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Abstract 
Ground-based solar resource measurements are known to be preferred to synthetic or simulated data for 
a given location, but outliers present in this data can significantly impact the accuracy of predictions used 
in viability assessments. For solar energy installations to be self-sustaining and viable, accurate ground-
based solar resource data for the location of these installations are essential for decision-making and 
planning. Conventional outlier detection techniques used for solar resources, including graphical plots to 
complex numerical approaches, often have difficulty identifying these outliers to a satisfactory degree. 
This study proposes the use of simulated outliers added to synthetic data to train and compare the 
effectiveness of traditional outlier detection methods and several statistical learning methods, including 
𝑘NN, naïve Bayes, support vector machines and advanced tree-based models for the purpose of outlier 
detection in this field. The results indicate that the advanced tree-based models provide accurate 
identification of outliers in the simulation step and are demonstrated to be effective on a ground-based 
real world data set collected in Gqeberha, South Africa. The use of the proposed approach can aid in 
reducing the uncertainty in measured solar resource data and, as a result, help to promote the use of solar 
energy solutions in areas with unreliable solar resource data. 
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Highlights:  
• Simulation method proposed to leverage the use of supervised classification algorithms for outlier de-

tection.  
• Tree-based models achieved >99% cross validated accuracy in simulated data. 
• Case study for South African solar resource showed promising result. 
• Improved accuracy for outlier detection compared to current methods. 
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Abbreviations used 

GHI Global horizontal irradiance  
DHI Diffuse horizontal irradiance  
DNI Direct normal irradiance  
SAURAN South African Universities Radiometric Network  
LOF Local outlier factor  
BCT bootstrap aggregated (or bagged) classification tree 
kNN 𝑘-nearest-neighbours  
SVC Support vector classification  
XGBoost Extreme gradient boosted  
AdaBoost Adaptive boosting model  
TP True positive 
FP False positive 
FN False negative 
TN True negative 
MCC Matthews correlation coefficient  
NPV Negative predictive value 
 
 
1. Introduction 

The growing interest in renewable energy research 
is motivated by the detrimental impacts that 
burning fossil fuels has on the environment, the 
unpredictability of fossil fuel prices, and the 
increased demand for electricity due to population 
growth (Clohessy, 2017). Countries are promoting 
the move to renewable energy sources by providing 
incentives and funding for such projects, including 
tax reductions and grants (Shahbaz et al., 2020). As 
a result, the renewable energy market is rapidly 
increasing across the globe, with energy being 
harnessed from a variety of abundant natural 
resources such as solar, wind, geothermal, hydro 
and modern biomass. This study focuses on solar 
energy. 

Accurate solar resource data are essential for 
viability assessments, as this data is used to forecast 
energy yield (Jensen et al., 2023). Energy yield, in 
turn, is required by the net present value and 
levelised costs of electricity calculations for the 
economic assessment of solar energy system 
installations (Clohessy, 2017). Therefore, accurate 
forecasts are essential to ensure the long-term 
economic viability of a solar installation. To create 
reliable forecasts for such an assessment, accurate 
historical solar resource data is required. Data for 
the assessment of solar resource at a given location 
can be grouped into three categories, namely 
ground-based measures, remote-sensing (e.g. 
satellite based) measures, and weather prediction 
models (Yang et al., 2022). Of these, ground-based 
measures are known to be most accurate when 
properly calibrated (Yang et al., 2022), and are 
often preferred when making financial viability 
judgements. Outliers in such data can indicate the 
presence of uncalibrated equipment and also lead 
to incorrect assessments. The identification and 
removal of outliers in such data is thus a necessary 

and important step in the viability assessment 
process. 

The present study investigates the use of 
statistical classification algorithms to identify 
outliers in solar resource data – including global 
horizontal irradiance (GHI), diffuse horizontal 
irradiance (DHI), direct normal irradiance (DNI), 
and temperature. These classification algorithms 
are proposed as an alternative approach to the 
existing outlier detection and quality control 
methods currently used in the field. 

2. Outliers in solar resource data 

Outliers are defined as observations that are far 
removed from the other observations in the dataset 
(Cousineau and Chartier, 2010). Outliers, therefore, 
may have an adverse effect on any analysis 
performed on that data. Outliers can also diminish 
the power of statistical tests and increase the error 
variance (Osborne and Overbay, 2004). Divya and 
Babu (2016) describe three categories of outliers: 
point outliers, contextual outliers, and collective 
outliers. A point outlier is an observation that is far 
removed from the rest of the data. These are the 
most commonly understood outlier category. 
Contextual outliers consist of observations that 
might only be regarded as outliers within a specific 
context. For example, a GHI measurement of 900 
𝑊/𝑚2 is quite possible at 11h00; however at 06h00 
such a measurement is unlikely and a potential 
outlier. The last category of outlier described by 
Divya and Babu (2016) consists of a collection or 
group of observations within a dataset that may be 
considered as outliers when compared to the rest of 
the data. 

Outliers in solar resource data can result from 
faulty equipment, incorrectly calibrated measure-
ment systems, obstructed or damaged sensors, 
maintenance work, and incorrectly labelled mea-
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surements (Younes et al., 2005). Outliers as a result 
of these causes can be expected to be observed as 
point, contextual or collective outliers. 

