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respond. In this research, the cloud base temperature is identified from the sky’s
thermal image. From the cloud base temperature, cloud optical depth (COD) is
calculated. Artificial neural network (ANN) models are established by using different
combinations of current solar radiation and COD to predict the solar radiation several
minutes in advanced. R-squared value is used to measure the accuracy of the models.
For prediction in advanced for every minute, with COD as input, always show the
highest R-squared value. The highest R-squared value is 0.8899 for the prediction for 1
minute in advanced and dropped to 0.5415 as the minute of prediction in advanced
increase to 5. This shows that the proposed methodology is suitable for prediction of
solar radiation for short term in advanced.
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1. Introduction

Over the past ten years, due to global warming, the average temperature of the Earth has risen
order to reduce the emission of greenhouse gases from fossil fuel energy, alternative energy such as
renewable energy is needed to replace fossil fuel energy. There are many types of renewable energy
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such as solar energy, wind energy, and biomass energy. However, not all renewable energy is suitable
to be used as alternative energy because some of them will cause pollution and damage to the
environment [1, 2]. So, among all renewable energy, solar energy has proven to be an effective
alternative and clean source, abundant and everlasting source of renewable energy [3-5]. The annual
average value of solar radiation is thus taken as the solar constant (Isc) which equals to 1367 W/m?[6].
However, not all the solar radiation will reach on the surface of Earth. This is due to the albedo of
Earth’s surface and clouds reflecting the solar radiation back into space[7]. The solar radiation
measured on the Earth’s surface fluctuates all the day. Figure 1 shows the measured solar radiation
throughout a day.
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Fig. 1. Measured solar radiation during daytime

Among all solar harnessing technologies, photovoltaic (PV) system is commonly used in
household and industry [8]. PV devices can generate electricity directly from the sunlight due to the
electronic process that occurs in the built material which is a semiconductor. The output of PV devices
depends on the number of solar radiation strikes on the PV devices. Due to the fluctuations of solar
energy throughout the day caused by meteorological conditions, the output power of PV devices also
fluctuates. The automated line equipment on distribution feeders will be triggered due to the voltage
fluctuations and leads to an increase in huge maintenance costs for utilities. Therefore, a constant
load is given to counteract the fluctuations. However, this would require a secondary power source
such as energy storage that could ramp up or ramp down at high frequencies to provide the load
needed. Therefore, solar radiation prediction in advanced is needed for the energy storage reacts
few minutes in advance before the fluctuation of solar radiation to ensure the stability of the output
of PV system [9, 10].

By using satellite observing systems, the solar radiation fluxes in and out of the climate system at
the top of atmosphere are now can be determined [11]. With this, an accurate estimation of the
impact of clouds on the top of atmosphere radiation budget can be determined through the
comparison of satellite measurements representing all-sky and clear-sky conditions [12]. The Earth’s
energy budget shows the balance between incoming solar energy from the Sun and outgoing
radiation from the Earth [13]. According to Earth’s energy budget in Figure 2, solar radiation reaching
the surface of the Earth is affected by three factors which are atmosphere, clouds and Earth’s surface.
In overall, clouds reflected 20% incoming solar radiation and absorbed 3% of it before the solar
radiation reaches Earth’s surface. While for atmosphere, it reflects 6% of incoming solar radiation
and absorbs 16% of it. From this, clouds are identified as the main factors affecting the incoming solar
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radiation. According to [14], clouds were also the largest uncertainty in the Global Climate Models
(GCMs).

EARTH'S ENERGY BUDGET
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Fig. 2. Earth’s Energy Budget [13]

Cloud optical depth (COD), a dimensionless magnitude, is an attenuation measure of the solar
radiation through the cloud due to scattering and absorption by cloud’s particles[15]. The COD
depends on its physical constitution, the form, the concentration of the particles and the vertical
thickness of the cloud. This is due to thicker clouds consists of more particles to absorb or scatter the
incoming solar energy. There are many methodologies have been carried out to obtain the COD data.
However, most of them require a lot of equipment. For example, in the methodology proposed by
Serrano in 2014 [16], sky camera and radiometer are used to obtain COD data. While in 2017, Marin
[17] obtained COD data by using several types of equipment which are radiometer, pyranometer,
sunphotometer, ceilometer, and Ozone Monitoring Instrument (OMI). Thus, this increases the
complexity and cost in order to obtain COD data.

