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Here we present a method for parameterizing an automatic algorithm that detects
erroneous solar radiation data. This report is a direct follow-up to the paper
written by Long and Shi[1] who presented equations to determine outliers. This
study is in line with the standards set by the World Meteorological Organization
(WMO) Baseline Surface Radiation Network (BSRN) which provides verification
and labeling of surface solar data measured by certain stations. In addition to the
physical limits provided by the WMO, we are here working to provide a suitable
method for all the stations wanting to be part of the BSRN, in order to refine
their quality control with more restrictive limits using the history of their data

and therefore the characteristics of said stations.
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1. INTRODUCTION

1.1. Principle of quality control

This study is a logical follow-up to Long and Shi’s
article on the labeling of BSRN data. In order to
evaluate the quality of the data sets, each measurement
is flagged with a value that informs about the possibility
that it is an error. The higher the value, the more likely
it is that the measurement is an error. Here is a resume
of the flag values attributed to the data elements :

Flag Value Type test
5-6 Global Physical Limits (PP)
3-4 User configurable 2nd level (UC2)
1-2 User configurable 1st level tests (UC1)

These values can be attributed to different controls
that are numbered and that take into account different
variables. Sometimes several variables are involved
in the same control in order to consider physical
parameters and to help eliminate certain data. Here
are some Quality Control (QC) used in our study :

QC Variables considered limits
QC1 Global flow (GHI) (PP) Top limit
QC2 Diffuse flow (DHI) Top limit
QC3 Direct flow Top limit
QC5 Long Wave (LW) downward flow Top/Bottom limit
QC10 LW downward flow/Temperature Top/Bottom limit

It should be noted that in our study, there are not
all of the QCs presented in Long and Shi’s article. This
is due to data retrieved from our station : only one
temperature measurement is kept. Thus, there is no
QC related to the comparison between the different
temperatures measured by the instruments. Here is the
list of the variables used at the head of dataframes in
this work :

• Date and time

• Global flow

• Diffuse flow

• Direct flow

• LW downward flow

• Temperature

1.2. Quality control equations

To give a value reflecting the quality of each element,
Long and Shi use equations that provide limits beyond
which the measurements are considered to be erroneous.
Each QC is linked to an equation. Here are the
equations of QC1 :

2nd level :

Sa ×D1 × µ1.2
0 + 55W.m−2 (1)

1st level :

Sa × C1 × µ1.2
0 + 50W.m−2 (2)
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Physical limits :

Sa × 1.5× µ1.2
0 + 100W.m−2 (3)

with SZA the solar zenith angle, µ0 the cosinus of
SZA, Sa the solar constant (1368W.m−2 ) and C1 and
D1 the coefficients of the equations.

As one can see, the first and second level equations
have a coefficient characterizing its limit, whereas the
physical limits are defined by fixed equations. Indeed,
the physical limits given by the BSRN are rather broad
controls applicable to all stations to eliminate obvious
outliers. Conversely, first and second level limits can be
configured for each station by adjusting the coefficients
of the equations. This adjustment will then depend
on the characteristics of each station, which can be
found in the data history. Below, one can see the
curves corresponding to the equations as well as the
measurement points that are approximately within the
limits :

FIGURE 1. QC1 curves and data

It can be noted that there is almost no data above the
physical limits and little above the level 2 limit. The
limits of both levels 1 and 2 are much more restrictive
than the BSRN limit. The points between the level 1
and level 2 limits must be rechecked by hand. The rest
of the equations, their corresponding coefficients and
their associated curves are presented in Appendix A.
The question which arises now is the following : how
can one determine these coefficients ?
Apparently there is no precise method or approach to be
followed to determine the coefficients of a given station.
This is the problem that is tackled here. The aim is
to find a method or a process that could apply to any
station with historical data and that could provide the
first and second level coefficients.