Data-driven models are typically used to predict 
the energy yield of a solar energy installation. The 
model’s accuracy relies heavily on the quality of the 
measured input data. Moradi (2009) highlights that 
solar radiation is one of the more difficult variables 
to measure as it is prone to complexities during the 
recording process, such as technical and oper-
ational-related problems. Previous studies have 
made use of various techniques to assess the quality 
of measured solar resource data. 

Younes et al. (2005) reviewed and proposed 
several quality control measures to assess solar 
resource data. The most popular technique used 
involves user-defined and calculated threshold 
values which serve as a basis for the removal of a 
potential outlying data point (Sheng et al., 2017). 
Such methods include the use of the Page clear-sky 
and overcast models to calculate upper and lower 
bounds for the assessment of irradiance measure-
ments. Additionally, the NREL SERI QC programme, 
the CIE automatic quality control, and the Muneer 
and Fairooz quality control procedure (Muneer and 
Fairooz, 2002) were mentioned. Younes et al. 
(2005) proposed a four-step procedure for the 
assessment of solar resource data. The first three 
steps include physical limit tests, while the last is 
based on a statistical method where the mean, 
weighted mean and standard deviation were 
required to construct a quality control envelope. 

There also exist web-based quality control 
algorithms, such as the Helioclim algorithm, which 
checks the plausibility of the data by comparing 
observations with their predicted values based on 
the extraterrestrial irradiance and a simulation of 
irradiance from clear skies. Similarly, Molineaux 
and Ineichen (1994) developed web-based tools 
which compare measured and predicted values to 
assess measurement errors and to determine 
potential data quality anomalies. 

The temporally varying nature of irradiance 
data led to the use of threshold limits which 
themselves change according to the time of day. 
Journée and Bertrand (2011) and Lee et al. (2013) 
are some of the studies which investigate this 
aspect of outlier detections and quality control 
assessments. The National Renewable Energy 
Labor-atory (Wilcox and McCormack, 2011) sum-
marised the best practices for data quality 
assessments by including the assessment of long-
term trends and redundant measurements on time 
series plots. 

Other statistical methods used for outlier and 
anomaly detection in solar resource and en-
vironmental data include box-plots, quartiles 
intervals, Gaussian weighted regression (Sheng et 

al., 2017), support vector machines (Zhang et al., 
2009), standard deviation tests and Bayesian 
tolerance intervals (Clohessy, 2017). 

The South African Universities Radiometric 
Network (SAURAN) (Brooks et al., 2015) is a South 
African database containing solar resource data at 
several sites in the country and neighbouring 
countries. The quality control mechanisms in place 
on SAURAN are based on those proposed by 
Jacovides et al. (2006). Using this approach, a 
measurement is identified as problematic if it falls 
outside of predetermined expected ranges. Each 
time this happens, the measurement is flagged. 
Brooks et al. (2015), however, emphasise that the 
SAURAN quality control flags method is not 
designed, in principle, to detect outliers, but rather 
to provide caution to observations that are 
erroneous. However, since this method is the only 
one in place to assess the quality of the SAURAN 
data, the methods proposed in this paper are 
assessed in comparison to these flags - which 
represent an ‘as-is’ representation of the current 
system in place. 

3. Data 

This study made use of Meteonorm software to 
collect data for the resource variables used to train 
the methods proposed in this study. The data for 
these variables are generated by proprietary 
statistical models using data at a location close to 
the site of interest. The data are simulated for an 
expected year at the location specified by the user 
(Remund et al., 2012). Solar resource data for the 
GHI (W/m2), DHI (W/m2), DNI (W/m2), and 
temperature (∘C) were collected from Meteonorm 
for the Gqeberha region in South Africa. Ten years 
of typical data were simulated for each of these 
variables at this location. 

As the data from Meteonorm are simulated from 
prevailing conditions in the region and have gone 
through various quality checks, these data are 
assumed to be clean and contain no outliers 
(Clohessy, 2017). Furthermore, Clohessy (2017) 
conducted a study assessing the quality of the data 
generated by Meteonorm for the Gqeberha region 
and found the data to satisfy this assumption. 

3.1 Data collation and outlier simulation 
The ten years of data, simulated from Meteonorm, 
were sorted into seasons, as Summer (December, 
January, February), Autumn (March, April, May), 
Winter (June, July, August) and Spring (September, 
October, November). Splitting the data into seasons 
was considered an effective and intuitive mech-
anism to account for the variability of the data 
points between each seasons and aligns with 
method used by Clohessy (2019). Owing to the 
nature of the study, only daylight hours were 
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considered, since solar irradiance does not occur 
outside of daylight hours. 

As the data generated by Meteonorm is 
considered to be clean and contain no outliers, it is 
necessary to simulate appropriate outliers and add 
these to the seasonal data sets. Once these outliers 
are added, statistical learning algorithms and other 
outlier detection method can be trained, validated, 
and implemented on the data set. Adding outliers to 
such solar resource data can, however, be complex, 
due to the temporal nature of the data. As such, 
these aspects of the data were considered when 
outliers were incorporated. 

Specifically, two types of noise, generated using 
zero-centred Gaussian and Cauchy distributions, 
were created for each observation. Gaussian noise 
was added by using a zero-centred Gaussian 
distribution with standard deviation chosen 
empirically such that the added noise generated 
outliers which were sufficiently distinct from the 
Meteonorm data to allow for model training and 
implementation. Cauchy noise was similarly 
created from a zero-centred Cauchy distribution. 
The Cauchy distribution was selected along with 
the traditional normal distribution as it has heavier 
tails and thus will be able to generate a higher 
proportion of noise further from the origin. The 
simulated noise was added to the Meteonorm 
generated data separately, resulting in two noise-
augmented data sets. 

