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This study investigates how ordinary atmospheric conditions induce systematic 

deviations from the nominal manufacturer's power curve of a modern wind turbine 

using a residual-based comparative power curve analysis. The approach directly 

compares theoretical power values with turbine-level SCADA measurements. It 

evaluates the difference between predicted and measured power as a continuous 

indicator of relative underperformance rather than as a classified anomaly. The 

dataset comprises wind speed, wind direction, air density, ambient temperature, 

cloud cover, solar irradiance, and measured electrical power from a Nordex 

N117/3600 wind turbine over a full annual period, complemented by temporally 

synchronized atmospheric data. Power residuals are analyzed as functions of wind 

speed and paired meteorological variables to reveal recurring deviation patterns 

and their physical context. The cumulative integration of positive residuals 

indicates an annual energy production loss of approximately 244,481 kWh, 

demonstrating that small but persistent power-curve departures accumulate into a 

substantial long-term deficit. The results show that performance deviations 

concentrate primarily in the partially loaded operating region and are strongly 

associated with variations in air density and wind regime. At the same time, 

temperature and radiative variables play a secondary role. The main contribution 

of this study is the presentation of a physically interpretable, residual-based 

performance deviation analysis that links power curve departures directly to 

atmospheric conditions and quantifies their cumulative energy impact without 

relying on predictive models or formal anomaly detection algorithms. 

Keywords 

Wind turbine performance, 

Power curve anomaly detection, 

Energy loss quantification, 

Atmospheric effects, 

Wind energy assessment, 

Operational data analysis 

1. INTRODUCTION 

Wind energy is a standard feature of contemporary energy portfolios, yet wind turbines frequently 

deviate from what their theoretical power curves predict under real operating conditions [1-2]. 

Manufacturer power curves are defined under standardized and idealized conditions in accordance with 

IEC 61400-12-1 and therefore represent a normalized reference rather than site-specific operating 

behaviour [3]. In practice, the atmosphere rarely provides such ideal conditions. As a result, differences 

between predicted and actual power outputs occur regularly, and these discrepancies point to 

atmospheric processes that merit closer scrutiny [4]. 

A turbine is influenced by more than wind speed alone; it operates within a broader meteorological 

environment. Variations in wind direction, temperature, air density, cloud cover, and incoming solar 

irradiance all contribute to modifying the kinetic energy available at the rotor [5-6] How these influences 

combine is rarely predictable, and the concept of a single power curve captures only a limited portion 

of this complexity. When atmospheric conditions depart from the assumptions embedded in the 

theoretical curve, production may vary in ways that remain hidden if only nominal characteristics are 

considered [7]. This naturally raises the question of when and under what conditions a turbine departs 

from its expected operating region. 
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While previous studies have addressed parts of this problem, analyses are often restricted to a small 

subset of meteorological variables and/or simplified operating scenarios. Many works apply anomaly 

detection techniques without explicitly associating detected deviations with the concurrent atmospheric 

states that give rise to them, which limits interpretability [8-10]. Recent datasets and high-frequency 

SCADA records now allow turbines to be studied in far greater detail [11-12]. Yet many analyses still 

treat environmental drivers as background noise rather than active components of performance change, 

even when advanced machine learning and deep learning techniques are employed [13-15]. Approaches 

that integrate physical reasoning with empirical evidence, therefore, remain limited, despite their 

importance for explaining how persistent, small deviations accumulate into measurable energy losses 

[16-19]. Integrating these complementary viewpoints offers a way to move beyond broad correlations 

and toward a clearer picture of how atmospheric states shape day-to-day efficiency. This study adopts 

that view and uses it to connect observed departures from the power curve with the meteorological 

conditions that give rise to them. 

Previous work on power-curve deviation and performance calculation for wind turbines has mostly 

relied on one of the following methods: prediction-based modeling, statistical anomaly detection, or 

machine-learning-based classification. Likewise, in many cases, deviations are reported as unassociated 

outliers, not explicitly connected to simultaneously observed atmospheric conditions, and/or not 

considered from the perspective of cumulative energy loss. In contrast to these studies, the present study 

is based on a physics-inspired residual formulation that considers theoretical and measured power 

directly within the power-curve space. Instead of introducing a new predictive model or detection 

algorithm, the focus is on understanding when and under what meteorological conditions the deviations 

cluster and on measuring how these common deviations aggregate into annual energy losses. 

