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To secure competitive financing for a solar energy gen-
eration project, the economic risk associated with inter-
annual solar resource variability must be quantified. One
way to quantify this risk is to calculate exceedance probabil-
ities representing the amount of energy expected to be pro-
duced by a plant. Many years of solar radiation and metere-
ological data are required to determine these values, often
called P50 or P90 values for the level of certainty they repre-
sent. This paper describes the two methods implemented in
the National Renewable Energy Laboratory’s System Advi-
sor Model (SAM) to calculate P50 and P90 exceedance prob-
abilities for solar energy projects. The methodology and sup-
porting data sets are applicable to photovoltaic, solar water
heating, and concentrating solar power (CSP) systems.

1 Introduction

The economic value of a solar energy generating facility
depends on the availability of the solar resource. The so-
lar radiation, and to a lesser extent, temperature, humidity,
atmospheric pressure, and wind speed determine the timing
and quantity of energy the facility generates. Weather-related
events such as passing clouds or storms introduce resource
variability at short time scales, and larger-scale events such
as volcanic eruptions and climate cycles introduce variabil-
ity on larger, inter-annual time scales. In their assessment of
the value of a solar energy project, financial institutions use
statistical methods to determine the likelihood that a power
plant will generate a certain amount of energy in any given
year over the plant’s 20- to 30-year life.

Exceedance probabilities have been widely used in the
wind industry to describe the probability that a particular lo-
cation will experience sufficient wind speeds for a proposed

wind farm to be financially sound. Banks and investment
firms working on wind farm projects often require P50 and
P90 values of the wind resource at a location to determine
the risk associated with a project’s ability to service its debt
obligations and other operating costs. Although the solar re-
source is generally more predictable than wind [7], the ex-
ceedance probability risk assessment approach can also be
applied to solar energy projects.

Statistically robust estimates of energy generation ex-
ceedance probabilities require many years of resource data,
as well as sufficiently detailed system performance models.
The System Advisor Model (SAM) is a free software appli-
cation produced by the National Renewable Energy Labora-
tory that performs rigorous solar power plant system perfor-
mance modeling and calculates detailed financial cashflows.
SAM calculates metrics such as annual energy output, capac-
ity factor, levelized cost of electricity (LCOE), internal rate
of return (IRR), and others for flat-plate and concentrating
photovoltaic generators, as well as various configurations of
concentrating solar power (CSP) systems including parabolic
trough, power tower, dish stirling, and linear Fresnel, with
and without thermal energy storage (as applicable).

This paper describes SAM’s P50/P90 analysis capabil-
ity, starting with the available long-term weather datasets,
details of the calculation methods for P50 and P90, and ex-
plores two representative analysis scenarios for a utility scale
flat-plate PV system and a solar power tower system.

2 Solar Radiation and Weather Data

Some solar energy simulation software use files from the
Typical Metereological Year (TMY) datasets [1,2] as input.
TMY files are available for many locations in the United
States, making them suitable for use in simulation models
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like SAM. The TMY?2 and TMY 3 datasets consist of a file for
each location, and each file contains hourly data derived from
long term measured data. The data are processed by choos-
ing typical” months to represent the long term properties of
the data. Data representing months during outlier events such
as large volcanic eruptions are excluded to ensure that the file
represents the long-term climate. For project financial anal-
ysis, these outlier events may result in worst-case years that
affect the project’s financial terms. Because the TMY files do
not include data from these potential worst-case years, they
may be more appropriate for preliminary analysis of a system
design than for financial decisions. Using multi-year histori-
cal data to model the long term performance of a system in-
stead of a TMY file ensures that the performance prediction
accounts for potential worst case years [6].

