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Abstract—With rising concerns over climate change, there is an
increasing need for renewable energy sources. Photovoltaic(PV)
systems are one of the most environmentally friendly ways of
producing energy. However, the fluctuations in power outputs
from utility scale PV arrays makes it difficult to incorporate
them into electric grids. The power output is directly related
to the irradiance and the irradiance is related to the surface
albedo, which is the fraction of sunlight reflected by a surface.
If we can predict the surface albedo, we can predict the power
output. Using random forest regression, we can make predictions
of the power output based on various features. In response to
this prediction, the topology of the system may be reconfigured.
Index Terms—machine learning, random forest regression,
surface albedo

I. I NTRODUCTION
As concerns over the climate continue to grow, there is
an increasing need for renewable sources of energy. A key
way to reduce the depletion fossil fuels is by utilizing Photovoltaic(PV) systems as a source of energy [1]. While PV
systems decrease greenhouse gas emissions, there are still
improvements to be made.
Although PV systems have many benefits, their power
fluctuations make them difficult to implement in a power
grid [4]. Therefore, it would be beneficial to be able to
predict the power output of the system. The power output is
directly related to the solar irradiance [4]. If we can obtain
an accurate prediction of the solar irradiance, we can get a
close prediction for the power output. The ratio of the global
horizontal irradiance (GHI) to the ground-reflected irradiance
(GRI) is the surface albedo [2]. So, if we can predict the
surface albedo, we can predict the power output.
Surface albedo is the fraction of sunlight that is reflected
by a surface. This fraction is not constant for all surfaces. The
various factors influencing surface albedo include the season,
cloud coverage,and solar elevation [2]. Currently, a ground
albedo of 0.2 is assumed when modeling PV systems. However, this assumption is unreliable. As a result of inaccurately
predicting the PV surface albedo, PV power output will be
inaccurate leading to a less than optimal design [3].
In order to reduce the fluctuations in the power output
as mentioned above, the topology of the system can be
reconfigured in response to the prediction found by the random
forest algorithm as shown in Figure 1 [5].
In this paper we will predict surface albedo using random
forest regression. The main benefit of using the random forest
algorithm is that it has high accuracy due to using multiple
loosely related trees rather than relying on one single model.
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Fig. 1. Topology Reconfiguration Due to Cloud Movement [5]

The features that will be used with this algorithm are dew
point, solar zenith angle, cloud type, wind speed, precipitable
water, relative humidity, temperature, and pressure. This data
will be coming from a weather station close to the location of
the solar panels.
As shown in Figure 2, we will use the weather station data
to predict the surface albedo using random forest regression.
Next, we will compare the predicted surface albedo values
to the ground truth surface albedo. We will calculate the
mean squared loss function to determine the accuracy of our
predictions.

Fig. 2. Flow Chart

II. NATIONAL S OLAR R ESEARCH DATABASE DATASET
A. Data Features
The features in the National Solar Research Database
(NSRDB) dataset include DHI (Diffuse Horizontal Irradiance),
DNI (Direct Normal Irradiance), GHI (Global Horizontal Irradiance), Clearsky DHI, Clearsky DNI, Clearsky GHI, Cloud
Type, Dew Point, Solar Zenith Angle, Fill Flag, Surface
Albedo (what we want to predict), Wind Speed, Precipitable

Water, Wind Direction, Relative Humidity, Temperature, and
Pressure. The data for these features were collected over an
entire year at 30 minute time intervals.
The DHI is the amount of radiance that is not received
directly by the sun per unit area of a surface. The DNI is the
amount of radiation received perpendicularly in a direct path
from the sun per unit area of surface. The GHI is the total
amount of radiation received per unit area of surface. It is
the sum of DHI and DNI. The dew point is the temperature
that air must be cooled to in order to become saturated with
water vapor. The solar zenith angle is the sun ray’s angle from
the vertical. The surface albedo is the fraction of sunlight
reflected by a surface. Precipitable water is the amount of
water vapor in a column of the atmosphere. Relative Humidity
is the percentage of water of vapor in the air.
B. Preprocessing Data
The first change made to the dataset was removing the
unnecessary rows and columns. These include things such as
timestamps, which are unnecessary in predicting the surface
albedo from weather conditions. This was done to simply
make the dataset easier to work with. In addition to that, the
Clearsky DHI, Clearsky DNI, Clearsky GHI, and Fill Flag
were removed from the dataset as well.
After the initial change to the dataset, there were three
significant things that were done in order to preprocess the
data. First, one-hot encoding was performed on the ’Cloud
Type’ feature of the dataset. One-hot encoding is the process of
converting categorical data into a format that works best with
machine learning algorithms. Essentially, a column is created
for each possible category. Next, every column is assigned
either a 0 or 1 depending on the category of the data point
[7]. Figure 3 shows how one-hot encoding transformed the
’Cloud Type’ feature of the dataset.

data set was standardization, which was performed using
StandardScalar from sklearn.preprocessing. The formula used
in StandardScalar is:
x−µ
x0 =
σ
where x’ is the scaled value, x is the unscaled value, µ is the
mean of the data, and σ is the standard deviation.
The last preprocessing step applied to the dataset was
splitting it into train and test data. This was done using train test split from sklearn.modelselection [8]. For this
project, 20% of the data was used for testing and 80% was
used for training. In addition to that, the dataset was further
split into the X dataset and the y dataset. The y dataset
includes only the surface albedo data. The X dataset includes
everything, except for the surface albedo features, from the
original dataset.
III. R ANDOM F OREST R EGRESSOR
To make surface albedo predictions, we used a random
forest regressor. The random forest algorithm uses a number
of loosely related trees to make a prediction for surface albedo
based on the input data. Essentially, each tree makes it’s own
prediction independent of the other trees. Then, the predictions
of all the trees are averaged. This is shown in the diagram in
Figure 4.

