

technology's scaling efficiency and growth trend. 

Independent data from the same study by [12–15], published in PLOS ONE, was also utilized 

here since it had a decelerating graphical trend. The graphic values followed a consistent numerical 

trend, so they were geometrically interpretable and hence another dimension to consider energy 

development trends. 

Finally, a case study from the United States using a real-world situation from the American 

Rivers database analyzed the past and future removal of small dams in the United States. The 

database, which shows dam removal by year, was used to produce a generalized geometric equation 

to predict future dam demolition trends. Its validity was cross-checked by using real up-to-date data 

of 2016 dam removal activities (72 Dams Removed to Restore Rivers in 2016, n.d.; Dams Are Problem 

Creators, Not Problem Solvers, n.d.). This section of the literature gives an appreciation of the 

infrastructural growth of hydro energy schemes as well as its potentiality for natural rejuvenation 

through sequential dam removal [16,17]. Together, these studies provide an in-depth examination of 

the applicability and shortcomings of geometric progression in modeling growth, capacity, and 

infrastructure developments in the hydropower and ocean energy sectors 

3. Methodology  

To examine the future trends of ocean energy and the development of hydropower, the study 

employs mathematical modeling through geometric progression as the basis for analysis [19,20]. 

Geometric progression, or geometric sequences, is a sequence in which each term results from 

multiplying or dividing the previous term by a certain value known as the common ratio (r). This 

technique is used to estimate energy growth patterns, determine hydropower capacity, and forecast 

dam removal patterns. The general term of a geometric sequence is provided by the formula an

=ar(n−1) where a is the initial term, r is the common ratio, and n represents the number of time 

periods. The methodology also includes the sum of a geometric series, which is most useful for the 

estimation of cumulative values like the total removals of dams or cumulative energy production. 

The first application of the method is in projecting future hydropower production through 

energy output per capita. From Hoes et al. (2017) provided data, Iceland's energy output in 2010 was 

achieved through the multiplication of the population and per capita energy output. Having a 
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provided common ratio of 4.82% annual growth in energy (Ritchie, 2023), a geometric equation was 

developed to forecast future energy output. For instance, to forecast the 2022 output. 

A second method employed historical data of the International Hydropower Association (2022) 

for hydropower installed capacity development. The capacity figures from the 1950s to the 1970s 

showed a consistent growth pattern, and thus a general expression of a12=12.6×(1.0482)11 could be 

derived. Using the same to project 2019 capacity (n = 6), the model calculated 2,555.74 GW while 

actual capacity was a mere 1,292 GW—again showing the misalignment between theory and real 

numbers. Still, the model was then utilized to estimate when hydropower would likely be capable of 

meeting the world's energy needs. Using 25,343,000 GW global energy use in 2021 as the assumption, 

geometric estimation predicted hydropower alone to achieve this by the year 2189, albeit under 

assumed idealized growth. The other component of the method tested hydropower by location. Hoes 

et al. (2017) reported that energy potential per locations was a geometric series decreasing according 

to the equation n=180×(1.7)(n−1) With a = 100 and r = 10, the model was employed to estimate the 

potential rise in output as the number of viable locations decreased. 

Lastly, geometric progression modeled the removal of the United States' small hydroelectric 

dams. Using figures between 2000 and 2010, which showed removals increasing from 50 to 144.5 

dams, the formula for it was established. When applied to real 2016 statistics, which put only 72 dams 

removed, the formula result of ~161 indicated overestimation. Such a discrepancy proves the 

insufficiency of the geometric model's application to dams removal, an activity controlled by political, 

ecological, and financial factors rather than constant exponential growth. However, when applied 

hypothetically, the model estimated complete removal of all 83,700 small dams by 2070 according to 

the formula of geometric sum Sn=r−1a(rn−1). In general, while geometric progression provides a 

theoretical approach to modeling energy development and infrastructure growth, this approach 

reveals its shortcomings when applied to represent real-world situations. The exponential nature of 

geometric sequences is prone to underestimating the actuality of energy systems whose development 

is constrained by physical, political, and economic factors. Therefore, while helpful for exploring 

tentative estimates and theoretical ceilings, geometric progression must be complemented with more 

advanced, reality-based data-driven models for accurate prediction. 

4. Geometric Sequence 

Number sequences are lists of numbers in which there exists a pattern or rule. Also, a geometric 

sequence is one in which the rule is that it should be multiplied or divided by a predetermined 

amount each time. Upon establishing the pattern within these terms, we find term-to-term rule 

through which the series can be continued with. The common ratio of a geometric sequence is found 

by dividing or multiplying the last number by the same amount for each term. Begin by finding each 

set of values, progressing from the first term to the next, in order to calculate the common ratio. The 

geometric sequence can also be called geometric progression.  
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Figure 4. Geometrical Sequence Diagram (Nth Term of GP | Geometric Progression | Solved Examples, n.d.). 

3.1. Geometric Progression - General Term (Nth Term) 

The formula that can be used to find the value of any particular term is a as follows: an= arn-1 

The first term of the progression is denoted by 'a', the required term is denoted by 'n' and 'r' is 

referred to as the common ratio. 

For example, if the given sequence is: 1, 2, 4, 8, …. To find the Nth term for this geometric 

sequence, we would first need to identify that the first term is 1 and the common ratio is found by 

dividing two sets of consecutive terms: (2 ÷ 1) = 2 or (4 ÷ 2) = 2. Thus, the Nthterm for this sequence 

is (1) x (2)(n-1). 

3.2. Geometric Progression - Partial Sum 

The geometric series sum formula, Sn, provides the sum of a geometric sequence of the first n 

terms. The formula varies with the values of the common ratio in the form of 'r': 

 

Figure 5. Geometric Summation Formula (Geometric Series - Formula, Examples, Convergence, n.d.). 