Accordingly, this work presents a residual-based, operational framework that relates manufacturer-

defined power-curve deviations to concurrent atmospheric conditions and integrates them into a time-

resolved estimate of energy loss over the full annual period. The analysis is conducted using on-site 

SCADA data from a Nordex N117/3600 wind turbine for 2018, together with temporally synchronized 

meteorological fields from NASA MERRA-2. The main contributions include: (i) a consistent residual 

definition for theoretical-versus-measured power across the complete record, (ii) two-dimensional loss 

maps under paired atmospheric variables, and (iii) an annual loss quantification derived from the 

integrated power deficit. 

2. DATASET AND THEORETICAL BACKGROUND 

This study is based on operational data collected from a Nordex N117/3600 wind turbine located in 

Yalova, Turkey (latitude 40.59528°, longitude 28.99035°). The primary dataset spans the full calendar 

year of 2018 and was obtained from the turbine's Supervisory Control and Data Acquisition (SCADA) 

system via an open-access repository [20-21]. In addition to turbine-operational measurements, the 

dataset includes manufacturer-provided theoretical power-curve values. 

Turbine information is summarized below to provide context for the operating regime. The analyzed 

unit is a turbine with a rated power of 3.6 MW and a rotor diameter of 117 m. The turbine operates 

between the manufacturer-defined cut-in and cut-out wind speeds, with a plateau in the rated region 

typically observed once the inflow reaches the nominal rated wind speed. These specifications provide 

the physical context for interpreting the partially loaded and rated operating regions discussed in the 

subsequent power-curve and residual analyses. The SCADA records include hub-height wind speed 

𝑣(𝑡), wind direction 𝜃(𝑡), and theoretical power output 𝑃theo(𝑡), measured electrical power 𝑃meas(𝑡), 

and corresponding time stamps 𝑡.  

To account for atmospheric influences beyond the turbine-level measurements, the SCADA data were 

complemented with meteorological variables from NASA's MERRA 2 [22], including air density 𝜌(𝑡), 

ambient temperature 𝑇(𝑡), precipitation 𝑅(𝑡), and cloud cover index 𝐶(𝑡). Following temporal 

alignment, the two data sources were merged into a unified time series defined as 

𝒟 = {𝐱(𝑡𝑖)}𝑖=1
𝑁 , (1) 
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where 𝐱(𝑡𝑖) = [𝑣(𝑡𝑖), 𝜃(𝑡𝑖), 𝜌(𝑡𝑖), 𝑇(𝑡𝑖), 𝑅(𝑡𝑖), 𝐶(𝑡𝑖), 𝑃theo(𝑡𝑖), 𝑃meas(𝑡𝑖)], and 𝑁 = 8760, 

corresponding to an hourly resolution over one year. 

It should be noted that the NASA MERRA-2 dataset provides meteorological variables at a regional 

reanalysis scale and is therefore not intended to resolve site-specific micro-topographic effects such as 

local terrain-induced flow distortion, wake interactions, or fine-scale surface roughness variations at the 

turbine location. As a result, MERRA-2 data cannot fully capture localised atmospheric features that 

may influence instantaneous turbine behaviour. In the present study, MERRA-2 variables are used to 

represent the broader atmospheric background conditions under which the turbine operates, while 

detailed local flow dynamics remain outside the scope of the analysis.  

Because the SCADA measurements were originally recorded at a higher temporal resolution than the 

meteorological data, the SCADA series was downsampled to an hourly interval. For a generic SCADA 

variable 𝑠(𝑡), the hourly representative value 𝑠̄(𝑡𝑘)was computed as 

𝑠̄(𝑡𝑘) =
1

𝑀𝑘
∑ 𝑠(

𝑀𝑘

𝑗=1

𝑡𝑘,𝑗), (2) 

where 𝑀𝑘 denotes the number of high-frequency samples falling within the 𝑘-th hourly window. During 

the merging process, 484 missing hourly entries were identified. These gaps were reconstructed using a 

hybrid interpolation strategy. Short gaps were filled using a moving average defined as 

𝑥̂(𝑡𝑖) =
1

2𝐿 + 1
∑ 𝑥(

𝐿

𝑗=−𝐿

𝑡𝑖+𝑗), (3) 

while longer gaps were addressed through linear interpolation between neighbouring valid samples, 

𝑥̂(𝑡𝑖) = 𝑥(𝑡𝑎) +
𝑡𝑖 − 𝑡𝑎

𝑡𝑏 − 𝑡𝑎
(𝑥(𝑡𝑏) − 𝑥(𝑡𝑎)), (4) 

where 𝑡𝑎 and 𝑡𝑏 denote the closest preceding and succeeding valid time stamps. 

