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Abstract15

A transferable turbidity estimation method is proposed for estimating the turbidity and clear-sky solar irradiance.

Instead of using on-site irradiance measurements (i.e., the local model), a transferable model is developed involv-

ing stations with sufficient information, and then applied at locations with limited data availability. Compared with

the local method, the transferable model yields results with slightly higher discrepancies regrading normalized root

mean squared error (nRMSE, 2.80% vs 2.75%). When compared with the Ineichen-Perez (PVLIB) model, the

nRMSE of clear-sky global horizontal irradiance (GHIcs) estimation is reduced from 4.99% to 2.44%, and the

normalized mean bias error (nMBE) is improved from -3.37% to 0.57%. The GHIcs estimation is comparable

with physical models (i.e., McClear and REST2), where the McClear produces a nRMSE of 3.32% and the nMBE

is 2.10%, while the REST2 generates results with an nRMSE of 2.55% and an nMBE of 1.30%. We further com-

pare aforementioned models for day-ahead GHIcs forecasts using a day persistent way. GHIcs forecast from the

transferable method has slightly lower discrepancies of nRMSE and nMBE than the physical models. Consider-

ing the complexity of physical models, the transferable turbidity estimation method with comparable performance

demonstrates valuable potential for solar resourcing and forecasting applications.

Keywords: Solar resourcing and forecasting, turbidity estimation, transferable model, clear-sky irradiance16

1. Introduction17

Clear-sky models, which estimate ground-level solar irradiance under clear-sky (cloudless) conditions, are an18

important part in solar resourcing and forecasting applications to support solar energy projects [1–4]. In solar19

resourcing, the ground solar irradiance, e.g., global horizontal irradiance (GHI), can be retrieved from satellite20

images using either physical or semi-empirical satellite methods based on a clear-sky model [1]. The retrieved21

solar irradiance data can help with the project feasibility study and optimal system design when there is no on-22

site ground irradiance measurement available [1, 5, 6]; Moreover, clear-sky models are also essential in solar23

forecasting to reduce the negative impact on the system operation caused by the intermittency and variability24

[1, 3, 7]. The solar forecasts usually rely on the clear-sky index (CSI), which has different definitions depending25

on the forecasting method. CSI is the ratio of measured GHI and clear-sky GHI (GHIcs) in a time series forecasting26
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[3]. Meanwhile, CSI can also be calculated from the cloud index (CI) based on the satellite images [1, 4], which27

is particularly applied for locations without sufficient solar irradiance data.28

In physical-based solar resourcing methods, radiative transfer simulation is applied through various layers in29

the atmosphere taking the advantage of modern satellite remote sensing technologies [2, 8]. Where the physical30

clear-sky models, e.g., McClear [9] and REST2 [10], are used to quantify the surface solar irradiance when31

the sky is free from clouds. The essential inputs such as aerosol properties, atmospheric profiles, and surface32

albedo can be obtained from a number of reanalysis products including the Modern-Era Retrospective Analysis for33

Research and Applications, Version 2 (MERRA-2), Moderate Resolution Imaging Spectroradiometer (MODIS),34

and Copernicus Atmosphere Monitoring Service (CAMS) reanalysis [2, 8]. As a major modulator attenuating the35

solar irradiance in the atmosphere, cloud properties can be derived from the geostationary satellites, for example,36

Geostationary Operational Environmental Satellite (GOES) and Meteosat Second Generation (MSG) satellites37

[2, 8]. Although physical clear-sky models generally have better performance as they technically require more38

detailed atmospheric inputs [1], the inputs acquisition and model implementation are typically associated with39

difficulties and uncertainties [3, 11].40

In semi-empirical satellite methods for solar resourcing, a clear-sky model is used to determine the clear-41

sky irradiance, i.e., GHIcs, which accounts for the irradiance attenuation of aerosol, water vapor content, and42

other gaseous atmospheric constituents [1]. While the effect of clouds relies on the CI and CSI derived from a43

set of satellite images within a period [12, 13]. Semi-empirical satellite methods are much easier and faster to44

apply, and the combination with a physical clear-sky model can improve the performance [14]. Chen et al. [15]45

compared four clear-sky models, namely, REST2, McClear, Ineichen-Perez [16], and Ineichen-Perez TL [15],46

in GHI estimation using optimized semi-empirical satellite method and GOES-16 imagery. The results show47

the performance of semi-empirical satellite method is comparable with the physical method, i.e., National Solar48

Radiation Database (NSRDB) [2]. The Ineichen-Perez TL even produces better GHIcs estimations than McClear49

and REST2, therefore, has potential in supporting solar resourcing applications. The Ineichen-Perez TL model50

is based on the Ineichen-Perez model using Linke turbidity (TL) estimated from common local meteorological51

measurements [17].52

When it comes to solar forecasting, the clear-sky model is suggested to be used to deseasonalize the variations53

of solar irradiance by using CSI in the development of solar forecasting models [18]. Generally, local sensing54

is particularly suitable for intra-hour forecasting with adequate on-site instrument [19, 20]. Numeric Weather55

