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While the large-scale deployment of photovoltaics (PV) for generating electricity

plays an important role to mitigate global warming, the variability of PV output

power poses challenges in grid management. Typically, the PV output power is

dependent on various meteorological variables at the PV site. In this paper, we

present a systematic approach to perform an analysis on different meteorolog-

ical variables, namely temperature, dew point temperature, relative humidity,

visibility, air pressure, wind speed, cloud cover, wind bearing and precipitation,

and assess their impact on PV output power estimation. The study uses three

years of input meteorological data and PV output power data from multiple

prosumers in two case studies, one in the U.S. and one in the Netherlands.

The analysis covers the correlation and interdependence among the meteoro-

logical variables. Then, by using machine learning-based regression methods,

we identify the primary meteorological variables for PV output power estima-

tion. Finally, the paper concludes that the impact of using a lower-dimensional

subspace of meteorological variables per location, as input for the regression

methods, results in a similar estimation accuracy in the two case studies.
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1. Introduction12

Due to the global concerns about climate change, renewable energy tech-13

nologies are entering the energy production landscape rapidly. In recent years,14

there has been a sharp increase in the deployment of photovoltaic (PV) sys-15

tems as a source of power generation in both standalone and grid-connected16

residential and large-scale systems [1]. It is expected that the cumulative in-17

stalled capacity of PV could reach 22% of global electricity generation in 205018

[2]. This level of PV will support the transition into a more sustainable energy19

system and deliver substantial benefits in terms of security of energy supply and20

socio-economic development [3].21

The output power of PV systems depends mostly on the global irradiance22

arriving on the plane of the PV array (POA). The variability associated to23

the PV output power is caused by fluctuations in POA irradiation and can be24

divided into a deterministic and a stochastic component. The deterministic25

part is explained by the movement between the Sun and Earth, and follows a26

diurnal cycle. More significant and unexpected fluctuations in PV output power27

are caused by the stochastic behavior of the atmosphere. This uncertainty is28

due to multiple meteorological variables, such as temperature, humidity level,29

visibility, air pressure, wind speed and cloud cover [4, 5].30

The variable output power results in voltage and frequency fluctuations,31

which poses challenges on grid operation especially at high PV penetration32

rates. In order to cope with the power variability and maintain reliable grid33

operation, large amounts of costly storage facilities, balancing energy and/or34

frequency reserves are required [6, 7]. Accurate PV output power forecasts have35

the potential to lower reserve capacity and maintain reliable grid operation as36

power production and consumption can be scheduled accordingly. This can37

potentially decrease the integration costs associated with high PV penetration.38

As a result, the field of PV output power estimation and forecasting has received39

increasing attention among researchers over the past decade. Moreover, thanks40

to the availability of reliable, high resolution and real-time measurement and41
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processing units, significant improvements have been made in the field of solar 42

power estimation and forecasting [4, 5, 8, 9]. 43

PV output power is either estimated directly or indirectly. Indirect tech- 44

niques measure or predict the global horizontal irradiation (GHI) and then cal- 45

culate the PV output power by means of a physical conversion model. Direct 46

methods estimate or forecast the PV output power directly from meteorologi- 47

cal variables and/or historical PV power measurements. Different methods of 48

PV power forecasting can be generally divided into four classes, i.e. machine 49

learning (ML), cloud imagery, physical and hybrid methods [4, 5, 10]. ML- 50

based methods cover both statistical and computational intelligence methods. 51

Cloud imagery methods consider either satellite images or all-sky imaging that 52

in principal estimate GHI by determining cloud cover indices and cloud motion 53

vectors. Physical methods include numerical weather prediction (NWP) models 54

that predict irradiation by describing the development of the atmospheric state 55

in time. Finally, hybrid models try to capture the strengths of different methods 56

by combining two or more models [11, 10]. The choice for forecasting methods 57

highly depends on the desired forecasting horizon and spatial resolution. 58

Forecasting methods integrate various meteorological variables as exogenous 59

input in order to achieve more accurate forecasts since these variables are consid- 60

ered as a source of uncertainty in PV output power [4, 5, 12]. PV output power 61

forecasting using exogenous data has been addressed using different methods 62

of forecast in [8, 13, 14]. The work in [13] uses a forecasting model based on 63

satellite images and a support vector machines (SVM) learning scheme. A PV 64

output power forecasting in a network of neighboring PV systems is proposed 65

in [8]. The work is based on the cross-correlation time lag between clear-sky 66

index of those PV systems that are influenced by the same cloud. In [15], an 67

ANN forecasting method is proposed based on weather classifications consider- 68

ing the meteorological variables relative humidity, wind speed and air temper- 69

ature in addition to solar irradiation. Another ML-based PV power forecasting 70

approach [16] takes the meteorological variables temperature, cloud cover, wind 71