Therefore, the final dataset captures the full spectrum of seasonal operating conditions for the turbine 

throughout the year. Figure 1 is an exploratory diagnostic view of the multivariate data structure. The 

diagonal panels show the empirical distributions for each variable, and the scatter plots in the lower 

triangle show the bivariate relations, revealing both structured dependencies and more diffuse patterns. 

The linear correlation coefficients (above the triangular panel) are dominated by wind speed for both 

theoretical and measured power output. The weaker correlations for parameters such as cloud cover, 

precipitation, and solar irradiance suggest that these have a less direct effect on turbine efficiency. Taken 

together, these visualizations provide a better understanding of the dataset's internal structure for more 

granular analysis.  

The correlation coefficients between the parameters and the physical phenomena underlying wind 

energy production support one another, so one must be convinced of their existence to understand what 

the dataset expresses. Factors such as wind speed, wind direction, air temperature, and cloud cover play 

a critical role in energy production estimates, and each variable naturally affects energy production. 

Wind speed is one of the most essential variables for wind energy production, with a correlation 

coefficient of 0.97. Wind turbines convert the wind's kinetic energy into electrical power, with output 

governed by 

𝑃 =
1

2
⋅ 𝜌 ⋅ 𝐴 ⋅ 𝑣3 ⋅ 𝐶𝑃 (5) 

here, 𝜌 is air density, 𝐴 is the swept area of blades, 𝑣 is wind speed, and 𝐶𝑃 is the turbine's efficiency. A 

detailed explanation is given in Table 1. Since power increases with the cube of wind speed (𝑣3), even 
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small wind speed changes significantly impact energy production. However, turbines operate efficiently 

only within specific wind speed ranges, balancing energy output and mechanical safety, with efficiency 

limited by Betz's law to about 59.3% [23-24].  

Table 1 Wind turbine output formula ingredients 

Variable Mathematical Relation Explanation 

Wind Speed 

(𝑣) 
𝑃 ∝ 𝑣3 

Wind power scales with the cube of wind speed 

because the kinetic energy flux increases sharply 

as velocity rises. 

Air Density 

(𝜌) 
𝑃 ∝ 𝜌  

Higher air density increases the mass flow 

through the rotor, boosting available kinetic 

energy and enhancing power generation. 

Swept Area 

(𝐴) 
𝑃 ∝ 𝐴 

A larger rotor area interacts with a greater volume 

of moving air, allowing the turbine to extract 

more energy from the wind. 

Wind 

Direction 
Logical relationship with 𝐶𝑝 

When the wind approaches the rotor at a favorable 

angle, the power coefficient improves; deviations 

from this angle reduce aerodynamic efficiency. 

Temperature 

(𝑇) 
𝑃 ∝

1

𝑇
 𝑣𝑖𝑎 𝜌  

Lower temperatures increase air density, which in 

turn increases power output. 

Cloud Cover 
Logical relationship with solar 

irradiation and wind speed 

Cloud cover can influence atmospheric stability 

and local wind behavior; in hybrid systems, it also 

affects the solar resource. 

Prectotland 
Potential relationship with 

wind conditions 

Heavy precipitation may disrupt wind patterns 

and turbine efficiency. 

When analyzing wind turbines, one of the first considerations is the range of wind speeds in which they 

can operate reliably. Turbines also respond differently to shifts in wind direction, since each machine is 

designed around a preferred inflow angle. Sudden changes in direction or persistent misalignment can 

reduce usable energy, and these effects often appear in long-term production records. The predictability 

of such a system, therefore, hinges not only on routinely measured variables but also on irregular or 

locally driven influences. Forecasting methods must account for these distortions, or suppress their 

effects when needed, particularly in landscapes where terrain or built structures deflect the flow [25].  

Temperature also affects the power equation, but it is not directly included in it. Its primary effect is to 

change air density, which decreases with increasing temperature. In principle, this relationship is 

straightforward, but in practice, humidity and pressure complicate matters. Cold, dense air helps the 

turbine generally extract more energy, while hot weather conditions reduce output. High temperatures 

also shorten component lifespans and can lead to more frequent maintenance. Other atmospheric 

variables also come into play. Cloud cover, atmospheric stability, and wind restrictions during weather 

fronts will also affect production. At times, the impact is slow and steady and difficult to discern. At 

other times, these effects occur abruptly, leading to a noticeable drop in output [26]. 

