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Abstract—The growth of smart power grids has complicated the 

balancing of supply and demand, the control and management of 

power outages, and the reduction of grid costs. In order to 

strengthen power grid reliability and reduce the risk of failure in 

production resources, demand side management has taken on 

particular importance. Microgrids are dramatically expanding 

due to the potential benefits of an increasingly reliable, 

sustainable, efficient, and environmentally friendly energy supply 

from renewable energy sources. In recent years, the air pollution 

crisis has attracted much attention. Among the factors that 

aggravate this crisis, pollution from fossil fuels has been playing a 

significantly greater role. As a result, the trend towards renewable 

energies, such as solar power, has grown considerably. As a 

gradually introduced alternative to fossil fuels, solar energy 

presents many benefits as well as numerous challenges. One of the 

most critical issues is the unreliability of this energy source. The 

management solution is to define an appropriate model for 

predicting how solar energy works and how to accordingly 

manage its storage. The current paper proposes a solar generation 

model based on the Markov Chain (MC), by which the formation 

of a cluster of chains predicts the power generation of solar cells.  

In order to reduce the prediction error, Markov chains are 

continuously trained by historical data. Evaluation results confirm 

the accuracy of the proposed model. 

 
Index Terms—Cloud cover, energy management systems, 

Markov chain, microgrids, photovoltaic generation plants.  

 
NOMENCLATURE 

Capital Letters  

  

AVG[t1,t2](error)         mean value of error during interval [t1,t2] 

BKN         cloud coverage- Broken = 5–7 oktas 

CCb         battery rechargeable capacity (kW) 

CLR cloud coverage- No cloud/Sky clear = 0 oktas 

CMC cluster of Markov chains Model 

Dt real cloud cover volume for time interval t (oktas) 

DG distributed Generation Sources- Solar Cells 

𝐸𝑖(ℎ) amount of power generated by the solar panel i in 

the time interval h (kW) 

𝐸𝐷𝑖 electricity demand of request i (kW) 

𝐸𝑛𝑑𝐻𝑜𝑢𝑟𝑖 end of time interval in sub-cluster i 

Ert(i) prediction error of Markov chain i in time interval t 

ESS energy storage systems 

 
 

FEW cloud coverage- Few = 1–2 oktas 

K critical radiation point (W / m2) 

𝐿𝑑 length of dataset 

LN linear normalization function- 𝑥𝑖/∑ 𝑥𝑗
𝑧
𝑗=1  

M month of year 

MAE mean Absolute Error 

MC Markov chain 

MC(k,l) Markov chain l in sub-cluster k 

MGCC MicroGrid Central Controller 

NWVt new weight vector generated according to the results 

of time interval t  

OVC cloud coverage- Overcast = 8 oktas, i.e., full cloud 

coverage 

𝑃𝑔
𝑚𝑎𝑥(𝑡) Maximum power allowed to receive from the 

distribution network in time interval t (kW) 

𝑃𝑖𝑗(𝑘, 𝑙) transition probability from state i to state j for 

Markov chain l in sub-cluster k 

Pt array of MCs cloud cover predictions for time 

interval t 

𝑅ℎ amount of solar radiation (W / m2) 

RC function of removing chain from cluster 

SCT cloud coverage- Scattered = 3–4 oktas 

𝑆𝑜𝐶(𝑡) state of charge in time interval t (%) 

𝑆𝑡𝑎𝑟𝑡𝐻𝑜𝑢𝑟𝑖 start of time interval in sub-cluster i 

TM Markov chain transition matrix 

Vcp vectors array of states conditional probabilities 

WVt weight vector for time interval t- indicates each MC 

prediction weight in computing weighted average. If 

used without indices, it means WV in the current 

time interval  

  

Small Letters  

  

c number of solar panel cells 

𝑐𝑏 internal generated energy costs per unit of power 

𝑐𝑔 distribution network energy costs per unit of power 

𝑐𝑀𝐺(𝑡) microgrid total costs in time interval t 

counteri counter variable of loop i 

e efficiency of solar panels 

h hour of day 

l number of demand requests  

m number of sub-clusters in each cluster 

n number of Markov chains in each sub-cluster 

s vector of current state probabilities 

𝑡𝑖𝑗(𝑘) transition from state i to state j in the hour k 

weightedAvg function of computing weighted average by getting 

Vcp and WV as inputs 

  

Greek Letters  

  

α fraction of the electricity demands, which must be 

supplied from the domestic resources  

β fraction of the electricity demands, which must be 
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supplied from the distribution network 