speed, wind direction, relative humidity, air pressure and visibility into consid- 72
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eration. The work in [17] present a forecasting approach that is merely based73

on cloud cover data and PV power measurements. In [5, 9, 18], various other74

recently proposed exogenous forecasting methods can be found that consider75

one or several meteorological variables as input data. A particular exogenous76

model is presented in [19]. The proposed method trains a submodel for different77

types of daily weather classifications, i.e. a sunny day. Next, depending on the78

forecasted weather classification a certain submodel is called.79

Despite their relevance, most of the exogenous forecasting methods of PV80

output power consider only few and different meteorological variables as data81

input. Besides, these studies focus mainly on the forecasting models and their82

final performance. Subsequently, in literature less attention is paid to the in-83

terdependence between different meteorological variables and their individual84

importance in the results of different methods of estimation and forecasting.85

An analysis of multiple meteorological variables was proposed in [20], but for86

the purpose of rainfall detection.87

This paper aims to contribute to this research area and presents a system-88

atic analysis of different meteorological variables that affect PV output power89

estimation. Based on two sets of 3 year-long data holding several meteorologi-90

cal values and PV output power measurements, we point out the variables that91

are most significant to consider when estimating the PV output power (i.e., re-92

sulting in a lower-dimensional subspace of input meteorological variables). The93

PV output power estimation performance is then evaluated using different well-94

established ML-based regression methods and considering different sets of input95

variables. To increase the reliability of the results and capture potential devia-96

tions, the analysis and assessment of the estimation performance are performed97

using data sets in two regions with different climates, namely Austin, Texas,98

the U.S. and Utrecht, the Netherlands. These data sets are used to analyze99

the interdependence of different meteorological variables, the importance of the100

variables when estimating the PV output power, and the impact of the climate101

on the results.102

Our study provides new insights on the interdependence and importance of a103
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wide set of meteorological variables for PV output power estimation, and present 104

a comprehensive comparison between various ML-based regression methods in 105

terms of estimation errors. The methodology presented provide guidance in 106

selecting the most important weather variables for estimating or forecasting PV 107

output power at any location. In addition, the analysis gives explanations on 108

why the estimation performance of some models deviate in different regions even 109

when using the same input meteorological variables. 110

The structure of the paper is organized as follows 2. Section 2 provides a 111

description of the system and input data used in this study and shows how the 112

relation between meteorological variables deviate per climate. The ML-based 113

regression and variables importance methods are described in Section 3. In 114

Section 4, we evaluate the estimation performance and analyze the impact of 115

different meteorological variables on PV output power estimation. Finally, we 116

conclude the paper and provide pointers for future work in Section 5. 117

2. System and data description 118

2.1. Input data sets 119

This study considers two case studies, namely Austin, Texas, the U.S and 120

Utrecht, the Netherlands. For each location an input data set of meteorologi- 121

cal variables (i.e., 3 year-long) is collected from nearby weather stations. Both 122

data sets comprise a wide set of meteorological variables, namely ambient tem- 123

perature (T), dew point temperature (DP), humidity level (RH), visibility (V), 124

air pressure (P), wind speed (WS), cloud cover (CC), wind bearing (WB) and 125

precipitation (R). Most of these meteorological variables are self-explanatory. 126

Amongst them, WB is the direction of the flow of winds, measured in degrees. 127

The cloud cover records in the two case studies are provided in oktas. Despite 128

the fact that solar irradiance has a high correlation with the PV output power, 129

this variable is not considered as an input in the analysis because our aim is 130

2The source code of all simulations in this paper will be provided as supporting information.
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to assess how other variables, with less obvious relationship, affect PV output131

power estimation. Moreover, this variable is available only for the Utrecht case132

study and not for Austin. Because of the strong relation between the diurnal133

solar cycle and the PV output power and the deterministic nature of this vari-134

able [5], the hour of the day (HoD) is considered as an additional input variable.135

Since the HoD has a cyclic nature, this variable consists of a x and y component136

that reflect the sine and cosine components of the HoD:137

HoDx = cos
2π ∗HoD

24
, (1)

HoDy = sin
2π ∗HoD

24
. (2)

Another two data sets consisting of PV output power measurements (i.e.,138

3 year-long) are collected from multiple sites (i.e., households) in Austin and139