2. DETERMINATION OF THE COEFFI-
CIENTS

2.1. Search for outliers

2.1.1. Outlier definition
In order to determine the coefficients for a particular
station the first thing that comes to mind is to select
the outliers. One may then wonder what an outlier is.
Initially, an outlier is a data that does not seem possible
nor right. However, it is impossible to know for sure
that a value is an outlier, for some rare events can lead
to uncommon measurements that would usually seem
strange but are not wrong. But it is impossible to know
exactly all the physical and technological effects that
lead to certain measurements and therefore to know if
these elements actually are outliers. Thus, it is crucial
to define an outlier in terms of the dataset and the
related statistics.
In statistics, an outlier is a data point that differs
significantly from other observations. It is therefore an
isolated point, a ”rare” point in a way.
Using this definition, one can try to determine the
outliers of a data set. Several algorithms exist today
to classify outliers. Among these, some are based on
machine learning. Without going into detail, here are
some outlier detection algorithms : Interquentile Range
(IQR) which eliminates the points outside a certain
interval generated by the quantiles, Z score [2] which
looks at the standard deviations and Isolation forest or
DBS clustering which are based on machine learning [3].
This list is not exhaustive. For instance, another tool is
being used in this study : the kernel density estimation
(KDE).

2.1.2. Gaussian KDE principle

FIGURE 2. Example of density curve and histogram - 2D,
Graphic from machinelearningmastery

Statistically speaking, KDE is a method to estimate
the probability density of a random variable. It is
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based on samples of a statistical population and allows
to estimate the density at any point. This method
provides a continuous curve with information similar to
a histogram (Figure 2). Here is the formula to calculate
it :

fh(x) =
1

Nh
×

N∑
i=1

x− xi
h

(4)

with K the kernel. Often, K is chosen as the density
of a standard Gaussian function, which is what we use
here :

K(x) =
1√
2π
× e

−x2

2 (5)

Finally, the density curve is the sum of the gaussian
functions at the different points, as shown in the graphic
below :

FIGURE 3. Sum of Gaussian curves, Graphic from
Wikipedia

h is called the bandwidth. It is an important
parameter which represents the degree of smoothness of
the curve. A bandwidth that is too large does not give
enough information by not distinguishing the points
well enough. On the other hand, a bandwidth that
is too small gives points with a low density because
they are isolated from each other. It must therefore
be selected carefully. There are many methods of
bandwidth selection depending on the shape of the data.
For example, for datasets with normal or unimodal
distributions, Scott’s or Silverman’s [4] methods are
effective and widely used.
Here, a Gaussian KDE is used to determine which
measurements of a station dataset have the lowest
density and, consequently, are outliers. Nevertheless,
to have an accurate selection of outliers, it is necessary
to define a density threshold below which points are
considered too isolated to be valid. This threshold
has to be an arbitrary decision that may depend on
several factors : the percentage of points that must
be eliminated, an error ratio calculated in relation to
probabilities linked to the climate or the instruments,
etc. On Figure 4, for example, where the color of each
dot represents the logarithm of its density, one can think
that the threshold selection could be between -14.5 and
-18. The threshold can then be chosen a bit by guessing
or according to more precise criteria such as the ratio
of points eliminated by the different thresholds. It is
important to note that it is the logarithm of the KDE
that is represented on this graph. Likewise, for the rest
of the study, in particular for the choice of the threshold,
it is the logarithm that will be considered.

FIGURE 4. Gaussian KDE for Global flow data

Once the threshold is chosen, the set of points
considered as outliers is known. The goal is
then to present a method to obtain the coefficients
corresponding to the boundary that best separates these
points from the global dataset.

2.2. Identification of coefficients

To find the most suitable coefficient, the idea is to
try a number of them to see which one sorts the data
best. The same process is used in machine learning
with supervised learning. We have labeled data and we
try different parameters to see which ones are the most
adapted to achieve the desired labeling. To evaluate the
performances of these different parameters, indicators,
called scores, are used. The best known is simply
the ”accuracy”, i.e. the number of correctly identified
elements out of the total number:

accuracy =
TP + TN

TP + TN + FP + FN
(6)

where TP, TN, FP and FN represent True Positive,
True Negative, False Positive, False Negative respec-
tively.