The National Solar Radiation Database (NSRDB) is a
long term hourly dataset of measured and modeled solar ra-
diation for hundreds of locations in the United States. Each
location in the database may have hourly records from 1961-
1990, or 1991-2005, or both, meaning that some locations
have a full 45 years of data. While solar radiation is the pri-
mary driver of a PV or CSP plant’s energy projection, me-
tereological weather data (temperature, pressure, humidity,
etc) also have secondary but not insignificant impacts on a
system’s performance. The National Climatic Data Center
(NCDC) maintains a corresponding database of the metero-
logical inputs required by the SAM models, and can be ob-
tained with the solar radiation data for a nominal fee. To
make robust P50/P90 analysis available to a wider audience,
NREL partnered with the NCDC to make the dataset avail-
able without charge in an encrypted form specially designed
for use in SAM. While the raw data is not accessible to the
user, simulations can be performed using the dataset directly
in SAM.

The long term NCDC/NSRDB dataset includes the im-
pact of large volcanic activity and other phenomena that oc-
cur on timescales larger than one year. In particular relevance
to solar plants, the eruption of Mt. Pinatubo introduced large
quantities of aerosols into the atmosphere that reduced inci-
dent irradiance levels between 1991 and 1993. Other varia-
tions include the cyclic El Nifio and La Nifa phenomena, as
well as the 11 and 22 year sun spot cycles.

3 Methodology

An exceedance probability is the probability that a cer-
tain value will be exceeded. For example, a P50 value of
10,000 kWh for the annual output of a solar power system
means that there is a 50 % likelihood that the system’s out-
put will be greater than 10,000 kWh. Similarly, a P90 value
of 10,000 kWh would mean that the system is likely to gener-
ate over 10,000 kWh 90 % of the time. [6,7]. For analysis of
solar energy power plants, the P50 and P90 values of annual
annual electricity generation and of the LCOE can both pro-
vide useful information for financial analysis of a proposed
project.

One method of calculating exceedance probabilities is
to fit the dataset to a standard probability distribution, and

to calculate the P50 or P90 value from the distribution’s cu-
mulative distribution function (CDF). This method is used
by [3, 8] and works well when the data is normally dis-
tributed. In this case, the P50 value is by definition the mean
value y. The P90 value can be calculated from the CDF of
a normal distribution, which is defined by the function in
Eqn. 1.

o()-thom()] o

The P90 value occurs when ®((x — ) /o) = 0.1. Defin-
ing Y= (x—pu) /o, Eqn. 2 can be solved numerically.
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Rearranging terms results in Eqn. 3, which is an expres-
sion for the P90 value given the mean (u) and standard devi-
ation (o) of a dataset that is assumed to fit a normal distribu-
tion.

x=u—12820 A3)

A second method works best when the data are not nor-
mally distributed, as is the case with solar resource data over
many years [7], where outlier events such as volcanic erup-
tions and cyclic solar patterns can skew the data. In this case,
no particular statistical probability distribution is assumed to
fit the data, and rather an empirical CDF of the data is used to
calculate the P50 and P90 values. The empirical CDF is de-
termined by sorting the data in ascending order, and assign-
ing each data point an equal fraction of the total probability,
which is equal to one. The estimation procedure is shown in
Table 1 for a very small 5 point data set.

Data Value Estimated CDF
32,457 0.2
34,330 0.4
37,302 0.6
38,451 0.8
39,307 1.0
Table 1. Example Empirical CDF Calculation

It is clear from Table 1 that many more data points are
required to establish a representative empirical CDF curve
from which to interpolate exceedance probabilities. Suppos-
ing that more that 10 values are provided, the P90 value is



calculated by linearly interpolating the table to obtain a data
value for which the empirical CDF would equal 0.1. Figure 1
shows both the estimated CDF of the irradiance components
in Phoenix, AZ, as well as the normal CDF calculated from
u and 6. The plot exposes many deviations from the normal
distribution, and shows why interpolating exceedance prob-
abilities directly from the empirical CDF is a more reliable
approach, provided the dataset is sufficiently large. The P50
and P90 points using each calculation method are plotted as
well.