Utrecht. We performed an extensive quality assessment regarding the complete-140

ness of the data sets of each PV system. Further, any output power measure-141

ment at certain timestamps that was determined to be impossible has been142

removed (e.g., an hourly average production above the installed capacity or a143

negative production value during times of daylight). Next, more elaboration on144

the considered case studies is provided in Section 2.2.145

2.2. Case studies146

The data used in the first case study is collected from the Pecan Street147

Dataport [21], as part of the Pecan Street Demonstration, a smart grid research148

project located in Austin, Texas, US. [22, 23]. From the Dataport, we use 3149

years of PV output power data from January 2014 until December 2016 of 24150

households with rooftop PV systems (i.e., prosumers). This data is available in151

the Pecan Street Dataport in an hourly resolution. The installed capacity of152

these PV systems vary between 2.9 and 8.8 kWp and all PV panels are orientated153

to the south. We use the meteorological variables data (i.e., available in the154

same Dataport) for the same location and with the same data resolution as the155
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PV data. The households are located in Austin, Texas, US, with coordinates 156

30.2672◦ N, 97.7431◦ W. According to the Köppen-Geiger climate classification, 157

Austin has a humid-subtropical climate (i.e., Cfa) [24]. 158

In the second case study, 3 years of hourly meteorological variables data from 159

February 2014 until January 2017 are used to generate the results. The data 160

are measured by a weather station at De Bilt, Utrecht, the Netherlands with 161

coordinates 52.0907◦ N, 5.1214◦ E. This weather station belongs to the Royal 162

Netherlands Meteorological Institute (KNMI) and the data is made available 163

online via their website [25]. Measurements of rooftop PV output power of 10 164

households located near the weather station are used. These measurements are 165

available in 1-minute resolution and averaged for every hour of the assessment 166

period in order to provide a fair comparison with the other case study. The size 167

and orientation of these PV systems respectively ranges from 0.5 to 3.0 kWp 168

and 175 to 185 degrees (i.e., south orientated). For more information about the 169

rooftop PV systems, please refer to [8, 12]. Other than Austin, the climate in 170

Utrecht is classified as Oceanic (i.e., Cfb) [24]. 171

In both case studies the PV output power is measured directly, meaning that 172

it represents the PV modules’ generation. Those data sets are used as input to 173

the regression methods in order to determine the most important meteorological 174

variables. Moreover, nocturnal timestamps have been removed from all data 175

sets (i.e., when PV output power is 0), such that these night-time values are not 176

considered in training nor evaluation. In both case studies, the first two years 177

of data are used for training, the third year is used to test and compare the 178

performance of the methods. Since the size of the PV systems vary per site, the 179

output power of each system is normalized according to the installed capacity 180

before the regression methods are trained. Consequently, all values and errors 181

are independent of the system size and can be compared directly. 182

In order to show how the relation between meteorological variables deviate 183

per climate, in the next sections we assess their interdependence and perform a 184

principle component analysis (PCA). 185
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2.3. Interdependence of meteorological variables186

This section analyses the interdependence of n = 9 meteorological variables187

in each site, using the 3 years of meteorological data described in Section 2.1,188

and highlights how this is different in the two case studies. We consider different189

vectors of meteorological variables which are indicated by v1,v2, . . . ,vn, where190

n is the number of considered meteorological variables. Each vector is of length191

m which indicates the weather recordings for all timestamps in the assessment192

period. If we stack all the column vectors, we get the variable matrix X, of193

dimension m× n, as:194

X = [v1,v2, . . . ,vn]. (3)

The cross-correlation value among the various meteorological variables is195

computed by calculating the correlation coefficients of the variable matrix X.196

The correlation coefficient between a pair of meteorological variables vectors197

indicates the degree of correlation between them (i.e., a measure of their linear198

dependence) [26].199

The resulted interdependence of the considered meteorological variables in200

the 3 year period is illustrated in Fig. 1. The off-diagonal elements show the201

degree of dependency for each pair of variables. It can be observed from the202

figure that in the two considered case studies, the temperature (T) has a strong203

positive correlation with the dew point temperature (DP) indicating that when204

T increases, the DP also increases (i.e., the correlation of T (x-axis in Fig. 1)205

with DP (y-axis) is 0.81 in Austin and 0.87 in Utrecht). The visibility (V) has206

a strong negative correlation with the relative humidity (RH) (i.e., −0.48 in207

Austin and −0.67 in Utrecht) indicating that when the horizontal view during208

observation is high, the RH is low, and vice versa. Furthermore, V is positively209

correlated with T (e.g., during sunny days in spring and summer seasons) and210

somehow with wind speed (WS) (i.e., when WS is high, V is usually high).211

However, Fig. 1 (a) and (b) show that this positive correlation is significantly212

higher for Utrecht than Austin (e.g., correlation of T with V is 0.21 in Austin213
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Figure 1: Interdependence of the various meteorological variables amongst each other. Tem-

perature (T), dew point temperature (DP), humidity level (RH), visibility (V), air pressure

(P), wind speed (WS), cloud cover (CC), wind bear ing (WB) and precipitation (R) (best

viewed in color).

and 0.41 in Utrecht). Similarly, cloud cover (CC) has a positive correlation with 214

RH (i.e., indicating that in an overcast condition, the RH has a high value). This 215

correlation is higher, however, in Austin (0.5) than in Utrecht (0.21). In the 216