In the case of this study, for example, positive labels
are assigned to outliers. However, the accuracy is not
a score that can be used to choose the coefficients.
Indeed, the data set is very unbalanced by definition
of outliers which are isolated and rare points. The
accuracy will therefore always be excellent and does
not provide a good representation of the performance of
the coefficients here. Thus, in the case of an unbalanced
dataset and depending on what is desired, other metrics
should be considered :

precision =
TP

TP + FP
(7)
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recall =
TP

TP + FN
(8)

The precision score evaluates the quantity of correctly
identified positives, in order to identify the positives
in the best way possible without making too many
mistakes. The recall allows to check how many positives
have been found. It is often used when making
sure all the positives were found (detection of diseases
for example). To realize a performance making a
compromise between these two qualities, we use their
harmonic mean :

F1score = 2× precision× recall
precision+ recall

(9)

This metric is used to evaluate the best coefficients
to take for a QC. Finally, we try a range of coefficients
and keep the one that has the best F1-score relatively to
the data, which was labeled according to the threshold
chosen for the Gaussian KDE (1 for outlier and 0 for
other points for example).
A method can now be implemented for different BSRN
stations to find the most suitable coefficients for their
data.

2.3. A method for BSRN stations

The global method and the tools developed to achieve
it are presented here. However, each station can refine
it as it wishes and continue to develop tools. This is
not an exhaustive method.
Here, one considers a station with raw historical data
that will be used to determine the coefficients. The
method is described below step by step :

1. Choice of the QC and the level studied

2. Computation of the Gaussian KDE on the data set

3. Choice of density threshold for outliers

4. Test of a range of coefficients and calculation of
their score

5. Selection of the best coefficient

Steps can be added if more in-depth and station-
specific works are to be established. For example,
before calculating the density, a station can check the
normality or unimodality of the data to be sure that
the bandwidth that is used is valid. Also, even if the
coefficients are known to be within a certain range, that
range could be restricted if it does not contain it.
In order to apply this method, several tools have been
developed. They are described in Appendix B. To
summarize, there is a general tool that can easily be
applied to a station and more refined tools to study the
coefficients and their effects on the selected data. All of
it is accessible through a python library called pybsrnqc.

3. APPLICATION TO THE REUNION IS-
LAND, UNIVERSITY STATION

To illustrate the method, its application to the Reunion
Island station, located at the University of Moufia in
Saint-Denis, is presented here. In this example, the
focus is made on the second level of the QC1 which only
controls the global flow (called global2 avg). The results
are based on a dataset representing the year 2020.

3.1. Data characteristics (optional)

As a first step, a preliminary study of the ”shape” of the
data can be performed. For example, Figure 5 displays
the data elements on a simple 2D graph, according to
the zenith angle and the flow value.

FIGURE 5. Global flow data over the year 2020 - 2D

However, this representation does not allow to
observe correctly the distribution of the data. For that,
it is then useful to generate the 3D histogram of the
data, as can be seen in Figure 6. On the two horizontal
axes are the zenith angle and the value of the flow. The
height of the columns represents the number of elements
in a point.

The histogram presented here shows that the dataset
does have the unimodal characteristic with a single
peak. One can therefore use the classic methods of
bandwith selection.

3.2. KDE computation

The result of the Gaussian KDE calculation is shown in
Figure 7 below:

The color allows to visualize the density of the
different points and therefore their location. For
example, here the highest density is on a line that starts
from the bottom right of the graph and goes up to
1000W.m−2. One can see that the same information as
in the histogram is found about the distribution of data.
In Figures 8 and 9 one can see the density calculated
over a year but on a daily scale, as a function of time
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FIGURE 6. Global flow histogram over the year 2020 -
3D

FIGURE 7. Global flow Gaussian KDE computed over
2020

and SZA. The blue points are indeed a little out of the
continuity of the curve created by the red points.

