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Abstract— In the modern world, the concept of microgrid
is rising at a very rapid rate. With the high participation
of the renewable energy resources, the system is
considered to be highly advantageous. But, with such
integration comes the problem related to their uncertain
nature. The major source of energy in the microgrid is
considered to be the solar PV which depends upon the
value of solar irradiance i.e. uncertain in nature. This
uncertainty is dependent upon the various weather based
parameters like temperature, wind speed, rain etc. Along
with the uncertain source, the load in the system is also
variable in nature; depending upon the similar weather
based parameters. Thus in this paper, using the high
order multi input multi output (MIMO) fuzzy logic
approach the forecasting of both the solar irradiance and
electric load has been done. The proposed approach is
validated by comparing with the real time values of the
parameters.
Keywords— Forecasting, Solar Irradiance, Load,
Microgrid, MIMO, Fuzzy Logic.
I. INTRODUCTION
For the utmost few years, the use of renewable
energy sources (REs), especially, solar energy has been in
vogue across the globe. So, in less than a decade, the most
famous: solar energy has achieved a growth of 40-50 %
as the unquestionable origin of electricity generation [1].
With the fast and linearly increasing growth of these
resources, their incorporation with the main utility grid
has been encouraged by many developing nations across
the globe, including the European, African states and
specially in Asian states like India. Plainly, this
integration of REs mainly solar, wind and biomass with
the grid possesses various overall benefits to the power
system, but also includes several challenges like its inter
integration, high initial capital cost, operation and
maintenance cost, frequency or voltage mismatch, limited
system expansion, and so on [2].
Apart from these challenges, the primary being utility
grid integration and frequency mismatch resulting in
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power supply unbalancing and finally fluctuations, the
other problem connected to the REs is their unpredictable
power generation, whereas in case of the microgrid
system the unpredictable nature of the load is also a
concerned issue. Initially, the solution identified for
treating such problems was the battery energy storage
system (BESS). Merely, the issues pertained due to its
functioning, high cost, large space requirement and
requirement for charging and discharging and thus
restricted its applications. Therefore, leading towards a
true and suitable solution of forecasting (solar
forecasting) [3].
Sweeping over the drawbacks of BESS, solar power
forecasting can be specified as the expectation of the
future value of solar power generation depending upon
the various uncertain meteorological parameters and the
latter, i.e. the load can be defined as the prediction of the
future value of the electric load based on the previous
available data [4]. In accession to this, the solar power
generation depends upon the value of solar irradiance (SI)
or precisely the global horizontal irradiance (GHI) which
further relies upon the various weather based parameters
like temperature, wind speed, movement of the cloud,
amount of rain, location, humidity, shadowing effect, etc.
Similar to solar, the electric load too depends upon the
alike parameters. Thus, the foremost step in the solar
power forecasting system is the forecasting of available
GHI
along with the data analysis of the various
parameters for load forecasting [5]. Hence, with the
accessibility of accurate solar irradiance and the load.
many problems like uncertainty in solar power
generation, system’s reliability and stability concerns can
be resolved. With the principle advantage of accurate
solar and electric load forecasting affecting the operation
and economics of power system, it too includes the
diminution in cost of BESS, thus, a preferred solution [6]
[7].
Thus, increasing the role of the solar based REs;
dependent upon the various meteorological parameters,
the need of accurate forecasting of the solar irradiance
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and further solar power along with the prediction of the
total electric load of the location (known as microgrid) for
its incorporation with the grid is very important [8].
Presenting the concept of accurate forecasting into
the microgrid environment, the power system has various
short and long term advantages. Amending the system
characteristics, these advantages can be identified on the
footing of their time interval as well as the length. Being
time and distance dependent, these advantages are
classified as:
 Short term benefits: The problem of potential
difference and frequency regulation can be easily
rectified within a short time interval, i.e. ranging
from 0-15 kms and a few min. and a few min.
Moreover, the issue of grid stability present at the
local level can also be solved by the very short term
forecasting of both the solar based power and the
electrical load.
 Medium term benefits: Considering the medium
term, i.e. for a few hundreds of kms and a few hours,
working in microgrid environment, forecasting of the
total available load and the power generation source
provides the benefit of burning down the transmitting
and distribution (T&D) cost, i.e. by reducing the
T&D losses of the arrangement. It also minimizes the
overall cost of storage system by optimally
scheduling the size of the reserves.
 Long term benefits: Depending upon the long term
forecasting, i.e. on monthly to yearly basis and
mostly at the state level, the issues related to
congestion management, generation planning, system
expansion, etc. can be eliminated. As well, offering
diverse types of incentives to the power system;
accurate forecasting leads to successful power trading
of the imaginations.
The various other benefits include:
 Improved unit commitment
 Optimal planning
 Optimal power generation
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Power trading
Smart Grid integration
Reliability issues