Netherlands, it is likely that the humidity is high when it is cloudy but this can 217
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also happen during less cloudy days due to the relative large inland water surface218

area (i.e., a fifth of the total surface area consists of water in the Netherlands).219

Moreover, the RH is found to be more stable in Utrecht throughout the year220

including the summer when compared to Austin. In addition, RH is in both221

locations negatively correlated with temperature (i.e., as T increases, RH drops).222

Besides the overlapping correlation of several meteorological variables in223

both locations, some (anti-) correlations are only found at a single location.224

In Austin, V and CC are negatively correlated. In addition, both T and DP225

are strongly negatively correlated with air pressure (P). This makes sense be-226

cause pressure decreases with an increasing temperature, especially in a humid-227

subtropical climate as found in Austin. In Utrecht, wind speed is negatively228

correlated with both P and RH (i.e., when WS is high P and RH are usually229

low, note that P and RH are not correlated). Understanding these (anti-) cor-230

relations and dependencies help in explaining the performance dependency of231

the regression models on the input meteorological variables considered. More-232

over, it provides guidance in selecting and ranking the meteorological variables233

for classification and regression tasks in the field of solar energy analytics and234

forecasting.235

2.4. Principal component analysis (PCA)236

In this work, the PCA method is used to further analyze and better under-237

stand the interdependence between the considered n meteorological variables in238

each case study. In general, PCA is an unsupervised linear transformation tech-239

nique that is prominently used for feature extraction and dimension reduction240

[27]. Using PCA, it is possible to transform the input meteorological variables241

data onto a new feature space that maintains the most relevant information.242

This can be done by finding the directions of maximum variance in the input243

data sets and project it onto a new subspace with equal or fewer dimensions244

than the original one.245

To find the principal components, first the variable matrix X is standard-246

ized across each of the meteorological variables, with respect to the mean and247
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Figure 2: Distribution of the captured variance across the several principal components.

standard deviation of each vector. Then the covariance matrix of the stan- 248

dardize variable matrix is constructed, which stores the pairwise covariances 249

between the different meteorological variables. A positive covariance between 250

two variables indicates that the variables increase or decrease together, whereas 251

a negative value indicates that the features vary in opposite directions. After 252

that, an eigenvectors and eigenvalues decomposition of the covariance matrix is 253
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performed and the resulted eigenvectors define the new orthogonal components,254

also called "the principal components", whereas the corresponding eigenvalues255

will define their magnitude. After sorting the eigenvalues by decreasing order256

and ranking the corresponding eigenvectors, the first principal component will257

have the largest possible variance (i.e., information), followed by the second258

principal component with second largest variance and so on. It is worth not-259

ing that the resulting principal components are mutually uncorrelated to each260

other even if the input variables are correlated due to the orthogonality of the261

decomposed eigenvectors [27].262

Fig. 2 illustrates the percentage of variance captured by each of the resulting263

principal components using the n = 9 input meteorological variables we consider264

in this study. The plots indicates that in both locations the first principal265

component alone accounts for approximately 27% of the variance in the input266

dataset. This indicates that there is a high degree of correlation amongst the267

input variables. Moreover, it can be observed from Fig. 2, that cumulatively,268

around 86.3% and 80% of the variance in the data sets is captured by the first269

5 principal components in Austin and in Utrecht, respectively. This means that270

the PCA enables to reduce the amount of input variables. However, the whole271

set of input variables is needed to calculate the principal components in the first272

place.273

The biplot representation of the input meteorological variables is depicted in274

Fig. 3. The figure illustrates the importance in terms of the contribution of the275

input variables into the first two primary principal components and confirms276

the correlation results in Fig. 1. It can be noticed that the data is more spread277

along the x-axis (i.e., principal component 1) than the y-axis (i.e., principal278

component 2), which is consistent with the results of Fig. 2 and the percentage of279

variance captured by each of the principal components (i.e., highest for principal280

component 1 in both case studies).281

The biplots also show that the meteorological variables are captured differ-282

ently in the principal components that are generated in both case studies as a283

result of the local climates. For instance, DP has a high contribution to prin-284
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Figure 3: Biplot representation of the meteorological variables in the first two principal com-

ponents.