For the prediction part, many researchers used different meteorological data and geographical
data as input to predict solar radiation. ANN models have been established to predict the solar
radiation because the conventional or empirical models are less accurate [18-21]. However, those
researches involve a lot of information to establish the ANN models. For example, some of them use
geometrical data like longitude, latitude, and altitude for the establishment of data [22-24]. While
some of them use meteorological data such as duration of sunshine, temperature and relative
humidity for prediction [24-26]. The high number of input increases the cost of equipment and
computational time of ANN models.

In this paper, a new methodology to obtain COD data based on the cloud base temperature is
proposed. Then, the obtained COD data with solar radiation are used to predict solar radiation in
advanced. ANN is used for the prediction due to its ability in achieving fast and accurate prediction.
Unlike existing methodologies, the proposed methodology only requires COD data and solar
radiation data. This will reduce the complexity of obtaining all meteorological data and cost in
preparing equipment.
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2. Methodology

In this research, a ground-based infrared camera is used to capture the thermal image of the sky
at 30 seconds interval of time in this research. In this chapter consists of 4 sections which are data
collection from infrared sky images, calculation of radiation absorbed by clouds, calculation of cloud
optical depth and establishment of ANN model. Figure 3 shows the flowchart of the methodology to
achieve COD from sky thermal image.

Radiation
Absorbed by
Cloud

Establishment

Data

Cloud Optical

Depth of ANN Model

Collection

Fig. 3. Flowchart of research methodology
2.1 Data Collection

This research focuses only on the clouds that moving toward the Sun. This is due to cloud
movement towards the Sun will greatly affect the irradiance. The purpose of this is to record the
changes in cloud thermal distribution and cloud coverage with respect to time. One line and three
lines will be drawn across the same images separately and cloud base temperature along the lines
will be identified. Figure 4 and Figure 5 show the reference line where the pixels along the line will
be analyzed to obtain the cloud base temperature.

TA: 42 .4 ALAM: OFF ZO0M:OFF

Fig. 4. One reference line is drawn on the sky thermal image
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Fig. 5. Three reference lines are drawn on the sky thermal image

Each line only has 380 pixels that will undergo the extraction of RGB information process. To
make sure that the image can clearly show the temperature distributions of the sky and cloud, the
temperature range setting of the infrared camera is set from 13°C to 23°C as shown in Figure 3. This
is because the average cloud base temperature is around 18°C.

2.2 RGB to Temperature Conversion

The true colour value obtained is then converted into the temperature using the following
equation.

TCV
r= 16777216 Tr + Tinin (1)

where T is the temperature of each pixel, Ty is temperature range=10 and T},;;,, is minimum
temperature= 13°C.

To shorten the computational time, only the true colour value in the middle of the image will be
undergoing the conversion. Since the range of temperature is from 13°C to 23°C, the temperature of

each pixel is calculated based on the ratio of the true colour value obtained and the total true colour
value. This is because the temperature setting of the infrared camera is set within this 10°C.

2.3 Radiation Absorbed by Cloud

Based on the temperature obtained, radiation absorbed by the cloud is then calculated. Stefan
Boltzmann law states that the total radiant energy emitted from a surface is proportional to the
fourth power of its absolute temperature. Eq. (2) shows the relationship of radiant energy with
temperature.

E=¢eoT* (2)

where E is Radiant energy, € is emissivity of cloud, 0.44, and o is Stefan-Boltzmann constant,
5.67x10%8 W/m?2 K.
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2.4 Transmittance of Cloud

The transmission of cloud (T¢) can be defined as the ratio of downward flux below cloud and
downward flux at the top of cloud. Eq. (3) shows the calculation for cloud transmission.

