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Based on the results reported in Table 5.20, all the economic parameters show 

improvement in both scenarios compared to the results of using HQ tariff. This means that using 

dynamic pricing could be in favor of Concordia university in terms of economic aspects.  

Furthermore, the proposed pricing strategy could also be beneficial from HQ's perspective 

as well. By looking at Table 5.21, it is evident how the stress on the grid is removed by reducing 

the grid purchase in both scenarios when using the proposed Tariff. This reduction is more sensible 

in Winter when the central grid is experiencing higher load demand.  

Renewable penetration is also at the maximum level and considerably higher, 11 and 14 

percent rise for heat pump and electric boilers scenarios, respectively, compared to using HQ 

pricing strategy for both scenarios.  

Table 5.21. Regional generation optimum design parameters using proposed tariff 

Parameter Heat Pump Scenario Electric Boiler Scenario 

Renewable Penetration (%) 94       92 

Unmet Load 1 day (49579 kWh) 2 day (65503 kWh) 

Purchase from grid (kWh) 4,938,031 7,764,784 

Sell to Grid (kWh) 26,121,760 27,754,480 

 

Although changing from the local to regional scenario lowered the payback period, using 

the proposed tariff could also fairly bring down the amount of time that it takes to recover the 

initial investment. This could also make the proposed tariff interesting for the prosumer (Concordia 

University) and the investors.  

5.8. Environmental assessment  
One of the advantages of regional generation scenarios was the environmental benefit and 

decarbonization along with economic improvements. As discussed in section 4.4, EV building 

alone consumed 2,204,762 m3 of natural gas in one year (2019). Considering 1.92 kg CO2 

emissions equivalent per cubic meter of natural gas [119], it generates about 4233 tons of CO2 per 

year. Since the gross floor area of the EV building is 69204 m2, the CO2 emission per area of the 
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EV building is about 61 kg/m2 only for space heating which is higher than the CO2 emissions 

average values for large-scale buildings in different locations [120]. A complete report of the 

annual emissions of Concordia's EV building is shown in Table 5.22 [119]. The space heating 

emissions could be reduced to zero by using the regional generation scenarios and replacing the 

gas boiler with a heat pump or electric boiler. 

Table 5.22. EV building’s natural gas consumption by-products 

NG Consumption By-Product Value (kg) 

CO2 4,233,143 

NOX 5290 

CO 2962 

N2O 77 

CH4 81 

 

Based on the formulation mentioned in section 2 for penalty calculation, the total amount 

to which the user should be penalized is about 68,964 CAD per year. Moreover, the University 

not only can save by removing the emissions but the annual cost of the natural gas consumption 

could also be diminished. Final savings are summarized in Table 5.23. 

Table 5.23. Savings by ceasing natural gas consumption 

 Saving (CAD/Year) 

Removing NG Consumption 661,428 

Removing Emissions 68,964 

Total Save 730,392 
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5.9. Renewables and Power Consumption Uncertainties 
Before starting the operation module, the uncertainties caused by the fluctuations of the 

renewable resources and the user behavior that lead to unforeseen power demand must be reduced. 

In this thesis, several methods have been analyzed, as explained in the methodology section. The 

results of each method will be discussed in the following sections. Since the models are used for 

the short-term forecast (one or a maximum of two days), they have been used at different times of 

the year (winter and summer) to generalize their results.  

  To form the LSTM layers, the Keras library with TensorFlow backend is used. 

Furthermore, grid search optimization is applied to find the optimum hyperparameters (Table 

5.24). 

Table 5.24. Hyper Parameters of the LSTM model and Parameter selection results 

Parameter           Values/Types 
Hyper Parameter 

Optimization - Load 

Hyper Parameter 

Optimization - Wind 

Hyper Parameter 

Optimization - Solar 

Hidden layers (No.)     3    -                    -                  - 

Number of neurons (No.)   60 - -                  - 

Activation function Sigmoid   -                   -  - 

Optimizer types {Adam, RMSprop} Adam               Adam              Adam 

Batch size {1,32,64} 64 32 32 

No. of epochs {50,80,100,120,135,150} 150 120 100 

 

5.9.1. Power Consumption Forecasting 

To forecast two days ahead of electrical consumption of the EV building, the hourly 

historical data for 2019 and 2020 is used for training purposes. Afterward, two randomly selected 

days in each season, the 12th and 13th of July as representative of summer and the 12th and 13th of 

March as representative of Winter, are selected for test purposes.  

The hyperparameter optimization shows that the combination of the Adam optimizer and 

a batch size of 32 with 150 epochs results in fits with only minor loss in the training stage. Further 

increase in the number of epochs results in a slight reduction of error with the training data, as 
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shown in Figure 5.20; moreover, above 150 epochs, the overfitting tends to cause a reduction of 

accuracy of the model in forecasting the test data set.  

 

Figure 5.20. Model convergence plot for a single LSTM model 

As explained, the trained model was then tested on the 12th and 13th of July and March 

2020. The training and test dataset are of the same resolution. The results of all three employed 

models to forecast the next 48 hours are depicted in Figure 5.21 for both summer and winter and 

are compared with the observed values. 
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Figure 5.21. Power consumption forecasting results for 48 hours 

In Figure 5.21, despite the fact that the SARIMAX model better predicted the seasonality 

and the noise in the first 24 hours of data, it is not capable of forecasting the next 48 hours as it 

only repeats the same seasonality trend and noise every 24 hours. This problem could be resolved 

by employing an LSTM model. As it is shown, the predicted values will be in better accordance 

with the observed values by using LSTM. However, the small fluctuations, especially in peak 

hours, are not properly predicted. Using the proposed hybrid model, as it is demonstrated in Figure 

5.21, the peaks will be forecasted in a superior way in comparison with the outcomes from each 

individual model.   

The performance of each model is summarized in Table 5.25. The evaluation metrics 

calculated show less error and higher accuracy for the proposed hybrid model in both seasons.  For 

instance, in summer, he RMSE of the LSTM and SARIMAX models are 155.15 and 189.96, 

respectively, while the RMSE of the Hybrid model is slightly lower (152.59), showing a lower 

error for load forecasting. The accuracy improvement is even more considerable in winter, where 

the Hybrid model reduced the mean absolute percentage error by about 4 and 6 percent compared 

with single LSTM and SARIMAX models, respectively.   
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Table 5.25. Power consumption forecasting results 

Model RMSE MAE MAPE 
Summer – 12 & 13 July       

LSTM 155.15 127.17 6.27 
SARIMAX 189.96 151.55 16.74 

Hybrid LSTM-SARIMAX 152.49 128.34 6.21 
Winter – 12&13 March       

LSTM 314.12 259.57 13.78 
SARIMAX 295.28 238.39 15.21 

Hybrid LSTM-SARIMAX 285.75 232.51 9.62 
 

5.9.2. Wind Speed Forecasting 

LSTM, SARIMAX, and the proposed hybrid methods were developed in Python 

programming language. To generalize the results of the testing of the developed models for the 

whole year, three different test sets from summer (the last 2 days of July 2020), Fall (the last two 

days of October 2020), and Winter (the last two days of December 2020) were selected as the 

representative of different seasons. For summer, the model trained with the data from Jan 2020 

until 29 July 2020, while for Fall and Winter, the training set includes data from Jan 2020 until 29 

October 2020 and 29 December 2020, respectively. A few missing values were found in the 

training sets, and they all have been replaced by the average of the previous and next values. Also, 

the outlier detection procedure is implemented using boxplot visualization and calculating 

quartiles based on the formula explained in the methodology section. The results show no outlier 

in the training sets. 

To scale up the predictors and target variable into a unique scale, the MinMaxScaler 

method from preprocessing sub-package of the Sklearn library is used. All features are scaled into 

the range between 0 and 1 before feeding to the neural network model. 

To form the LSTM layers, the Keras library with TensorFlow backend is used. Furthermore, grid 

search optimization is applied to find the optimum hyperparameters (Table 5.24). The 

hyperparameter optimization shows that the combination of the Adam optimizer and a batch size 

of 32 with 150 epochs results in fits with only minor loss in the training stage.  

The Weibull model was developed by creating a function to generate the wind speed 

distribution. The Weibull distribution of the wind speed for the year 2020 is calculated in the 
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Python environment by creating a Weibull function using 𝑐𝑐, 𝑘𝑘, and 𝛤𝛤 parameters that have been 

explained in the methodology section. The result is shown in Figure 5.22. The histogram graph in 

Figure 5.22 displays the data distribution in the range of 0-20 m/s. Also, the Weibull probability 

feature is created using the Stats package of the Scipy library. 

 

 

Figure 5.22. Weibull distribution of the historical wind speed 

The parameter selection of the SARIMAX model is made by applying the Autoarima 

package from the Pmdarima library and a grid search through 42 different combinations of the 

(𝑝𝑝, 𝑑𝑑, 𝑞𝑞)(𝑃𝑃,𝐷𝐷,𝑄𝑄, 𝑠𝑠) parameters. The last two months of wind speed historical data of the first half 

of the year 2020 is used for training the Autoarima for parameter selection. The results (Table 

5.26) show that the combination of (1,0,1)(2,1,0,24) yields the minimum AIC and is selected as 

the optimum set of parameters for the SARIMAX model. All the other combinations that are not 

mentioned in Table 37, led to AIC equal to infinity.  

Table 5.26. Report of the Grid Search for SARIMAX parameter selection 

Combination AIC Combination AIC 

(0,0,0)(0,1,0,24) 11271 (1,0,1)(2,1,0,24) 4044 
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(1,0,0)(1,1,0,24) 4955 (2,0,1)(2,1,0,24) 3959 

(1,0,0)(0,1,0,24) 5548 (3,0,1)(2,1,0,24) 3961 

(1,0,0)(2,1,0,24) 4709 (2,0,2)(2,1,0,24) 4221 

(0,0,0)(2,1,0,24) 10553 (1,0,0)(2,1,0,24) 4707 

(2,0,0)(2,1,0,24) 3998 (1,0,2)(2,1,0,24) 3972 

(2,0,0)(1,1,0,24) 4211 (3,0,0)(2,1,0,24) 3962 

(3,0,0)(2,1,0,24) 3964 (3,0,2)(2,1,0,24) 3963 

(3,0,0)(1,1,0,24) 4175 (4,0,1)(2,1,0,24) 3963 

(5,0,0)(2,1,0,24) 3965 (3,0,1)(1,1,0,24) 4176 

 

The results consist of details of the selected combination, including the AIC, BIC and HQIC are 

reported in Table 5.27.  