cipal component 1 and 2 in Utrecht, whereas this is only limited to principal 285

component 1 in Austin. In Utrecht CC and R are only captured in principal 286

component 2 while these variables contribute to both principal components in 287

Austin. 288

Additionally, the biplots confirm the results we found in Fig. 1. Moreover, 289

Fig. 3 shows that T and DP are positively correlated with each other, whereas 290
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P and DP are highly correlated with a negative value. RH is at both locations291

strongly negatively correlated with V. In addition, RH and CC are strongly292

positively correlated with each other in case of Utrecht and significantly less293

correlated in Austin.294

3. Methods295

3.1. Regression methods296

In this section, several ML-based regression methods are presented. These297

methods will be used to estimate the PV output power p using the considered298

meteorological variables (see Section 2). There are n meteorological variables299

considered as input to the estimation methods. The response vector p and300

each vector of the meteorological variables are of the dimension m × 1, where301

m indicates the number of observations in the considered assessment period.302

Without the loss of generality, unless otherwise stated, we will drop the index303

m from the subsequent discussion.304

3.1.1. Multivariate linear regression (MLR)305

Multivariate linear regression is one of the fundamental and most widely306

used regression methods. The MLR model estimates the PV output power,307

pmlr, as:308

pMLR = β0 + β1v1 + β2v2 + . . .+ . . .+ βnvn, (4)

where the βs are the regression co-efficients.309

3.1.2. LASSO regression (LR)310

Least absolute shrinkage and selection operator (LASSO) is one of the com-311

mon methods to regress the PV output power. It estimates the PV output312

power by penalizing the regression coefficients (i.e., βs). Such penalty is use-313

ful to shrink the input variables that are not very important in estimating the314

output variable. If the applied penalty is too large, the estimation is shrunk315
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to zero. In this sense, LASSO is considered as a continuous feature selection 316

method [28]. This is useful in case some of the input meteorological variables 317

are correlated to each other. The regressed PV output power using LASSO is 318

calculated by solving the following optimization problem: 319

minimize (p− vβ)ᵀ(p− vβ), s.t.

n∑
1

|β| ≤ h, (5)

where operator .ᵀ denotes the vector transpose, v is the training data of all 320

meteorological variables and h is a user-defined threshold. 321

3.1.3. SVM regression 322

SVM regression, also known as SVR [29], has been shown to obtain a good 323

performance in the area of PV output power forecasting and estimation since 324

it keeps low complexity and a good fitting of data [30, 31]. In this study, we 325

use the non-parametric SVM regression to estimate the PV output power. The 326

linear SVM (L-SVM) regression method attempts to estimate the PV output 327

power using the following optimization problem: 328

minimize
1

2
||w||2, s.t. p− (〈w,v〉+ b) ≤ ε, (6)

where w is the weight, and the estimated PV power is 〈w,v〉+b. The parameter 329

ε serves as a threshold. 330

The kernel, or non-linear, SVM (K-SVM) regression has the same formula- 331

tion, with the dot product 〈w,v〉 replaced by a kernel function. 332

3.1.4. Random forests (RF) 333

Random forests is an ensemble-based regression method that consists of an 334

ensemble of decision/regression trees, whose results show the mean prediction 335

of individual trees. In RF a number of decision trees is generated with a set of 336

n layers for each tree. At each layer in every tree, there are 2n decision nodes 337

with n = 0 at the first layer. Every decision node has its own characteristic 338

variable conditions and based on these conditions, the node will pass a true or 339

false to the node in the next layer (n + 1). In the last layer (i.e., leaf layer), 340
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this will result in an estimation of the target value based on the average of all341

samples reaching that node. Every tree in the random forest is trained using a342

random subset of the training data. The same training data can be selected by343

different trees in the forest [32].344

Random forests has recently been considered as a promising method in the345

area of PV output power forecast [16, 9]. We use random forests in our work to346

fit the response vector p using the training input variables vectors v, and train347

100 regression trees using the least squares boosting (LSBoost) algorithm [32].348

The ensemble attempts to fit a new learner, at every iteration, by computing349

the difference between observed response value, and the accumulated prediction350

of all learners developed previously.351

3.2. Variables importance352

This section provides a method to analyze the importance of each vector of353

input meteorological variables when estimating the PV output power. To do354

that, a regression ensemble model is trained using the response vector p, and355

the predictor variables vectors v1, v1, . . ., v9 in X. The MATLAB function356

predictorImportance is then used to estimate the importance of each of these357

predictor vectors in regressing the PV output power p. It estimates the impor-358

tance of a predictor variable vector for the regression ensemble by accumulating359

the estimates over all the weak learners in the ensemble. The output of the360

function has one element for each input predictor in the data used to train the361

ensemble – a higher value for this element indicates that the particular variable362

has more importance in regressing the PV output power.363

4. Results and discussions364

4.1. Importance of meteorological variables365

The same 9 meteorological variables are used to perform the importance366

analysis for the case studies in Austin and Utrecht over a period of 3 years. The367

least squares boosting (LSBoost) algorithm is used as a regression ensemble368
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Figure 4: Importance of the meteorological variables in estimating the PV output power.

model for the predictorImportance MATLAB function. Fig. 4 shows the 369

importance of all input predictor variables vi in PV output power estimation. 370