The pairplot provides a summary of the relationships among the variables in the dataset, including both 

empirical and theoretical power outputs. Several patterns stand out. In the bottom-right elements of the 

matrix, the strongest convergence is observed among Wind Speed, LV Active Power, and the theoretical 

power curve. Wind Speed exhibits an almost linear relationship with the theoretical curve and a capacity-

limited relationship with LV Active Power, which is typical for a turbine power curve. Correlation values 

of 0.93–0.97 further emphasize the importance of wind speed. 
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Figure 1 Plot set showing the relationships between variables in the dataset 

The diagonal histograms further confirm this view: Wind Speed is right-skewed, and LV Power is 

concentrated at low speeds and flattens out at rated production. Temperature and humidity have a more 

modest effect on power output. Air density is associated with power in the mid-range, with correlation 

coefficients ranging from 0.35 to 0.40, reflecting its physical role. Scatter plots show that denser air 

shifts the power curve upward. There is no correlation between cloud cover and rain, suggesting that 

these variables do not affect the results in this dataset. Solar irradiance shows essentially no correlation 

with wind-related variables, consistent with expectations given the independence of solar and wind 

resources at this site. Wind Direction is the weakest correlate overall and is believed to add little beyond 

what is already explained by wind speed. 

Overall, the matrix forms a coherent physical picture: wind speed governs production, air density 

modulates it slightly, and most other meteorological variables exert little direct influence. This structure 

ensures that the dataset behaves as expected and provides a solid basis for later modelling and variable 

selection. 
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Figure 2 Actual turbine active power plotted against wind speed, showing the characteristic power-

curve pattern 

Figure 2 offers a clear view of how wind speed relates to active power. At the low end of the scale, the 

turbine produces very little energy; the dense cloud of points below about 4 m/s reflects operation before 

the machine reaches its cut-in threshold. Once the wind climbs into the 5–9 m/s range, the picture 

changes quickly. Power output rises in a steep, well-defined band that mirrors the linear section of a 

typical turbine power curve, and the tight clustering in this region points to stable aerodynamic behavior. 

As wind speed approaches 10–12 m/s, the curve flattens. The turbine is near its rated capacity, and pitch 

control begins to limit the aerodynamic load, creating the horizontal plateau in the plot. The broader 

scatter within this zone is not unusual; turbulence, brief changes in inflow, or the timing of the control 

system can all cause small variations around the nominal output. Taken as a whole, the plot reproduces 

the familiar turbine power curve and provides an additional check on the dataset's coherence. 

Figure 3 shows a polar scatter plot of wind direction versus LV active power, allowing the variation in 

output to be seen around the full circle. The cluster of points between about 20° and 80° stands out right 

away. Winds from this northeast corridor are prevalent and productive, and the turbine typically 

produces more power in this sector. A broader spread of points in this area indicates that a small variation 

in wind speed or turbulence intensity will cause a different response of the turbine. Even if the direction 

of the incoming wind remains fairly steady, power generation can still rise and fall due to changing local 

flow conditions. This behaviour is typical of turbulent inflow and indicates that power fluctuations are 

not solely due to wind direction. From 200° to 260°, another pattern emerges. There are fewer points in 

this area, and they are mostly linked with the lowest power values. The southwest winds are less frequent 

and tend to provide less useful power. This can be due to lower average wind speeds or to wake effects 

produced by surrounding terrain or upwind obstacles. Around 180°, the long, narrow bands are 

associated with extremely long, weak wind sequences, with the turbine still running but far from its 

nominal output. The directional distribution, therefore, suggests that wind speed is not uniform in all 

directions. Power generation is concentrated in distinct angles, which makes the pattern slightly 

squashed or elliptical. This directional preference reveals interesting local wind features. It also indicates 

that possible gains in matching performance may be attained by evaluating yaw behaviour and tuning 

directional control. 
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Figure 3 Polar scatter plot showing the distribution of active power as a function of wind direction 

All data processing, analysis, and visualization steps in this study were performed using Python in an 

offline post-processing environment. Numerical operations and data handling were performed with 

standard scientific computing libraries, and all figures and plots were generated programmatically to 

ensure consistency and reproducibility. No real-time control or embedded implementation was used; the 

analysis was conducted entirely on archived SCADA and meteorological datasets. 