The P90 value calculated from the normal distribution
is greater than the empirical value for all three of the solar
radiation components for the 30 year Phoenix, AZ dataset.
Because the data do not fit a normal distribution very closely,
the empirical method likely yields a better estimate of the
true P90 value. It is just by chance that the P90 values for the
diffuse irradiance are nearly identical, since by inspection a
P80 value would yield quite different results from the two
methods.

SAM calculates P50 and P90 values of the annual energy
output using both methods. It performs an hourly simulation
for each year in the dataset to calculate the system’s output
for each year. For the first method, it calculates the CDF
of the normal distribution from the mean and standard devia-
tion of the values, and for the second method, it calculates the
empirical CDF. For both methods, SAM then determines the
P50 and P90 exceedance probabilities either directly from
the normal CDF equation or by linearly interpolating the em-
pirical CDF table.

4 Example Scenarios

In this section, two hypothetical solar power plant sce-
narios are investigated using weather data for Phoenix, Ari-
zona. The simulations were performed with SAM version
2011.12.2.

The long term datasets available in the public version of
SAM 2011.12.2 contained several years of invalid metereo-
logical data and prohibited some simulations from complet-
ing successfully or gave erroneous results. For these exam-
ples, files for years with problematic data were removed from
the Phoenix 45-year dataset, so the results are based on 30
years of data. The modified weather dataset is available for
download on the SAM website [10]. Efforts are underway
at NREL to better characterize potential errors and missing
data in long term historical solar and metereological datasets.

4.1 20 MW Utility-scale PV System

The annual solar energy generation of a 20 MW utility-
scale PV system is considered in Phoenix. Three system
configurations are investigated. Two flat-plate systems with
fixed and 1-axis tracking are modeled using SAM’s Cali-
fornia Energy Commission (CEC) 5 parameter PV module
model, and a concentrating PV system is modeled using the
concentrating PV simple efficiency model. The system pa-
rameters are shown in Table 2. For all three systems, the
soiling derate is assumed to be a constant 0.95, and total sys-
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tem derate is 0.89.

Figure 2 shows CDFs calculated using both exceedance
probability methods for each system configuration along



Parameter Fixed 1 Axis CPV
Nameplate size 20MW  20MW 20 MW
Tracking Fixed 1 Axis 2 Axis
Tilt 33° 0° n/a
Azimuth South South n/a
Module efficiency 16 % 16 % 27 %

Table 2. Example PV System Specifications

with the P50 and P90 values. For each configuration, the
normal distribution method yields a P90 value that is a few
percent more optimistic than the empirical CDF method. The
P50 values calculated using each method are in better agree-
ment. Table 3 lists the P50 and P90 annual energy val-
ues from both methods and the annual energy value calcu-
lated using the TMY2 weather file for Phoenix. For all of
the systems, the annual energy value from the TMY2 file is
slightly greater than the P50 value. The TMY2 and P50 val-
ues would perhaps be in better agreement if the TMY?2 files
were weighted only for solar radiation rather than for both
solar radiation and meteorological conditions [1].

Metric ~ Fixed MWh) 1 Axis (MWh) CPV (MWh)
P50n 36221 45205 46507
P90n 34182 42264 41549
P50e 36533 45844 46695
P90e 33604 41070 40348
Min 31658 39430 36145
Max 38442 49487 55465
TMY2 37323 46573 47629

Table 3. PV System Annual Energy Metrics. n denotes P-value
from normal distribution, e denotes empirical P-value

4.2 100 MW Solar Power Tower

Two solar power tower configurations are considered,
also in Phoenix. The first plant has a solar multiple of 2 with
6 hours of thermal energy storage, and the second one has
a solar multiple of 1.2 with no thermal energy storage. Key
parameters are listed in Table 4.

Table 5 lists P50 and P90 annual output values and the
output value from the TMY?2 file for the two power tower
plants in Phoenix. As with the PV scenario, the TMY2
weather file gives a higher annual output than the P50 value
of the long-term dataset. From figure 3, it appears that the ad-
dition of thermal energy storage does not significantly affect
the shape of the empirical distribution. For both systems, the
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Fig. 2. PV System CDF

normal distribution P90 exceeds the empirical value on the
order of 2 %, similar to the PV examples.