Table 5.27. Selected combination information 

Parameter/Metric Value/Type 

Optimum non-seasonal orders (2,0,1) 

Optimum seasonal orders (2,1,0,24) 

No. of observations 2160 

Log likelihood -4270.623 

AIC 3952.516 

BIC 4004.849 

HQIC 3976.106 

Covariance type Outer Product of Gradients (OPG) 

 

 

 



94 
 

 

Figure 5.23. 48 hours forecasting results in different seasons 
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Figure 5.23 shows the forecasting results of all three models and the hybrid models' results 

for the last two days of July, October, and December 2020. At a glance, the results using a single 

LSTM model do not show proper wind speed forecasting, especially in peak hours that are way 

over or under actual values. By applying the SARIMAX model, although the mean value of the 

forecasted wind speeds is nearer to the mean value of the actual wind speed compared with the 

single LSTM model, it has not captured the fluctuations, peaks, and trends decently. While using 

the NWP model resulted in a significant error, especially in winter, applying the proposed 

integrated model can considerably reduce this error. Furthermore, the seasonality and trend issues 

seem to be fixed for the whole prediction horizon in different seasons. However, the accuracy is 

not high in the two major peaks. A quick comparison between the result of the proposed hybrid 

model and the result of the other models reveals the hybrid model's ability to better integrate the 

fluctuations and trend. 

To evaluate and compare the models precisely, the RMSE, MAE, and MSLE of each 

model's results are calculated based on what was explained in the methodology section. The results 

are reported in Table 5.28. The LSTM model results show a 2.21-3.16 root mean squared error in 

different seasons that depict the LSTM model's inability to accurately predict using the three 

meteorological historical data (temperature and humidity) as the independent variables. Although 

with the SARIMAX model, the RMSE and MSLE are improved in the fall, the error is still high. 

As explained in the methodology section, the LSTM model with different layers in its cells can 

deal with unexpected behavior of data. Therefore, a proper feature should be added to the LSTM 

model for better training. Integrating the probability distribution of the wind speed with the LSTM 

model and using it as an input feature could be one of the alternatives to boost the LSTM ability. 

The results in Table 5.28 show that the proposed integrated LSTM-Weibull model can reduce the 

RMSE of the single LSTM model in forecasting winter, summer, and fall representative days by 

about 13, 39, and 31 percent, respectively. These error reductions show that adding a proper 

feature, such as the Weibull probability of the wind speed, can help LSTM accurately forecast the 

future. However, in case of any unexpected wind behavior that has not happened before (and it is 

normal in climatic situations), even the integrated model could lead to a considerable error. 

Therefore, to solve this challenge, hybridizing the results of the NWP model predictions with the 

proposed integrated model could be helpful in capturing the unexpected behavior of the wind that 

was not recorded in the historical data. The single NWP prediction results also show high RMSE 



96 
 

and MAE and even higher MSLE compared with other models, especially in Winter and Fall. 

However, by hybridizing the NWP model with the integrated model, the RMSE of the proposed 

model decreased 47%, 17%, and 32%, respectively, in summer, winter and fall compared with the 

single LSTM model.  

Table 5.28. Evaluation metrics of all the models for Wind Speed Forecasting 

Model RMSE MAE MSLE 
July (Summer)    

LSTM 2.21 1.86 0.395 
SARIMAX 2.64 2.24 0.234 

NWP 2.02 1.70 0.227 
Integrated LSTM-Weibull 1.35 1.12 0.071 

Hybrid LSTM-Weibull-NWP 1.18 0.95 0.066 
December (Winter)    

LSTM 2.14 1.63 0.106 
SARIMAX 2.81 2.3 0.155 

NWP 5.58 4.90 0.849 
Integrated LSTM-Weibull 1.87 1.55 0.110 

Hybrid LSTM-Weibull-NWP 1.78 1.50 0.078 
October (Fall)    

LSTM 3.16 2.58 0.272 
SARIMAX 2.25 2.73 0.294 

NWP 4.14 3.11 0.799 
Integrated LSTM-Weibull 2.18 1.60 0.100 

Hybrid LSTM-Weibull-NWP 2.16 1.67 0.139 
 

To consider the effect of the prediction horizon on the final accuracy, the prediction periods were 

extended to 168 hours (one week) for all seasons instead of 48 hours (two days). Since the lookback 

period is 48 hours, it means that after forecasting the first 48 hours into the future, the next hours 

will be predicted based on the prior predictions. Therefore, the accuracy of the model could be 

lower by increasing the prediction horizon. The result of the prediction horizon extension is shown 

in Figure 5.24 for the hybrid model. It is evident that the hybrid model acts less and less accurately 

with increasing the prediction period except for fall, which still can predict the third day (until 72 

hours) correctly, and that could be because of the fewer fluctuations on the third day.  
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Figure 5.24. One week (168 hours) forecasting results of the hybrid model in different seasons 
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5.9.3. Solar Irradiance Forecasting 

 The confusion matrix for predictors and target variables is shown by a heatmap in Figure 

5.25. The heatmap shows a strong correlation between downward shortwave solar irradiance 

(NWP-Forecast-SW) and the observed irradiance. Although, as Figure 5.25 shows, there is a poor 

correlation between the observed irradiance and the downward longwave irradiance (NWP-

Forecast-LW), the predictor is still considered as an input since it could positively impact the 

results. 

 

Figure 5.25. Correlation heatmap between independent and target variables 

The forecasting results for all models: single LSTM, NWP, and the proposed hybrid model 

are shown in Figures 5.26 to 5.27. Three different days in May are selected to test the model. The 

days are chosen based on the clearness index of the sky and the sky cloud coverage. Although 

there are about six different cloud coverage conditions based on the Oktas unit [121], in this study, 
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three scenarios are considered for sky condition: clear sky, scattered (partly cloudy), and overcast 

(cloudy). The days are selected in a way to challenge the prediction ability of different models, 

especially the single LSTM model that only uses historical data. On 7th May, with a clear sky 

situation, the forecasting result (Figure 5.26) shows an inaccurate forecast for all models; however, 

the proposed integrated model forecasting result has a better fit with the observed values compared 

with other single models. Moreover, since the NWP shortwave prediction is shifted to the right 

and misses the peak, it also caused a slight shift in the hybrid model and decreased its accuracy.  

 

 Figure 5.26. Forecasting results for a Clear Sky day (7th May) 

On the other hand, on 11th May, the sky is scattered, and the single LSTM model cannot 

capture the unexpected movement of the clouds from the historical data; it predicts a pattern based 

on the historical trend while it is far from the actual trend. However, during this time, the NWP 

prediction could contribute to the hybrid model providing more accurate forecasts. As shown in 

Figure 5.27, the hybrid model forecasted values have less error than single LSTM and NWP 

models.   
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 Figure 5.27. Forecasting results for a scattered day (11th May) 

The effectiveness of the proposed method is shown even more significantly in the case of 

the overcast sky on 4th May (in contrast to a clear sky on previous days). The day ahead forecast 

has shown that the proposed model can deal with the existence of clouds and adequately predict 

solar irradiance, especially in peak hours (Figure 5.28).  
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Figure 5.28. Forecasting results for an overcast day (4th May) 

Table 5.29. shows the day ahead solar irradiance forecasting results (hourly resolution) of 

different models for three discussed days. The evaluation metrics show a significant improvement 

in the results of the single LSTM model when it is hybridized with the NWP model in scattered 

and overcast scenarios (presents of the clouds in the sky). 

Table 5.29. Evaluation metrics for solar radiation forecasting in Cloudy day – Overcast (4-May) 

Model RMSE MAE 
4th May (Overcast)  

Single LSTM 197.19 124.43 
NWP-Shortwave 117 77 

Integrated Proposed Model 62.96 (±0.10) 40.60 
11th May (Scattered)  

Single LSTM 192.81 126.91 
NWP-Shortwave 101.48 67.76 

Integrated Proposed Model 72.01 53 
7th May (Clear-Sky)  

Single LSTM 272.64 185.82 
NWP-Shortwave 171.60 123.26 

Integrated Proposed Model 167.13 114.43 
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5.10. Optimum Operation 
In the design section, both local and regional generations have been studied. However, 

since one of the assumptions was transmitting the regional power generation to the nearest 

transformer of the central grid and then transmitting it to the microgrid, in case of any failure of 

the grid, the microgrid doesn’t have access to the regional generation as well. Therefore, the 

operation strategies in this research are all developed considering only the local energy system.  

Operation management is categorized into two classes as follows. First, assuming the 

microgrid has access to the grid, and second is the resilience-oriented optimal operation in the time 

of grid failure.  

5.10.1. Grid-Connected Optimal Operation   

Rate flex G [122] was selected as the Hydro Quebec Tariff for operation management 

purposes, and it is reported in Table 5.30. 

Table 5.30. Purchasing price based on rate G flex 

 Summer (April 1-Nov. 30) Winter (Dec. 1-March 31) 

Price of energy outside peak hours 10.29 Cent/kWh 12.815 Cent/kWh 

Price of energy during peak hours N/A 51.967 Cent/kWh 

 

Based on Hydro Quebec rules [123], the peak hours only are defined for winter, and it is 

between 6 to 9 AM in the morning and between 4 to 8 PM in the evening.  