Prediction (NWP) performs better in day-ahead forecasting, but the computation is demanding and the initial56

boundary conditions may inherit biases [1]. Satellite-based method is popular for intra-day forecasting where the57

satellite images are used to identify and forecast the cloud distribution [1, 18]. Yang [3] discussed the choice58

of clear-sky models in time series solar forecasting, and it concluded that a better clear-sky model does not yield59

better forecasts, so McClear model is recommended due to its global availability. However, in practical forecasting60

applications, the clear-sky irradiance of McClear model is not readily available as an online service that can only61

be downloaded since 2004-01-01 up to two days ago [21]. Moreover, the required atmospheric inputs of physical62

clear-sky models (e.g., REST2 and McClear) are difficult to obtain [3, 11], their forecasts are therefore associated63

with more difficulties. In the development of solar forecasting models, the clear-sky irradiance of the applied64

clear-sky model (e.g., REST2 or McClear) is assumed to be available, which may not be known as a priori for65
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real-time applications.66

The Ineichen-Perez model in PVLIB [22] based on TL from SoDa database [23] is extensively applied in solar67

forecasting due to its simplicity in implementation [3]. Recently, a new TL estimation method is proposed to68

improve the accuracy of TL estimation using meteorological measurements [17]. The improved TL estimation is69

then used as the input of the Ineichen-Perez model with noticeable accuracy improvement in estimating clear-sky70

irradiance. Considering that the forecasts of meteorological information such as temperature and humidity are71

far more accurate than solar irradiance forecasts [18], the Ineichen-Perez TL model based on TL estimated via72

meteorological information has broad potential in supporting solar forecasting applications.73

Despite the potentials of the aforementioned TL estimation method, it has one limitation that on-site solar74

irradiance data is required for model development. However, solar irradiance measurements might not be always75

available due to technical and financial constraints [6, 24]. To further expand the applicability of the TL estimation76

method, in this work, we herein propose a transferable TL estimation model based on the methodology presented77

in [17]. Instead of using local solar irradiance measurements for model development, we first train the model78

involving the locations with sufficient data, and then apply the developed model at the location of interest for TL79

estimation and then clear-sky irradiance estimation. The main meteorological inputs are ambient temperature,80

relative humidity, wind speed, and atmospheric pressure, which are available at most of the weather stations or81

can be easily obtained using low-cost instrumentation. The major contributions of this work are summarized as82

follows:83

• Develops a transferable TL estimation method using common meteorological measurements.84

• Compares and evaluates the performance of the transferable TL estimation method with SoDa interpolated85

(the default TL used in PVLIB) and locally estimated TL.86

• Further compares the performance of GHIcs estimation with high-performance physical models including87

McClear and REST2.88

• Evaluates the performance of the transferable TL estimation model for solar forecasting applications by89

comparing with physical models.90

The remainder of this paper is structured as follows: Section 2 describes the used data, the TL estimation91

method, and details of clear-sky models. The performance of the TL estimation method, and clear-sky models for92

GHI estimation and discussion are presented in Section 3. Finally, the key findings of this study and recommen-93

dations are summarized in Section 4.94

2. Data and methods95

This section describes the used data and the transferred TL estimation method. As shown in Fig. 1, we first96

develop the TL estimation model involving stations with sufficient solar irradiance data, and then apply the trained97

model at locations of interest where solar irradiance measurement is not available. The meteorological inputs98

are ambient temperature, relative humidity, wind speed, and atmospheric pressure, which are easy to obtain and99
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available at most of the weather stations. There are mainly four steps involved in the TL estimation, namely, clear-100

sky detection, TL derivation, model development, and model transfer for TL and clear-sky irradiance estimations.101

The details of the used method for each step are presented in the following subsections.102

Data: GHI, DHI,

Zen, LST
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Figure 1: The flowchart of transferred TL estimation model using machine learning and meteorological measure-

ments.

2.1. Data103

The data used in this work is from the Surface Radiation Budget Network (SURFRAD) stations [25], namely,104

Bondville (BON), Desert Rock (DRA), Fort Peck (FPK), Goodwin Creek (GWN), Pennsylvania State University105

(PSU), Sioux Falls (SXF), and Table Mountain (TBL). The detailed information of the SURFRAD stations is pre-106

sented in Fig. 2. Data including GHI, diffuse horizontal irradiance (DHI), solar zenith angle, and meteorological107

measurements over 2010-2020 of all the stations are downloaded and quality controlled. The used meteorological108

data includes ambient temperature, relative humidity, wind speed, and atmospheric pressure. All the aforemen-109

tioned measurements are in the time resolution of 1 minute and indexed using coordinated universal time (UTC).110

Note that the GHI and other data at solar zenith angles over 85◦ are removed, since the GHI value is very low, and111

the derived TL is unrealistic due to the high airmass effect [17].112
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Figure 2: Summary of the seven SURFRAD stations. The information in the brackets is (altitude [m], time

difference from UTC [hours], climate classifications), where Köppen climate classifications are: Bsk (arid, steppe,

cold), Bwk (arid, desert, cold), Cfa (temperate, without dry season, hot summer), Dfa (continental, without dry

season, hot summer), Dfb (continental, without dry season, warm summer).