π(t) Markov chain vector of states probabilities in time 

interval t 

𝜀𝑑 deletion threshold for chain weight 

𝜀𝑚 chain merging threshold 

𝜀𝑤 error threshold 

I. INTRODUCTION 

icrogrids are a collection of distributed generation, 

renewable energy sources, energy storage systems and 

local loads, which can operate in two modes, connected to the 

distribution network and islanded modes [1]. Stand-alone 

microgrids may never be connected to the main grid for 

economic or geographical reasons. Typically this type of 

microgrid is built in areas where the distribution infrastructure 

and transmission infrastructure have a high spatial distance. In 

a microgrid connected to the distribution network, the 

connection location is called the point of common coupling 

(PCC) [2], through which the energy required from the 

distribution network is received. The microgrid’s most 

important feature is the ability to isolate itself from the 

distribution system when certain events occur, such as failures, 

voltage drops, and extinction. In connected to the distribution 

network mode, the main challenge is to minimize the cost of the 

microgrid; internal energy sources, such as solar cells, in 

addition to probabilistic behavior in the production, will incur 

costs. Along with internal resources, the distribution network 

can also supply a portion of the electricity demand by offering 

real time or time of use prices. Due to the costs each group can 

incur, the central controller will determine the source of the 

energy supply in order to reduce costs for a future period. 

In recent years, the air pollution crisis has stirred up much 

controversy. Among the factors aggravating this crisis is the 

pollution caused by fossil fuels. Consequently, as a gradual 

alternative to fossil fuels, the trend towards renewable and new 

energies, such as solar energy, has grown significantly [3]. 
Although offering numerous advantages, solar energy also 

poses many challenges, the most important of which is its 

uncertainty as an energy source. This is basically due to this 

energy’s random pattern of availability. The solution is to 

define a suitable model for predicting solar energy performance 

and for managing its battery storage systems. These issues are 

of particular importance in stand-alone microgrids, for which 

solar cells are one of the main sources of energy [4]. 
Furthermore, in microgrids employing solar energy as an 

auxiliary resource, the discussion of modeling this energy is of 

interest when attempting to reduce costs. 

A. Related Works 

As the current paper’s focus is the modeling of photovoltaic 

power generation, this section surveys research related to 

modeling and predicting the power produced by solar cells and 

electricity demands. The methods presented in the field of 

forecasting production and demands are grouped according to 

the predictive horizons, the purpose of the prediction, and the 

type of model [5]. Estimates of production and demand can be 

categorized according to the forecasting period, usually known 

as the forecast horizon, as follows:   

• Very short -term forecast: In this model, the load/power 

generation forecast is for a few seconds, minutes, and 

hours. These models are usually used to control the flow 

[6], [7]. 

• Short-term forecast: This model predicts a few hours to 

several weeks. These models are usually for adapting 

production and demand [13], [14], [24]-[26]. 

• Medium-term and long-term forecasts: This kind of 

forecasting can vary from months to years. These 

models are usually for planning service provider 

organizations [10], [27]. 

The most common type of forecasting model is weekly, daily 

and hourly. The most significant difference between the three 

models mentioned above is the range of variables used. On the 

other hand, a model can be classified based on the number of 

variables predicted. Accordingly, there are two main groups. 
The first is a method that predicts only one value, such as the 

next day’s load, the next peak day, the next day’s total load, and 

so on. The second group is a method predicting several values, 

such as the peak load and total load. In order to solve the 

equations, the linear models are based on a combination of all 

the problem’s features. The demand forecast includes a number 

of variables and nonlinear events that first need to be detected 

and then converted into the equation that forms the model. The 

linear models are divided into two groups: time-of-day models 

and dynamic models. Time-of-day models define load at any 

discrete point in time from a specified time series, with a 

prediction period. The model stores the load amount based on 

previous observations. Some models store the load curves from 

several weeks ago, while other models only store the previous 

week’s load curves. Dynamic models assume that the load 

depends not only on the time of day, but also on weather 

variables and random inputs. Dynamic models include self-

regression models and the ARMA model [8]-[10], [27]. 

Nonlinear models (based on the neural network) have fewer 

constraints than those of linear models. Neural networks are 

able to learn from experiments and generalize past observations 

into new ones. They can also capture the essential features of 

input variables. As a result, these networks offer some special 

advantages that have attracted much interest, such as adaptive 

learning, self-organization, error tolerance, real-time 

performance, and ease of integration into existing technologies. 