As discussed in the methodology, the main goal of the grid-connected optimal operation is 

an optimum unit commitment to minimize the operation cost. To generalize the result for a whole 

year, two randomly selected days from the summer and winter seasons are chosen. The result is 

displayed in Figure 5.29, which shows the optimal schedule of the grid-connected mode. 
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Figure 5.29. Optimal operation schedule in the grid-connected mode 

As shown in Figure 5.29, in the optimum schedule, wind power is available through most 

of the hours of the day in winter, while in summer, due to the lack of wind speed at the beginning 

of the day, this amount is negligible. On the other hand, solar generation covers the day demand 

as expected in both seasons. Since the case study is an educational building, the demand is still 

high at midnight, and while wind power covers some parts of winter, in summer, grid purchase is 

the only method of supply. The surplus power in both seasons is about zero since one of the terms 

in objective functions is minimizing the curtailment.  

Since the flex tariff is used (Table 5.30) peak and off-peak hours electricity rates, an 

unintentional peak shaving is also employed in the economic dispatch of the grid connected system 

which led to the lower operating cost. 

The operation cost on the selected winter day is about 1676 CAD, while in summer, it is 

about 1693 CAD. The cost includes the trade-off between the grid and microgrid and the battery 

operation.  
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5.10.2. Resilience-Oriented Off-Grid Operation 

The load demand is randomly selected for two days in winter (15th and 16th February 2019) 

and two days in summer (14th and 15th July 2019) as representatives of the cold and warm seasons 

when load demand fluctuates more. The resolution of the load demand is hourly, and the time 

horizon is 48 h. 

The number/capacity of the components in the designed energy system is listed in Table 

5.31. 

Table 5.31. The microgrid components and battery information. 

Component No./Capacity 
Wind Turbine 25 kW (No.) 50 
PV Panel 220 W (No.) 13,662 
Battery (kWh) 9584 
Maximum SOC of the batteries (%) 95 
Minimum SOC of the batteries (%) 10 
Initial State of Charge (kWh) 8000 
Discharging Efficiency (%) [24] 90 
Charging Efficiency (%) [24] 95 
Maximum charge/discharge rate 0.3 
Replacement cost (USD/kWh) 156 
Total cycles in the lifetime of each unit [25] 300 
Curtailment Factor ($/kW) [26] 0.1 

  

Since the microgrid is designed to be grid-connected in urban areas, the renewable 

penetration is 53%. Therefore, the system requires a sufficient energy management system to 

control the operation during grid power failure resulting in the loss of power supply. 

The other important parameter that needs to be set and one that significantly impacts the 

final results is the loss coefficient (∅), with $/kW unit, which is a constant parameter (not changing 

through the time horizon). Selecting a proper coefficient needs a trial-and-error process to find an 

optimal coefficient in the case of both economic and reliability aspects. Therefore, in this research, 

all possible coefficients in the range of 0.01 to 1 (step = 0.01) are tested. Since the final results of 

the unmet load only change with certain coefficients (the other coefficients have the same rate and 

trend of the amount of unmet load (kWh) while having a higher operation cost), the threshold 

coefficients are selected and are shown in Figure 5.30. The results show that increasing the penalty 
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for having an unmet load could reduce the loss; however, this increment could cause a considerable 

rise in the operating cost. 

 

Figure 5.30. Trial and error results for finding the best coefficient 

Furthermore, increasing the loss after the maximum thresholds (0.08 and 0.17) will not 

further affect the loss. Therefore, in this study, the threshold coefficients 0.08 and 0.17 were 

considered the loss coefficients for winter and summer, respectively. These coefficients have a 

minimum loss and a minimum cost (compared to the larger coefficients). 

The optimization model was coded in Python programming language using the Pyomo 

platform [103]. Since there is no nonlinearity in the model’s equations, and with the presence of 

binary variables, the mixed-integer linear programming (MILP) method [124] is used to formulate 

the problem. The CPLEX solver [105] is selected to solve the developed MILP problem. 

The results of using the actual load demand to find the optimum schedule of the microgrid 

in the off-grid mode in summer and winter are illustrated in Figure 5.31. The model’s outcome 

shows that the amount of wind surplus power in the winter season is considerable in some hours. 

On the other hand, this amount is negligible on the selected days in summer since wind power 

generation is reduced in summer compared to winter.  
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drastically increases the microgrid’s operating cost (Table 5.32). This growth in operational cost 

is also mildly observed in summer. The curtailed renewable power growth could explain the 

increase in operation cost in the winter during different hours. 

 

Figure 5.32. Loss occurrence and value in Summer 

 

Figure 5.33. Loss occurrence and value in winter 

Therefore, to tackle the challenge of having a surplus power penalty caused by using the 

critical load, the optimal load needs to be calculated by the MILP model to not only bring down 

the loss of power supply probability but also minimize the operating cost of the system. The 

optimal loads evaluated by the MILP model for both summer and winter are shown in Figure 5.34.  
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Figure 5.34. Optimal, actual, and critical loads for summer and winter 

It is evident from the results that, in winter, the optimal load fluctuates more between the 

critical and actual loads and tends toward the actual load. In summer, there is just one fluctuation, 

which leans toward the critical load. This could be justified by the amount of renewable generation 

on different days and the actual load demand. For example, on the second summer day, the actual 

load demand rises while the amount of renewable generation is insufficient (Figure 5.31). 

Therefore, the optimal load tends to be the critical load on this day since this could be the lower 

limit for the optimal load. The loss value using actual, optimal, and critical loads are depicted in 

Figures 5.32 and 5.33 for summer and winter, respectively. 

The optimum scheduling results of using the optimal load that the optimization model 

calculates are shown in Figure 5.35. Based on this figure and Table 5.32, the amount of unmet 

load in winter is zero and in summer is near zero, while the amount of added surplus power in both 

seasons is not very considerable compared to the actual load schedule. This will cause a meaningful 

reduction in the operating cost of the microgrid. Moreover, comparing the optimal load schedule 

(Figure 5.35) with the schedule corresponding to the actual load reveals that the amount of battery 

charge-discharge increases (not significantly) in the case of optimal load in both summer and 

winter, slightly raising the operational cost. 
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Figure 5.35. Optimal Schedule using optimal load demand 

Based on the results demonstrated in Table 5.32, employing the optimal load proposed by 

the optimization model in summer and winter could bring down the operating cost of the microgrid 

in the off-grid mode by about 78% and 17%, respectively (loss and cost reductions are reported in 

Table 5.32 compared to the actual load coverage). Moreover, it could lessen the LPSP to near zero 

(0.010) in summer and drop it to zero in winter. Although using optimal load has reduced the 

operating cost of the microgrid in winter to 4725.89$ from 5687.43$, this change is not significant 

compared to that in summer (reducing operating cost from 8921.71$ to 1938.22$). This is due to 

variations in renewable generation over those randomly selected days in summer and winter. Since 

the amount of wind power generation for the chosen day in summer is much less than that of the 

selected day in winter, the amount of unmet load in summer is considerably higher (44,452.86 

kWh) compared to winter (4226.17 kWh). 
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Chapter 6: Conclusion and Future Suggestions 

6.1. Summary 
This thesis investigates the possibility of designing an urban microgrid in an optimum way 

by developing a framework with three modules to address the related barriers and challenges. A 

regional generation strategy with a virtual power plant concept is proposed in the first module to 

resolve the low renewable penetration caused by space limitations. A mapping model is integrated 

with the design model to explore the optimum location of the regional generation plant by 

considering different aspects, such as the amount of available wind speed and the area which could 

be used for the installation of components. For robust operation scheduling, the load demand and 

renewable resources are required to be forecasted accurately. Therefore, the second module 

presents prediction strategies for removing the uncertainties of the optimal operation by 

hybridizing different models such as LSTM, NWP, and SARIMAX models. Moreover, the last 

module explores the resilience-oriented methods for enhancing the reliability of the designed 

system in case of grid power failure. An optimal load is calculated in this module by considering 

the critical load of the building to improve the resiliency and minimize the unmet load while 

decreasing the operation cost of the designed system by reducing the surplus power.  

Then the developed methodology was applied to a case study (Concordia University’s EV 

building) in Montreal. In the first module, since the EV building is located in the downtown area 

and with space limitations, the central grid dependency of the local generation design was 

relatively high (62% self-sufficiency), and the LCOE was also higher than the average grid 

purchasing price. The other important issue was the considerable value of gas consumption in the 

EV building for heating purposes using gas boilers. However, substituting natural gas with clean 

energy was not practicable since the maximum available area for installing renewable components 

has already been used. Therefore, a regional generation idea was proposed in this thesis to not only 

alleviate the grid dependency but also replace natural gas with renewable resources. In the regional 

generation scenario, a wind farm is designed outside of the microgrid, and the optimum location 

to install the wind farm was also selected using a developed mapping model. The MINLP 

optimization model selects the land based on several aspects, such as land cost, the number of 

turbines that could be installed in that zone, and the distance to the nearest transformer. 

Considering electric boilers already installed in Concordia for heat generation instead of gas 
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boilers, the regional generation system increased the renewable penetration from 62% in the local 

generation to 81%, reducing the grid dependency. However, the LCOE of the system (0.099 

CAD/kWh) was still higher than the current average grid price (0.064 CAD/kWh). The possibility 

of installing an air-source heat pump instead of an electric boiler was also investigated, which 

resulted in economic improvement and a rise in renewable penetration.  

Although the regional generation considerably impacted the environmental emissions by 

removing about 4.2 million kilograms of CO2 per year, the LCOE of the designed system are still 

high and the grid dependency is still not at its minimum level. Therefore, instead of using the 

central grid monthly prices, a dynamic pricing strategy was developed and used for regional 

generation design that caused a considerable reduction in LCOE (for example, in the heat pump 

scenario, the LCOE reduced to 0.053 CAD/kWh from 0.082 CAD/kWh). Moreover, the renewable 

penetration increased significantly to 94 and 92 percent using the heat pump and electric boilers 

scenarios, respectively.  

The second module studied the possibility of reducing the forecasting method’s error. Since 

renewable resources and electrical load demand are following unexpected behaviors, even short-

term forecasting is not straightforward. Therefore, in this thesis, hybridized models were proposed 

to solve this problem. For instance, for renewable resources, since they have fluctuating behavior 

(for example due to cloud movement for solar irradiance), the result of a physical model (Numeric 

Weather Prediction) was hybridized with a deep learning model to increase the accuracy of the 

forecasts.  