2.2. Clear-sky models113

The clear-sky models used for comparison in this study are REST2 [10], McClear [9], Ineichen-Perez [16]114

model using default TL (available in PVLIB [22]). The physical REST2 model has repeatedly been verified as one115

of the high-performance models [3, 26], and many of the required input parameters, such as aerosol optical depth116

(AOD) at 550 nm, amount of ozone, and precipitable water need to be locally measured or remotely sensed [3, 10].117

The clear-sky irraidance of REST2 used in this work is from the NSRDB [2] with a time resolution of 5-minute.118

The McClear is also a fully physical model requiring atmospheric inputs including AOD at 550 nm, ozone amount,119

water vapor content, and the aerosol type [9]. McClear applies a lookup table to speed up the RTMs calculations,120

and the clear-sky irradiance of McClear is available from CAMS [21], with the best time resolution of 1-minute121

up to two days ago since 2004-01-01. PVLIB [22] estimates clear-sky irradiance based on the interpolated TL122

coefficient of SoDa monthly means, and the time resolution used in this work is 1-minute.123

2.3. Clear-sky detection and turbidity derivation124

The clear-sky instants for all the SURFRAD stations are detected by the Bright-Sun clear-sky detection algo-125

rithm [27], which is a globally applicable and freely available clear-sky detection model. The inputs of Bright-Sun126

model are GHI [W m−2], GHIcs [W m−2], DHI [W m−2], clear-sky DHI (DHIcs) [W m−2], solar zenith angle [◦],127

horizontal projection of extraterrestrial irradiance [W m−2], and local standard time (LST). Where GHI, DHI, and128

solar zenith angle are already available, LST is calculated based on UTC and the timezones detailed in Fig. 2.129

GHIcs, DHIcs, and extraterrestrial irradiance are derived using PVLIB, horizontal projection of extraterrestrial ir-130

radiance is then calculated referring the solar zenith angle. The Bright-Sun model consists of three steps, namely,131

clear-sky irradiance optimization, tri-component analysis of GHI, DHI, and direct normal irradiance (DNI), and132

duration filter [27]. The optimization of clear-sky irradiance is to remove the excessive dependence on clear-sky133
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models, the tri-component analysis is to identify the ’clear’ periods of all the irradiance components (i.e., GHI,134

DNI, DHI), and the duration filter is to further improve the accuracy of clear-sky detection by removing the cloud135

ramp events. More details could be reached in [27]. After detecting the clear-sky instants, the ground truth TL136

is derived based on measured GHIcs using inversed Ineichen-Perez model [16] and PVLIB [22] (see the adopted137

equations from [17] in the Appendix).138

2.4. Turbidity estimation model development139

In our previous work [17], the results show that the TL estimation model developed on a daily basis yields140

comparable GHIcs estimations with the models developed on the time basis of hourly and 5-minute, but with141

much less complexity. The daily TL estimation model can also be applied in partially clear days [17]. That said,142

both data samples of clear-sky days and partially clear days can be included in the model development following143

the same methodology. In specific, to better represent the GHIcs-derived TL on a daily basis, only the days with144

more than one third detected clear-sky periods of the daytime are involved in the model training (e.g, if the daytime145

of day with the solar zenith angle less than 85◦ is 8 hours, only when the detected clear-sky instants are more than146

2.4 hours, the day is included). Note that the derived TL should be averaged in the clear-sky periods to represent147

the daily TL value, while the meteorological measurements need to be averaged on the daily basis (when the solar148

zenith angle is less than 85◦).149

The daily TL estimation model can be trained locally if the location has adequate data, especially the solar150

irradiance measurements. In this work, local TL estimation model is trained, validated, and tested independently151

for all the SURFRAD stations for comparison. Data in the year range of 2010-2017 is used for training (20% of152

which is used for validation), data in 2018-2020 is used for testing. The transferable TL estimation model is firstly153

trained and validated at stations with sufficient instrumentation, and then the developed model is applied at another154

location of interest where the common meteorological measurements are available. For instance, the TL estimation155

model can be trained and validated using data from BON, DRA, FPK, PSU, SXF, TBL, and then be applied at156

GWN for estimating TL and then GHIcs estimation. The transferred TL model for each SURFRAD station is157

developed likewise, where the model is first trained and validated with the other six stations (e.g., excluding158

GWN) and then applied at the target location (e.g., GWN). Data in 2010-2017 at other six stations is used for159

training (80%) and validation (20%), data in 2018-2020 at the target location is used for testing and comparison.160

The used machine learning algorithm in this study is multilayer perceptron (MLP). MLP is known as feed-161

forward neural network consisting of the input layer, output layer, and one or more hidden layers based on the162

applications [28]. The parameters in MLP networks are obtained through back propagation [28]. MLP has a high163

flexibility in approximation and is widely applied in real applications. The hyperparameters of MLP are tuned164

using tenfold cross-validation method. For more details on MLP algorithm and the cross-validation method, the165

reader is referred to Scikit-learn [29], which is the used tool for the model development in this work.166