Rq
Te = R (3)

where R, is downward flux below cloud and R, is downward flux at the top of cloud.
2.5 Radiation Flux Above and Below Cloud
To calculate the radiation flux, the information from Earth’s energy budget will be used to

estimate the radiant flux at the top of cloud. Since the solar radiation reaches the Earth varies from
day to day, to calculate the solar radiation reaches on Earth in a specific day, Eq. (4) is used.

lo = Isc[1 + 0.034 cos (2m )] (4)

where I, = Solar radiation reaches the Earth, I5. = Solar constant (1367 W/m?2) and n = the day of the
year.

After obtaining the total incoming solar radiation, the solar radiation reaches the top of the cloud
is obtained based on the Earth’s energy budget. According to Earth’s energy budget, 6% of incoming
solar radiation is reflected to space by the atmosphere before it reaches the top of the cloud.
Therefore, 6% of total incoming solar radiation is deducted from it.

To obtain the radiant flux below the cloud, the remaining 94% of incoming solar radiation is
reduced to 74%. This is because 20% of it is reflected to space by cloud according to Earth’s energy
budget. Then, the remaining 74% of solar radiation is deducted with the solar radiation absorbed by
cloud and the results are the radiant flux below the cloud.

2.6 Cloud Optical Depth Retrieval

After obtaining the transmission of cloud, cloud optical depth is calculated using equation below.
COD = —InT, (5)
2.7 Establishing ANN Model

ANN model is used to predict the solar radiation for 1 - 5 minutes in advanced. For comparison
purposes and to show that our proposed approach can improve the accuracy of prediction, a few
combinations of data set are used as input to train the models. Four models with different inputs
were established for prediction of solar radiation for 1 minute to 5 minutes in advance. The table
below shows the examples of inputs and output that were used to train the models for prediction of
solar radiation of 1 minute in advanced.
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Table 1

Example of ANN models

No of model Inputs Output

1 Current Solar radiation Solar radiation after 1

minute

2 Current Solar radiation Solar radiation after 1
Current COD for one line minute
COD for one line after 30 seconds

3 Current Solar radiation Solar radiation after 1
Current COD for three lines minute
COD for three lines after 30 seconds

4 Current Solar radiation Change of COD in  Solar radiation after 1
30 seconds minute

In all ANN models, the data set will be set to divide into three categories. 60% of the data is used
for training the model, 20% is for testing and the final 20% is for validation. The purpose of testing is
to provide an independent measure of model performance during and after training the data. To

measure generalized capability, validation data is used. The Figure 6 illustrates the configuration of
the ANN which used in this research.

nl neurons

Activation
Function:
Gaussian

n2 neurons

Activation
Function:
Gaussian

Complement

n3 neurons

Activation
Function:
Jump
Connection

Inputlayer Hidden layer Output layer

Fig. 6. Artificial neural network configuration

There are three neurons within the hidden layer and each of them has its own activation function.
The three activation functions are Gaussian, Gaussian complement and jump connection. The
formula of Gaussian activation function is

f(x) = e (6)

The formula of Gaussian complement activation function is

2

f(x) =1—e* (7)
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The formula jump connection activation function is
f(x) =x (8)

In ANN, there are three other parameters that will affect the results which are learning rate,
momentum and initial weight. Since the data set of this research is limited, so the network is
considered as simple. In this case, the learning rate of the network is set to 0.9. For the rest,
momentum and initial weight is set to 0.3 as it gives the most accurate result for all network.

2.8 Performance Evaluation

The performance of the models was evaluated by coefficient of determination (R?). R-squared or
also known as the coefficient of determination is a statistical measure used to show how close the
data are fitted to the regression line. The higher the R-squared value indicates a better goodness of
fit for the observations.

Ty-9)*
RZ =1 -==-"
X(y-)? (9)

where, y = actual value, y = predicted value of y and y = mean of the y values.

3. Results
3.1 COD for Single Line

Figure 7 shows the sky’s infrared image taken on 11.17 am. A red line is drawn in the middle of
the image and analysis is carried out on the pixels lay on the line. Figure 8 and Figure 9 are the results
of the analysis.