For wind speed forecasting, due to high fluctuations of wind speed and difficulties in 

finding a genuine daily trend and seasonality in the historical data, this thesis aims to propose a 

hybrid wind speed forecasting model utilizing deep learning, probability distributions, and numeric 

weather prediction methods capable of reducing the forecasting error as much as possible. The 

results showed that although the LSTM model has several layers for remembering and forgetting 

past values, practically, it is incapable of accurate prediction, especially when there is a sudden 

peak/unexpected change. The first proposed model that was created by integrating the Weibull 

distribution probabilities with the single LSTM model reduced the error significantly (The average 

RMSE for three different prediction horizons during the year decreased by about 28%). To 

consider unexpected behavior of wind that was not reflected in the historical data, the results of 
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the numerical weather prediction model were also hybridized with the LSTM-Weibull integrated 

model. The results indicated that the final hybridized model reduces the average RMSE of the 

single LSTM model prediction by about 32% and can be effective in a more accurate prediction 

of fluctuations that happen in the central peaks. 

Furthermore, for solar irradiance forecasting, three different forecasting scenarios (Clear-

sky, scattered, and overcast) were considered. The results show that the proposed hybrid model 

could significantly improve the forecasting accuracy in the presence of clouds in the sky (in 

scattered and overcast days). On clear sky days, the inaccuracy is high in all models; however, the 

proposed model can still make stronger predictions compared with the other two single models. 

Finally, in the third module, which used the first and second modules’ output, the optimum 

operation of the microgrid with considering the resiliency aspects of it was studied. The aim was 

to propose an approach for reducing the risk of power failure in urban microgrids by improving 

resilience while minimizing operating costs. In particular, employing a two-step process is 

proposed to reduce the cost while improving reliability. Step 1 considers a penalty for loss and 

calculates the optimum penalty factor, and Step 2 finds an optimal load demand that can be covered 

by the microgrid during the off-grid mode. The results indicate that with the proposed method, the 

LPSP of the system could be significantly reduced to near zero, and the amount of loss could 

drastically diminish (17% and 78% in winter and summer, respectively). Furthermore, using 

optimal load, the amount of curtailed renewable power was controlled and remained at the 

minimum level. The proposed method also minimized the system’s operating cost compared to 

other scenarios. 

The developed tool in this thesis could be used by both prosumers with different scales 

who are experiencing challenges in urban areas, and central grid decision-makers to better design 

their systems. Furthermore, the output of this thesis could be used by Hydro Quebec to amend its 

electricity tariff for large consumers that tend to be prosumers in the near future. This tool is 

designed from the perspective of both parties (microgrid and central grid) to improve their 

performance. The proposed framework in this thesis is scalable and it could be used for smaller 

scales (only local generation) and larger scale (with considering regional generation).  
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6.2. Research Contributions 
The research questions raised in the problem statement section could be answered and 

justified with the research contributions and approaches of this thesis which can be categorized 

based on each module as below: 

• Design Module: 

Although in the discussed literature, researchers tried to design an urban microgrid with 

minimized cost or maximum reliability, some challenges, such as increasing the renewable 

penetration while having a limited amount of space, especially in metropolitan areas, or increasing 

the reliability of the designed systems in the higher demand hours using 100% clean energy are 

still not investigated. Therefore, this study focuses on developing a mathematical model for 

optimal sizing of an urban microgrid, considering the integration of regional renewable power 

generation (renewable power generation in a selected area outside of the microgrid) using the 

virtual power plant concept along with local generation (renewable power generation inside the 

microgrid).  

The main contribution of this section of the thesis could be summarized as 1) a feasibility 

study and sensitivity analysis on generating electricity outside of the urban area and transmitting 

it to the nearest grid power line, 2) finding the optimum configuration and size of the urban energy 

system for both local and regional generation, 3) proposing a mapping model to find the optimum 

place for installing the regional generation plant based on land type, wind turbine density, power 

transmission distance and cost of the land, 4) proposing dynamic pricing for electricity rate to 

improve the economic aspects and renewable penetration, 5) feasibility study on using heat pumps 

and electric boilers as the substitute for gas boiler. 

• Prediction Module: 

Wind Speed Prediction: 

The mentioned literature shows that AI-based methods, statistical methods, and hybrid 

models have been considerably used for day-ahead wind speed forecasting. However, due to the 

unexpected behavior of the wind and its direct relation with physical indicators, the proposed 

models could not be practically used where higher accuracy is required, such as operational control 

of a microgrid. Moreover, the methods such as the NWP have also been employed to predict wind 
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speed. However, still, it only considers current physical conditions, and it cannot learn from past 

wind speed values and unexpected changes.  

This thesis aims for the advancement of knowledge for more accurate wind speed 

forecasting that can be used in the operation planning of an urban microgrid. The novelty of the 

proposed approach is in developing a hybrid model consisting of Weibull distribution, LSTM, and 

NWP models to reduce the error involved with wind speed prediction using a single LSTM model 

by considering the distribution probability of the historical wind speed data and also the physical 

description of the area. The main contributions of this section, with respect to the prior literature, 

are as follows: 

 A hybrid model is proposed to circumvent the inaccuracy of the single statistical 

approaches. In the proposed model, the LSTM method is used, which has several 

superiorities over the conventional feed-forward neural network.  

 Creating a Weibull distribution of the wind speed, predicting the wind speed based on a 

stochastic approach, and combining the probability distribution of the wind speed with the 

LSTM model creates an integrated model with less error compared to a single LSTM and 

SARIMA model with exogenous variables.  

 Proposing a hybrid model that includes the NWP model's result and AI models with 

minimum error for short-term forecasting applications (Just for clarity, every time we refer 

to short-term in this thesis, it means 24-72 hours forecasting). 

Solar Irradiance Prediction: 

Although several studies have been carried out for solar irradiance forecasting, there is still 

a need to development of methods that can more accurately capture solar irradiance behavior. This 

thesis aims at providing a methodology for precise solar irradiance forecasting in a short-term (day 

ahead) horizon that could contribute to better smart grid and microgrid energy management. The 

novelty of the proposed approach rests in the integration of deep learning and the NWP model for 

better forecasting results. In this sense, the main objectives and originality of this section could be 

summarized as follows: 

 Development and application of an LSTM model as a time-series learning method for 

dealing with long-term dependencies 
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 Comparison of deep learning forecasting results with NWP solar irradiance forecasting 

results as single models for 3 days with the different climatic situations. 

 Proposing a hybrid model integrating the results of LSTM and NWP models to better deal 

with unexpected trends in solar irradiance that could not be captured using historical data. 

Electrical Load Prediction: 

 The main contribution of this section compared to the literature is proposing a novel hybrid 

model for electrical load forecasting to boost the accuracy and lessen the error. 

6.3. Directions for Future Research 
A few suggestions which could help the enhancement of the developed framework in this 

thesis could be summarized as follow: 

1) A crucial piece of information which is the capacity of each node (transformer) for injecting 

electricity into power grid lines, should be added to the developed tool. This data was not 

added to the regional generation model because of the lack of data; however, the tool is 

developed in a way to add this variable. Adding this data to the model's input layer could 

make the model's results more trustable and practical.  

2) Moreover, a feasibility study could be carried out on adding other components, such as fuel 

cells (using hydrogen generation on-site and off-site) and biomass gasifier as a regional 

generation method.  

3) Although in this thesis, the impact of generating wind energy outside of the urban areas is 

studied, PV model regional generation could also be implemented in future studies. 

4) Assessing the feasibility of considering fuzzy instead of binary logic in the mapping model 

and land selection. With using fuzzy approach, the feasibility of selecting more than one 

location for installing the regional plant could be evaluated.  

5) Since the grid power line map is also available, the feasibility of injecting electricity to the 

nearest grid power line instead of the nearest transformer could be studied.  

6) A bilevel programming model could be developed to connect the design and operation 

model to each other. By considering this connection, design would not be a onetime 

decision anymore and it could be updated over time based on the feedback of the operation 

model.  
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7) To make the location decision (mapping) model more practical, adding other features such 

as the perspective of the people living in the different zones could be studied. This needs a 

social study on individual’s opinion regarding renewable technologies living in different 

neighborhoods.  
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Appendices 
Related written python codes and samples from the used datasets are provided in this section. 

Appendix Ⅰ: Python Codes 
PV Model 

import numpy as np 

import pandas as pd 

import pvlib 

import matplotlib.pyplot as plt 

import pytz 

coordinates = [(45.49, -73.57, 233, 'Etc/GMT+5')] 

modules_lib = pvlib.pvsystem.retrieve_sam('SandiaMod') 

module = modules_lib['Canadian_Solar_CS5P_220M___2009_'] 

inverters_lib = pvlib.pvsystem.retrieve_sam('cecinverter') 

inverter = inverters_lib['ABB__MICRO_0_25_I_OUTD_US_208__208V_'] 

temperature_model_parameters= 

pvlib.temperature.TEMPERATURE_MODEL_PARAMETERS['sapm']['open_rack_glass_glass'

] 

naive_times = pd.date_range(start='2019', end='2020', freq='1h') 

temp_air = 5 #input('input the air temperature: ') 

wind_speed = 5 #input('input wind speed: ') 

system = {'module': module, 'inverter': inverter, 

             'surface_azimuth': 180} 

#pvlib.clearsky.lookup_linke_turbidity('Etc/GMT+5', 45, -73, filepath=None, 

interp_turbidity=True) 
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for latitude, longitude, altitude, timezone in coordinates: 

    times = naive_times.tz_localize(timezone) 

    system['surface_tilt'] = 45 

    solpos = pvlib.solarposition.get_solarposition(times, latitude, longitude) 

    dni_extra = pvlib.irradiance.get_extra_radiation(times) 

    airmass = pvlib.atmosphere.get_relative_airmass(solpos['apparent_zenith']) 

    pressure = pvlib.atmosphere.alt2pres(altitude) 

    am_abs = pvlib.atmosphere.get_absolute_airmass(airmass, pressure) 

    tl = pvlib.clearsky.lookup_linke_turbidity(times, latitude, longitude) 

    cs = pvlib.clearsky.ineichen(solpos['apparent_zenith'], am_abs, tl,  

                                       dni_extra=dni_extra, altitude=altitude) 

total_irrad = pvlib.irradiance.get_total_irradiance(system['surface_tilt'], 

                                                           system['surface_azimuth'], 

                                                          solpos['apparent_zenith'], 

                                                          solpos['azimuth'], 

                                                         cs['dni'], cs['ghi'], cs['dhi'], 

                                                        dni_extra=dni_extra, 

                                                        model='haydavies') 