Once the KDE is obtained, an outlier boundary
threshold must be chosen. This can be done roughly.
Here, -15 could be chosen for example. However, it is
also possible to make a more detailed study by looking
at various indicators.

3.3. Indicators according to the limits (op-
tional)

In order to visualize the effect of the limits imposed in
the quality control, several indicators can be used. The

FIGURE 8. Global flow Gaussian KDE zoomed on a day

FIGURE 9. Global flow Gaussian KDE zoomed on a day

first and most intuitive one is obviously the number of
data that will be lost because of these limits. Indeed,
it is important to be sure that not too much data is
being deleted. It can also be interesting to display the
mean, sum or standard deviation of the density of the
points outside the limits according to the coefficients.
This gives a visualization of the effects of the coefficients
on the data. These different indicators are plotted on
Figure 10, we notice that the number of eliminated
points is put as a function of the coefficients but we
could have chosen the density threshold also on the
abcissa.

One can notice that around a coefficient value of
0.8, the number of points outside the limit decreases
to an insignificant number compared to the number
of measurements, which is quite logical since a larger
coefficient makes the curve ”go up” and thus eliminates
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FIGURE 10. Indicators of the effects of the limits

less elements.
Similarly, the average density decreases with the

increase of the coefficient. Figure 11 represents the
plot of the limit for 3 different coefficients. When the
coefficient is at 0 the curve is almost flat and on the
contrary, it is very high above 1.2.

FIGURE 11. Limits corresponding to three coefficients

Finally, the standard deviation curve can be
understood thanks to the fact that there are points of
both very low and very high densities if most of the
points get eliminated. By increasing the coefficient, the
density gap is reduced but this effect is only present
when the coefficient is really high. Indeed, in the middle
the standard deviation oscillates because of the varying
densities.

3.4. Best coefficient selection

Once the threshold has been chosen and the outliers
determined, different coefficients are tried and their
scores are compared. The table on Figure 12 presents
the scores obtained for coefficient values between 0 and
1.2 in steps of 0.1. The threshold chosen was -15 here.

FIGURE 12. Score of several coefficients for QC1 2nd
level

The analysis of this table shows that the accuracy
score is not a good indicator : the higher the coeffient
is, the higher the accuracy is, as there are very few
outliers. Thus, the F1-score on the last column is the
score considered to select the best coefficient. In this
table, the coefficient with the highest score was finally
1.09, which corresponding limit is plotted in Figure 13,
for a F1-score of 0.427. This score is not very high
because of the rare outliers that can exist at the bottom
left of the KDE graph. In fact, these points cannot be
rejected by the Long and Shi curves.

FIGURE 13. Limit curve for QC1 2nd level best
coefficientl

The method presented in the second part has been
shown on this particular example but the same process
applies for the other QCs and on the first level. It is
just necessary to take into account that some QCs have
several coefficients per level because of a lower limit in
addition to the upper limit.

Density graphs for the other QCs are presented in
Appendix C. In addition, the coefficients obtained with
this method for the University of the Reunion station
are presented in the table in Appendix D.
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4. CONCLUSIONS

The goal of this project was to implement a method to
find the user-configurable coefficients of the Long and
Shi equations. This method is based on a statistical
determination of outliers using the Gaussian density.
It can also be substantially deepened by the users by
studying the characteristics of the dataset. Here, the
method was applied to the coefficient of the second
level of QC1, which only considers the global flow,
but it could be applied interchangeably to other QC’s.
Python tools have been developed so that stations
wishing to perform a BSRN check can easily use the
process on their data. However, for the moment these
tools do not take all the QCs presented in the Long
and Shi article into account, but only the main ones.
An improvement could therefore be made in the future.