Parameter Value
Nameplate capacity 100 MWe
Solar multiple 2orl.2
Tower height 184 m

Thermal storage Two tank, 6 hrs or none

Cooling Wet

Table 4. Example Power Tower System Specifications
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4.3 Case Analysis

Figure 4 shows the percentage difference between each
year’s calculated annual energy output and the 30 year min-
imum value. Because the fixed PV system uses both direct
and diffuse radiation, it shows the least variation, while the
CPV and power tower systems show the most variation. The
worst case years show the effect of large volcanic eruptions
in 1982 (El Chichon, Mexico), 1991 (Pinatubo, Philippines),

Metric 6 hrs TES (MWh)  No Storage (MWh)
P50n 398956 224688
P90n 351651 196678
P50e 404301 226673
P90e 343603 193209
Min 297142 164569
Max 479520 273566
T™Y2 410484 232358

Table 5. Solar Power Tower Annual Energy Metrics. n denotes P-
value from normal distribution, e denotes empirical P-value

and of El Nino in 1997-1998. The statistical distributions
used to create the TMY datasets do not include these worst
case years.

20 MW PV Systems: Energy Deviations From 30 Year Mean
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Fig. 4. Percentage deviations from long term mean values for both
technologies.

Two metrics, Agx and Ap, are defined for the purposes
of this paper in Eqn. 4. Agx represents the percentage dif-
ference between the mean and worst case scenarios (i.e. ex-
treme minimum value), while Ap looks at the deviation be-
tween the P50 and P90 values.

Eannmean — Eann,min P50, — P90,
Apy = 100~ min 00, P20 = P90
X P P90,

Eann,min

“

Both of these metrics are plotted in Figure 5 for the solar

radiation components and all system configurations consid-
ered.



Differences Between Mean & Worst, P50 & P90, for Phoenix, AZ
40
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Fig. 5. Percentage difference between mean and worst case sce-
narios.

The flat plate PV systems exhibit the smallest Agx val-
ues, because they capture both diffuse and beam radiation.
One would therefore expect the variation in the output of the
PV systems to be similar to the variation in the global solar
resource. As a result, the fixed and 1 axis tracking systems’
Agx is closest to that of GHI. For the CPV system, which de-
pends solely on beam irradiance, on the other hand, the Agx
is identical to the Agx for DNI. The Ap values follow the
same pattern, but are lower than the extreme case, because
they effectively filter out the extreme years, which are only 3
of the 30 years.

For the power tower, Figure 5 shows that the system with
storage shows less variation between the mean and worst
case scenarios (i.e. smaller Agy). In both tower configura-
tions, Agy is slightly higher than Agx for DNI, likely due to
the delay between changes in DNI and the system’s output
caused by thermal inertia, and startup and shutdown times.
Because the concentrating solar thermal plants cannot utilize
diffuse radiation, their Agx degree of variation is consistent
with that of the CPV system and DNI resource, but greater
than the flat plate PV system and GHI resource.

This analysis of exceedance probabilities of the solar
resource and simulated energy output provides insight into
uncertainty in the expected energy production of a system.
Further analysis on other metrics could account for other im-
portant factors not considered in this paper, for example, the
time-dependent value of energy that is particularly relevant
to systems with energy storage [11]. For example, SAM
could be used to generate exceedance probability values of
other annual metrics such as capacity factor, revenue, LCOE,
NPV, IRR, and others.

S Conclusion

Estimates of the amount of energy a solar power plant
will generate in the future are necessary to determine a
project’s financial risk. P50 and P90 exceedance probabili-

ties based on many years of historical weather data are useful
for this determination. The case studies in this paper show
that computer simulations based on TMY datasets represent-
ing the solar resource over a multi-year period can overpre-
dict the P50 value over the same period. For locations where
sufficient data are available, SAM can be used to compare
predictions using TMY files and P50 or P90 values calcu-
lated from multi-year data sets.
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