    #Angle of Incidence 

    aoi = pvlib.irradiance.aoi(system['surface_tilt'], system['surface_azimuth'], 

                                   solpos['apparent_zenith'], solpos['azimuth']) 
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    tcell = pvlib.temperature.sapm_cell(total_irrad['poa_global'], 

                                           temp_air, wind_speed, 

                                         **temperature_model_parameters) 

 effective_irradiance = pvlib.pvsystem.sapm_effective_irradiance( 

                 total_irrad['poa_direct'], total_irrad['poa_diffuse'], 

                 am_abs, aoi, module) 

 # sapm (Sandia Array Performance Model) 

 #DC Power Output (i_sc Short Circut Module Current/ i_mp, v_mp, p_mp are module current, 

voltage and power at maximum power point 

 DC_Power = pvlib.pvsystem.sapm(effective_irradiance, tcell, module) 

#AC Power output using Sandia's grid connected model 

AC_Power = pvlib.inverter.sandia(DC_Power['v_mp'], DC_Power['p_mp'], inverter) 

AC_Power = pd.DataFrame(AC_Power) 

AC_Power = AC_Power.rename(columns={0:'PV'}) 

AC_Power[AC_Power < 0] = 0 

AC_Power = AC_Power.iloc[:8760,:] 

AC_Power.to_csv('PV.csv') 

DC_Power = DC_Power.iloc[:,:5] 

plt.plot(DC_Power['i_sc'],label = 'short circuit module current') 

plt.plot(DC_Power['v_oc'],label = 'open circut module voltage') 

plt.plot(DC_Power['v_mp'],label = 'voltage at maximum power point') 

plt.plot(DC_Power['i_mp'],label = 'current at maximum power point') 

plt.plot(DC_Power['p_mp'],label = 'power at maximum power point') 
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plt.xlabel('Date') 

plt.ylabel('Power(W),Voltage(V),Current(A)') 

plt.legend(ncol=3,bbox_to_anchor=(0.5,1.05),loc='center',fontsize=9) 

plt.show() 

Single Wind Turbine Model 

import os 

import pandas as pd 

import requests 

from windpowerlib import ModelChain, WindTurbine, create_power_curve 

from windpowerlib import data as wt 

weather = pd.read_csv( 

        'weather_montreal.csv', 

        index_col=0, 

        header=[0, 1], 

        date_parser=lambda idx: pd.to_datetime(idx, utc=True)) 

df = wt.get_turbine_types(print_out=False) 

En_Wind = { 

        'turbine_type': 'E-53/800', 

        'hub_height': 60 

    } 

e126 = WindTurbine(**En_Wind) 
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modelchain_data = { 

    'wind_speed_model': 'hellman',          # 'logarithmic' (default), 

                                            # 'hellman' or 

                                            # 'interpolation_extrapolation' 

    'density_model': 'ideal_gas',           # 'barometric' (default), 'ideal_gas' 

                                            #  or 'interpolation_extrapolation' 

    'temperature_model': 'linear_gradient', # 'linear_gradient' (def.) or 

                                            # 'interpolation_extrapolation' 

    'power_output_model': 

        'power_coefficient_curve',          # 'power_curve' (default) or 

                                            # 'power_coefficient_curve' 

    'density_correction': True,             # False (default) or True 

    'obstacle_height': 0,                   # default: 0 

    'hellman_exp': 0.25}                     # None (default) or None 

 

mc_e126 = ModelChain(e126, **modelchain_data).run_model(weather) 

e126power_output = mc_e126.power_output 

Wind Farm Model 

from windpowerlib import TurbineClusterModelChain, WindTurbineCluster, WindFarm 

import matplotlib.pyplot as plt 

wind_turbine_fleet = pd.DataFrame( 

        {'wind_turbine': [e126, None],   

         'number_of_turbines': [20, None]}) 
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         #'total_capacity': [None, 12.6e6]}) 

farm_data = { 

    'name': 'farm_Data_2', 

    'wind_turbine_fleet': [e126.to_group(1)],#,e126.to_group(total_capacity=12.6e6)], 

    'efficiency': 0.9} 

farm_Data_2 = WindFarm(**farm_data) 

modelchain_data = { 

        'wake_losses_model': 'wind_farm_efficiency',  # 

                                           # 'dena_mean' (default), None, 

                                           # 'wind_farm_efficiency' or name 

                                           #  of another wind efficiency curve 

                #  see :py:func:`~.wake_losses.get_wind_efficiency_curve` 

        'smoothing': True,  # False (default) or True 

        'block_width': 0.5,  # default: 0.5 

        'standard_deviation_method': 'Staffell_Pfenninger',  # 

                                            # 'turbulence_intensity' (default) 

                                            # or 'Staffell_Pfenninger' 

        'smoothing_order': 'wind_farm_power_curves',  # 

                                        # 'wind_farm_power_curves' (default) or 

                                        # 'turbine_power_curves' 

        'wind_speed_model': 'hellman',  # 'logarithmic' (default), 

                                            # 'hellman' or 

                                            # 'interpolation_extrapolation' 
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        'density_model': 'ideal_gas',  # 'barometric' (default), 'ideal_gas' or 

                                       # 'interpolation_extrapolation' 

        'temperature_model': 'linear_gradient',  # 'linear_gradient' (def.) or 

                                                 # 'interpolation_extrapolation' 

        'power_output_model': 'power_curve',  # 'power_curve' (default) or 

                                              # 'power_coefficient_curve' 

        'density_correction': True,  # False (default) or True 

        'obstacle_height': 0,  # default: 0 

        'hellman_exp': 0.1}  # None (default) or None 

Power_Farm=TurbineClusterModelChain(farm_Data_2, 

**modelchain_data).run_model(weather) 

power_output = (Power_Farm.power_output)/1000 

plt.plot(power_output, color = 'indigo') 

plt.xlabel('Date') 

plt.ylabel('Power (kW)') 

plt.show() 

Solar Irradiance Forecasting Model (Hybrid) 

import pandas as pd 

import numpy as np 

df = pd.read_csv('New_Data.csv') 

df.dropna(inplace=True) 

import seaborn as sn 

chart = sn.heatmap( 
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square=True, 

cbar_kws={'fraction' : 0.01}, 

cmap='OrRd', 

linewidth=1, 

data = df.corr(), 

vmin = -1, 

vmax = 1, 

annot = True) 

 chart.set_xticklabels(chart.get_xticklabels(), rotation=0, horizontalalignment='center') 

chart.set_yticklabels(chart.get_xticklabels(), rotation=90, verticalalignment='center') 

training_set = df.iloc[:3432,1:4].values 

test_set = df.iloc[3432:,1:4].values 

from sklearn.preprocessing import MinMaxScaler 

sc = MinMaxScaler(feature_range=(0,1)) 

training_set_scaled = sc.fit_transform(training_set) 

test_set_scaled = sc.fit_transform(test_set) 

test_set_scaled = test_set_scaled[:,1:3] 

X_train = [] 

y_train = [] 

for i in range(24, 3432): 

    X_train.append(training_set_scaled[i-24:i, 0:3]) 

    y_train.append(training_set_scaled[i, 0]) 
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X_train, y_train = np.array(X_train),np.array(y_train) 

X_train = np.reshape(X_train,(X_train.shape[0], X_train.shape[1], 3)) 

from keras import Sequential 

from keras.layers import LSTM 

from keras.layers import Dense 

from keras.layers import Dropout 

regressor = Sequential() 

regressor.add(LSTM(units = 60, return_sequences = True, input_shape=(X_train.shape[1], 3))) 

regressor.add(Dropout(0.2)) 

regressor.add(LSTM(units = 60, return_sequences = True)) 

regressor.add(Dropout(0.2)) 

regressor.add(LSTM(units = 60, return_sequences = True)) 

regressor.add(Dropout(0.2)) 

regressor.add(LSTM(units = 60)) 

regressor.add(Dropout(0.2)) 

regressor.add(Dense(units = 1)) 

regressor.compile(optimizer='adam', loss = 'mean_squared_error') 

regressor.fit(X_train, y_train, epochs=100, batch_size= 32) 

regressor.save('Multi_24_32_100_24May') 

from keras.models import load_model 

regressor=load_model('Multi_24_32_100_24May') 

import matplotlib.pyplot as plt 

plt.plot(range(len(regressor.history.history['loss'])),regressor.history.history['loss']) 
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plt.xlabel('Epoch Number') 

plt.ylabel('Loss') 

plt.show() 

prediction_test = [] 

First_batch = training_set_scaled[-24:] 

current_batch= First_batch.reshape((1,24,3)) 

for i in range (24): 

    current_pred = regressor.predict(current_batch)[0] 

    prediction_test.append(current_pred) 

    New_var = test_set_scaled[i,:] 

    New_var = New_var.reshape(1,2) 

    New_test = np.insert(New_var,2,[current_pred],axis=1) 

    New_test = New_test.reshape(1,1,3) 

    current_batch = np.append(current_batch[:,1:,:],New_test,axis=1) 

prediction_test = np.array(prediction_test) 

SI = MinMaxScaler(feature_range=(0,1)) 

y_Scale = training_set[:,0:1] 