E=1.00 TA: 37.4 ALAM: OFF ZO0M:OFF

Fig. 7. Sky’s thermal image at 11:17:43 a.m
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Fig. 8. Temperature graph for Figure 7

By analyzing the pixel along the single red line in Figure 7, COD is obtained from the temperature
of the cloud. However, the blue color in the image also indicates a value in term of temperature
which is around 14.1°C. This blue color part is identified as clear sky. Hence, all the values that show
the same number are eliminated and reset to 0. Figure 8 shows the temperature distribution along
the middle horizontal line of Figure 7, while Figure 9 shows the final cloud optical depth value along
the horizontal line in the middle of images.
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Fig. 9. Cloud optical depth of Figure 7
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From Figure 8 and Figure 9, the COD values are proportional to the temperature of the cloud.
When the temperature of the cloud is higher, the COD value will also be higher. These results meet
the explanation where the thicker the clouds, the absorption and scattering effects by cloud on
incoming solar radiation are higher and lead to the high value in COD. Besides that, the COD values
of each image show almost the same. This is due to the limitation of the infrared camera which it
viewing factor is too small. In order to get the perfect images of the cloud, only small sizes clouds are
captured during data collection.

Figure 10 and 11 show the actual solar radiation and the prediction results for solar radiation with
COD as input for 1 minute and 5 minutes in advanced. The prediction for 1 minute in advance show
high accuracy with R2= 0.8651, while the mean absolute error is 62.618. For 5 minutes case, the R2
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result dropped to 0.4513 and the mean absolute error is 154.418. From these results, the accuracy
of the prediction is going down as the minutes in advanced for prediction of solar radiation increase.
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Solar Radiation
(W/mA2)

0 10 20 30 40
No. of Data

Actual Solar radiation —— Predicted Solar radiation with COD

Fig. 10. Actual solar radiation and prediction results for 1 minute in
advanced with COD as input
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Fig. 11. Actual solar radiation and prediction results for 5 minute in
advanced with COD as input

3.2 COD for Three Lines

In this section, three red lines as shown in Figure 12 were analyzed to obtain the COD of the
three lines instead of one line. By analyzing the pixel along the three lines, COD is obtained from the
temperature of the cloud. The process to obtain the COD of three lines is similar to the process of
obtaining COD from single line. The COD of the three lines is then added up together to establish
the model for solar radiation prediction. Figures below show the prediction results for 1 minute and
5 minutes in advanced.

10
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E=1.00 TA: 37.4 ALAM: OFF ZO00M:OFF

Fig. 12. Sky’s thermal image at 11:17:43 a.m

Figure 13 and 14 show the actual solar radiation and the prediction results for solar radiation with
COD of three lines as input for 1 minute and 5 minutes in advanced. The prediction for 1 minute in
advance show high accuracy with R?= 0.8899, while the mean absolute error is 56.106. For 5 minute
case, the R? result dropped to 0.5415 and the mean absolute error is 133.4814. From these results,

the accuracy of the prediction is going down as the minutes in advanced for prediction of solar
radiation increase.
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Fig. 13. Actual solar radiation and prediction results for 1 minute in
advanced with COD as input

From the graph shown in Figure 15, the results of prediction with COD always show higher than
others and biggest difference with the prediction that without COD data as input. When the advanced
time for prediction increased, the R-squared values are decreased. Surprisingly, the R-squared results
of prediction with COD of single line are almost same with the R-squared results of the prediction

with COD of three lines from the images. This means models with COD of single line are enough to
establish for solar radiation prediction in advance.

11
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Fig. 14. Actual solar radiation and prediction results for 5 minute in
advanced with COD as input
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Fig. 15. R-squared results of each prediction

Compare with models with COD increment and models with no COD, a conclusion can be made
that the prediction results will be more accurate if COD is used as input and the accuracy is the highest
when predicting the solar radiation for 1 minute in advanced.

4. Conclusions

In this paper, we proposed a new methodology to predict the solar radiation in advanced with
only cloud optical depth data. We introduced a methodology to obtain cloud optical depth data from
the cloud base temperature. We found out that the cloud optical depth is directly proportional to the
cloud base temperature. ANN is used for the prediction in this research and capable to achieve high
accuracy based on the R2 results. The highest R2 result is 0.8899 for the prediction of solar radiation
for 1 minute in advanced with COD of three lines as input. This indicates that the prediction for solar
radiation in advanced with only COD data and solar radiation data also can achieve high accuracy.

12
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