The figures show some distinctive differences between the studied locations. In 371

general, in Austin more variables are found to be of importance in estimating 372

the PV output power compared to Utrecht. In addition, the order of the most 373

important variables does not overlap for both locations (e.g., T and RH are 374
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found to be the most important variable for Austin and Utrecht, respectively).375

Subsequently, DP is found to be the fifth important variable in Utrecht, whereas376

it is the third in Austin. The limited importance of DP in Utrecht could be377

explained by the strong correlation observed between DP with T (see Fig. 1).378

Similarly, RH is found to have a strong negative correlation with T in Utrecht,379

which may explain the lower importance of T in that location. However, also380

some similarities can be observed. In both locations, although in a different381

order, RH, T and V belong to the most important variables. CC scores the382

fourth variable for estimating PV output power in both case studies. However,383

CC is almost not important for Utrecht and shows a different behavior in Austin.384

This could be related to the cloudiness measurements available in oktas which385

could be a better proxy for estimating PV output power in Austin than in386

Utrecht.387

It is important to note that Fig. 4 explains which predictors are the best388

indicators for estimating PV output power rather than what variables affect389

the PV output power generation. For instance, CC could affect PV generation390

more than T, however, T proofs to be more correlated or more important for391

estimating PV output power. The figure also shows that the importance and392

ranking of the variables depend on the climate of the considered area of study.393

4.2. Estimation performance evaluation394

In this section, we evaluate the different benchmarking ML-based regression395

methods mentioned in Section 3. In addition, we compare the performance396

of each method when using the original dimension of meteorological variables397

(i.e., n = 9) with the performance when using a lower-dimensional subspace of398

meteorological variable. The input of the models consists of 3 years data of me-399

teorological variables and PV output power of multiple PV systems in Utrecht400

and Austin (see Section 2). The meteorological variables considered in the re-401

duced subspace are the n = 4 variables that are found to be most important402

in describing the PV output power, which are in order T, RH, DP and CC for403

Austin, and RH, V, T and CC for Utrecht (see Section 4.1). In addition, since404
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Fig. 4 shows a different magnitude in the importance of the meteorological vari- 405

ables between the two case studies, additional experiments for regressing the 406

PV output power are carried out when considering only the top n = 3 vari- 407

ables. The performance evaluation and comparison of the regression methods 408

are achieved using different performance metrics, namely mean absolute error 409

(MAE), root mean squared error (RMSE), mean squared log error (MSLE) and 410

mean bias error (MBE). These performance metrics are respectively defined as 411

follows: 412

MAE(p, p̂) =
1

msamples

msamples−1∑
t=0

|pt − p̂t|, (7)

RMSE(p, p̂) =

√√√√ 1

msamples

msamples−1∑
t=0

(pt − p̂t)2, (8)

MSLE(p, p̂) =
1

msamples

msamples−1∑
t=0

(loge(1 + pt)− loge(1 + p̂t))
2, (9)

MBE(p, p̂) =
1

msamples

msamples−1∑
t=0

(pt − p̂t). (10)

As described in Section 4.1, the first two years of data describing the me- 413

teorological variables and the PV output power of each PV system are used as 414

a training set for all the regression methods. The regression coefficients of all 415

methods are learned from the output power of each PV system individually. 416

The trained models are then used for estimating the PV output power for the 417

third year of the initial data sets. The results are then evaluated by the error 418

metrics presented above. 419

Fig. 5 shows scatter plots holding the measured p and estimated p̂ PV 420

output power values for an arbitrary PV system in the two case studies and 421

using the five different regression methods described in Section 3. The whole 422

set of predictor variables (i.e., n = 9) are used to estimate the PV output power. 423

These scatter plots show how the estimation by each method is distributed along 424

the PV output power measurement. From the figure it can be observed that 425
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Figure 5: Scatter plots between the measured (p) and estimated (p̂) PV output power values

(for n = 9) for an arbitrary PV system in Austin (a) and Utrecht (b). The regression methods

are: multivariate linear regression (MLR), random forests (RF), LASSO regression (LR),

linear support vector machine (L-SVM) and kernel support vector machine (K-SVM).

the linear regression methods are slightly skewed in a way that low PV output426

power values are often overestimated and higher PV output power values are427

repeatedly underestimated. The nonlinear K-SVM and RF methods appear to428

be slightly less vulnerable to this.429

Fig. 6 presents the summarized results of the different regression methods430

for all PV systems in both case studies. Consequently, the box plots holds the431

error value of each PV system considered in the case study of interest. Similarly,432

the n = 9 meteorological variables are used to estimate the PV output power433

in this experiment. From Fig. 6 a general trend can be observed regarding the434

performance of the different estimation methods. Firstly, in both case studies435

the K-SVM regression method shows a better estimation performance in terms436

of the MAE, RMSE and MSLE. This means that K-SVM outperforms the other437

methods in capturing the nonlinear relationship between the input meteorolog-438

ical variables and the response PV output power. Secondly, the MLR, LR and439

L-SVM regression methods are found to achieve very similar results at each440

location. Moreover, these comparable results are likely the outcome of the fact441

that all those three methods describe a linear relationship between the predictor442

and response variables. Finally, the RF method is the second best performing443
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Figure 6: Performance evaluation of the benchmarking regression methods on 24 distinct

households in Austin and 10 in Utrecht when considering all meteorological variables (n = 9).