3. ANOMALY ANALYSIS 

In this study, the term "anomaly" is used in a descriptive and operational sense rather than as the outcome 

of a formal classification or detection algorithm. Deviations from the theoretical power curve are 

interpreted as relative performance deviations with respect to an idealized reference curve, rather than 

as absolute measures of site-specific turbine efficiency. Anomalies are therefore defined as sustained 

positive residuals between the manufacturer-provided theoretical power curve and the measured turbine 

output, indicating periods of relative underperformance under comparable wind conditions. No fixed 

statistical threshold or machine-learning-based classifier is imposed; instead, the residual time series is 

examined directly to characterize when and under which atmospheric conditions these deviations 

systematically occur. 

It is important to emphasize that the present analysis does not aim to classify operating points into 

discrete normal or anomalous states using predefined thresholds or statistical decision boundaries. The 

reported residual magnitudes are therefore not interpreted within a formal classification framework. 

Instead, they are treated as continuous indicators of deviation from the theoretical power curve, used to 

examine relative underperformance patterns and their cumulative impact on energy production. 

Accordingly, the terminology employed throughout the study reflects a descriptive deviation analysis 

rather than a threshold-based or data-driven anomaly detection scheme. 

Figure 4 plots the measured power output alongside the theoretical curve and shows where the turbine 

follows the expected response and where it begins to deviate. At low wind speeds below 4–5 m/s, 

agreement is generally good, as aerodynamic loading is weak and the turbine output remains close to 

the reference curve, with only small deviations. As wind speed moves into the mid-range, around 6–12 

m/s, the spread of measured points increases, and many values fall below the ideal curve. In this region, 
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the turbine becomes more sensitive to turbulence, small yaw misalignments, and changes in air density, 

which reduce efficiency and lead to noticeable underperformance. 

 

Figure 4 The theoretical and measured turbine power curves plotted against wind speed 

Closer to the rated region, approximately 11–14 m/s, the theoretical curve begins to level off, while the 

measured output does not follow this transition as smoothly. Periods of reduced power continue to occur, 

indicating intervals during which pitch or torque control does not fully maintain optimal energy capture. 

At higher wind speeds, approaching 20–25 m/s, the gap between theoretical and measured outputs 

narrows again as both converge toward rated power and are constrained by the turbine's protection 

mechanisms. Taken as a whole, the increasing divergence between the ideal and observed values in the 

mid-to-upper wind speed range reflects recurrent power-curve deviations. These deviations constitute 

the residual basis for subsequent analyses and help explain the cumulative energy losses discussed in 

later sections. 

 

Figure 5 Residual deviations between theoretical and actual power values as a function of wind speed 
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Figure 5 shows how residuals vary with wind speed and clearly identifies where the turbine deviates 

from the expected curve. At low speeds (<4 m/s), residuals remain close to zero, indicating that the 

measured output closely follows the theoretical estimate. As wind speed moves into the 6–12 m/s range, 

residuals increase and scatter. A dense band of positive values emerges, often linked to turbulence, higher 

aerodynamic loading, or minor yaw errors that reduce efficiency. The most pronounced deviations occur 

between about 8 and 14 m/s. Residuals in this band can reach 500–1500 kW, with some exceeding 2500 

kW. These large gaps indicate periods when the turbine underperforms its expected output. Pitch-control 

actions, density assumptions, or brief derating events may all play a role. Above about 14 m/s, residuals 

contract again. Both the theoretical and measured outputs level off at rated power, and the differences 

shrink toward zero. This pattern shows that most efficiency-related departures occur not at the extremes 

but in the partially loaded part of the curve, where aerodynamic and control factors interact most 

strongly. Overall, the wind-speed-based residual plot narrows the problem to the 6–14 m/s band, the 

zone where most energy losses accumulate and where power-curve anomalies are most frequently 

generated. 

 

Figure 6 Histogram of power-curve residuals illustrating the distribution of deviations 

Figure 6 shows a residual histogram with a clearly uneven shape. Most values cluster near zero, 

suggesting that many observations represent routine operation in which the measured output does not 

stray far from the theoretical curve. What stands out, though, is the long positive tail extending beyond 

500 kW. These larger residuals correspond to recurring underperformance events hinted at in earlier 

figures, often tied to aerodynamic limits or control responses that limit power capture. Negative residuals 

occur only occasionally and remain small. 