The types of non-linear models or the types of artificial neural 

networks include hybrid models that are monitoring or non-

monitoring and neural networks with enhanced learning [11]-

[14], [28], [29]. Some studies have exclusively employed neural 

networks, while a number of other studies have used neural 

networks in combination with other methods. The latter are 

known as hybrid models [15], [30]-[32]. In neural networks, 

there are two main modes for network training: learning with 

monitoring and learning without supervision. In the group of 

nonlinear models, some researchers have predicted the amount 

of solar power generation and electricity demands by applying 

classification methods on meteorology criteria such as 

temperature, humidity, dew point and global horizontal 

irradiance. In order to predict solar energy, [33] utilizes the 

naïve Bayes (NB) classification, in which they choose three 

M 
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continuous variables such as temperature, relative humidity, 

and dew point. With the Markov chain model, the authors 

estimate the battery transition from one state of charge to 

another. [34] proposes a hierarchical clustering technique to 

classify historical load curves according to temperature and 

humidity. Via an unsupervised classification method, [35] 
identifies days by describing a common consumption behavior 

pattern. In [36], temperature and solar irradiance are vital 

features for classifying different operating conditions of the PV 

system. In addition, the study develops a higher-order Markov 

chain based on the categorized historical data of solar power in 

each operating condition. With the help of Markov chains, 

quantitative research has been conducted to model the 

production of solar cells [8], [17]-[23]. Aided by historical data, 

the research conducted by [17], [37] employs Markov chains 

for modeling the photovoltaic generation. The solar insolation 

conditions of the sun are considered as model states which take 

into account the effect of clouds. By emphasizing the 

importance of solar panel dimensions and battery size in the 

design of solar power stations, some literature [19] has 

proposed a multi-state Markov model for the hourly harvesting 

of solar energy. The model determines the cost of the optimal 

photovoltaic panel and battery size by considering a tolerable 

power outage. In [20], a prediction method for solar insolation 

and cloud cover is presented based on a homogeneous recursive 

Markov process with discrete states. The introduction of the 

present article briefly mentions [21] as a reference to the current 

state of solar insolation prediction methods published in 2013. 

Inspired by the method proposed in [37], [21] suggests a model 

for determining how sensor node behavior is represented by 

considering different levels of battery charging and different 

solar insolation conditions. 

 

B. Contributions 

1) Photovoltaic power generation modeling based on Markov 

chains clusters: to predict the amount of power produced by 

solar cells in a specific time interval, the current study employs 

Markov chains in the probabilistic modeling of solar cells. With 

the aid of a two-state chain or a separation of days, literature to 

date has initially indicated the solar radiation status as good and 

bad days or sunny and covered periods [18]-[20], [23]. As a 

sample, in reference [19]; the solar energy output for each day 

in a given month is computed and the days are sorted based on 

this energy. β% of the days with the lowest energy are termed 

“bad,” and the rest, “good” days, and a two-state chain with 

good and bad states was proposed. In another research, the 

authors used a division (day and cloud/low Light) for modeling 

the battery charge based on Markov chains [23]. In [20], authors 

use a two-state model that was presented by the same author in 

previous work, a situation in which the sun is completely hidden 

behind the clouds and others where the sun is shining. The 

totality of the clear time span consists of n sunny periods 

separated by n covered periods. Compared to these articles that 

use a two-state chain, in the proposed Markov chain model, the 

 
1 METAR is a format for reporting weather information. A typical METAR 

contains data for the temperature, dew point, wind direction and speed, cloud 

cover and heights, visibility, and barometric pressure. 

present work defines the chain states based on the METAR 

criterion1 and the state of cloud volume which has not yet been 

developed in any studies predicting the production rate of solar 

cells. In addition, for more accurate prediction, the current 

authors have clustered the chains based on seasons and the time 

of day. 

 

2) Reduction of power generation prediction errors by 

clustering chains and assigning weights: The current study has 

improved the prediction of solar power generation through 

clusters of Markov chains. These clusters enable the prediction 

module to reduce errors by utilizing season and time of day 

factors, as well as weighing the historical data.  

 

3) Model training for privatization based on the characteristics 

of the deployment environment: The present work continuously 

trains the proposed model based on feedback received from real 

cloud cover data. This training can help the model fit its 

deployment environment and model dynamics. In order to train 

the model, the prediction error of each Markov chain is used as 

a criterion for determining the weight of the chain. 