All experiments are performed individually for all households. In each box plot, the top and

bottom blue edges indicate the 75th and 25th percentiles, respectively. The central red mark

represents the median and the outliers are indicated by the red ’+’ symbols.

method in the case of Utrecht. This can be explained as the RF method is 444

capable to some extent of capturing the nonlinear relationship between the in- 445
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put and output variables. In terms of the MAE, this also holds for Austin.446

However, it is remarkable that when we consider the RMSE, we find that all447

methods outperform RF in the case of Austin. A lower observed MAE and a448

higher RMSE implies that RF performs better in general, but at the same time449

is coupled with more extreme outliers. Consequently, the PV output power es-450

timate by the RF method proves to be more often significantly wrong. This can451

also be observed in Fig. 5, where the scatter plot of RF in Austin is more cloudy.452

The box plots in Fig. 6 also present the MBE observed per method. A positive453

bias is observed for all methods in both Austin and Utrecht, which implies that454

all models underestimate the PV output power. This underestimation is more455

significant for Utrecht than Austin. In the latter, a number of methods also456

overestimate the total output power of a few PV systems which are indicated457

as the 25th percentile and/or some outliers.458

4.3. Reduced subspace estimation performance evaluation459

The estimation performance of the different regression methods when reduc-460

ing the space of input meteorological variables is presented in Table. 1. The461

table shows the average increase/decrease in estimation error of the different462

performance metrics when a lower-dimension subspace (i.e., n = 4 and n = 3)463

of predictor variables is used compared to the full space (i.e., n = 9). In the464

table, a negative sign (-) indicates a performance improvement.465

From the table it can be concluded that the two case studies, Austin and466

Utrecht, are very differently affected by reducing the space of input meteoro-467

logical variables for the regression methods. This impact is more significant468

in Austin than Utrecht. The results in the table for Austin indicate that the469

regression methods MLR, RF and L-SVM perform slightly better when n = 4470

meteorological variables are considered instead of n = 9. This increased uncer-471

tainty in the PV output power estimation when considering a larger number of472

input variables can be caused by two main reasons. First, as Fig. 4 indicates,473

the importance of many of the input variables is limited, such that the predic-474

tors hold limited information for estimating the PV output power. Therefore,475
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Methods MAE RMSE MSLE

Top 4 variables Top 3 variables Top 4 variables Top 3 variables Top 4 variables Top 3 variables
A

u
st

in
si

te
s

MLR -0,2% 5,3% -0,3% 8,4% -1,0% 12,2%

RF -3,2% 2,5% -1,7% 6,3% -3,6% 10,8%

LR 1,2% 6,4% 0,7% 8,4% 0,4% 12,6%

L-SVM -0,1% 5,7% -0,3% 9,2% -1,3% 13,6%

K-SVM -1,4% 8,3% 1,6% 16,1% 3,1% 34,0%

U
tr

ec
ht

si
te

s

MLR 0.4% 1,0 % 0,4% 1,3% 0,5% -1,0%

RF -4,7% 1,5% -1,9% 2,9% -6,5% 3,6%

LR 0,1% 1,0% 0,2% 1,1% -0,4% -0,6%

L-SVM 0,6% 1,5% 0,4% 1,6% 1,1% 0,6%

K-SVM 0,4% 6,2% 1,7% 6,9% 3,1% 16,0%

Table 1: Average increase/decrease in estimation error of the different performance metrics

for the different regression methods when using the reduced space (i.e., top 4 and 3 variables)

compared to the full space (i.e., 9 variables). The most important meteorological variables

were found to be: RH, T and V and WB for Austin, and RH, V, T and CC for Utrecht

(see Section 4.1), ordered from most important to less important variables. The decrease

in estimation error is represented by a negative sign (-). All experiments are performed

individually for each site in the two case studies before calculating the average.