2.5. Turbidity and clear-sky irradiance estimations167

Two TL estimation models, namely, local and transferred TL estimation models are developed for comparison.168

The daily TL is then estimated by the local and transferred models, separately. The meteorological inputs are daily169

averaged ambient temperature, relative humidity, wind speed, and atmospheric pressure. The 1-minute GHIcs at170
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all the SURFRAD stations in 2018-2020 are then derived using Ineichen-Perez (PVLIB) model with the estimated171

TL factor, for both the local and transferred TL estimation models. Since the measured GHI at solar zenith over172

85◦ are not included, the corresponding GHIcs estimations are also removed.173

The comparison of GHIcs estimated by different models is in two time resolutions. The GHIcs estimated by174

PVLIB using default TL (referred as TL default), TL estimated by the local model (referred as TL local), and TL175

estimated by the transferred model (referred as TL transfer) are in the time resolution of 1-minute. Therefore, the176

comparison of TL default, TL local, and TL transfer is also in 1-minute resolution. Since the clear-sky irradiance177

of REST2 is in a time resolution of 5-minute, then the comparison involving REST2 should have the same time178

resolution. Note that the aggregating measured and estimated GHIcs to 5-minute resolution should be the round179

way (i.e., data points from 13:58, 13:59, 14:00, 14:01, 14:02 are aggregated and indexed as 14:00) [30].180

The error evaluation metrics are root mean squared error (RMSE), mean bias error (MBE), and their normal-181

ized counterparts (nRMSE, nMBE) defined by the following equations:182

RMSE =

√
1
N

∑
(ei − oi)2

nRMSE =

√
1
N

∑
(ei − oi)2

1
N

∑
oi

MBE =
1
N

∑
(ei − oi)

nMBE =
∑

(ei − oi)∑
oi

where ei and oi are the pair of GHI estimation and ground observation, N is the total number of compared data183

points.184

3. Results and discussion185

In this section, we evaluate the local and transferable TL estimation models described above through the186

comparison of default TL, derived TL, and estimated TL in Section 3.1, the performance of GHIcs estimation using187

different TL factors is presented in Section 3.2. We then quantitatively compare the local and transferable TL188

estimation models for estimating and forecasting GHIcs with physical clear-sky models of REST2 and McClear189

in Section 3.3, as physical models are generally considered as the most accurate models. Where the comparison of190

GHIcs estimation is presented in Section 3.3.1, and the result of GHIcs forecasting is elaborated in Section 3.3.2.191

3.1. Evaluation of turbidity estimation models192

The invariant TL interpolations based SoDa monthly climatology means cannot account for the short-term and193

long-term variations of the aerosols and water vapor content in the atmosphere. As shown in Fig.3, the derived194

and estimated TL factors generally exhibit high fluctuations during the year of 2019, while the default TL has a195

comparatively smoother profile. Meanwhile, all the TL curves show a similar trend that the TL tends to increase196

from the beginning of year to some peak point around the middle of the year, then follows a drop till the year197

end. Apart from higher variations, the derived and estimated TL coefficients at most stations are generally lower198

than SoDa interpolations with some exceptions that are likely to happen around the third quarter of the year. The199
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diurnal and monthly variations of TL factor were also observed in the study of Chaâbane et al. [31], and the200

typically higher TL value of the monthly climatology means than the derivations was confirmed by Hove and201

Manyumbu [32].202
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Figure 3: The comparison of ground truth TL (TL derived), PVLIB TL (TL default), and TL estimations from local

(TL local) and transferred methods (TL transfer) for clear-sky and partially clear days in 2019, at seven SURFRAD

stations: (a) DRA, (b) BON, (c) FPK, (d) GWN, (e) PSU, (f) SXF, and (g) TBL. Due to the high occurrence of

clear-sky conditions, DRA has more clear-sky and partially clear days detected than the other six stations. Only

the results of 2019 are presented here to show the trends, and the TL profiles in 2018 and 2020 are similar.
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The detailed comparison between the derived TL and TL estimations is presented in Table 1. It is shown203

that the default TL based on interpolations generally shows larger discrepancy in terms of RMSE and MBE than204

the TL estimations regardless of local or transferred method is applied (excluding TBL, the possible reason is205

explained later on). For instance, at BON, default TL shows a RMSE of 1.02 and a MBE of 0.85, the RMSE206

of TL estimation from the local method is 0.34 and the corresponding MBE is -0.06, while TL estimation of the207

transferred method also has smaller RMSE and MBE values of 0.34 and 0.01, respectively (see Table 1). When208

comparing the derived TL with TL estimations, both local and transferred TL estimations can follow the fluctuations209

of the derived TL along the year with different discrepancies (see Fig. 3), which means the local and transferred TL210

estimation methods can account for the variations of the aerosol and water vapor concentration in the atmosphere.211

Generally, the transferred method tends to produce TL estimation with larger values of RMSE and MBE since212

the local TL estimation method is developed based on the on-site sensed data, which is more likely to generate213

better results. For example, at GWN, the locally estimated TL has a RMSE of 0.41 and a MBE of -0.18, while214

the TL estimation of the transferred method yields a result with comparatively larger RMSE and MBE of 0.43215

and -0.20, respectively. Note that the transferred method sometimes may also yield comparable or even better TL216

estimations (see the results of DRA in Table 1). Although the transferred TL estimation method may lead to larger217

uncertainties when compared with local estimation, it is a potential way to provide more accurate TL coefficient218

than the default PVLIB interpolations.219

Table 1: The RMSE and MBE between derived TL and TL estimations from interpolation, local and transferred

models at seven SURFRAD stations for both clear-sky and partially clear days in 2019.