Fig. 4. Random Forest Regressor Diagram

Fig. 3. One-Hot Encoding Example

To use the algorithm, we used RandomForestRegressor
in sklearn.ensemble. The method takes in several parameters. In order to apply the algorithm effectively, we used
hyperparameter tuning to find out the best value for each
of the parameters. The parameters of RandomFoestRegressor
include n estimators, criterion, and max depth. For the other
parameters we simply used the default values [8].
A. Number of Trees

Second, feature scaling was applied to the data so that
the distribution was close to a normal distribution (with a
mean of 0 and a standard deviation of 1). Each of the features
have a different amount of variance, and scaling accounts
for these variances [8]. The scaling technique used for this

n estimators is an integer representing the number of trees
used in the random forest algorithms. The default value for
n estimators is 100 [8]. The graph below in Figure 5 shows
how the RMSE value changes with varying inputs for the
n estimators parameter.

Fig. 5. Change in RMSE with Respect to the Number of Trees Graph

Fig. 7. Change in RMSE With Respect to the Maximum Depth of Random
Forest Trees Graph

B. Criterion
criterion is a string describing how to measure the split
quality. The two choices for this parameter are ”mse”, mean
sqared error, and ”mae”, mean average error. Since ’mse’
squares the errors, it is more sensitive to outliers. It is also
the default parameter input [8]. The graph below in Figure 6
shows how the RMSE value changes with varying inputs for
the criterion parameter.

Fig. 8. Change in RMSE With Respect to the Maximum Depth of Random
Forest Trees Graph

E. Hyperparameter Tuning

Fig. 6. Change in RMSE With Respect to Function to Measure Split Quality

Hyperparameter tuning allows us to determine the optimal
values for the parameters of RandomRegressor. Rather than
manually testing each set of parameter values, we take advantage of RandomizedSearchCV from sklearn.model selection.
Given a grid of parameter values, RandomuzedSearchCV
determines the best set of parameter values to use [8].

C. Maximum Depth of Tree

F. Feature Importance

max depth is an integer that represent the maximum depth
of the tree. The default value for this parameter is ”None”.
When the default value for the parameter is used, the decision
tree is expanded until all its leaves are pure or until all the
leaves contain less than min samples split [8]. The graph
below in Figure 7 shows how the RMSE value changes with
varying inputs for the max depth parameter.

To determine the feature that has the most significant
impact on the surface albedo prediction, we rely on feature
importance. First, we manually determined the importance
of each feature using the parameter values determined by
using hyperparameter tuning. Essentially, we removed each
feature from the NSRDB dataset and looked at how the RMSE
value changed. A significant increase in the RMSE value
indicates that the feature is important for making surface
albedo predictions. The table below in Figure 9 demonstrates
how the RMSE value changes when each feature from the
NSRDB dataset is removed.
The graph below in Figure 10 shows that same information
as a bar graph. It indicates that the precipitable water and wind
direction are the most important features for the surface albedo

D. Maximum Number of Features
max features represents the maximum number of features
to consider when determining the best split. The default input
for the parameter is ”auto” [8]. The graph below in Figure 8
shows how the RMSE value changes with varying proportions
for the max features parameter.

caused by each of the components. The graph shows that after
around the fourth component, the graph begins to level off.
This indicates that using the first four features of the dataset
may be sufficient to accurately predict the surface albedo.
The RMSE plot in Figure 12 demonstrates how the RMSE

Fig. 9. Table of Average and Standard Deviation of RMSE After Feature
Removal

prediction. On the other hand, the cloud type and irradiances
actually make the predictions worse.

Fig. 11. PCA Variance Plot

value changes as the number of components used changes.
Similar to what was shown in the variance plot, the graph
below shows that 4-5 components may be sufficient to predict
the surface albedo due to the fact that after that the RMSE
decreases very little after that.

Fig. 10. Manually Determining Feature Importance

IV. P RINCIPAL C OMPONENT A NALYSIS
Principal component analysis (PCA) is a dimensionreduction statistical technique that transforms a large set of
variables in a dataset to a smaller set. The advantage of using
PCA is that it simplifies the dataset and therefore, reduces the
training time of the model. The disadvantage is that there is
a trade off of the accuracy for the reduced training time. The
goal is to find a good balance between them [9].
The graph below in Figure 11 demonstrates the importance
of each component of the NSRDB dataset. The x-axis shows
the components (although the name of the component is not
known here) and the y-axis shows the proportion of variance

Fig. 12. Change in RMSE with Respect to the Number of Components Graph

V. C ONCLUSION AND F UTURE W ORK
From PCA, we were able to determine that 4 components
were sufficient to make accurate predictions for the surface
albedo. From the feature ranking, we were able to determine
that those 4 components are precipitable water, wind direction,
dew point, and wind speed. The lowest RMSE value that we
were able to achieve was 0.00370587 on the test data.
In the future, there should be more work done on how all
the features in the dataset relate to each other. In addition to

that, there should also be some work done on how PCA and
autoencoders compare with each other for this dataset.
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