II. SYSTEM MODEL 

A. Microgrid Components 

Each microgrid consists of a number of heterogeneous 

components such as power generation, electrical loads, and 

storage systems. Microgrid power generation may be from a 

range of variable distributed energy resources (DER’s), 

including renewable and fossil fuelled generators. There are 

many forms of renewable energy; solar cells are an important 

source of renewable energy. Solar cells or photovoltaic cells 

convert the energy of light directly into electricity, which can 

be stored in batteries during peak production and be used in the 

production reduction times. A microgrid can supply its 

electricity demands with the help of internal resources such as 

solar cells or receive energy from a macrogrid in grid-connected 

mode and it can control the power flow at point of common 

coupling (PCC) by controlling the charging/ discharging of 

batteries. The present study assumes solar cells and macrogrids 

as power resources and local microgrid consumers as loads. 

Energy storage systems (ESS) are also used to increase the 

reliability of microgrid power resources. Reliability in power 

systems means the existence of energy at the time of need [38]. 

Fig.  1 shows the hypothesized microgrid structure. This 

structure models solar cells as Distributed Generation sources 

(DGs). The current study will expand microgrid resources in 

order to add other power sources, such as wind turbines, to 

future works. In each microgrid, the task of energy management 

is the responsibility of the microgrid central controller 

(MGCC). The microgrid central controller determines the 

amount of power recovered from each source according to 

production and demand conditions and the costs of each 

resource over the next period. In addition to considering the 

limitations of not creating a challenge for the main production 
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network, the microgrid central controller attempts to reduce its 

costs via the energy management system. As illustrated in Fig.  

1, the microgrid central controller consists of three modules: 

power generation prediction, demand prediction and 

optimization modules. The following sections provide the 

details of these modules. 
Fig.  1.  Microgrid system architecture 

 

B. Solar Generation Model 

The currently proposed strategy employs Markov chains to 

predict the amount of power produced by solar cells in future 

periods. The number of clouds in the sky directly affects power 

production and so a cloud-size pattern can predict the amount 

of available solar power. 

To model solar generation, the present work suggests a 

Cluster of Markov Chains (CMC). Twelve clusters of Markov 

chains are formed as the first level clusters, of which each set 

represents one month of the year. Each set also consists of m 

sub-clusters of Markov chains as second level clusters, where 

m determines the number of divisions during a day. In each sub-

cluster, the present work generates n Markov chains according 

to the historical data. The value of n increases over time as the 

historical dataset grows. Fig.  2 depicts each Markov chain 

structure, in which five states are possible: from clear sky to full 

cloud cover. As there are n Markov chains in each sub-cluster, 

𝑃𝑖𝑗(𝑘, 𝑙) is defined as a transition probability from state i to j for 

Markov chain l in sub-cluster k. Historical data helps form the 

transition matrix (TM) of each MC. 

 
Fig.  2.  An instance of Markov chains in clusters. For clarity, only some 
transitions are displayed.  

 

A group of n Markov chains sharing the same properties (i.e. 

season and time of day) form a sub-cluster. Each sub-cluster 

may consist of a wide range of old or new historical data. Each 

cluster covers a full month of data and will model it. The overall 

scheme of the proposed model (CMC model) is shown in Fig.  

3. At the beginning of the system, the model is formed with the 

help of a set of initial historical data. In order to produce 

predictions with acceptable error rates, the initial model needs 

to be updated and permanently maintained. Each Markov chain 

is represented by a series of historical data that determines the 

initial refinement of the chain transmission matrix. To cover the 

changes introduced by new data, these data will be continuously 

injected into the model at certain intervals. In other words, the 

model is trained on the basis of the data over time. 
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Fig.  3.  Markov based solar generation model (CMC model). Each chain is 

shown in more detail in Fig.  2. 
 

 For determining the generation forecast of the future time 

interval, each chain provides a prediction value whose end 

result will be calculated by the weight assigned to each chain. 