TL defaulta TL localb TL transferc

RMSE MBE RMSE MBE RMSE MBE

BON 1.02 0.85 0.34 -0.06 0.34 0.01

DRA 0.62 0.37 0.35 -0.17 0.32 -0.04

FPK 0.69 0.46 0.33 -0.02 0.33 -0.12

GWN 0.75 0.57 0.41 -0.18 0.43 -0.20

PSU 0.91 0.77 0.27 -0.06 0.28 -0.03

SXF 0.92 0.73 0.44 -0.17 0.44 -0.05

TBL 0.73 0.05 0.64 -0.32 0.95 -0.67

a ’TL default’ means the TL interpolation of SoDa monthly

means, which is used in the default PVLIB calculations.
b ’TL local’ means the TL estimated by the local model.
c ’TL transfer’ means the TL estimated by the transferred model.

The generally higher TL estimations based on the SoDa monthly means, the variations of derived TL followed220

by the TL estimations, and the comparable TL estimation results of local and transferred models are observed at221

most of the SURFRAD stations in Fig. 3 and Table 1. However, when it comes to TBL, the observations change222

noticeably. The default TL shows relatively lower errors with a RMSE of 0.73 and a MBE of 0.05 when compared223

with most of the other stations. As illustrated in Fig. 3(g), the derived TL is more likely to be higher than the224
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default interpolations of SoDa monthly means during the year. The locally estimated TL exhibits a similar profile225

with the TL derivation, but the overall result is inferior to the the results at other stations, and the improvement226

of the TL estimation performance is also limited. The transferred TL estimation model even fails to estimate the227

TL during some periods, where a clear underestimation is observed and thus the intra-year TL variations are also228

not accounted for. It is most likely that the unique climate condition at TBL leads to the under-performance of229

the transferred TL estimation model. As presented in Fig. 4, the meteorological measurements show different230

statistic properties, such as the maximum, the minimum, and the mean, at each station. Therefore, a better TL231

estimation model could be developed when local climate features are accounted for. When there is no sufficient232

on-site data for local model development, the transferred model could be an option. Recall that the transferred233

TL estimation model is first trained and validated at stations with adequate information, and then applied at the234

location of interest. The transferred TL estimation method can generally work for most locations but TBL. The235

possible reason could be the lower atmospheric pressure than the other stations as shown in Fig. 4(d). When236

developing the transferable TL estimation model for TBL using data from other six stations, the atmospheric237

pressure, unlike ambient temperature, relative humidity, and wind speed, stays far away from the range of used238

inputs. The use of out-of-range local pressure as an input for the transferred TL estimation method might produce239

a result with large discrepancy, this is why the transferable TL estimation model underperforms. That said, it is240

suggested to use data from the locations with similar climate characteristics when developing the transferable TL241

estimation model for practical applications.242
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Figure 4: The statistic properties of the meteorological inputs in the year of 2019. (a) Ambient temperature, (b)

Relative humidity, (c) Wind speed, and (d) Atmospheric pressure.

The sensitivity analysis in the study of Chen and Li [17] shows that ambient temperature and relative humidity243

have comparatively larger influence on the TL estimation than wind speed. The estimated TL goes up with the244
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increases in ambient temperature and relative humidity, while the increases in wind speed and atmospheric pres-245

sure result in a drop of TL estimation. Wind speed has the least importance in TL estimation. As for pressure, the246

sensitivity analysis presents relatively larger variations when changing the pressure by 10%. However, this have247

limited implications as the piratical atmospheric pressure for a certain place does not has high variations compared248

with other meteorological parameters. Since the transferred TL estimation follows the same methodology of the249

local methods, the sensitivity analysis of the transferred TL estimation model should have similar results.250

To further investigate the influence of atmospheric pressure in the TL estimation models, new local and trans-251

ferred TL estimation models for TBL are developed without using atmospheric pressure. The results of TL and252

related GHIcs estimations are presented in Table 2. When the atmospheric pressure is excluded in the develop-253

ment of TL estimation models, both local and transferred models produce TL estimations with larger errors of254

RMSE and MBE as shown in Table 2. Similarly, the GHIcs estimations based on TL estimated by models without255

using atmospheric pressure also have comparatively larger discrepancies of nRMSE and nMBE. Therefore, it is256

suggested to use the atmospheric pressure as an input parameter in the development of TL estimation models.257

Table 2: The comparison of TL and GHIcs estimations at TBL in 2018-2020, including the TL estimation models

developed with and without atmospheric pressure (Pa).