These events, in which the turbine produces slightly more than expected, usually stem from short-lived 

advantages such as favorable gusts, measurement noise, or transient turbulence that briefly enhance 

power capture. Their scarcity indicates that overperformance does not characterize the turbine's overall 

behavior. The resulting residual distribution is strongly right-skewed, with many values clustered near 

zero and a long tail toward higher positive deviations. This imbalance indicates a systematic tendency 

toward energy loss rather than random noise and supports the view that underperformance arises under 

specific wind and atmospheric conditions. The residual pattern, therefore, provides the statistical basis 

for subsequent loss quantification and deviation analyses. 

It should be acknowledged that the original SCADA measurements were recorded at a higher temporal 

resolution and subsequently aggregated to an hourly scale to align with the available meteorological 

data. This temporal averaging inevitably suppresses short-duration effects that are critical to wind 

turbine aerodynamics, such as turbulence intensity, rapid yaw misalignment, and transient control 

responses. As a result, the analysis cannot explicitly resolve instantaneous fluctuations that may 
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contribute to the pronounced residual scatter observed, particularly in the 6–12 m/s wind speed range. 

Consequently, the elevated residual variability within this band should be interpreted as the cumulative 

manifestation of unresolved short-term dynamics rather than as a direct representation of individual 

turbulence events. While higher-resolution SCADA data would be required to explicitly isolate such 

instantaneous effects, the adopted hourly aggregation remains appropriate for the primary objective of 

this study, namely the assessment of longer-term performance deviations and their integrated impact on 

annual energy loss. 

4. ENERGY LOSS QUANTIFICATION 

To illustrate the temporal evolution of losses, Figures 7 and 8 present a time-series comparison of 

theoretical and observed turbine power. In Figure 7, the entire operating record is shown, with the 

theoretical curve exhibiting the expected transitions between the partial-load and rated regimes. At the 

same time, the measured power displays strong short-term variations around these idealized points. 

Whenever the actual output is below the theoretical reference, the area is shaded.  

 

Figure 7 Comparison of theoretical and actual turbine power with highlighted regions of energy loss 

These regions represent an instantaneous power deficit. Figure 8 provides an enlarged partial view of 

Figure 7, highlighting the shaded deficit areas and their temporal arrangement. From the combined 

figures, it is evident that the overall energy loss is not due to isolated outlier events but rather to small, 

short-term deficits that accumulate repeatedly during normal operation. 

These decrement intervals recur throughout the operating record, indicating that the turbine experiences 

not a few isolated drops but a recurring pattern of underperformance. Output often alternates rapidly 

between nominal and lower values, and the shortfalls appear to be mainly associated with rapidly 

varying atmospheric conditions rather than persistent mechanical faults or systematic curtailment. When 

integrated over the entire day, such departures from the norm result in energy losses of approximately 

244,481 kWh. This loss is not caused by exceptional events but by a slow accumulation of numerous 

small discrepancies between the expected and measured power, which, taken individually, may seem 

insignificant but, when aggregated, form a significant annual loss. 

Note that certain processes mentioned in the explanation of these losses, including turbulence intensity, 

yaw misalignment, and fine control actions, were not measured directly in the dataset at hand. Therefore, 

these terms are used as physically plausible interpretations rather than definitive causal explanations. 

Consequently, the interpretation of the power loss regimes relies on SCADA and meteorological 

variables as measured. Still, it acknowledges that unmeasured effects have been inferred and may 

increase the magnitude and variability of the observed power deficits. 



G. Yüksek / BEU Fen Bilimleri Dergisi 15(1), 492-505, (2026) 

 

502 

 

Figure 8 Comparison of theoretical and actual turbine power with highlighted regions of energy loss, 

zoomed version 

The two-dimensional loss map in Figure 9 further illustrates how wind speed and air density jointly 

influence these deficits. The most prominent loss region appears where density values exceed about 

1.26–1.29 kg/m³ and wind speeds fall between 8 and 13 m/s. Under these conditions, the theoretical 

curve tends to overestimate power, while the real turbine experiences stronger aerodynamic loading and 

higher turbulence. This produces a cluster of large positive residuals, shown as yellow and green patches 

on the map. 

