
Article Not peer-reviewed version

Characterization of Hydropower Inlet
Effect on the Electric Network
Frequency

Jesús Álvarez-Higueruela , Francisco-José Gutiérrez-Villalba , José-María Sierra-Fernández ,

Juan-José González-de-la-Rosa * , Olivia Florencias-Oliveros

Posted Date: 21 March 2023

doi: 10.20944/preprints202303.0380.v1

Keywords: correlation power-frequency; frequency stability; hydropower; power quality analysis

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.

https://sciprofiles.com/profile/2853631
https://sciprofiles.com/profile/2853628
https://sciprofiles.com/profile/572874
https://sciprofiles.com/profile/41471
https://sciprofiles.com/profile/384962


 

Article 

Characterization of Hydropower Inlet Effect on the 
Electric Network Frequency 
Jesús Álvarez-Higueruela, Francisco-José Gutiérrez-Villalba, José-María Sierra-Fernández, Juan-
José González-de-la-Rosa * and Olivia Florencias-Oliveros 

Research Group PAIDI-TIC-168, Department of Automation Engineering, Electronics, Architecture and 
Computers Networks, Doctoral School of University of Cádiz, E-11202 Algeciras, Spain  
* Correspondence: juanjose.delarosa@uca.es 

Abstract: One of the challenges posed by renewable energies is the stabilization of parameters related to the 
quality of electrical energy. This study demonstrates the existence of a relationship between input blocks of 
hydropower and the variation of the fundamental frequency of the electricity grid. By mapping production 
data provided by Spanish Electric Network with frequency measured in the laboratory, it is shown that 
gradients of hydropower are correlated with frequency fluctuations for certain characteristic times. 
Considering hourly instances of energy input, the study compares two methods for calculating hydropower 
gradients (linear regression and pseudo-linear regression); and two methods for calculating local frequency 
extremes (the "specular inertia" method and analysis by comparison with the moving average), in order to 
corroborate the results. 
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1. Introduction 

The electricity grid is a complex system that interconnects generators and consumers of 
electricity through transmission and distribution infrastructure. The frequency of the supplied 
voltage is thus a critical parameter that must be kept constant and resilient despite the numerous 
factors that affect its stability. Indeed, variations in the frequency of the electrical grid can have 
serious consequences at the local and large-scale levels, including blackouts and damage to electrical 
equipment [1,2]. 

In the last decade, a considerable increase in number of frequency fluctuations in the grid has 
been detected, mainly due to the penetration of distributed renewable energy sources [3], and 
synchronous generators being replaced by power inverters, thus reducing the grid's inertia and 
increasing the degree of relative instability [4]. Additionally, certain renewable energy sources, such 
as solar photovoltaic or wind power, are unpredictable and fluctuate, introducing new terms of 
randomness, in addition to traditional sources of internal noise, into the process of stability 
characterization [5,6]. 

Unscheduled energy demand also affects grid stability. For example, during high demand 
periods, such as peak hours, generation may not be sufficient to meet it, causing subsequent 
frequency fluctuations. Therefore, adequate control and regulation systems are necessary to maintain 
a sufficient level of relative stability. In these systems, monitoring, analysis, and characterization of 
the fluctuation pattern play a crucial role [7,8]. 

In this paper, after performing a data analysis with MATLABTM, the hourly points of maximum 
and minimum frequency were detected using two different algorithms. The frequency data was 
obtained based on the methods described in previous work [9]. Analyzing the production data 
provided by the official website of the Spanish Electric Network, we searched for a relationship 
between different energy sources, including renewable sources (wind, solar photovoltaic, 
hydropower, solar thermal), and combined-cycle power plants [10]. 
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The results show that the gradient of hydropower is correlated with the appearance of the 
aforementioned local frequency maxima and minima, while the gradient is positive, the tendency is 
the appearance of maxima, existing the same relationship between negative gradient and minima. 

This caracterization will allow, on the one hand, to provide quantitative information on the 
range of frequency variation in a real case. On the other hand, correction mechanisms for corrective 
maintenance actions can be implemented based on the models. 