Thus, there are several benefits of the forecasting in
microgrid and the power system environment. Solar
irradiance forecasting is the foremost step in the solar
power forecasting under with the impact of various
weather based parameters. In summation, these particular
parameters affect other very essential ingredient of the
microgrid system, i.e. electrical load. Thus, the various
independent parameters, i.e. the meteorological
parameters affecting the solar irradiance forecasting are
shown in Figure 1.
The figure shows parameters like season of the year,
time of the day, temperature, wind speed, rain and
humidity etc. that directly affects the GHI and the
electrical load, along with cloud movement, dust and the
aerosol particles that affect the level of GHI available.
Whereas, the effect of these parameters also depends
upon the location of forecasting. Moreover, the
identification of various measurable parameters is of
utmost importance when dealing with the effect of
parameters, i.e. the meteorological parameters which can
be easily measured in the real time. The identified
parameters like relative temperature, wind speed, relative
humidity, rain, time of day/ season of year and
atmospheric pressure can be measured using devices like
anemometer and barometer, i.e. relative humidity, relative
temperature and wind speed can be measured using
anemometer whereas, barometer device can be used for
measuring atmospheric pressure [9] [10].
In the past, various forecasting techniques such as
time series based statistical method; physical methods,
ensemble methods, etc. have been proposed [11]. These
widely used methods utilize the historic data of various
parameters for the purpose of forecasting. In addition to
these statistical and physical forecasting approaches,
artificial intelligence and fuzzy logic based approaches

Season of the year

Sunshine Hours

Temperature

Time of day

Wind Speed

Global Horizontal
Irradiance (GHI)

Cloud movement and
Cloud cover

Rain/ Precipitation

Aerosols and
Pollutants

Humidity

Atmospheric pressure

Fig.1: Various parameters affecting electrical load and GHI
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form an integral part of accurate estimation of solar
energy [12] [13]. Fuzzy logic based system being user
friendly, robust and simple to design is preferred over the
Artificial Neural Network (ANN) [14] [15]. As per the
literature, the work done in the area of forecasting these
parameters are well discussed in [16] [17], [18] [19] [20]
[21] [22] [23] and [24].
For effective and efficient forecasting, in addition to
various methodologies, the other important parameter is
the time horizon of forecasting. Basically, it can be
defined as the time interval for which the forecasting is
intended for. These horizons can be classified as long
term, medium term, short term and very short. Among all,
the very short term, i.e. few minutes to a few hours ahead
and short term, i.e. few hours to a few days ahead are
highly effective. The reason lies in the fact that, very
short and short term time horizon provides high accuracy
level and least calculated error. Referring to the accuracy
of the forecasting method, the error evaluation of a certain
method is done using various conventional methods like
Mean Absolute Percentage Error (MAPE), Root Mean
Square Error (RMSE), Mean Absolute Error (MAE),
Mean Bias Error (MBE) and Mean Square Error (MSE)
[25].
Thus, the main objectives of the work is to accurately
forecast the available solar irradiance and the real time
electrical load dependent upon various parameters and
further in future to analyze its role in the planning of a
solar based microgrid. To achieve the objective, i.e.
accurate forecasting, the high order MIMO fuzzy logic
based approach has been used. The proposed method uses
the real time data of measurable parameters. These
parameters can be measured using various devices like
pyranometer, anemometer, rain gauge and barometer. The
accurate evaluation of the proposed system is done using
various error indices like MAPE, MBE and RMSE.
II. PROPOSED METHODOLOGY
Being simple, robust and user friendly, the fuzzy
logic based approach can be termed as the simplified form
of classical logics involved in forecasting. The working of
fuzzy logics is based on the non-linear mapping of input
variables, i.e. uncertain parameters to the output. The
benefit of using fuzzy logics concerning the purpose of
forecasting lies in the absence of the exact model of the
situation or in other words the presence of uncertainty or
ambiguity in the system. Fuzzy logic allows solving
difficult decision making problems with many inputs and
output variables. The Figure 2 shows the basic
architecture of the fuzzy logic system with all its major
components.
The blocks, membership function editor, rule editor
and fuzzy system editor are the path to provide the input