Since the random generation of noise originates 
from zero-centred distributions, it is common for 
the generated noise to result in values which are 
similar to the Meteonorm observations. For 
example, an observation might have a temperature 
value of 20∘C and the noise-augmented value could 
be 20.5∘C, which would not be considered an 
outlier. To establish bounds for the determination 
of outliers, Chebyshev’s inequality is used. For any 
random variable 𝑋 (i.e. the solar resource variables 
in this study), Equation 1 (Chebyshev’s inequality) 
states that 

      𝑃(|𝑋 − 𝜇𝑋| ≥ 𝑘𝜎𝑋) ≤
1

𝑘2
 , (1)  

where 𝜇𝑋 and 𝜎𝑋 are the mean and standard 
deviation of 𝑋, respectively. For this study a value of 
𝑘 = 4 is chosen as this ensures that only the most 
extreme 6.25% of the augmented data would be 
considered outliers (Abrahams, 2021) . 

Since there is a significant temporal component 
to the data, that is, the data vary by both time of day 
and season, this needs to be taken into account 
when determining outliers in each context. For 
example, a GHI value of 1000 W/m2 at 06h00 can be 
regarded as an outlier, owing to the time of the day 
at which it occurred, but this same observed value 

would not be considered an outlier if it were 
observed at 12h00 on the same day. To identify 
these so-called temporal outliers, a moving window 
approach was used to localise the assessment and 
outlier identification process to specific time 
intervals. 

Once the outliers were identified in the outlier-
augmented data sets, they were added to 
Meteonorm data. This data was then standardised, 
by centring and scaling in order to remove 
undesired constant offsets, and also to remove mag-
nitude (unit measurement) differences between the 
different variables. 

Outliers were added to the Meteonorm data in 
different proportions to test the applicability of the 
methods in varying conditions. To this end, outliers 
were added as 5%, 10%, 20%, 30%, and 50%. These 
values were decided upon as they range from 
typical proportions to the more extreme pro-
portions that are usually indicative of 
malfunctioning equipment. 

3.2 Training, validation and testing 
The seasonal hourly transformed data, as 
constructed above, were used to create training, 
validation and testing datasets. The data were split 
according to an 80:20 split, where 80% of the data 
was used for training and validation and the 
remaining 20% was used as unseen data for testing. 
This split criterion was used based on its simplicity 
and popularity when performing cross-validation 
(Gholamy et al., 2018). Model validation, prior to 
testing, was performed using 10-fold cross-
validation on the training data. The cross-validation 
was applied to tune the model parameters and 
estimate the true prediction error of models. These 
methods were then evaluated on the created testing 
data. 

4. Methodology 

4.1 Conventional outlier detection methods 
Outlier detection and identification is an important 
part of any data analysis. Methods to perform such 
tasks range from simple graphical identification to 
complex numerical approaches. The conventional 
methods covered and investigated in this study are 
the use of SAURAN flags, which is the method 
currently in use at the site of interest, and the local 
outlier factor (LOF), a common density-based 
method for outlier detection. 

4.1.1 SAURAN flags 
As discussed, the current method that is employed 
to assess the quality of solar resource data in 
Southern Africa is the quality control flags that are 
offered by Brooks et al. (2015). The exact flags used 
at SAURAN are provided in Table 1. 
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Table 1: SAURAN flags used for measurement assessments. 

Flag Limits Descriptions 

2 |𝐸 − 𝐸𝑑| < 5, 𝐸𝑑𝑛 < 1.5 and 𝐸 > 600 Warns of problems with the tracking system. 

3 𝐸𝑑 > 1.1𝐸 Identifies values that are impossible to attain. 

4 𝐸 > 1.2𝐸𝑜  Identifies values that are impossible to attain. 

5 𝐸𝑑 > 0.8𝐸𝑜 Identifies values that are impossible to attain. 

6 𝐸𝑑 < 5 Removes all night-time/sunrise/sunset 
observations. 

7 𝐸 < 5 Removes all night-time/sunrise/sunset 
observations. 

8 𝐸 − 𝐸𝑑 > 𝐸𝑜  Identifies values that are impossible to attain. 

12 𝐸𝑑𝑛𝑐𝑎𝑙𝑐
> 1367 Upper limit of the solar constant for DNI. 

Key: 𝐸𝑜 denotes the extra-terrestrial GHI, 𝐸𝑑 is the diffuse irradiance, 𝐸 and 𝐸𝑑𝑛 the global and direct irradiance, 

respectively and 𝐸𝑑𝑛𝑐𝑎𝑙𝑐
=

𝐸−𝐸𝑜

cos(𝑍)
, where 𝑍 denotes the zenith angle Brooks et al. (2015). 

 
Table 1 also provides an indication of the 

variable which is assessed for each flag. Flags 2, 4, 7 
and 8 are used to assess the GHI data, 3, 5 and 6 are 
used for DHI data and 2 and 12 to assess DNI data. 
Flags 6 and 7 are controls which to remove low-
light and night-time observations. 

If an observation satisfies any of the flags 
mentioned in Table 1, this observation would be 
flagged for further investigation. A limitation with 
this method is that is not specifically designed to 
detect outliers and is very limited in its application; 
rather than aiming to detect outliers, these flags are 
only intended to warn users of any potential 
problems with the data (Brooks et al., 2015). 
Notwithstanding this intention, they flags have 
been actively used by SAURAN for this purpose. It it 
with this in mind that these quality control flags 
were considered in this study as an approach to 
identify outliers as a comparison point. 