The paper is structured as follows. After this introduction, the methodology is presented in the 
next section. Section 3 details the results, which are subsequently discussed in Section 4. Finally, the 
conclusions are drawn in Section 5. 

2. Experimental methodology 

Two datasets have been used: measurements of the frequency and production data of the grid. 
The former is extracted from a database of the research group PAIDI-TIC-168, of the University 

of Cadiz. This dataset collects the values of the grid frequency measured every 10 seconds online.  
The second dataset collects grid power production data, which includes real, forecasted, and 

scheduled power, as well as power generated from different energy technologies (nuclear, coal, 
combined-cycle, renewables, etc.) [11]. 

First, the network signal was acquired at the Algeciras Technical School of Engineering using 
hardware, which essentially consists of a chassis and a data acquisition card (DAQ) from the 
manufacturer NI™, which receives on one hand the voltage input (50 Hz, 230 V RMS) of the electricity 
grid, and on the other hand, the pulsed signal (1 PPS) from the GPS receiver (Symmetricon™) [9]. 

Once the frequency signal was obtained, several sudden fluctuations in the instantaneous 
frequency of the grid were identified, which occurred during the hourly blocks of the electricity 
market, i.e., during peak hours. Two algorithms have been programmed to search for these changes 
using MATLABTM software, which are detailed below: 

• “Specular inertia” method:  
This method is based on stabilizing signals with weak damping around a final value. An 

algorithm was developed using the MATLABTM function "Findpeaks", which locates local extremes. 
The method identifies the first location using the "MinPeakHeight" and "MinPeakDistance" 
parameters of the "findpeaks" function, and identifies the second location by first inverting the signal 
so that the local minimum of the signal becomes the local maximum, and then using the same 
parameters to locate the R peak. Under these conditions, a search for these extremes was performed 
and the algorithm identified the following extremes over the course of a month. 
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Figure 1. Local máxima and mínima detection on October 24th, 2022, using the “specular inertia” 
method. 

• Comparison with the moving average-based method: 
This method is based on comparing the 10-minute moving average of the frequency with the 

current value. If the comparison value exceeds a certain threshold and falls within the range of an 
hourly block in the electricity market, at each hour on the hour, it is identified as a local maximum or 
minimum extreme, depending on its value. 

 
Figure 2. Local máxima and mínima detection on October 24th, 2022, using the comparison with the 
moving average-based method. 

Later on, the gradient of hydropower will be used to test the hypothesis that maxima tend to 
occur in situations where there is an increase in hydropower, and conversely, where there are 
minima, there is a decrease in hydropower. 

To calculate this gradient, production data, which is provided every 5 minutes, is used. The 
objective is to obtain an average gradient per hour in order to compare it with the hourly maxima 
and minima and determine the average slope at which they occur. 

Since there are 12 production data points in an hour (one every 5 minutes), they are divided into 
3 blocks of 4 data points. The average of each block is calculated, and with those 3 averages, the 
increase of the first block average with the second block average, and the increase of the second block 
average with the third block average is calculated, concluding with the average of both increases. 
This average will be the hourly value of the gradient used in subsequent sections. Figure 3 graphically 
represents the described method. 
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Figure 3. Illustrates the described method. 

3. Results 

To obtain the results presented in this section, the "specular inertia" method was used to obtain 
maxima and minima, and the "pseudo-linear regression" method was used to obtain the gradients of 
the hydropower. 

After collecting the local extrema, the data is represented through various graphs to facilitate 
comprehension and observation. First, let's look at some histograms differentiating between local 
maxima and minima, classified by whole month, weekdays, and weekends, to see if there is any 
different pattern in these time intervals throughout the month. 

 
Figure 4. Maxima and minima hourly histogram on July 2022. 

In Figure 4, the classification of the extrema identified with the algorithm is observed for both 
the whole month and weekdays/weekends. Throughout the month, the extrema occur within a 
specific time period, in the case of local minima, between 9 PM and 4 AM. Let's look at another month 
to compare this observation. 
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Figure 5. Maxima and minima hourly histogram on October 2022. 