TL estimation GHIcs estimation

RMSE MBE nRMSE [%] nMBE [%]

TL local with Pa 0.64 -0.32 3.23 1.55

TL local without Pa 0.70 -0.46 3.40 1.84

TL transfer with Pa 0.95 -0.67 4.43 2.84

TL transfer without Pa 1.48 -1.20 6.70 5.23

3.2. Comparison of GHIcs estimations using different turbidity factors258

Since the default TL interpolations generally have larger RMSE and MBE values and do not show many259

variations along the year (see Table 1 and Fig. 3), the related GHIcs estimations are then also associated with260

higher discrepancies of nRMSE and nMBE as shown in Table 3. It tends to underestimate the GHIcs using default261

PVLIB as the interpolated TL from SoDa monthly means are typically higher than the TL derivations. When262

compared with default TL interpolations, the estimated TL from both local and transferred methods are more263

likely to yield better GHIcs estimations (see Table 3).264

As discussed in Section 3.1, the local TL estimation models tends to generate better TL estimations via the265

direct inferring to the on-site meteorological features. Therefore, the GHIcs estimation using the locally esti-266

mated TL might also have smaller divergences in terms of nRMSE and nMBE. Since the transferred models are267

developed using data from other locations, there could be more uncertainties associated in the related TL estima-268

tions. This also introduces comparatively larger discrepancies in the GHIcs estimations using TL estimated by269

the transferable models. However, there is no significant difference between the local and transferred TL estima-270

tion methods regarding the GHIcs estimations. Consequently, the transferred TL estimation model at TBL shows271

inferior performance in TL estimations, which also leads to larger errors in estimating GHIcs.272
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The overall performance of GHIcs estimation at SURFRAD stations (TBL is not included due to the under-273

performance) is also presented in Table 3. Using the default TL to generate GHIcs estimation has comparatively274

larger errors with an nRMSE of 5.24% and an nMBE of -3.41%, while using the estimated TL from local and275

transferred methods show noticeable improvements. The nRMSE of GHIcs estimation based on estimated TL276

is reduce to 2.75% and 2.80% for the local and transferred methods, respectively. The nMBE is improved to277

0.45% for the local method, and to 0.84% for the transferred method. Although the overall performance of locally278

estimated TL is slightly better than the transferred TL estimations, the transferable model is still viable to estimate279

the TL and GHIcs for locations without sufficient data.280

Table 3: The nRMSE [%] and nMBE [%] of 1-minute averaged GHIcs estimations using different TL factors at

SURFRAD stations in 2018-2020. The used TL coefficients are default interpolations (TL default), estimations of

the local model (TL local) and transferred model (TL transfer) .

Station TL default TL local TL transfer

nRMSE [%] nMBE [%] nRMSE [%] nMBE [%] nRMSE [%] nMBE [%]

BON 8.04 -6.32 3.25 0.39 3.31 -0.18

DRA 3.40 -1.96 2.15 0.89 1.97 0.14

FPK 4.88 -2.78 2.56 0.24 2.54 0.80

GWN 5.91 -3.83 3.58 1.32 3.67 1.37

PSU 6.71 -5.29 2.86 0.25 2.78 0.36

SXF 6.76 -4.88 3.69 1.48 3.68 0.67

TBL 3.55 -0.23 3.23 1.55 4.43 2.84

ALL* 5.24 -3.41 2.75 0.45 2.80 0.84

* TBL is not included due to the under-performance of the transferred TL estimation model.

3.3. Comparison of GHIcs estimations and forecasts with physical models281

To further evaluate the results of GHIcs estimation using improved TL estimations, we herein compare the282

performance with physical models, namely, the McClear model and the REST2 model. The comparison is in two283

folds: one is the real-time GHIcs estimation and the other one is persistent day-ahead GHIcs forecasts.284

3.3.1. Comparison of GHIcs estimations with physical models285

Table 4 details the overall performance of 5-minute GHIcs estimations and forecasts using TL based model286

and physical at SURFRAD stations, TBL is not included due to the under-performance in TL estimations using the287

transferred method. The default TL produces a GHIcs estimation with the largest nRMSE of 4.99% and the nMBE288

is -3.37%, while the local TL estimation generates the best GHIcs estimation with the nRMSE of 2.38% and the289

nMBE of 0.16%. As expected, the transferred TL estimation yields a result with relatively larger discrepancies290

compared with the locally estimated TL, the nRMSE and nMBE are 2.44% and 0.57%, respectively. Note that the291

transferred TL estimation even produces better results than the McClear model and the REST2 model in terms of292

nRMSE and nMBE (see Table 4), while the REST2 model outperforms McClear with the nRMSE of 2.55% and293

nMBE of 1.30%. However, there is no significant difference between estimations from the transferred model and294
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the physical models. The detailed comparison of GHIcs estimations at each SURFRAD station is presented in295

Fig. 5. Physical models are more likely to produce over-estimations, and the local and transferred TL estimations296

also tend to overestimate GHIcs but with smaller bias.297

Table 4: Overall results of GHIcs estimations and day-ahead persistent GHIcs forecasts with the time resolution

of 5-minute at SURFRAD stations excluding TBL in 2018-2020. Used models are the Ineichen-Perez model with

three TL inputs, the McClear model, and the REST2 model.