SI.fit_transform(y_Scale) 

predictions_H = SI.inverse_transform(prediction_test) 

real_values = test_set[:24,0:1] 

import matplotlib.pyplot as plt 

plt.plot(real_values, color = 'red',label = 'Actual Solar Irradiance') 

plt.plot(predictions_H, color = 'blue',label = 'Predicted Solar Irradiance') 
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#plt.title('RNN - Radiation Forecasting') 

plt.xlabel('Time(hr)') 

plt.ylabel('Solar Irradiance (W/m2)') 

plt.legend() 

plt.show() 

import math 

from sklearn.metrics import mean_squared_error 

rmse = math.sqrt(mean_squared_error(real_values, predictions_H)) 

from sklearn.metrics import mean_absolute_error 

mean_absolute_error(real_values, predictions_H) 

from sklearn.metrics import r2_score 

Rsqure = r2_score(real_values, predictions_H) 

import tensorflow as tf 

m = tf.keras.metrics.MeanSquaredLogarithmicError() 

m.update_state(real_values, predictions_H) 

m.result().numpy() 

ShortW = df.iloc[:,2:3].values 

LongW = df.iloc[:,3:4].values 

plt.plot(ShortW, color = 'navy',label = 'Downward Shortwave Irradiance') 

plt.plot(LongW, color = 'red',label = 'Downward Longwave Irradiance') 

plt.xlabel('Time(hr)') 

plt.ylabel('Solar Irradiance (W/m2)') 

plt.legend() 
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plt.show() 

# Prediction results 

import matplotlib.pyplot as plt 

plt.plot(real_values, color = 'red',label = 'Actual Solar Irradiance',marker = "s") 

plt.plot(predictions_H, color = 'darkblue',label = 'Proposed Hybrid Model',marker = "^") 

plt.plot(NWP_SW, color = 'turquoise',label = 'NWP-Shortwave',marker = "p") 

plt.plot(predictions_S, color = 'chocolate',label = 'Single LSTM',marker = "o") 

plt.xlabel('Time(hr)') 

plt.ylabel('Solar Irradiance (W/m2)') 

plt.legend() 

plt.show() 

test = df.iloc[:,1:2] 

plt.plot(test) 

Wind Speed Forecasting Model (Hybrid) 

import pandas as pd 

import numpy as np 

df = pd.read_csv('Wind_NWP.csv') 

df.dropna(inplace=True) 

#import seaborn as sn 

#sn.heatmap(df.corr()) 

training_set = df.iloc[:5064,1:].values 

test_set = df.iloc[5064:5232,1:].values 
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from sklearn.preprocessing import MinMaxScaler 

sc = MinMaxScaler(feature_range=(0,1)) 

training_set_scaled = sc.fit_transform(training_set) 

test_set_scaled = sc.fit_transform(test_set) 

test_set_scaled = test_set_scaled[:,0:4] 

X_train = [] 

y_train = [] 

for i in range(24,5064): 

    X_train.append(training_set_scaled[i-24:i, 0:5]) 

    y_train.append(training_set_scaled[i, 4]) 

X_train, y_train = np.array(X_train),np.array(y_train) 

X_train = np.reshape(X_train,(X_train.shape[0], X_train.shape[1], 5)) 

from keras.models import Sequential 

from keras.layers import LSTM 

from keras.layers import Dense 

from keras.layers import Dropout 

regressor = Sequential() 

regressor.add(LSTM(units = 60, return_sequences = True, input_shape=(X_train.shape[1], 5))) 

regressor.add(Dropout(0.2)) 

regressor.add(LSTM(units = 60, return_sequences = True)) 

regressor.add(Dropout(0.2)) 

regressor.add(LSTM(units = 60, return_sequences = True)) 

regressor.add(Dropout(0.2)) 
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regressor.add(LSTM(units = 60)) 

regressor.add(Dropout(0.2)) 

regressor.add(Dense(units = 1)) 

regressor.compile(optimizer='adam', loss = 'mean_squared_error') 

regressor.fit(X_train, y_train, epochs=150, batch_size= 32) 

regressor.save('Hybrid_Dec') 

from keras.models import load_model 

regressor=load_model('Hybrid_July') 

import matplotlib.pyplot as plt 

plt.plot(range(len(regressor.history.history['loss'])),regressor.history.history['loss']) 

plt.xlabel('Epoch Number') 

plt.ylabel('Loss') 

plt.show() 

prediction_test = [] 

First_batch = training_set_scaled[-24:] 

current_batch= First_batch.reshape((1,24,5)) 

for i in range (168): 

    current_pred = regressor.predict(current_batch)[0] 

    prediction_test.append(current_pred) 

    New_var = test_set_scaled[i,:] 

    New_var = New_var.reshape(1,4) 

    New_test = np.insert(New_var,4,[current_pred],axis=1) 
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    New_test = New_test.reshape(1,1,5) 

    current_batch = np.append(current_batch[:,1:,:],New_test,axis=1) 

prediction_test = np.array(prediction_test) 

SI = MinMaxScaler(feature_range=(0,1) 

y_Scale = training_set[:,4:5] 

SI.fit_transform(y_Scale) 

predictions = SI.inverse_transform(prediction_test) 

real_values = test_set[:168,4] 

import matplotlib.pyplot as plt 

plt.plot(real_values, color = 'navy',label = 'Actual Wind Speed') 

plt.plot(predictions, color = 'slategrey',label = 'Hybrid Model Prediction',marker = 'o') 

#plt.title('RNN - Wind Speed Forecasting') 

plt.xlabel('Time(hr)') 

plt.ylabel('Wind speed (m/s)') 

plt.legend(ncol=2,bbox_to_anchor=(0.5,0.95),loc='center',fontsize=10) 

plt.grid(which='minor', linewidth=0.6, alpha=0.1) 

plt.show() 

import math 

from sklearn.metrics import mean_squared_error 

rmse = math.sqrt(mean_squared_error(real_values, predictions)) 

from sklearn.metrics import mean_absolute_error 

mean_absolute_error(real_values, predictions) 
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from sklearn.metrics import r2_score 

Rsqure = r2_score(real_values, predictions) 

def mean_absolute_percentage_error(y_true, y_pred):  

    y_true, y_pred = np.array(y_true), np.array(y_pred) 

    return np.mean(np.abs((y_true - y_pred) / y_true)) * 100 

MAPE = mean_absolute_percentage_error(real_values, predictions) 

import tensorflow as tf 

mae = tf.keras.losses.MeanAbsoluteError() 

mae(real_values, predictions).numpy() 

m = tf.keras.metrics.MeanSquaredLogarithmicError() 

m.update_state(real_values, predictions) 

m.result().numpy() 

Prediction_Hybrid = pd.DataFrame(predictions) 

Prediction_Hybrid.to_csv('Hybrid_Summer_168.csv') 

Load Forecasting Model (SARIMAX) 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

df1 = pd.read_csv('Data-Temp.csv') 

df2 = pd.read_csv('Data_EV.csv').iloc[:,5:6] 

df = pd.concat([df1,df2],axis=1)  

df.dropna(inplace=True) 
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Date = pd.date_range('jan 01 2018', periods = 17520, freq = 'H') 

df.set_index(Date,drop=True,inplace=True) 

df = df.iloc[:,1:] 

df.index.freq = 'H' 

df.dropna(inplace=True) 

train = df.iloc[11640:12384,1:] 

test = df.iloc[12384:13416,1:] 

exo = df.iloc[:,0:1] 

exo_train = exo.iloc[11640:12384] 

exo_test = exo.iloc[12384:13416] 

from pmdarima import auto_arima 

auto_arima(df['Load'], exogenous = exo, m = 24, trace=True, surpress_warnings=True, 

D=1).summary() 

from statsmodels.tsa.statespace.sarimax import SARIMAX 

Model = SARIMAX(train,exog = exo_train, order=(2,0,0),seasonal_order=(2, 1, 0, 24))  

Model = Model.fit() 

start = len(train) 

end = len(train) + len(test) - 1 

prediction = Model.predict(start,end,exog = exo_test) 

real_values = np.array(test) 

prediction = np.array(prediction) 

plt.plot(real_values, color = 'red',label = 'Actual Load Demand') 

plt.plot(prediction, color = 'blue',label = 'Predicted Load Demand') 
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plt.xlabel('Time(hr)') 

plt.ylabel('Load Demand (kW)') 

plt.legend() 

plt.show() 

import math 

from sklearn.metrics import mean_squared_error 

rmse = math.sqrt(mean_squared_error(real_values, prediction)) 

from sklearn.metrics import r2_score 

Rsqure = r2_score(real_values, prediction) 

def mean_absolute_percentage_error(y_true, y_pred):  

    y_true, y_pred = np.array(y_true), np.array(y_pred)  

    return np.mean(np.abs((y_true - y_pred) / y_true)) * 100 

MAPE = mean_absolute_percentage_error(real_values, prediction) 

from sklearn.metrics import mean_absolute_error 

mean_absolute_error(real_values, prediction) 

import tensorflow as tf 

mae = tf.keras.losses.MeanAbsoluteError() 

mae(real_values, prediction).numpy() 

m = tf.keras.metrics.MeanSquaredLogarithmicError() 

m.update_state(real_values, prediction) 

m.result().numpy() 
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Load Forecasting Model (Hybrid LSTM-SARIMAX) 

import pandas as pd 

import numpy as np 

df = pd.read_csv('Data_Summer.csv') 

df.dropna(inplace=True) 

training_set = df.iloc[:984,1:].values 

test_set = df.iloc[984:,1:].values 

from sklearn.preprocessing import MinMaxScaler 

sc = MinMaxScaler(feature_range=(0,1)) 

training_set_scaled = sc.fit_transform(training_set) 

test_set_scaled = sc.fit_transform(test_set) 

test_set_scaled = test_set_scaled[:,0:2] 

X_train = [] 

y_train = [] 

for i in range(48, 984): 

    X_train.append(training_set_scaled[i-48:i, 0:3]) 

    y_train.append(training_set_scaled[i, 2]) 

X_train, y_train = np.array(X_train),np.array(y_train) 

X_train = np.reshape(X_train,(X_train.shape[0], X_train.shape[1], 3)) 

from keras.models import Sequential 

from keras.layers import LSTM 

from keras.layers import Dense 

from keras.layers import Dropout 
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Initializing RNN 

regressor = Sequential() 

Adding the first LSTM layer and some Dropout regularization 

regressor.add(LSTM(units = 60, return_sequences = True, input_shape=(X_train.shape[1], 3))) 

regressor.add(Dropout(0.2)) 