 
Figure 6. Maxima and minima hourly histogram on November 2022. 

We can see that the trend of occurrence of the extrema is the same in both months. 
As the points identified by the algorithm fall within a specific time period, the next step is to 

relate these extrema to the grid energy sources. For this purpose, the above histogram is represented 
on the same graph as the forecasted power curve for November 2022 
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Figure 7. Maxima and minima hourly histogram on November 2022, along with forecasted power 
curve. 

In Figure 7, we observe the relationship between the localized minimum points and the 
downward trend of the predicted power gradient, while no relationship is observed between the 
detected maximum points and the upward trend of the predicted power. In order to look for any 
pattern that relates the maximum and minimum points localized by the algorithm, in Figure 8 we 
represent the points along with various renewable sources (wind power, PV solar, thermal solar, and 
hydropower) along with the maximum and minimum points represented by the symbols 'o' and 'x', 
respectively. 

 

Figure 8. Renewable energy sources and combined-cycle represented along with maxima and minima 
points on part of May 2022. 

As shown in Figure 8, we can observe at a glance that no energy source has any relationship 
with the localized points except for two of them: hydropower and combined-cycle. In both cases we 
notice higher probability for localized maximum points to appear when there is an upward trend of 
power, and localized minimum points in sections with a downward trend of power. This effect is 
even more noticeable on hydropower, so we are going to focus the rest of the paper on this exact 
technology. 
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If we acquire the hydropower, combined-cycle and wind power information from Figure 8 and 
we represent it with a histogram for any given month as shown in Figure 6, we obtain the following 
Figure. 

 

Figure 9. Maxima and minima hourly histogram on 27th April 2022, along with hydropower, combine 
cycle and wind power curves. 

In Figure 9, we observe in greater detail the aforementioned assertion. We can observe that when 
the hydropower power curve tends to decrease, localized minimum points appear (orange bars), and 
when it tends to increase, localized maximum points appear (blue bars).  

For combined-cycle, the same affirmation can be made to a lower extent, but for wind power, no 
correlation between the power curve and the extrema has been found. 

Later on this paper we will corroborate all these assertions statistically. 
However, this representation shows only one day of power. If we calculate the hourly gradients 

only for the hydropower curve and represent the values of these gradients on a single histogram, we 
obtain the following representation. 
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Figure 10. Maxima and minima hourly histogram on November 2022, along with hourly hydropower 
gradient. 

In Figure 10, we can clearly notice that when localized minimum points appear, the slopes at 
which these minimum points occurred tend to be negative for the most part, representing a 
downward trend of the power curve. On the contrary, if we look at the areas of local maxima, we see 
that most of the gradients are positive, which represent the upward trend of the hydropower curve. 

Table 1 shows the percentage of sign similarity of the gradients calculated using the pseudo-
linear and linear regression methods. This indicates that both methods have a very high percentage 
of similarity in terms of the upward and downward trends, which are the focus of Figure 10. 

Table 1. Sign similarity percentage between pseudo-linear and linear regression. 

Month Sign similarity accuracy percentage (%) 
April 98,88 
May 99,46 
June 97,63 
July 97,58 

August 98,92 
September 99,16 

October 98,25 
November 97,50 
December 97,84 
Average 98.36 

 

Figure 11. Scatter plot of local maxima and minima vs hourly hydropower gradient on December 
2022. 

Finally, a scatter plot was created to confirm the veracity of the relationship between 
hydropower gradient and the located maximum and minimum points. 

In Figure 11 we represent the values of the hourly slopes of the hydropower on the X-axis, and 
on the Y-axis, the hours at which these maxima or minima have occurred. Positive values on the Y-
axis represent days where maxima have occurred, and negative values represent days where minima 
have occurred. Therefore, we see that quadrants 1 and 3 of the diagram contain the most localized 
points. Quadrant 1 indicates positive gradient values and local maxima obtained by the algorithms, 
while quadrant 3 indicates negative gradient values and local minima filtered by the algorithm. 
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Table 2 shows the percentage of local maxima and minima found in the first and third quadrant, 
respectively, as seen in Figure 11.  