considering those variables cloud the estimation and add to the estimation un- 476

certainty. Another explanation could be that by selecting only n = 4 variables, 477

some variables are excluded which have a high (anti)correlation with some of 478

the selected variables. For example, in Fig. 1 the variable V, which is excluded 479

when n = 4, showed to be highly negatively correlated with the selected vari- 480

ables CC and RH. By excluding the correlated variable, the regression methods 481

are less prone to issues that may occur as a result of the effect multicollinearity 482

has on estimating the model coefficients. Similar to MLR, RF and L-SVM, the 483

performance of the K-SVM method also improves in terms of the MAE when 484

n = 4 variables are selected. However, the performance of this method wors- 485

ens in terms of the RMSE and MSLE. This implies that as the input variables 486

reduced to n = 4, the estimated values hold more outliers and higher relative 487

errors. In contrast to the other methods, the performance of LR in terms of the 488

MAE, RMSE and MSLE lessens as less information is available from the input 489

variables considered. This indicates that LR is able to deal with the issues dis- 490

cussed above and extract some additional information of the correlated or less 491
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important variables. Finally, in Austin a significant poorer performance for all492

methods is found when n = 3 predictor variables are considered. Therefore,493

it is found that excluding CC highly affects the performance of all regression494

methods.495

In Utrecht, it is noticed that except for RF, the performance of all methods496

is getting slightly worse when the top n = 4 meteorological variables are con-497

sidered. The improved importance of RF may be explained as the additional498

variables, that were found to be of very limited importance in Fig. 1, cloud the499

performance of the regression method. Due to the random features considered500

while training the RF method, this could affect RF more than the other regres-501

sion methods. All methods are found to perform worse when considering the502

top 3 predictors only. Remarkably, removing the CC as an input variable affects503

the performance of K-SVM significantly more compared to the other methods.504

From Fig. 4 it can be observed that CC is significantly less important than the505

top 3 variables. This could explain the limited impact of removing the vari-506

able in estimating the PV output power in case of MLR, RF, LR and L-SVM.507

Moreover, from the results it can be concluded that K-SVM is able to capture508

the additional information that CC holds. Although less significant, the same509

trend can be observed in Austin. The capability of K-SVM to extract this addi-510

tional information translates into a higher model performance that we observed511

in Fig. 6. Finally, although not significant from the table it can be observed512

that the performance of LR improves in terms of the MSLE. This implies that513

there are less relative large estimation errors when less predictor variables are514

considered. The same can be observed for the MLR model when n = 3 input515

variables are taken into account.516

As mentioned above and shown in Table 1, the average increase or decrease in517

estimation error when using a lower-dimension subspace, i.e. n = 4 is relatively518

limited for all regression methods in the two case studies. The relative increase519

in errors becomes more significant for most regression methods when n = 3520

input variables are considered in the case of Austin as well as for the K-SVM521

method in Utrecht. This indicates that, depending on the regression method522
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and location, a low number of meteorological variables recordings is enough to 523

generate similar results without affecting the performance (i.e., n = 4 compared 524

to the full space of n = 9 variables). A similar effect may be expected in the case 525

of solar power forecasting, where a lower-dimensional subspace could achieve a 526

similar performance as achieved when considering multiple input variables. To 527

increase the reliability of the results, the methods require testing under different 528

conditions (e.g., additional climates, more PV systems and different PV systems 529

installation settings). For instance, the performance could be different in other 530

climates where other meteorological variables could be more important. As seen 531

in Fig. 4, the selected variables in the lower-dimension subspace were different 532

based on the climate of the area of study and therefore the performance of the 533

regression methods. This might also explain why some exogenous forecasting 534

models perform differently in different regions. 535

5. Conclusions and future work 536

This paper provided a systematic analysis of different input meteorological 537

variables in the context of PV output power estimation. A complete 3 years 538

of meteorological and PV output power data are used to establish the rela- 539

tion between the two data sets. Besides, the study provides methods to assess 540

the interdependence of the meteorological variables and the importance of the 541

variables in estimating the PV output power. Consequently, this study shows 542

how the importance of variables and the estimation accuracy depends on the 543

regression method and the climate zone. 544

In addition, we compared the performance of the regression methods when 545

considering a lower-dimension subspace of predictor meteorological variables in 546

two different case studies with different climate zones. The numerical evaluation 547

showed that using a lower-dimension subspace of meteorological variables, as an 548

input for the estimation methods, can result in a similar estimation accuracy. 549

However, the results also show that both the most important input variables as 550

well as the effect of selecting only the top variables on the performance highly 551
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depends on the location of interest. The proposed work may provide insights to552

test the performance of forecasting models based on lower-dimensional subspace553

instead of using all available input meteorological variables. The analysis and554

methods used in this study are generic and can also be used to perform similar555

analysis for other climate zones.556

The work presented in this paper could be considered as a first step towards557

closing the research gap on which and how much meteorological variables are558

required for accurate PV output power estimation using ML techniques. Our559

future works will focus on using the established methodology and expanding560

the analysis to other locations of different climate zones. This would require561

worldwide records of meteorological data accounting to many different climates.562

In addition, we aim to assess and benchmark the estimation performance of PV563

output power by considering additional ML-based regression models.564
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