Adding the Second LSTM layer and some Dropout regularization 

regressor.add(LSTM(units = 60, return_sequences = True)) 

regressor.add(Dropout(0.2)) 

Adding the Third LSTM layer and some Dropout regularization 

regressor.add(LSTM(units = 60, return_sequences = True)) 

regressor.add(Dropout(0.2)) 

Adding the Forth LSTM layer and some Dropout regularization 

regressor.add(LSTM(units = 60)) 

regressor.add(Dropout(0.2)) 

Adding output layer 

regressor.add(Dense(units = 1)) 

Compiling the RNN 

regressor.compile(optimizer='adam', loss = 'mean_squared_error') 

Fitting RNN to the Training Set  

regressor.fit(X_train, y_train, epochs=150, batch_size= 64) 

regressor.save('all_features_100_64-168') 

from keras.models import load_model 

regressor=load_model('all_features_100_64-168') 
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prediction_test = [] 

First_batch = training_set_scaled[-48:] 

current_batch= First_batch.reshape((1,48,3)) 

for i in range (48): 

    current_pred = regressor.predict(current_batch)[0] 

    prediction_test.append(current_pred) 

    New_var = test_set_scaled[i,:] 

    New_var = New_var.reshape(1,2) 

    New_test = np.insert(New_var,2,[current_pred],axis=1) 

    New_test = New_test.reshape(1,1,3) 

    current_batch = np.append(current_batch[:,1:,:],New_test,axis=1) 

prediction_test = np.array(prediction_test) 

SI = MinMaxScaler(feature_range=(0,1)) 

y_Scale = test_set[:,2:3] 

SI.fit_transform(y_Scale) 

predictions = SI.inverse_transform(prediction_test) 

real_values = test_set[:48,2:3] 

import matplotlib.pyplot as plt 

plt.plot(real_values, color = 'red',label = 'Actual Load Demand') 

plt.plot(predictions, color = 'blue',label = 'Predicted Load Demand') 

plt.xlabel('Time(hr)') 

plt.ylabel('Load Demand (kW)') 

plt.legend() 
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plt.show() 

import math 

from sklearn.metrics import mean_squared_error 

rmse = math.sqrt(mean_squared_error(real_values, predictions)) 

from sklearn.metrics import r2_score 

Rsqure = r2_score(real_values, predictions) 

def mean_absolute_percentage_error(y_true, y_pred):  

    y_true, y_pred = np.array(y_true), np.array(y_pred) 

    return np.mean(np.abs((y_true - y_pred) / y_true)) * 100 

MAPE = mean_absolute_percentage_error(real_values, predictions) 

from sklearn.metrics import mean_absolute_error 

mean_absolute_error(real_values, predictions) 

import tensorflow as tf 

mae = tf.keras.losses.MeanAbsoluteError() 

mae(real_values, predictions).numpy() 

m = tf.keras.metrics.MeanSquaredLogarithmicError() 

m.update_state(real_values, predictions) 

m.result().numpy() 

Local Optimum Design Model 

import pyomo.environ as pyo 

from pyomo.environ import * 

from pyomo.opt import SolverFactory 

import pandas as pd 
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import math 

import numpy as np   

import matplotlib.pyplot as plt 

data = pd.read_excel("Input_Daily_Sum.xlsx") 

Grid_P = [] 

for i in range(len(data['Load'])): 

   if (data['time'][i]<=31): 

       Grid_P.append(0.07005544*0.74) 

   if (31<data['time'][i]<=59): 

       Grid_P.append(0.06775921*0.74) 

   if (59<data['time'][i]<=90): 

       Grid_P.append(0.06770977*0.74) 

   if (90<data['time'][i]<=120): 

       Grid_P.append(0.06393077*0.74) 

   if (120<data['time'][i]<=151): 

       Grid_P.append(0.06694972*0.74) 

   if (151<data['time'][i]<=181): 

       Grid_P.append(0.06953881*0.74) 

   if (181<data['time'][i]<=212): 

       Grid_P.append(0.063731026*0.74) 

   if (212<data['time'][i]<=243): 

       Grid_P.append(0.062395918*0.74) 

   if (243<data['time'][i]<=273): 
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       Grid_P.append(0.05969309*0.74) 

   if (273<data['time'][i]<=304): 

       Grid_P.append(0.059369803*0.74) 

   if (304<data['time'][i]<=334): 

       Grid_P.append(0.061508168*0.74) 

   if (334<data['time'][i]<=365): 

       Grid_P.append(0.065685064*0.74) 

Grid_P = pd.DataFrame(Grid_P) 

Grid_P.columns = ['Grid_Price'] 

data = pd.concat([data,Grid_P],axis=1) 

Grid_S = [] 

for i in range(len(data['Load'])): 

   if data['time'][i]<=90: 

       Grid_S.append(0.2*0.74) 

   if 90<data['time'][i]<335: 

       Grid_S.append(0.1*0.74) 

   if data['time'][i]>=335: 

       Grid_S.append(0.2*0.74) 

Grid_S = pd.DataFrame(Grid_S) 

Grid_S.columns = ['Grid_Sell'] 

data = pd.concat([data,Grid_S],axis=1) 

data.loc[data['Load']<40000, 'Loss_Coeff'] = 1 

data.loc[(data['Load']>=40000) & (data['Load']<50000), 'Loss_Coeff'] = 2 
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data.loc[(data['Load']>=50000) & (data['Load']<60000), 'Loss_Coeff'] = 3 

data.loc[(data['Load']>=60000) & (data['Load']<70000), 'Loss_Coeff'] = 4 

data.loc[(data['Load']>=70000) & (data['Load']<80000), 'Loss_Coeff'] = 5 

data.loc[data['Load']>80000, 'Loss_Coeff'] = 6 

model = pyo.ConcreteModel() 

model.t = pyo.RangeSet(1,365) 

model.Load = pyo.Param(model.t, initialize=dict(zip(data.time, data.Load))) 

Load = model.Load  

model.Wind = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind))) 

Wind = model.Wind  

model.PV = pyo.Param(model.t, initialize=dict(zip(data.time, data.PV))) 

PV = model.PV 

model.CGp = pyo.Param(model.t, initialize=dict(zip(data.time, data.Grid_Price))) 

CGp = model.CGp 

model.CGs = pyo.Param(model.t, initialize=dict(zip(data.time, data.Grid_Sell))) 

CGs = model.CGs 

model.Coeff = pyo.Param(model.t, initialize=dict(zip(data.time, data.Loss_Coeff))) 

Coeff = model.Coeff 

model.eta_c = pyo.Param(initialize=0.95)  

model.eta_d = pyo.Param(initialize=0.95)  

model.maxcd = pyo.Param(initialize=0.35)   

model.PE = pyo.Param(initialize=1) 

model.cpv = pyo.Param(initialize=205)     
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model.cOMpv = pyo.Param(initialize=0.001)    

model.cc = pyo.Param(initialize=75 

model.Gp_up = pyo.Param(initialize=200000)   

model.cwt = pyo.Param(initialize=38750)   

model.cOM = pyo.Param(initialize=0.001)    

model.CRF = pyo.Param(initialize=0.064)   

model.CRFB = pyo.Param(initialize=1.7743)  

#model.cR = pyo.Param(initialize=75)     

model.ci = pyo.Param(initialize=75)     

model.cb = pyo.Param(initialize=500)      

model.Ob = pyo.Param(initialize=0.0004)  

model.Mb = pyo.Param(initialize=9.8)      

model.RPC = pyo.Param(initialize=500)     

model.Teta = pyo.Param(initialize=1)      

model.eps = pyo.Param(initialize=0)      

model.socmin = pyo.Param(initialize=0.2)   

Ob = model.Ob 

Mb = model.Mb 

RPC = model.RPC 

#CGs = model.CGs 

#CGp = model.CGp 

#cR = model.cR 

ci = model.ci 
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cb = model.cb 

CRF = model.CRF 

cc = model.cc 

cOM = model.cOM 

cwt = model.cwt 

cpv = model.cpv 

socmin = model.socmin 

eta_c = model.eta_c 

maxcd = model.maxcd 

eta_d = model.eta_d 

Gp_up = model.Gp_up 

PE = model.PE 

Teta = model.Teta 

eps = model.eps 

#Coeff = model.Coeff 

cOMpv = model.cOMpv 

CRFB = model.CRFB 

model.Npv = pyo.Var(within=pyo.Integers, bounds=(0, 17623)) 

Npv = model.Npv 

model.Nwt = pyo.Var(within=pyo.Integers, bounds=(0, 48)) 

Nwt = model.Nwt 

model.Nb = pyo.Var(bounds=(0, None)) 

Nb = model.Nb 
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model.Eb = pyo.Var(model.t, bounds=(0, None)) 

Eb = model.Eb 

model.Pc = pyo.Var(model.t, bounds=(0, None)) 

Pc = model.Pc 

model.Pd = pyo.Var(model.t, bounds=(0, None)) 

Pd = model.Pd 

model.Ewind = pyo.Var(model.t, bounds=(0, None)) 

Ewind = model.Ewind 

model.Eswind = pyo.Var(model.t, bounds=(0, None)) 

Eswind = model.Eswind 

model.Epv = pyo.Var(model.t, bounds=(0, None)) 

Epv = model.Epv 

model.Espv = pyo.Var(model.t, bounds=(0, None)) 

Espv = model.Espv 

model.Gp = pyo.Var(model.t, bounds=(0, 50000)) 

Gp = model.Gp 

model.Gs = pyo.Var(model.t, bounds=(0, 200000)) 

Gs = model.Gs 

model.gamma = pyo.Var(model.t, within=pyo.Binary) 

gamma = model.gamma 

model.teta = pyo.Var(model.t, within=pyo.Binary) 

teta = model.teta 
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model.lam = pyo.Var(model.t, within=pyo.Binary) 

lam = model.lam 

model.eta = pyo.Var(model.t, within=pyo.Binary) 

eta = model.eta 

model.Loss = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, 5000)) 