Table 2. Accuracy percentage of maxima and minima with their respective gradient sign, 
hydropower. 

Month 
Maxima with positive gradient 

accuracy percentage (%) 
Minima with negative gradient  

accuracy percentage (%) 
April 89,65 89,59 
May 90,97 87.77 
June 73,63 85,48 
July 74,48 81,89 

August 71,42 87,50 
September 85,71 92,15 

October 73,39 81,82 
November 83,52 84,10 
December 82,67 78,46 
Average 80,60 85,42 

These statistical results support the hypothesis that local frequency maxima are correlated with 
the positive gradient of the hydropower, while local frequency minima are correlated with the 
negative gradient of the power. 

In Table 3 and Table 4 we can observe the accuracy percentage of matching maxima and minima 
with positive and negative gradient, for combined-cycle and wind power respectively.  

Table 3. Accuracy percentage of maxima and minima with their respective gradient sign, combined-
cycle. 

Month 
Maxima with positive gradient 

accuracy percentage (%) 
Minima with negative gradient  

accuracy percentage (%) 
April 83,00 78,61 
May 88,19 79,44 
June 71,81 75,80 
July 76,53 84,48 

August 71,42 87,50 
September 82,85 88,23 

October 72,58 88,31 
November 80,22 81,82 
December 81,33 70,00 
Average 78,66 81,57 

Table 4. Accuracy percentage of maxima and minima with their respective gradient sign, wind 
power. 

Month Maxima with positive gradient 
accuracy percentage (%) 

Minima with negative gradient  
accuracy percentage (%) 

April 45,00 54,33 
May 56,25 57,78 
June 47,27 61,29 
July 53,06 59,48 

August 71,42 64,58 
September 58,50 62,74 

October 46,77 52,59 
November 38,46 40,15 
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December 52,00 51,53 
Average 52,08 56,05 

These results lead us to the conclusion that hydropower has the strongest relationship with the 
maximum and minimum values. Nonetheless, as mentioned earlier, the gradients of power from 
combined-cycle have a significant correlation with the extremes that cannot be ignored. However, in 
the case of wind power, no statistically significant correlation has been found with the extremes. 

4. Discussion 

The study reveals a strong correlation between the gradient of hydropower and the frequency 
variations of the Spanish electric grid; however, due to design limitations and unmeasured factors, a 
causal relationship between these two variables cannot be demonstrated. Therefore, caution is 
important when interpreting these results and further research is needed to determine whether the 
observed correlation is due to a causal relationship or other factors that have not been considered in 
this study. 

The main reason for this correlation could be attributed to the ability of hydropower plants to 
introduce large amounts of energy into the electricity grid in a relatively short period of time. Since 
the frequency of the electricity grid is directly proportional to the amount of energy supplied and 
consumed, sudden changes in hydropower could have a significant impact on the grid frequency. 

It is important to note that abrupt frequency variations in the electricity grid can have a negative 
impact on the country's industrial equipment. This is because electrical equipment is designed to 
operate within specific frequency and voltage limits, and variations outside these limits can cause 
mechanical stress and strain that can damage internal components and reduce equipment efficiency 
[2]. 

Therefore, it is essential to implement ad hoc measures to control the frequency and voltage of 
the electricity grid and minimize abrupt variations, while maintaining stability and quality of the 
supplied electrical energy. In addition, it is essential that industrial equipment is designed to 
withstand frequency and voltage variations within established limits to avoid damage and loss of 
efficiency. 

Finally, it should be noted that despite the limitations of this study, the results provide a solid 
foundation for future research seeking to determine causality between grid frequency and 
hydropower. It is necessary to carry out studies that use more rigorous and comprehensive methods, 
such as obtaining frequency data at a point near a hydropower plant, as frequency disturbances will 
be measured more clearly at points closer to the source of the disturbance than at points farther away. 

The results of such investigations are useful for grid operators for the development of strategies 
related with the implementation of renewable energy resources in the grid. 
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