When r > 1, it indicates growth and when r < 1, it indicates decay. However, then r = 1, it becomes 

an arithmetic progression because of its linear increase or decrease. In this study, we will be focusing 

more on the relationship of data when r is larger than or smaller than 1. 

4. Experimental Results 

In Order to ascertain the relevance of geometric progression in simulating energy development, 

a number of experiments were conducted using real data. In one analysis, Iceland was targeted, 

where present energy production was calculated by multiplying the population of 318,000 in 2010 

with the energy production per capita, i.e., 52,374 kWh or 5.2374 × 10⁻⁵ TWh. This results in total 

energy production of approximately 16.65 TWh. Hydropower generated 12.592 TWh in the year 2010, 

roughly 75.6% of the energy generated in Iceland (Fernández, 2023). To calculate the projected growth 

in a geometric progression model, the starting term was set to 12.6 TWh and a common ratio to 4.82% 

yearly increase (Ritchie, 2023). The used formula is an=12.6×(1.0482)n−1 the estimated production in 

2022 (the 12th term) was 21.15 TWh. However, real figures for 2022 indicated Iceland only produced 

14.195 TWh, which was a huge overestimation. This discrepancy shows the insufficiency of geometric 

progression in estimating real growth patterns in energy, not only for Iceland but also for other 

nations. 
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Figure 6. Estimate the Future Hydropower Generation - Using Energy Production Per Capita. 

 

Figure 7. International Hydropower Association. 

Another experiment was conducted using hydropower capacity growth between decades, using 

historical data from the International Hydropower Association (2022). Capacity grew from 180 GW 

to 520.2 GW between 1950 and 1979, using a typical ratio of 1.7. A geometric formula was derived as 

an=180×(1.7)n−1where n is every decade since 1959. Applying this model to estimate capacity in 2019 

(n = 6) gave an estimated value of some 2,555.74 GW. The actual capacity reported, however, was 

only 1,292 GW, again demonstrating that the exponential model overstates growth. Despite being 

incorrect, the formula was applied speculatively to determine when global hydropower capacity 

would be equal to total electricity demand, an estimated 25,343,000 GW in 2021. Solving the equation 

for an=25,343,000a_n = 25,343,000an=25,343,000 led to an estimate that hydropower could power the 

world by 2189, if there was ongoing technological progress. 
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Figure 8. Approximation on The Number of Water Dams in the Future. 

Further experimentation was carried out by trying out hydropower potential at global sites with 

the help of geometric sequences. According to patterns from the study of Hoes et al. (2017), the 

number of successful energy-producing sites was approximated as a diminishing geometric series. 

The figures here displayed a pattern where fewer sites yielded more kWh/year output. Using the 

formula Un=a⋅rn−1r−1U_n = a \cdot \frac{r^n - 1}{r - 1}Un=a⋅r−1rn−1 with a=100a = 100a=100, r=10r = 

10r=10, and n=4n = 4n=4onwards, projected outputs increased. 

5. Conclusions 

The purpose of this study was to explore the potential for the use of geometric progression (GP) 

as a forecasting tool for the future of hydropower development within the framework of SDG 2030 

and the Fourth Industrial Revolution. Specifically, the research tried to establish the gross potential 

of hydropower by the evolution of technologies and assess economic growth trends from a geometric 

progression point of view.It is evident from our analyses that geometric progression, although 

mathematically feasible, is not a realistic or helpful model for forecasting the future of developments 

in the hydropower sector. Its intrinsic limitation is the assumption of continued exponential growth, 

which is inconsistent with the irregular and frequently leveling nature of real technological, 

economic, and environmental progressions. The record demonstrated that prediction using GP 

consistently overestimated both real energy generation and infrastructure change, as revealed 

through case studies of hydropower generation in Iceland and dam removal trends in the United 

States. These errors are a consequence of the fact that the development of hydropower is influenced 

by a range of drivers, including policy change, availability of finance, environmental regulations, and 

global events such as pandemics, that are not captured in a geometric model. 

Aside from these constraints, the research provides valuable insights into energy prediction and 

how methodology can be improved upon. One of them is to use more dynamic prediction models 

with more than a single variable—i.e., logistic growth models or machine learning models—that 

better reflect the dynamics of renewable energy trends. In addition, utilizing cumulative energy 

calculation through the power formula P=t/Emight enhance precision in the estimation of long-term 

energy supply potential. Overall conclusions of this study are that geometric progression is not 

suitable as an independent means of predicting technological advances in hydropower. Also, it 

emphasizes the need for continuous innovation of clean energy technology, greater government 

engagement in policy and funding, and strategic decommissioning of unproductive small dams to 

make way for more efficient infrastructure. As energy requirements rise and environmental concerns 

loom larger, the need to look to prediction and planning with tools that reflect the richness of real-

world energy systems is greater than ever. 
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5.1. Future Work 

Subsequent research should investigate other mathematical and computational formulations 

that better describe the nonlinear and adaptive nature of hydropower and ocean energy systems. 

Exploring statistical model methods, artificial intelligence, and hybrid systems that combine 

economic, environmental, and engineering data may lead to more accurate and generalizable 

forecasts. Additionally, including climate change projections, population projections, and resource 

constraints in forecasting models would enable more realistic and policy-relevant scenarios. Lastly, 

additional interdisciplinary research is required to comprehend how infrastructure 

transformations—i.e., dam building and removal—are determined by political, environmental, and 

technological factors in order to provide more comprehensive planning in sustainable energy 

development. 
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