Moreover, this method has some limits. First,
it keeps an arbitrary aspect with the choice of
the threshold. Indeed, as one does not have the
necessary information to know for sure the outliers,
the intervention of a decision seems inevitable. Thus,
there is no unique way to control the data but a
multitude of methods : one has been selected here
and has advantages but there may be another one that
works quite as well. Secondly, following the Long and
Shi equations and looking for the right coefficients is
a self-imposed contingent constraint. In fact, some
points that could be considered as outliers are located
in areas that are not taken into account by the Long
and Shi equations. It could then be interesting to
simply develop outlier classification algorithms without
using the equations. The project remains open to
development.
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APPENDIX A. QC EQUATIONS

Here are the QC and the linked equations used in this
study. The corresponding limit curves for each equation
are also given.

QC1 - Global flow - (W.m−2)
2nd level : Sa ×D1 × µ1.2

0 + 55
1rst level : Sa × C1 × µ1.2

0 + 50
Physical limits : Sa × 1.5× µ1.2

0 + 100

QC2 - Diffuse flow - (W.m−2)
2nd level : Sa ×D2 × µ1.2

0 + 35
1rst level : Sa × C2 × µ1.2

0 + 30
Physical limits : Sa × 0.95× µ1.2

0 + 50

QC3 - Direct flow - (W.m−2)
2nd level : Sa ×D3 × µ1.2

0 + 15
1rst level : Sa × C3 × µ1.2

0 + 10
Physical limits : Sa

QC5 - LW downward flow - (W.m−2)
2nd level max : D6

2nd level min : D5

1rst level max : C6

1rst level min: C5

Physical limits max : 700
Physical limits min : 40

QC10 - LW Downward flow and temperature
(W.m−2)

2nd level max : σ × T 4
a +D12

2nd level min : D11 × σ × T 4
a

1rst level max : σ × T 4
a +D11

1rst level min: C11 × σ × T 4
a

Physical limits max : 700
Physical limits min : 40

FIGURE A.1. QC1 limit curves
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FIGURE A.2. QC2 limit curves

FIGURE A.3. QC3 limit curves

FIGURE A.4. QC5 limit curves

free

FIGURE A.5. QC10 limit curves

APPENDIX B. DEVELOPED TOOLS

In this appendix, we present very quickly the tools
developed in the framework of this research. However,
for more information, it is best to install the pybsrnqc
module and go to the pages:

• Pypi : https://pypi.org/project/pybsrnqc/

• Github : https://github.com/LE2P/PyBsrnQC

This module allows you to study the data and the
limits given by the coefficients thanks to visualization
and calculation tools.
It provides an interactive algorithm, called by compute
that allows to perform the method presented in this
article on the data of a station arranged in a folder.
When the user launches the algorithm, he is asked to
choose the QC and the level he wants to study, then
after displaying the KDE density graph, the threshold
and the number of coefficients he wants to try.

It also contains all the functions, in a simple form,
that were used to perform this study. The user can plot
the histogram, select the bandwith selection method or
plot the various indicators.

APPENDIX C. KDE DENSITY GRAPHS

APPENDIX D. SET OF COEFFICIENTS
FOR THE REUNION IS-
LAND STATION

QCs 1st level 2nd level
QC1 C1 = 0.96 D1 = 1.09
QC2 C2 = 0.52 D2 = 0.6
QC3 C3 = 0.76 D3 = 0.8

QC5 min C5 = 315 D5 = 308
QC5 max C6 = 450 D6 = 457
QC10 min C11 = 0.73 D11 = 0.70
QC10 max C12 = 0.2 D12 = 3.3
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FIGURE C.1. Global flow KDE graph

FIGURE C.2. Diffuse flow KDE graph
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FIGURE C.3. Direct flow KDE graph

FIGURE C.4. LW Downward flow KDE graph

FIGURE C.5. LW Downward flow and temperature KDE
graph
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