www.ijaers.com

[Vol-6, Issue-4, Apr- 2019]
ISSN: 2349-6495(P) | 2456-1908(O)

and its related conditions to the system, whereas, the rule
viewer and surface viewer give the output of the system.

Fig.2: Components of Fuzzy logic models (FIS)
The generalized flowchart for developing fuzzy logic
prediction models is given in Figure 3, showing basic
steps used for the fuzzy logic approach.
The input given to the designed FIS system, i.e. the
uncertain parameters can be defined as the crisp values
limited to a specific range. Following the input process,
the fuzzification of these inputs, i.e. these crisp values are
evaluated in parallel using the fuzzy reasoning system, i.e.
designed rules, which includes IF-THEN logics. The
results of the activated rules are combined together and
defuzzification is done.

Fig.3: Working flow chart for fuzzy logic models
The output of the system after defuzzification process
depending upon the various uncertain parameters (input
variables) and the designed set of rules is again a crisp
value. Considering the property of fuzzy logic system, all
these uncertain inputs and dependent output are to be
fuzzified in respective membership function in the range
of [0, 1].
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Fig.4: Layout of proposed model

Fig.6: Membership function for humidity input

Medium

High

0.5

1

Low

1

0

4

2
3
Wind speed (m/s)

5

Fig.7: Membership function for wind speed input

Non-Summer

0.5

1

Summer

3

0

12

6
9
Season of Year (months)

Fig.8: Membership function for season of year input

Fig.9: Membership function for solar irradiance output
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The system has been termed as the MIMO high order
fuzzy system due to its multi number of inputs and th e
multi number of output and high order as high order
system is the one depending upon the number of inputs
and their respected membership functions, thus resulting
in large number of rules (up to 450) to be designed. Also,
increasing the number of rules leads to increase of
accuracy level of the system such that a number of rules
are dependent on the number of membership functions.
Thus, depending upon the minimum and maximum values
of each parameter observed, the membership functions for
all are distributed. Below the Figure 5 to Figure 10 shows
membership functions all the input and output parameters,
designed on the behalf of their maximum and minimum
observed values.
For the proposed system, the various membership
functions are given as:

Figure 5 Membership function for temperature input

1

2.1 Layout of proposed methodology
Utilizing the advantage of the fuzzy tool in Matlab
Software which includes verifying its ability to correlate
the various parameters with each other and give accurate
output depending upon the rule base. Thus, on the basis of
the literature survey, the measurable parameters on which
the forecasting of solar irradiance and the electric load are
directly dependent are identified as season of the year,
relative temperature, relative humidity, wind speed and
rain. The output of the designed system is the forecasted
solar irradiance (W/m2) and the electrical load (kWh).
The block layout for the fuzzy logic based approach is
shown in Figure 4. The figure shows all the above
mentioned five uncertain input parameters and the
required output parameter as solar irradiance and the
electric load. Here, season of year is represented by S,
humidity by H, relative temperature by T, wind speed by
W and rain by R.
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Fig.10: Membership function for electric load output
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In reference to the above model and the membership
functions, below the sample set of rules are given as:

speed, rain gauge for the precipitation and the energy
meters for electric load data. Below the sample data has
been shown in table 2.
For the purpose of system validation in comparison
to the real-time values of the parameters, few error
indices are given as: mean bias error (MBE), mean
absolute error (MAE), root mean square error (RMSE),
mean square error (MSE) and mean absolute percentage
error (MAPE) [equation 1- 5]

Table.1: Sample set of rules for fuzzy logic system
S eason
Summer
Summer
NSummer
NSummer
NSummer
NSummer
NSummer

Temp.
Very
High
Very
High
Very
Low

Hum.