4.1.2 Local outlier factor 
The LOF is an unsupervised outlier detection 
method which falls under the umbrella of density-
based approaches. Such approaches are known to 
be more robust than traditional distance based 
measures in instances when clustering is present in 
the data (Ha et al., 2015). Density based approaches 
compare the local density of an observation to that 
of its immediate neighbourhood (Smiti, 2020). The 
LOF method is chosen for consideration in this 
study as it is one of the most popular methods used 
for outlier detection in the related literature (Ha et 
al., 2015). 

The LOF was developed and proposed by 
Breunig et al. (2000) as a score which measures the 
ratio of the local density for an observation 𝑥 to that 
of it’s nearest neighbours (Smiti, 2020). Specifically,  

the LOF score for an observation 𝑎 is calculated by 
first determining the 𝑘-nearest neighbours to 𝑎. 
This is determined using a pre-specified distance 
measure such as the Euclidean distance or 
Manhattan distance. 

The reachability distance between observations 
𝑎 and 𝑥, 𝑟𝑑𝑘(𝑎, 𝑥), is defined by Equation 2 as 

      𝑟𝑑𝑘(𝑎, 𝑥) = max{𝑑(𝑥, 𝑎), 𝑑𝑘(𝑎)} , (2) 

where 𝑑(𝑥, 𝑎) is the distance between points 𝑎 and 
𝑥, and 𝑑𝑘(𝑎) is the 𝑘-distance for an observation 𝑎, 
defined as 𝑑𝑘(𝑎) = 𝑑(𝑎, 𝑘𝑎

∗ ) where 𝑘𝑎
∗  is the 𝑘th-

nearest-neighbour of the observation 𝑎. Let 𝑁𝑘(𝑎) 
denote the set that contains all observations which 
are within 𝑑𝑘(𝑎) of 𝑎. Then the local reachability 
density of an observation 𝑎, 𝐿𝑅𝐷𝑘(𝑎), is calculated 
using Equation 3: 

     𝐿𝑅𝐷𝑘(𝑎) =
∣ 𝑁𝑘(𝑎) ∣

∑ 𝑑𝑘𝑥∈𝑁𝑘(𝑎) (𝑎, 𝑥)
 , (3) 

where ∣ 𝑁𝑘(𝑎) ∣ refers to the cardinality of ∣ 𝑁𝑘(𝑎) ∣ 
(Breunig et al., 2000). The LOF of an observation 𝑎 
is then defined by Equation 4 (Breunig et al., 2000) 

      𝐿𝑂𝐹𝑘(𝑥) =
∑

𝐿𝑅𝐷𝑘(𝑥)

𝐿𝑅𝐷𝑘(𝑎)𝑥∈𝑁𝑘(𝑎)

∣ 𝑁𝑘(𝑥) ∣
. (4)  

Once the LOF scores were calculated, the 
outliers were identified as those LOF scores which 
were greater than three standard deviations above 
the mean of the LOF values. Since the data set used 
in this study is highly variable, this is a conservative 
approach which will help to ensure that legitimate 
observations are not incorrectly identified as 
outliers. 
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4.2 Classification models 
Consider a data set represented as (𝑋, 𝑦), where 𝑋 
represents the predictor variables (in this case the 
solar resource variables) and 𝑦 represents a 
categorical outcome (in this case the binary 
outcome of outlier or not). Using this terminology, 
the 𝑘NN, naïve Bayes and tree-based classification 
methods can be outlined and described. 

4.2.1 𝒌-nearest-neighbours classification 
The 𝑘NN classification, possibly the simplest and 
most intuitive classification method, is also one of 
the most widely used (Ali et al., 2019). The concept 
was introduced by Fix (1985) and later formalised 
and expanded upon by Cover and Hart (1967). 

The process followed to determine a 𝑘NN 
estimate for at some point in the predictor space, 𝑥, 
starts by creating a ‘neighbourhood’, 𝐾𝑥 ⊆ (𝑋, 𝑦), 
which consists of the 𝑘 observations which are 
nearest to 𝑥. Several distance metrics can be used to 
determine the proximity of each observation to 𝑥, 
with the most common being the traditional 
Euclidean distance (Ali et al., 2019). 

The prediction of the outcome, 𝑦, at the point 𝑥 
is then simply determined as the outcome value 
which occurs most frequently in 𝐾𝑥 , i.e. the 
neighbourhood of 𝑥. To ensure that an outright 
majority is always reached when the outcome is 
binary, odd values of 𝑘 are typically chosen. 