The time for collecting the historical data of each chain initially 

determines the specific weight of each chain; we assigned more 

weight to the chains, which the corresponding cloud cover data 

are closer to the prediction period in terms of time. The new 

values of the weight vector elements (NWV) are determined 

through the maintenance module.  
Algorithm 1 Training and Maintenance Module 

function TrainAndMaintenance (Pt, WVt, Dt) 

Input: array of MCs cloud cover predictions for time interval t Pt, 

array of MCs weight vector WVt, real cloud cover volume for time 

interval t Dt 

Output: array of MCs new weight vector NWVt 

1   for counter1:=1 to n do 

2     Ert[counter1] ← |Pt[counter1] - Dt| 

3   end for 

4   Ert ← LN(Ert) 

5   for counter2:=1 to n do 

6      if AVG[t-10,t](Ert[counter2])> 𝜀𝑤then 

7       power ← 1 

8      else  power ← 2 

9      end 

10     NWVt[counter2] ← WVt[counter2] + (–1)power 

                         *AVG[t-10,t](Ert[counter2])* WVt[counter2] 

11     if NWVt[counter2] < 𝜀𝑑 then 

12        RC(counter2) 

13     end 

14 end for 

𝑷𝒐𝒐(𝒌, 𝒍) 
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After each run, the prediction module updates the weight of 

each chain based on the obtained error. In order to optimize the 

storage space and the complexity of the prediction module 

implementation during the growth of the model, chains having 

the same results as the difference of 𝜀𝑚 are merged while chains 

with a weight less than 𝜀𝑑 are removed from the sub-cluster. In 

the form of a pseudo code, Algorithm 1 presents the training 

and maintenance module. 

III. ENERGY SCHEDULING 

The inputs of the energy scheduling module are the load 

demands, power generation amount, energy purchase price 

from the distribution network, and the cost of energy 

generation. In the energy scheduling module, the maximum 

allowable power purchase amount and the state of charge of the 

energy storage system are applied as constraints on the 

optimization problem.  

A. Supply and Demand Prediction 

The energy generated by solar cells depends on a variety of 

factors, most notably the amount of cloud cover in the 

installation area of the panels. The amount of power generated 

by solar panel i in time interval h can be calculated by the 

following equation [17]: 

 

𝐸𝑖(ℎ) = 𝑐. {

𝑒

𝐾
. 𝑅ℎ

2              0 <  𝑅ℎ < 𝐾

𝑒. 𝑅ℎ                         𝑅ℎ > 𝐾
 (1) 

 

where c, e, K and Rh respectively represent the number of 

cells in the panel, the respective efficiency, the critical radiation 

point (W / m2), and the amount of solar radiation. Cloud 

historical data is generally accessible via weather stations. 

These data can be used to predict future cloud cover. The 

currently proposed model consists of 𝑛 × 𝑚 × 12 MCs. Each 

MC state space consists of five states, namely S:{CLR, FEW, 

SCT, BKN, OVC}. A series-related historical dataset based on 

Equation (2) calculates the MC transition matrix. In Equation 

(3), ti∗ signifies the transfer from state i to other states. 

 

𝑇𝑀 =

[
 
 
 
 
 
𝑃𝑐𝑐 𝑃𝑐𝑓 𝑃𝑐𝑠 𝑃𝑐𝑏 𝑃𝑐𝑜  

𝑃𝑓𝑐 𝑃𝑓𝑓 𝑃𝑓𝑠 𝑃𝑓𝑏 𝑃𝑓𝑜

𝑃𝑠𝑐 𝑃𝑠𝑓 𝑃𝑠𝑠 𝑃𝑠𝑏 𝑃𝑠𝑜

𝑃𝑏𝑐 𝑃𝑏𝑓 𝑃𝑏𝑠 𝑃𝑏𝑏 𝑃𝑏𝑜

𝑃𝑜𝑐 𝑃𝑜𝑓 𝑃𝑜𝑠 𝑃𝑜𝑏 𝑃𝑜𝑜 ]
 
 
 
 
 

 
(2) 

𝑃ij = ∑ tij(k)
Ld

k=1
 / ∑ ti∗(k)

Ld

k=1
 , 𝑓𝑜𝑟 𝑖, 𝑗 𝜖 𝑆 (3) 

tij(k) =  {
1        exists transition from i to j 𝑖𝑛 ℎ𝑜𝑢𝑟 𝑘
0        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                 

 (4) 

ti∗(k) =  {
1     exists transition that has started from i 
0             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                 

 (5) 

 

The probabilities of the transition matrix are calculated 

according to the series-related historical dataset, and will be 

changed based on changes in the dataset. In Equation (3), k 

signifies the hour of day in the dataset and its values are the 

integers that are determined by the size of the dataset. As shown 

in Equation (4), tij indicates the existence or absence of a 

transition from state i to state j. Given the probabilities vector 

of the current state and the transition matrix of each MC in time 

interval t-1, the states probability of time interval t is obtained 

according to Equation (6). In other words, through the chain 

transition matrix, the state of the system can be predicted in the 

next iteration. 