Model GHIcs estimation GHIcs forecasts*

nRMSE [%] nMBE [%] nRMSE [%] nMBE [%]

TL default 4.99 -3.37 4.64 -3.02

TL local 2.38 0.16 2.85 0.32

TL transfer 2.44 0.57 2.99 0.74

McClear 3.32 2.10 4.11 1.55

REST2 2.55 1.30 3.51 0.79

* The forecast is based on a day persistent method, where the day-ahead

GHIcs is assumed as the same as the present day.
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Figure 5: The nRMSE and nMBE between the 5-minute averaged GHIcs measurements and estimations using

different models at SURFRAD stations in 2018-2020. GHIcs is estimated by the Ineichen-Perez model with three

different TL inputs, the McClear model, and the REST2 model.

The possible reason why the empirical model based on improved TL estimation yields comparable results with298

physical clear-sky models could be the avoidance of uncertainty accumulation. Physical models require detailed299
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atmospheric inputs such as aerosol, water vapor and ozone, these inputs are usually based on reanalysis products300

such as MERRA-2. The MERRA-2 reanalysis products are derived from satellite measurements and therefore are301

associated with uncertainties [33]. This means the use of reanalysis products for clear-sky irradiance estimation in302

physical models would have accumulated uncertainties. However, the TL derivation is a one-step-through process303

based on quality-controlled irradiance data, which includes imbedded TL information. Therefore, it is more likely304

to avoid the accumulation of multi-step uncertainties. Although physical clear-sky models are proved to have305

higher accuracy in GHIcs estimation, the comparable results with less complexity of the transferred TL estimation306

model demonstrates its potential usage for locations without sufficient on-site information.307

3.3.2. Comparison of GHIcs forecasts with physical models308

Since clear-sky irradiance (clear-sky model) is also essential in solar forecasting, we also evaluate and compare309

the performance of TL based forecasts with the McClear model and the REST2 model. Considering that McClear310

and REST2 are physical models requiring detailed atmospheric inputs, which are difficult to obtain and forecast,311

we therefore apply a day persistent method to predict the GHIcs in the coming day. In specific, the profile of312

GHIcs for the coming day is assumed as the same as the present day [34, 35]. Note that McClear is available313

as a web service from 2004-01-01 up to two days ago, and is recommended for solar forecasting applications314

in [3]. However, in real time forecasting applications, e.g., the present day and the coming day, the clear-sky315

irradiance of McClear is not available. This means the atmospheric inputs for both McClear and REST2 should316

be obtained at present day, which introduces even more difficulties in retrieving and measuring the atmospheric317

optical properties. To perform a fair comparison, we assume the clear-sky irradiance (i.e., GHIcs) of REST2 and318

McClear could be obtained for the present day, and the meteorological measurements are available.319
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The overall result of GHIcs forecasts using the day persistent method is presented in Table 4. The largest320

nRMSE (4.64%) and nMBE (-3.02%) are generated using the default TL, while the other two TL based GHIcs321

predictions show lower nRMSE than the physical models. The local and transferred TL estimations yield GHIcs322

forecasts with the nRMSE of 2.85% and 2.99%, respectively. The nRMSE of McClear based forecasts is 4.11%,323

while REST2 produces a result with the nRMSE of 3.51%. GHIcs forecasts based on estimated TL also have324

smaller biases, the transferred method generates a comparatively larger nMBE of 0.74%, while the local model325

produces a result with the nMBE of 0.32%. The physical models are likely to produce relatively larger over-326

estimations in forecasting GHIcs, where the McClear shows an nMBE of 1.55 and the REST2 has an nMBE of327

0.79%. Compared with GHIcs estimations (except the default TL method), GHIcs forecasts are generally associ-328

ated with larger uncertainties of nRMSE as shown in Table 4. The comparison of day-ahead GHIcs forecasts at329

each SURFRAD station is illustrated in Fig. 6. The results of local and transferred TL estimations produce compa-330

rable day-ahead GHIcs forecasts with physical models in terms of nRMSE and nMBE. Similarly, considering the331

comparable results for day-ahead GHIcs forecasts with less complexity, the uncertainty and time lag in obtaining332

atmospheric inputs for physical models, the methods of improved TL estimations show potential in supporting333

solar forecasting applications.334

4. Conclusions335

In this work, we propose a transferable TL estimation method for estimating GHIcs. The transferred TL336

estimation model follows a similar methodology with the local TL estimation model presented in [17]. Instead337

of using on-site solar irradiance data for model development in the local model, the transferable model is first338

trained and validated involving stations with sufficient data, and then applied at the location of interest for TL339

estimation and thus the clear-sky irradiance. The main meteorological inputs of the TL estimation model are340

ambient temperature, relative humidity, wind speed, and local atmospheric pressure. As common meteorological341

information, they are easy to obtain and available at most of the weather stations. Both local and transferred TL342

estimation models are applied at the SURFRAD stations, the performance of GHIcs estimation is evaluated with343

the on-site measurements and also compared with physical McClear and REST2 models.344