4.2.2 Naïve Bayes 
The naïve Bayes model is based on the well-known 
Bayes theorem that states that for any category of 
the outcome 𝑦𝑐  𝑐 ∈ 1, … , 𝐶., the posterior con-
ditional probability 𝑃(𝑦𝑐|𝑋) can be determined by 
Equation 5 as 

=
𝑃(𝑦𝑐)𝑃(𝑋|𝑦𝑐)

𝑃(𝑋)
 . (5) 

Expanding this for each of the 𝑞 predictors, 
Equation 6 can show that 

     𝑃(𝑦𝑐|𝑋) ∝ 𝑃(𝑦𝑐)𝑃(𝑋|𝑦𝑐) = 𝑃(𝑦𝑐 , 𝑋1, … , 𝑋𝑞). (6) 

Also referred to as idiot’s or independence Bayes 
(Hand and Yu, 2001), the naïve Bayes method is so 
named owing to the assumptions which are made 
when it is used. Namely, it is assumed that there is 
independence between all predictors, 𝑋1, … , 𝑋𝑞 , 
within the model, with dependence only accounted 
for between each predictor and the response. This 
allows for a simplification of the posterior 
probability representation to Equation 7: 

𝑃(𝑦𝑐|𝑥) ∝ 𝑃(𝑦𝑐) ∏ 𝑃

𝑞

𝑗=1

(𝑋𝑗|𝑦𝑐). (7) 

Using this, the naïve Bayes estimator, Equation 8 
can be defined as 

argmax
𝑐

{𝑃(𝑦𝑐) ∏ 𝑃

𝑞

𝑗=1

(𝑋𝑗|𝑦𝑐)}.  (8) 

That is, the estimator returns the category 𝑐 for 
which the posterior probability of occurrence 
(conditional on the observed values of the predictor 
variables) is the highest. 

4.2.3 Support vector classification 
The support vector classification (SVC) is a popular 
statistical learning approach that classifies data 
points by determining the hyperplance 𝑏1𝑋1 +
𝑏2𝑋2 + ⋯ + 𝑏𝑞𝑋𝑞 = 𝑤, which best separates the 
data points from the different classes in the 𝑞-
dimensional space spanned by the predictors 
𝑋1, … , 𝑋𝑞 . The selected hyperplane is the one which 
maximises the distance between the hyperplane 
and the nearest point in each class. These points are 
known as the support vectors.  

In many cases a simple linear hyperplance is 
unable to perfectly separate the data as described. 
In this case, instead of adapting the shape of the 
hyperplane, the original data are transformed 
(using kernels) in such a way that linear separation 
using a simple hyperplane is possible – this is 
known as the kernel trick. The most popular and 
widely used kernel in practice is the Gaussian or 
radial basis function kernel, 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp (−𝛾|𝑥𝑖 − 𝑥𝑗|
2

) , (9) 

and is the one which is utilised in this study. 
If perfect linear separation is still not possible 

after the transformation is applied, then data are 
permitted to fall on the wrong side of the 
hyperplance, but such instances are penalised and 
the hyperplance is chosen to minimise the penalty 
incurred and thus optimise the separation of classes. 

4.2.4 Classification trees 
A classification tree is a predictive method which 
recursively splits the predictor space into distinct 
regions, with each region being allocated predicted 
value or outcome for the response, 𝑦̂𝑐. The splits are 
made by selecting the variable and splitting value 
combination at each step, which optimises some 
loss function, 𝐿(𝑦𝑐 , 𝑦̂𝑐). In particular, a loss function 
commonly used in this application is the Gini 
impurity, defined by Equation 10: 

∑ 1 − 𝑝𝑐
2,

𝐶

𝑐=1

 (10) 
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where 𝑝𝑐  is the relative frequency of the outcome 
category 𝑐 ∈ 1, … , 𝐶. 

A bootstrap aggregated (or bagged) class-
ification tree, BCT, is an algorithm that incorporates 
a bootstrapping method to boost the performance 
of the results obtained from a single classification 
tree. This algorithm was first introduced by 
Breiman (1996) and is considered one of the 
simplest techniques that can be used to boost a 
model’s performance (Lemmens and Croux, 2006). 

Consider a classification tree 𝑓(𝑋), which can be 
considered a process by which values of the 
predictor variables 𝑋 are converted to a predicted 
outcome 𝑦̂. For each data set (𝑋, 𝑦), a single 
classification tree can be constructed for prediction 
purposes. In order to augment this, 𝐵 bootstrap 
samples of the (𝑋, 𝑦), denoted (𝑋(𝑏)

∗ , 𝑦(𝑏)
∗ ), 𝑏 =

1, … , 𝐵 can be created through random sampling, 
with replacement, from (𝑋, 𝑦). In so doing, 𝐵 
distinct classification trees, 𝑓(𝑏)(𝑋) 𝑏 = 1, … , 𝐵, can 
be created, each resulting in a prediction for the 
response variable, 𝑦̂(𝑏) 𝑏 = 1, … , 𝐵. 

The bagging approach then simply creates an 
estimator for the response variable by aggregating 
the individual predictions 𝑦̂(𝑏), 𝑏 = 1, … , 𝐵 into a 
single predictor as the most prevalent outcome 
within these predictions. 

Specific shortcomings of this approach are 
addressed through the use of random forests, and 
boosting methods, which control for the tree 
complexity, such as the extreme gradient boosted 
(XGBoost) tree classification algorithm developed 
by Chen and Guestrin (2016) and the adaptive 
boosting model (AdaBoost) developed by Freund 
and Schapire (1997). Depending on the data set and 
specific problem being addressed, these boosting 
methods may not provide significant improvements 
over the standard bagging approach. 

4.3 Assessment metrics 
Assessments of classification algorithms, like those 
indicated in the previous sections, are often based 
on a confusion matrix which helps to visualise and 
summarise the predictions (Singh et al., 2021). The 
specific confusion matrix for the present study is 
provided in Table 2. 

Table 2: Confusion matrix representation for the 
classification of outliers. 