 

𝜋(𝑡) =  𝜋(𝑡 − 1) ∗ 𝑇𝑀 (6) 

 

In order to predict the volume of the cloud over for the next 

time interval, the sub-cluster is first determined according to the 

time of day and season. The selected sub-cluster consists of n 

chains which provide n predictions. Prediction values are 

aggregated based on the weight vector of the chains and so the 

final value of the cloud cover prediction is determined. 
Algorithm 2 presents the supply prediction module in pseudo 

code form. 

 

Algorithm 2 Supply Prediction Module 

function prediction(h, M, s) 

Input: hour of day h, month of year M, vector of current state 

probabilities s 

Output: vectors array of states conditional probabilities Vcp 

1   for counter1:=1 to m do  

2      if StartHourcounter1 ≤ h ≤ EndHourcounter1 then 

3         for counter2:=1 to n do 

4            Vcp[counter2] ← s*TM[M][counter1][counter2] 

5         end for 

6          Vcp ← weightedAvg (Vcp, WV) 
7         return Vcp 

8      end 

9   end for 

 

The present study has applied the Linear Prediction filter 

Coefficients (LPC) method to estimate the load demand. The 

LPC method determines the coefficients of a forward linear 

predictor by minimizing the least squares prediction error. By 

receiving the x and p entries, the LPC function determines the 

pth-order linear predictor coefficients that predict the current 

value based on actual values of time series x in the past. 

 
�̂�(n) =  −a(2)x(n − 1) − a(3)x(n − 2) − … 

−a(p + 1)x(n − p) 

(7) 

 

In Equation (7), p is the order of the prediction filter 

polynomial. 

B. Optimization 

The present work’s objective function is to minimize the cost 

of the microgrid (𝑐𝑀𝐺) by taking into account the limits of solar 

production and the ceiling for receiving power from the 

macrogrid for a given time period. The optimization problem is 

solved for (𝑇 − 𝑡𝑘) time intervals starting from 𝑡𝑘 to T at each 

execution time. In the optimization problem, 𝑡𝑘 determines the 

starting point of time intervals that can take on different values 

depending on the scheduled start hour of the day.  
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The costs of the microgrid (𝑐𝑀𝐺), are divided into two parts: 

the internal energy generation costs (𝑐𝑏) and the cost of 

purchasing energy from the distribution network (𝑐𝑔) in each 

time interval t. The decision variables in the proposed 

optimization problem are 𝛼𝑖 and 𝛽𝑖 which determine the 

fractions of the electricity demands (𝐸𝐷𝑖) that must be supplied 

from domestic resources or the distribution network, 

respectively. Inequalities (9) and (10) will also impose a storage 

capacity limitation (i.e. available storage power in time interval 

t, that is determined by the state of charge in time interval t 

(SOC(t)) and the rechargeable battery capacity (CCb) in kW) 

and a limitation on the power received from the distribution 

network (𝑃𝑔
𝑚𝑎𝑥) in time interval t, respectively. In order to 

determine the supply source of the total amount of electricity 

demands, the sum of 𝛼𝑖 and 𝛽𝑖 shall be equal to 1 for each 

electricity demand i in time interval t according to Equation 

(11). In addition, the values of 𝛼𝑖 and 𝛽𝑖 must be between 0 and 

1 (inequalities (12) and (13)). Limiting the purchase of energy 

from a macrogrid is critical for preventing electricity demand 

peaks when macrogrid electricity prices fall. Also, due to the 

goals of creating microgrids, which are distributed energy 

generation and the ability to separate and isolate themselves 

from the distribution system at the time of an event, such as 

failure, voltage drop, and outage, the energy purchase plays a 

significant role in regulating microgrid behavior so that it stays 

in line with such goals. The optimization problem will be solved 

for a day ahead. Each day is divided into (𝑇 − 𝑡𝑘) time slots. 

Based on the prediction made for the amount of power 

generation and demand in each time interval, the problem is 

initialized and solved. 

IV. RESULTS 

A. Photovoltaic Generation Prediction  

For the purpose of forming Markov chain clusters, the 

current research employed data collected from the 

meteorological stations provided by Iowa Environmental 

Mesonet (IEM) [16]. The meteorological data (temperature, 

wind speed, cloud volume, etc. ) of various stations around the 

world are collected by IEM and these provide users with a scale 

of about one hour (most stations offer a scale of one hour and a 

few number of stations provide a scale of one minute). First, the 

present work performed an initial refinement of data from IEM 

which included digitizing METAR values for cloud cover, 

considering the maximum cloud cover (worst case) for slots 

whose data scale is less than an hour, and adding data for slots 

without cloud cover information due to the cloud cover rate in 

the previous slot. In the end, the current study utilized refined 

data to form Markov chains. Fig.  4 shows the unconditional 

probability mass functions for one meteorological station for 

the hours from 7 a.m. to 9 a.m. on the first of every month for a 

period of six years. As shown in Fig.  4, these probability 

functions follow a similar pattern. The horizontal axis states are 

equivalent to Markov chain state space S :{ CLR, FEW, SCT, 

BKN, OVC}, respectively. 