Wind
speed

Rain

S olar
Irr.

Electric
Load

M ed.

M ed.

High

H

MH

M ed.

High

High

MH

MH

Low

High

High

VL

M

M ed.

Low

M

MH

M ed.

Very
Low
High

High

High

Low

Very
High

M ed.

High

High

ML

L

M ed.

Low

M

L

High

Low

MH

MBE
=

1
N

N

∑ [ Y ′ i − Yi ]

(1)

i=1

MAE
=

L

1
N

N

∑ |Y ′ i − Yi |

(2)

i=1

RMSE
N

1
= √ ∑ (Y ′ i − Yi )2
N

For the purpose of data collection of various parameters,
the different devices have been studied and used which
includes, the pyranometer device for solar irradiance,
anemometer device for temperature, humidity and wind

(3)

i=1

Table.2: Sample set of real time data logged using various measuring devices
Date
0101-18
1501-18
0202-18
1502-18
0203-18
0203-18
0204-18
0205-18
0306-18
0607-18
1309-18
1610-18
1411-18
1812-18

Time

Temp.

Unit

Hum.

Unit

Wind
Speed

Unit

Rain

Unit

Solar
Irradiance

Unit

Load

Unit

12.30

20.6

°C

20.9

%

1.56

m/S

0.7

mm

235

W/sqmtr

10.54

kWh

3.30

23.5

°C

22.37

%

1.4

m/S

0.7

mm

290

W/sqmtr

13.22

kWh

12.30

20.9

°C

25

%

1.29

m/S

0.71

mm

330

W/sqmtr

14.76

kWh

3.30

22.8

°C

24.29

%

1.04

m/S

0.738

mm

406

W/sqmtr

13.43

kWh

4.30

23.6

°C

24

%

0.7

m/S

0.76

mm

465

W/sqmtr

11.49

kWh

4.30

23.6

°C

24

%

0.7

m/S

0.76

mm

465

W/sqmtr

11.49

kWh

2.30

32.5

°C

10.06

%

1.24

m/S

0.35

mm

739

W/sqmtr

15.89

kWh

11.30

24.6

°C

20.4

%

1.85

m/S

0.90

mm

759

W/sqmtr

7.21

kWh

2.30

28.6

°C

30.2

%

2.33

m/S

0.91

mm

840

W/sqmtr

16.84

kWh

12.30

29.8

°C

24.3

%

2.03

m/S

0.89

mm

795

W/sqmtr

15.65

kWh

12.30

24.9

°C

55.6

%

3.10

m/S

2.08

mm

450

W/sqmtr

14.98

kWh

2.30

23.5

°C

35

%

2.63

m/S

1.96

mm

420

W/sqmtr

11.8

kWh

10.30

15.6

°C

26.8

%

2.98

m/S

1.85

mm

197

W/sqmtr

16.65

kWh

4.30

9.65

°C

30.6

%

1.59

m/S

1.65

mm

265

W/sqmtr

18.65

kWh
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various error indices like MBE, RMSE and MAPE have
been used.

N

∑ (Y ′ i − Yi )2

(4)

i=1

MAPE =
100
N

′

Y i− Y i
∑N
|
i =1 |
Yi

(5).

III. RESULTS AND DISCUSSIONS
Corresponding to the five input parameters; time of
day, relative temperature, relative humidity, wind speed
and rain, the MIMO high order fuzzy logic based systems
have been developed. Considering the membership
functions of each parameter the number of rules
calculated are 450, out of which sample rules are given in
Table 1 as mentioned in section 2. The results of the
developed system shown in Figure 11 with input values:
4th month of the winter season, relative temperature 32.5
°C, relative humidity 10 %, wind 1.24 m/s and rain of
0.35mm on per unit scale.