At lower densities, below roughly 1.22 kg/m³, losses remain small across nearly the entire wind-speed 

range. The reduced air-mass kinetic energy and the closer match between measured and predicted output 

keep deviations limited. A similar effect occurs at higher wind speeds, above about 15 m/s, where both 

theoretical and actual outputs flatten near the rated limit; when the turbine is in saturation, aerodynamic 

and control constraints override most meteorological influences. 

 

Figure 9 Mean power loss distribution across wind speed and air density conditions 

The concentration of losses in the moderate-wind, high-density band underscores the value of 

incorporating real-time density adjustments into performance evaluation. It also confirms that power-
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curve departures are not random but arise under distinct atmospheric conditions. Monitoring strategies 

that account for these conditions can therefore improve underperformance detection and sharpen future 

energy-yield estimates. 

Figure 10 shows how losses vary with temperature and solar irradiance; unlike patterns tied to wind 

speed or air density, there is no strong structure here. Across nearly the entire range of temperatures and 

irradiance levels, the deficits remain modest. A few scattered pockets of higher loss appear at colder 

conditions, roughly between 0 and 5 °C, combined with moderate irradiance, but these clusters do not 

form a consistent band or trend. They most likely reflect indirect atmospheric influences, density shifts, 

or brief turbulence episodes, rather than any direct effect of temperature or sunlight on turbine behavior. 

 

Figure 10 Mean power loss distribution as a function of air temperature and solar irradiance 

The lack of a clear high-loss region suggests that temperature and irradiance play only a supporting role 

in shaping performance. Air density already captures most of the atmosphere's thermal state, and 

irradiance has no aerodynamic impact on a wind turbine, so their influence is naturally limited. This 

supports the earlier result that the main drivers of power-curve departures are wind-related variables, 

especially wind speed and density. At the same time, thermal and radiative factors contribute only in a 

secondary way. 

Taken together, the map aligns with fundamental aerodynamic intuition: turbine output is primarily 

governed by the kinetic energy of the wind, and other meteorological variables can modify performance 

only indirectly and to a far lesser extent. Non-wind variables show no strong causal pattern in explaining 

losses, further confirming that wind-driven mechanisms dominate the deficit dynamics. 

This study uses a case-study approach based on measurements from a single wind turbine over a single 

annual period. Although the dataset is limited to one turbine, it provides a consistent and realistic basis 

for examining the relationship between atmospheric conditions and power-curve deviations. The 

objective of this work is to demonstrate the applicability of the proposed residual-based performance-

deviation analysis framework under real operating conditions, and to show that it can be readily extended 

to other turbines and sites in future studies. 

5. CONCLUSION 

The study's results highlight a familiar but often overlooked reality: a wind turbine's behavior is shaped 

above all by the atmosphere surrounding it. Among the variables examined, wind speed and air density 

repeatedly emerge as the dominant factors determining whether the turbine follows its theoretical power 

curve. Instead of focusing solely on the manufacturer's curve, the analysis compares it directly with the 

turbine's measured output and identifies gaps between the two. What becomes visible is a consistent 
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cluster of underperformance in the partially loaded region, the zone where the turbine is not idling but 

has not yet reached the rating plateau. In addition to reporting annual losses, the study expresses these 

losses in a joint wind–density condition space, allowing the identification of focal areas of 

underperformance under typical atmospheric variability. 

Residual maps, time-series traces, and loss plots indicate consistent performance. As wind speed 

approaches the medium range and air density increases, the theoretical power curve begins to 

overestimate extractable energy. In this case, the turbine experiences higher aerodynamic loading, 

increased turbulence, and sporadic yaw misalignment, all of which reduce the power output. Other 

environmental factors, such as temperature, cloud cover, irradiance, and rainfall, have more indirect 

effects. Their influences are noticeable but insufficient to alter the overall performance trend to the same 

extent as wind speed and air density. 

When aggregated over the year, these relatively small fluctuations add up to a large energy loss of around 

244,481 kWh. This loss is not the result of a handful of extreme events but rather of many small 

excursions during normal operation. This underscores the need to consider meteorological conditions in 

performance evaluations. Looking at the turbine in isolation from the surrounding atmospheric state 

masks important signals. An analysis method that accommodates atmospheric fluctuations makes off-

nominal conditions detectable earlier and provides a firmer foundation for maintenance scheduling, 

power-curve surveillance, and operational decision-making. 
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