 
Fig.  4.  Unconditional probability mass functions (pmf) for first month of 6 
years cloud cover datasets. 

 

The present research created a probability mass function by 

averaging the probability functions obtained from datasets of 

the years between 2010 and 2015 for one meteorological 

station. It then compared this probability function with the 

probability mass function obtained for the year 2018 during the 

same month and hours. Fig.  5(a) presents the obtained 

functions. If the difference between these two probability 

function values is considered as an error, then the mean absolute 

error will be 0.064878 in this case. In a similar comparison, 
when calculating the mean probability function, the current 

study assigned weights to each of the probability functions that 

are proportional to the time of collecting the corresponding 

cloud cover data. As shown in Fig.  5(b), in this case, the value 

obtained for MAE is lower (MAE = 0.057949576). Therefore, 

the weight vector assigned to different Markov chains can play 

a critical role in reducing the prediction error and, accordingly, 

the weight vector is continuously updated in the maintenance 

module. Fig.  5(c) provides the calculated pmf graph according 

to the trained chain weight vectors after 10 iterations. The 

authors assume εw = 0.09 as the error threshold for determining 

new weight vector values of the Markov chains.  
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Fig.  5. Probability mass functions comparison (a) between mean of years 2010 to 2015 pmfs and year 2018 pmf (MAE=0.057949576) (b) between weighted mean 

of years 2010 to 2015 pmfs and year 2018 pmf (MAE=0.064878) (c) between trained weighted mean of years 2010 to 2015 pmfs and year 2018 pmf 

(MAE=0.057995585). 

B. Load Demand Prediction 

In order to choose a method for predicting the amount of 

energy required, the present work analyzed the home power 

consumption data of the UK. These data were extracted from 

the data collection for household use and recorded from 

domestic houses in the southeast of the UK. This dataset 

provided power consumption data separately for each house. 
Given the size of the microgrid, electricity demands in Equation 

(8) are considered either as one home’s demands or as the 

cumulative effect of the electricity demands of homes and other 

subscribers of a region. Fig.  6(a) presents the sample of 

household power consumption for 30,000 hours. The 175-hour 

subset of these data is examined individually. Fig.  6(c) draws 

the graph of the equivalent polynomial curve of these data with 

a degree of 5. To extract the relationship between these data, 

the current work examined the autocorrelation of the 

cumulative power consumption of 1,000 homes between 

November 2012 and April 2015. Fig.  7(a) to Fig.  7(d) shows 

the autocorrelation of power consumption data for one day, 48 

hours, one week, and one month, respectively. The highest 

autocorrelation observed was in 1 and 24 lags. The LPC method 

predicted the power consumption. Fig.  8 provides the power 

consumption prediction results for the data in Fig.  6(b). The 

mean absolute error was 24.5499 in this experiment. It was 

repeated for 100 sub-sets of dataset and the prediction MAE is 

an average of 31.5.  

C. Optimization Module 

The present study divides each day into 24 time slots and so 

this solves the proposed optimization problem for the next 24 

slots. For each time slot, the estimation of the state of charge, 

SoC(t), is obtained based on the CMC’s model’s prediction of 

the solar generation amounts.  

The LPC method also predicts the amount of electricity 

demands, 𝐸𝐷(𝑡). In Equation 5, one of the most critical terms 

in power planning is the price of electricity purchased from the 

macrogrid. The pricing models are divided into five categories: 

Time of Use Pricing (TOUP), Critical Peak Pricing (CPP), 

Extreme Day Pricing (EDP), Extreme Day CPP (ED-CPP), and 

Real Time Pricing (RTP). The Time of Use (TOUP) and Real 

Time (RTP) pricing differ in that the former fixes the price and 

time periods in advance while the latter does neither of these 

two in advance. Thus, TOU rates can be considered static while 

RTP rates are dynamic, even though before the feature time-

varying prices. Other rate designs bridge the gap between these 

two. TOU, CPP, EDP, and ED-CPP can be grouped into the 

same category although these models act differently in 

determining pricing details and announcing peak hours of 

consumption. The current research has assumed here that 

macrogrid provides energy according to the TOUP model. In 

this model, for peak times, the price is 2.5 times the average 

electricity price; at off-peak times, the price will be one-third of 

the average electricity price. Here, the peak hours of use are set 

from 12 to 18 and 20 to 23, while the off-peak hours are from 

23 to 7 in the morning. 