Prediction Outlier Normal 

Outlier TP (true positive) FP (false positive) 

Normal FN (false negative) TN (true negative) 

 
From Table 2 it can be seen that observations 

which fall into the 𝑇𝑃 and 𝐹𝑃 cells represent correct 
 

 classifications of outliers and normal observations, 
respectively. Similarly, the 𝐹𝑁 and 𝐹𝑃 cells 
represent incorrect classifications of actual outlying 
and normal observations, respectively. From these 
outcomes traditional assessment metrics such as 
the accuracy, sensitivity, specificity, precision, 
balanced accuracy and Matthews correlation 
coefficient (MCC) can be defined. 

The accuracy is defined as the proportion of all 
predictions which were correct. This is calculated 
by Equation 11. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
. (11) 

The sensitivity indicates the proportion of true 
outliers that were correctly classified. This is 
calculated by Equation 12. 

Sensitivity =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
. (12) 

The specificity indicates the proportion of true 
normal observations that were correctly classified. 
This is calculated by Equation 13. 

Specificity =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
. (13) 

The precision indicates the proportion of 
predicted outliers that were truly outliers. This is 
calculated by Equation 14. 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
. (14) 

The negative predictive value (𝑁𝑃𝑉) indicates 
the proportion of predicted normal observations 
that were correct. This is calculated by Equation 15. 

𝑁𝑃𝑉 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑁
. (15) 

The balanced accuracy, an extension of the 
accuracy, allows for the assessment of accuracy in 
unbalanced datasets. These are datasets for which 
one class makes up the (usually vast) majority of 
the observations. The balanced accuracy is 
calculated as the arithmetic mean of sensitivity and 
specificity by Equation 16. 

Balanced Accuracy =
Sensitivity + Specificity

2
. 

 (16) 

All of the above metrics range from 0 to 1, with 
values closer to 1 indicating better performance. 
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The 𝑀𝐶𝐶 is also a preferred method in the case 
of imbalanced data (Chicco and Jurman, 2020) and 
is defined by Equation 17.  

 (17) 

Similar to the traditional correlation coefficient, 
the MCC ranges between -1 and 1. Values closer to 
1 indicate that both classes are being predicted well. 

These measures will be used to assess the 
suitability of the various methods for the 
classification of outliers in the current application 
and make a suggestion regarding the preferred 
method for use in the field. 

All analysis for this study was performed using 
R 4.0.3 (R Core Team, 2020) using the ruta (Charte 
et al., 2019), dbscan (Hahsler et al., 2019), and caret 
(Kuhn, 2020) packages. 

5. Results 

This section summarises the results for the LOF, 
SAURAN flags, 𝑘NN, naïve Bayes and classification 
tree methods for the purpose of outlier detection in 
solar resource data. As discussed, simulated data 
sets containing a different proportion of outliers 
(5%, 10%, 20%, 30%, 50%) were used for training 
and testing the methods. Based on the comparisons 
of these proposed methods, as well as other 
computational considerations, the identification 
and suggestion of the most appropriate method for 
this application is proposed. The section concludes 
with a case study for solar resource data collected 
in the Gqeberha region, South Africa, making use of 
the identified and proposed method from the 
simulation study. 

5.1 Simulation study 
To assess the effect on the classification ability each 
of the methods caused by the proportion of outliers 
present in the simulated data, the MCC metric is 
used. The MCC values were calculated and 
aggregated for each of the the four seasons and split 
according to the outlier prevalence. These cross-
validated results are provided in Table 3. 

From Table 3 the MCC values suggest that there 
is little change in prediction capability across the 
different prevalences of outliers in the simulated 
data. This suggests the quantity of outliers in the 
data does not have a meaningful impact on 
performance of any of the models. 

The traditional methods, LOF and SAURAN flags, 
perform poorly at the classification task. These 
methods are outperformed, according to this 
metric, by all but one of the statistical learning 
methods. The SVC approach performed particularly 
poorly at this task compared to the remaining 
statistical learning methods. While it does appear to 
improve with an increase in outlier prevalence, it 
still does not outperform the SAURAN flags 
approach.  

Most prominent, however, is the performance of 
the tree-based methods, namely BCT, XGBoost, and 
AdaBoost. These methods achieve MCC near 1 
(indicating perfect classification results) in all the 
simulated scenarios. It is clear that the tree based 
methods are far superior to the other approaches 
for this task.  

To explore the results further, the investigation 
now focuses on the individual performances of the 
methods by considering the the balanced accuracy, 
sensitivity, specificity, precision, and NPV measures 
averaged over all the seasons. These results are 
provided in Table 4. 

 
Table 3: MCC values for each method for each level of outlier prevalence 

Method 5% 10% 20% 30% 50% 

LOF 0.2242 0.1499 0.1194 0.1593 0.1603 

SAURAN flags 0.4279 0.4182 0.4225 0.4062 0.4295 

kNN 0.599 0.6216 0.6743 0.6533 0.7466 

Naïve Bayes 0.819 0.7985 0.8045 0.7984 0.8032 

SVC 0.1671 0.2243 0.2861 0.2901 0.4223 

BCT 0.9821 0.9865 0.9903 0.9884 0.9946 

XGBoost 0.9848 0.9854 0.9892 0.9908 0.9962 

AdaBoost 0.9839 0.9868 0.9896 0.9916 0.9971 

 
 

 
 

𝑀𝐶𝐶 =
𝑇𝑃 ⋅ 𝑇𝑁 − 𝐹𝑃 ⋅ 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃) ⋅ (𝑇𝑃 + 𝐹𝑁) ⋅ (𝑇𝑁 + 𝐹𝑃) ⋅ (𝑇𝑁 + 𝐹𝑁)
. 
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Table 4: Assessment of the classification ability and suitability of all algorithms and methods 