The local TL estimation method shows a high performance in GHIcs estimation with the nRMSE of 2.38%345

and the nMBE of 0.16%, the nRMSE and nMBE of GHIcs forecasts are 2.85% and 0.32%, respectively. The346

transferred TL estimation model yields results with slightly larger divergences for both GHIcs estimations and347

forecasts. When applying the method at all the SURFRAD stations (excluding TBL), the overall nRMSE of348

GHIcs estimation is reduced from 4.99% to 2.44%, and the overall nMBE is decreased from -3.37% to 0.57%349

compared with the default PVLIB calculations. The result of GHIcs estimation based on the estimated TL is also350

comparable with the physical clear-sky models, where the McClear yields an overall nRMSE of 3.32% and the351

nMBE is 2.10%, while the REST2 produces the overall result with an nRMSE of 2.55% and an nMBE of 1.30%.352

Considering the difficulties and uncertainties in forecasting the atmospheric inputs and meteorological data, we353

further compare the aforementioned methods for estimating the day-ahead GHIcs using a persistent way, where354

the day-ahead GHIcs is assumed as the same as the present day. The results show that the local TL estimation has355

an overall forecasting with the nRMSE of 2.85% and nMBE of 0.32%, the transferred method for TL estimation356

generates the GHIcs forecasts with an overall nRMSE of 2.99% and an nMBE of 0.74%, the McClear produces357
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an nRMSE of 4.11% and an nMBE of 1.55%, while the REST2 yields a result with the nRMSE of 3.51% and the358

nMBE of 0.79%.359

The transferred TL estimation model does not yield similar results at TBL due to its unique climate features,360

so one recommendation for developing the transferable TL estimation model is to use data from locations with361

similar climate conditions. Considering the improved GHIcs estimations and day-ahead forecasts, the comparable362

results with physical clear-sky models, and the complexity and difficulty in obtaining atmospheric inputs, both363

the local and transferred TL estimation methods show a potential to support the solar resourcing and forecasting364

applications. The local TL estimation method is suggested for stations with sufficient data, and the transferred TL365

estimation model is therefore recommended for locations without adequate information.366
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Appendix371

The equations used to derive ground truth TL are adopted from [17].372

TL =

[
ln

(
GHIcs

c1 · I0 · cos(θ)

)
/(−c2·AM) − f1

]
/ f2 + 1

with:

AM =
(

1
cos(θ) + 0.50572 ·

(
6.07995 + (90 − θ)−1.6364) ) · Pa

101325

c1 = 5.09·10−5·h + 0.868

c2 = 3.92·10−5·h + 0.0387

f1 = exp(−h/8000)

f2 = exp(−h/1250)

where TL is the Linke turbidity, GHIcs [W m−2] is the measured GHIcs. c1, c2, f1, f2 are altitude-dependent373

coefficients, I0 [W m−2] is the solar constant, θ [◦] represents the solar zenith angle, AM is the absolute airmass,374

TL is the Linke Turbidity factor, Pa [Pa] is the local atmospheric pressure, and h [m] is local altitude.375
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[23] J. Remund, L. Wald, M. Lefèvre, T. Ranchin, J. Page, Worldwide Linke turbidity information, in: ISES Solar World Congress 2003, Vol.419

400, International Solar Energy Society (ISES), 2003, pp. 13–p.420

[24] A. F. Zambrano, L. F. Giraldo, Solar irradiance forecasting models without on-site training measurements, Renewable Energy 152 (2020)421

557–566.422

[25] J. A. Augustine, J. J. DeLuisi, C. N. Long, SURFRAD–A national surface radiation budget network for atmospheric research, Bulletin423

of the American Meteorological Society 81 (10) (2000) 2341–2358.424

[26] X. Sun, J. M. Bright, C. A. Gueymard, B. Acord, P. Wang, N. A. Engerer, Worldwide performance assessment of 75 global clear-sky425

irradiance models using principal component analysis, Renewable and Sustainable Energy Reviews 111 (2019) 550–570.426

[27] J. M. Bright, X. Sun, C. A. Gueymard, B. Acord, P. Wang, N. A. Engerer, Bright-Sun: A globally applicable 1-min irradiance clear-sky427

detection model, Renewable and Sustainable Energy Reviews 121 (2020) 109706.428

[28] C. M. Bishop, Pattern recognition, Machine Learning 128 (9).429

[29] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer, R. Weiss, V. Dubourg, et al.,430

Scikit-learn: Machine learning in python, the Journal of Machine Learning Research 12 (2011) 2825–2830.431

17



[30] D. Yang, Validation of the 5-min irradiance from the National Solar Radiation Database (NSRDB), Journal of Renewable and Sustainable432

Energy 13 (1) (2021) 016101.433
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