 

 
Fig.  6. (a) Sample residential power consumption for 3 × 104 hours. (b) Power 

consumption on Mondays (175 hours). (c) Polynomial curve estimation for 

chart of part (b). 

 

The present work has divided the basic electricity demands 

of microgrid subscribers, such as lighting, into five electricity 

demand groups, namely 𝐸𝐷1 to 𝐸𝐷5. For these five groups, the 

LPC method estimates the electricity demand for the next day. 

Fig.  9(a) presents the ratio of α to β in aggregate for these 

requests. Fig.  9(b) and Fig.  9(c) show two samples of the 

power source allocation for electricity demands. As seen in Fig.  

9(a), at consumption peak times, the maximum power 

allocation is made from the batteries. Also, due to the reduction 

in the battery charge state at the end of the day, electricity 

demands have been powered by macrogrid during the hours that 

solar cells produced more power and energy cost is less, to 

reduce the total cost of supplying power. The current research 

repeated this experiment for 30 days. The results indicate a 12% 

average reduction in energy costs. 



1949-3029 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TSTE.2019.2904436, IEEE
Transactions on Sustainable Energy

 
Fig.  7. Autocorrelation graph of the residential power consumption data. (a) During a day. (b) Between two days in a row. (c) During a week. (d) During a month. 

 

This cost reduction is due to planning for the whole day and 

considering the status of resources and costs in all time slots. 

TABLE I compares the total energy costs over a 6-day period 

for the proposed power source allocation method and that of a 

simple method. 
TABLE I 

COST REDUCTION DUE TO OPTIMIZING POWER RESOURCE ALLOCATION 

Iteration 1 2 3 4 5 6 

T
o

ta
l 

co
st

 

Optimized 

Resource 

Allocation 

1306 1324 1041.6 1061 1140 978.5 

Simple 

Resource 

Allocation 

1433.3 1551.5 1162.5 1195.1 1310.5 1158.6 

 

The simple method determines the source of power solely on 

the basis of each time slot’s energy price. In other words, the 

decision is only made on the basis of current conditions and the 

amount of solar power generation; the battery state of charge in 

the next time slots do not have any effect on the decision’s 

results. TABLE I divides the costs by the average electricity 

price per kilowatt. As shown in TABLE I, in comparison with 

the simple power source allocation method, the proposed 

method lowered the total energy cost from 8.8 to 15.5 percent. 

V. CONCLUSION 

There is considerable interest in the design of microgrid 

systems that are able to schedule power resources and load 

demands. In recent years, the air pollution crisis has received 

special attention. Among the factors that exacerbate this crisis 
is the large role played by fossil fuels. As an alternative to fossil 

fuels, there has emerged a significantly growing trend towards 

gradually introduced new and renewable energies, such as solar 

energy. Along with its many advantages, the use of solar energy 

poses many challenges; one of the most important of which is 

its uncertainty. This uncertainty means that the availability of 

this energy follows a probabilistic pattern. The present study 

employs Markov chains to model solar cell power generation 

and also clusters these to achieve a lower prediction error rate 

in comparison to the same model without clustering. 

 
Fig.  8.  Prediction results of the power consumption using LPC method. 

 

 
Fig.  9. Results of optimizing power source allocation for a day. (a) Five groups 

of electricity demands in aggregate. (b) Electricity demand group 2 (𝐸𝐷2). (c) 

Electricity demand group 5 (𝐸𝐷5). 
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The CMC model is continuously trained with newly 

collected data (both a weight vector and chains). The results 

indicate that the proposed training and maintenance module 

will reduce the forecast error rate over time. In future works, 

the authors intend to reduce the error rate by conducting further 

analysis on the final amount of solar power generation 

calculated from the predicted values obtained from each of the 

Markov chains, model training, and the maintenance module. 
In addition, they plan to expand microgrid power generation 

resources for the purposes of adding other power sources, such 

as wind turbines. In order to achieve results closer to those of 

real conditions in future works, the authors will utilize real time 

pricing for modeling the macrogrid energy cost. 
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