Method 
Balanced 
accuracy Sensitivity Specificity Precision 𝑁𝑃𝑉 

LOF 0.5233 0.0519 0.9942 0.9407 0.7904 

SAURAN flags 0.6118 0.2236 1.0000 1.0000 0.8218 

kNN 0.7922 0.6003 0.9842 0.8496 0.9016 

Naïve Bayes 0.8523 0.7047 1.0000 1.0000 0.9230 

SVC 0.6006 0.2390 0.9622 0.5776 0.8229 

BCT 0.9945 0.9902 0.9987 0.9901 0.9975 

XGBoost 0.9947 0.9907 0.9988 0.9913 0.9978 

AdaBoost 0.9954 0.9921 0.9987 0.9907 0.9982 

 
Table 5: Run times for training the BCT and XGBoost methods 

 Summer Autumn Winter Spring Average 

BCT 0.6529 0.6193 0.5629 0.6449 0.6200 

XGBoost 5.4876 5.0117 4.7966 5.4310 5.1817 

AdaBoost 43.6135 35.3874 28.7824 40.8657 37.1623 

The results presented in Table 4 reinforce the 
findings shown in the MCC assessment. 

The LOF method achieves a balanced accuracy 
of only 0.5233. This is largely due to a poor 
sensitivity score of 0.0519. This indicates that the 
LOF has difficulty identifying outliers, and tends to 
classify observations as normal in most 
circumstances. When a outlier is identified, 
however, it tends to be correct, but not enough of 
these predictions are made to consider this method 
to be appropriate for the task. The SAURAN flags 
and SVC method exhibit similar findings and 
performances and display a slightly better ability to 
identify outliers than the LOF. The SAURAN net-
work currently utilises these flags to identify errors 
and correct quality in ground-measured data. These 
results show that around 78% of simulated outliers 
are not identified using this approach and high-
lights the need for a more robust and accurate 
method. 

The results show that out of the six statistical 
learning based classification approaches tested, the 
kNN method performs the worst, while still 
achieving a balanced accuracy of almost 80%. As 
with the traditional methods, the kNN method 
performs worst in its ability to identify outliers. A 
sensitivity of 0.6003 indicates that approximately 
40% of the simulated outliers are not identified. 
Also, the precision vcalue indicates that if an outlier 
is identified by the kNN method it is only correct 
around 85% of the time. The naïve Bayes algorithm 
outperforms the kNN method in all metrics and, un- 

like the kNN ethods, when a outlier is identified by 
the method it is 100% accurate. The drawback is in 
that this method only identifies around 70% of the 
outliers. 

The tree-based methods, BCT, XGBoost and 
AdaBoost, outperform all other methods by a 
considerable margin in every metric. There is little 
to distinguish between the methods, with all 
achieving values greater than 0.99 for all metrics. 
The AdaBoost method tends to slightly outperform 
the other methods, albeit not in all metrics. These 
results reiterate the findings shown using the MCC 
metric, and show that these methods have little 
problem distinguishing between outliers and 
normal observations. 

In order to propose a preferred method between 
the BCT, XGBoost, and AdaBoost algorithms for this 
application, the computational aspects of the 
methods are considered. The XGBoost and Ada-
Boost methods are, by design, significantly more 
complex than the BCT algorithm, and this may have 
an impact on the ability to implement these 
techniques in practice. As such, the training run-
times (in minutes) for these models is provided, for 
each season, in Table 5. 

Taking the computation times into con-
sideration, it is evident that the BCT algorithm 
exhibits considerably faster training times than the 
XGBoost and AdaBoost methods, while achieving 
very similar results. It is for this reason that that the 
BCT algorithm trained using this process be used in 
a practical setting. 
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5.2 Case study 
The case study used the trained BCT classification 
model to identify potential outliers on a data set 
collected at Nelson Mandela University. For this 
assessment, hourly observations on the variables 
GHI, DNI, DHI and temperature were obtained for 
the period of 10 December 2015 to 27 April 2021. 

The BCT models trained for each season in the 
simulation study above, were used to predict 
outliers for the real data collected at the site. The 
results of the BCT classification for the summer 
season are presented for the DNI, DHI and GHI 
variables plotted against temperature in Figures 1, 
2, and 3 respectively. 

Figure 1: Plot of DNI against temperature with BCT outlier predictions for the Gqeberha region, 

South Africa (Summer) 

Figure 2: Plot of DHI against temperature with BCT outlier predictions for the Gqeberha region, 

South Africa (Summer) 
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Figure 3: Plot of GHI against temperature with BCT outlier predictions for the Gqeberha region, 

South Africa (Summer) 

Table 6: Approximate accuracy of BCT predictions on case study data 

 Summer Autumn Winter Spring 

BCT predicted outlier prevalence (Gqeberha) 34% 32% 19% 31% 

Comparable simulated prevalence 30% 30% 20% 30% 

Approximate balanced accuracy of predictions 0.9959 0.9965 0.9944 0.9944 

 

Figures 1, 2 and 3 indicate that the trained BCT 
classifier consistently and correctly classifies 
extreme temperature observations as outliers. This 
is evidenced by observing the classification of 
observations with temperature values greater than 
60℃. This temperature value has never been 
recorded in the Gqeberha region, and demonstrates 
that the BCT classifier is able to identify obvious 
outliers. 