Fig.12: Graph Plot for Actual irradiance and Fuzzy
forecasted irradiance
The graph plot in Figure 12, shows the comparison of
fuzzy forecasted solar irradiance with the actual solar
irradiance value. As discussed above, fuzzy logic based
forecasting methodology being more flexible and accurate
shows very less variation in comparison to the actual
value of solar irradiance, such that at only few instances
the high value of error exists.

Fig.13: Graph Plot for Actual irradiance and
forecasted irradiance (Close in view)

Fig.11: Rule viewer of Fuzzy Logic approach
The rule viewer window to the designed fuzzy logic
system shows the crisp value of all input variables and its
corresponding output i.e. forecasted solar irradiance
which is 750 W/m2 whereas the forecasted load is 16.3
kWh. Thus, the result obtained from the developed fuzzy
model which is forecasted solar irradiance for a particular
value of season of year, relative temperature, wind speed,
relative humidity and level of rain, given by 750 W/m2
and must be compared with the actual value of the solar
irradiance which is 739W/m2 and electric load value of
15.89 kWh for the purpose of model validation.
The graph plots display the comparison of the
proposed approach with respect to the actual values
measured. Also, for the purpose of system validation,
www.ijaers.com

Referring to the above plot, the Figure 13 shows the
close in view of the compared values such that to witness
the fluctuations in the forecasted value of the solar
irradiance. Thus, based on the recorded values of the solar
irradiance in the year 2017, the forecasted value of the
solar irradiance is compared with the values of the next
year i.e. 2018. The plot significantly shows little
deviation in the forecasted values from the actual values,
whereas follows the similar trend of high irradiance in the
mid of the day and low in the other time of day.
Alike, the previous comparison of actual solar
irradiance with the forecasted irradiance, in Figure 14 the
comparison of actual electric load with the forecasted
electric load in kWh has been shown. The plot shows the
variation in the electric load with the passing time of the
year whereas the average load being around 10.34 kWh
with the peak at 20.65 kWh and minimum at 2.17 kWh.
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The dotted block represents the close in view represented
in the figure shown below.

Fig.14: Graph Plot for Actual Electric load and Fuzzy
Forecasted load
As per the figure, the variation in the electric load.
i.e. between the actual electric load and the MIMO fuzzy
forecasted electric load is evident in nature such that the
error between the two has been evaluated using the MAE,
RMSE and the MAPE respectively.

Fig.15: Graph Plot for Actual Electric load and Fuzzy
Forecasted load (close in view)
Using Equation 1, Equation 3 and Equation 5
mentioned in section 2, the error analysis in the proposed
fuzzy logic system with the actual values of the load and
the available solar irradiance has been done and shown in
Table 3.
The table shows the error available in the forecasted
values against the actual values of both the parameters,
i.e. solar irradiance and the electric load. Whereas, the
system can be considered fit for the future work as the
error percentage (MAPE) and the RMSE value are in the
satisfactory range.
Table 3 Error evaluation of proposed methodologies
Error Evaluation
MBE
RMSE
MAPE (%)
Proposed
Methodology
1.948858
0.051538
9.285
(Solar
irradiance)
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0.086467

0.239733

2.446480

IV. CONCLUSION
In this paper, considering relative temperature, relative
humidity, wind speed, rain and the season of year as
independent uncertain input variables, a high order
MIMO fuzzy logic based approach for short term solar
irradiance and electrical load forecasting has been done.
For the purpose of real time data measurement of
parameters at the set location, i.e. 30° 21′ 21.63″ N and
76° 22′ 19.71″ E, various devices like Pyranometer and
anemometer devices have been used. The results of the
proposed high order fuzzy logic based approach
dependent upon the designed rule base of 450 rules show
crisp value for forecasted solar irradiance and electrical
load with an error of 0.051 and 0.239 RMSE respectfully
and 9.285% and 2.446% MAPE respectfully in
comparison to the real time observed values. In addition,
for the purpose of solar power generation and the
variations present in it the power equation for the solar
panel depending on the forecasted values of solar
irradiance and the standard test conditions of solar panel
has been well discussed.
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