Also evident in the figures is that the trained 
BCT classifier also identifies outliers within the 
cluster of normal observations. These should not be 
considered as misclassifications, but are more likely 
correctly identified as outliers owing to the time of 
day at which they were observed. As mentioned, a 
GHI value of 1000 W/m2 will likely be an outlier at 
06h00 but not necessarily at 12h00. Since time is 
not indicated on these plots, this is not immediately 
evident. 

From Figure 1 and Figure 2 it is observed that 
the observations which have extreme irradiance 
values are identified as being outliers. This is 
especially apparent when considering Figure 1 

where several extreme DNI values are labelled as 
outliers. This is expected since these observations 
far exceed 1000 W/m2 an approximate upper limit 
of this measure. 

As the case study data is unlabelled, it is 
impossible to identify the true accuracy of the 
trained BCT model in predicting outliers in this 
case. However, approximations of the accuracies 
can be established through appropriate com-
parisons to the simulations study. Table 6 
summarises the prevalence of predicted outliers 
returned by the trained BCT model for the case 
study. The percentages are compared to the 
simulated test set percentages to allow for an 
approximation of the balanced accuracy of the 
classifications. From these results it is apparent that 
a balanced accuracy exceeding 99% is expected 
from the predictions. 

6. Discussion 

Identifying outliers in real world ground-measured 
data can be difficult. The main reason for this is that 
outliers are unlabelled and unknown, which 
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preclude them from typical supervised learning 
approaches. That is, in typical supervised 
classification tasks the outcome is known – and can 
be verified – but outliers in ground-measured solar 
resource data are not. Outside of values which are 
physically impossible (e.g. those that are identified 
using the SAURAN flags), outliers within otherwise 
normal data are often missed. This study introduces 
simulated outlier data into acquired clean resource 
data, specific to a given location, and fits a 
supervised classification model to detect these 
outliers. The trained model can now be used to 
identify outliers in unlabelled real world data. 

The results of the case study demonstrate that, 
although the models are fitted to artificial simulated 
data, they remain effective in detecting outliers in 
real world situations. Even in situations where the 
outlying data are unlike the simulated data (e.g. in 
the case of the temperature measurements being 
above 60 degrees Celsius or DNI values above 1000 
W/m2) the model was able to accurately detect 
these. As such, the fitted classification model 
accounts for situational and physical outliers with a 
high degree of accuracy.  

Such a fitted model would be able to be used for 
many solar installations with similar solar resource 
and geographical characteristics. In cases where 
significant disparity exists between the physical 
and geographical characteristics of the modelled 
and measured data, the two-step approach of 
outlier simulation and model fitting using tree-
based models, as proposed in this study, is shown 
to be an effective means to accurately detect 
outliers in real world use cases. 

A barrier to implementing this approach on a 
large scale is that synthetic resource data is 
required (eg: Meteonorm) and is often not open 
sourced. However, practioners and researchers in 
this field typically have access to this type of data 
and would be able to use the methodology proposed.  

7. Conclusion  

Collection of ground-based solar resource data at 
an installation site is important for the main-
tenance, administration and potential further 
development of a site. Unlike synthetic data 
generated from a software-based solution source, 
the ground-based data provides a true reflection of 
the solar potential of the site. This data however, is 
not without its own limitations. The data is 
collected directly from sensors and passed through 
systems that all can introduce erroneous readings 
from time to time. This can be from malfunctions of 
the sensors, or even errors in the reading and 
recording systems. These outliers can have a 
considerable effect on the assessment of the 
resource available at a solar installation. The 
accurate detection of these outliers is, therefore, an 

important step to take in the assessment of the data 
that is recorded.  

This study proposed and validated a two step 
approach which allows for the development of an 
statistical classification of outliers through first 
simulating outlier data and adding it to synthetic 
software-based data for a site and then fitting a 
classification model to the resulting outlier-infused 
synthetic data. Such a model could easily be setup 
within the data pipeline at a solar installation site 
and trigger an alarm when outliers are detected.  

The study found that the most typical and 
currently used measures to flag outlying data, that 
is the LOF and SAURAN flags, have been shown to 
miss many of the simulated outliers. The LOF 
performs particularly poorly, while the SAURAN 
flags identify data that are physically impossible, 
but fail in more nuanced situations where the 
readings were, for example, the time of day would 
preclude the possibility of a particular mea-
surement.  

Of the statistical classification methods that 
were investigated, the tree-based algorithms 
performed very well for the identification of 
outliers, achieving accuracies in excess of 99%. It is 
believed that any additional methods considered 
would only introduce marginal gains, typically at 
the expense of speed, and incur considerably more 
computational resources. It is for this reason that 
BCT method, as used in this study, is recommended 
as the most suitable for the identification of outliers 
in the proposed two-step solution. Using the 
proposed method, it has been shown that over 99% 
of outliers in ground-measured solar resource data 
can be detected in close to real time, should this 
approach be implemented as part of a data 
validation step in the data flow at a solar 
installation. 

For future studies, alternative outlier simulation 
approaches could be introduced along with the 
utilisation of other statistical methods as kernal 
ridge regression or machine learning approaches 
such as neural networks for comparison with the 
current results. In addition, a three-stage approach 
utilising both unsupervised and supervised 
learning methods could be used to better assess the 
underlying resource data. For example, a clustering 
step could be introduced prior to the classification 
step in the proposed method. The clustered data 
may provide more detail for assessing the solar 
resource data and thus provide a practioner with 
additional insight into the data. 
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