Loss = model.Loss 

def storage1(model, t): 

    if t==1: 

        return Eb[t] == Nb 

    else: 

        return Eb[t] == Eb[t - 1] + Pc[t] * eta_c - Pd[t] / eta_d 

model.Const_1 = pyo.Constraint(model.t, rule=storage1) 

def storage2(model, t): 

    return Eb[t] >= Nb * socmin 

model.Const_2 = pyo.Constraint(model.t, rule=storage2) 

def storage3(model, t): 

    return Eb[t] <= Nb 

model.Const_3 = pyo.Constraint(model.t, rule=storage3) 

def storage4(model, t): 

    return Pc[t] * eta_c + Pd[t] / eta_d <= maxcd * Nb 

model.Const_4 = pyo.Constraint(model.t, rule=storage4) 
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def storage5(model, t): 

    return Pc[t] <= Nb * gamma[t] 

model.Const_5 = pyo.Constraint(model.t, rule=storage5) 

def storage6(model, t): 

    return Pd[t] <= Nb * teta[t] 

model.Const_6 = pyo.Constraint(model.t, rule=storage6) 

def storage7(model, t): 

    return gamma[t] + teta[t] == 1 

model.Const_7 = pyo.Constraint(model.t, rule=storage7) 

def grid1(model, t): 

    return Gs[t] <= (Eswind[t] + Espv[t]) * PE * eta[t] 

model.Const_8 = pyo.Constraint(model.t, rule=grid1) 

def grid2(model, t): 

    return Gp[t] <= Gp_up * lam[t] 

model.Const_9 = pyo.Constraint(model.t, rule=grid2) 

def grid3(model, t): 

    return eta[t] + lam[t] == 1 

model.Const_10 = pyo.Constraint(model.t, rule=grid3) 

def Wind_surplus(model, t): 

    return Nwt * Wind[t] == (Ewind[t] + Eswind[t]) 

model.Const_11 = pyo.Constraint(model.t, rule=Wind_surplus) 
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def PV_surplus(model, t): 

    return Npv * PV[t] == Epv[t] + Espv[t] 

model.Const_12 = pyo.Constraint(model.t, rule=PV_surplus) 

def Balance(model, t): 

    return Ewind[t] + Epv[t] + Pd[t] + Gp[t] + Loss[t] >= Load[t] + Pc[t] + Gs[t] 

model.Const_13 = pyo.Constraint(model.t, rule=Balance) 

def Loss_Constraint(model,t): 

    return sum(Loss[t] for t in model.t) <= 0.001*sum(Load[t] for t in model.t) 

model.Const_14 = pyo.Constraint(model.t, rule=Loss_Constraint) 

def objective_rule(model): 

    return (Npv * (cpv + cc)*(1 + cOMpv / CRF)) + (Nwt * cwt * (1 + cOM / CRF)) + Nb * (cb + 

ci) + Ob * ( 

        sum((Pd[t] + Pc[t]) / CRF for t in model.t)) + (Mb * maxcd * Nb)*20.7743 + (RPC * Nb) * 

CRFB + sum( 

            (CGp[t] * Gp[t]) / CRF for t in model.t) - sum((CGs[t] * Gs[t]) / CRF for t in model.t)+sum( 

                Loss[t]*Coeff[t] for t in model.t)+sum(Gp[t]*eps*Teta for t in model.t)             

model.objective = pyo.Objective(rule=objective_rule, sense=pyo.minimize) 

model.write('Opt_New.lp')  

opt = SolverFactory('scipampl') 

results = opt.solve(model, tee=True) 

#opt.options['limits/time'] = 100 

#opt = SolverFactory('gams') 
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#results = opt.solve(model, solver= 'dicopt', tee=True, keepfiles=True, add_options=['option 

reslim=20;']) 

#results = opt.solve(model, solver= 'dicopt', tee=True,add_options=['option nlp=ipopt;']) 

#model.display() 

# **Evaluation of Results** 

Data_Load = pd.read_excel('Load.xlsx') 

print(results) 

print('objec Fu = ' , pyo.value(model.objective)*1.32, 'CAD') 

print('Cost of energy (COE) = ', 

(pyo.value(model.objective)*CRF/Data_Load['Load'].sum())*1.32, 'CAD/kWh') 

print('Total Capital Cost = ' , (pyo.value(model.Npv)*(cpv + 

cc)+pyo.value(model.Nwt)*cwt+pyo.value(model.Nb)*(cb + ci))*1.32, 'CAD') 

print('number of PV = ' , pyo.value(model.Npv)) 

print('PV Capacity = ' , (pyo.value(model.Npv))/4.5455) 

print('number of Wt = ' , pyo.value(model.Nwt)) 

print('Battery Storage Capacity = ' , pyo.value(model.Nb), 'kWh') 

Gs_values = pd.DataFrame(list(Gs[:].value),columns=['Gs']) 

Gp_values = pd.DataFrame(list(Gp[:].value),columns=['Gp']) 

Pd_values = pd.DataFrame(list(Pd[:].value),columns=['Pd']) 

Pc_values = pd.DataFrame(list(Pc[:].value),columns=['Pc']) 

Eb_values = pd.DataFrame(list(Eb[:].value),columns=['Eb']) 

EWind_values = pd.DataFrame(list(Ewind[:].value),columns=['EWind']) 

EPV_values = pd.DataFrame(list(Epv[:].value),columns=['EPV']) 
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ESWind_values = pd.DataFrame(list(Eswind[:].value),columns=['ESWind']) 

ESPV_values = pd.DataFrame(list(Espv[:].value),columns=['ESPV']) 

Unmet_Load = pd.DataFrame(list(Loss[:].value),columns=['Loss']) 

Indexed_Result = 

pd.concat([Gs_values,Gp_values,Pd_values,Pc_values,Eb_values,EWind_values,EPV_values, 

                            ESWind_values,ESPV_values,Unmet_Load],axis=1) 

Indexed_Result.to_csv('Results_Local_New.csv') 

plt.plot(Unmet_Load) 

print('Unmet Load = ',Unmet_Load.sum()) 

print('Number of days we have unmet load = ', 365-(Unmet_Load==0).sum()) 

Cycles_C =  365 - (Pc_values==0).sum() 

Cycles_D =  365 - (Pd_values==0).sum() 

Charging = Pc_values.sum() 

Discharging = Pd_values.sum() 

print('Charge Cycles = ',Cycles_C) 

print('discharge Cycles = ',Cycles_D) 

Unmet_sum = Unmet_Load.sum() 

SOC = (Eb_values/12094)*100 

# Battery Analysis 

MaxCH = [0.02,0.05,0.1,0.15,0.2,0.25,0.3,0.35,0.4,0.45,0.5] 

COE = [1.056,0.55,0.3,0.22,0.18,0.15,0.14,0.12,0.12,0.11,0.1] 

Cycles = [95,111,114,121,118,116,122,99,103,126] 

Battery = [131547,84659,42329,28219,21164,16931,14109,12094,10582,9406,8465] 
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Ch_Dis = 

[330780,356686,392332,404214,401678,404585,398483,390494,384498,366652,299703] 

B_Operation = [2067,2229,2452,2526,2510,2528,2490,2440,2403,2291,1873] 

x = MaxCH 

y2=0 

fig, ax1 = plt.subplots() 

ax2 = ax1.twinx() 

ax1.plot(x,COE, color = 'blue',label = 'LCOE') 

ax2.plot(x,B_Operation, color = 'darkorange',label = 'Battery Operation Cost') 

ax1.set_xlabel('Max Charge-Discharge Rate',fontsize=13) 

ax1.set_ylabel('LCOE $/kWh',fontsize=13) 

ax2.set_ylabel('Battery Operation Cost $',fontsize=13) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.tick_params(axis='both', which='major', labelsize=12) 

ax1.legend(ncol=1,bbox_to_anchor=(0.5,1.12),loc='center',fontsize=12) 

ax2.legend(ncol=1,bbox_to_anchor=(0.5,1.06),loc='center',fontsize=12) 

plt.show() 

x = range(365) 

y2=0 

fig, ax1 = plt.subplots() 

ax2 = ax1.twinx() 

ax1.fill_between(x, EPV_values.iloc[:,0].values,y2,facecolor='firebrick',label = 'PV Used 

Power',alpha=0.7) 
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ax1.fill_between(x, Gp_values.iloc[:,0],y2,facecolor='darkorange',label = 'Purchase from 

Grid',alpha=0.7) 

ax1.fill_between(x, EWind_values.iloc[:,0],y2,facecolor='indigo',label = 'Wind Used 

Power',alpha=0.7) 

ax1.fill_between(x, Pc_values.iloc[:,0],y2,facecolor='limegreen',label = 'Battery 

Charge',alpha=0.7) 

ax1.fill_between(x, Pd_values.iloc[:,0],y2,facecolor='slategrey',label = 'Battery 

Discharge',alpha=0.7) 

ax1.fill_between(x, ESWind_values.iloc[:,0],y2,facecolor='pink',label = 'Wind 

Surplus',alpha=0.7) 

ax1.fill_between(x, ESPV_values.iloc[:,0],y2,facecolor='green',label = 'PV Surplus',alpha=0.7) 

ax1.fill_between(x, Unmet_Load.iloc[:,0],y2,facecolor='red',label = 'Unmet Load',alpha=0.7) 

ax1.fill_between(x, Gs_values.iloc[:,0],y2,facecolor='yellow',label = 'Sell to Grid',alpha=0.7) 

ax1.plot(x, data.iloc[:,2], 'black',label = 'Demand',linestyle = 'dashed') 

ax2.plot(x, SOC.iloc[:,0], 'black',label = 'SOC') 

ax2.set_ylim([0, 110]) 

ax1.set_xlabel('Days',fontsize=13) 

ax1.set_ylabel('Power (kWh)',fontsize=13) 

ax2.set_ylabel('State of Charge of the Battery %',fontsize=13) 

ax2.tick_params(axis='both', which='major', labelsize=12) 

ax1.tick_params(axis='both', which='major', labelsize=12) 

ax2.legend(loc='upper right',fontsize=12) 

ax1.legend(ncol=5,bbox_to_anchor=(0.5,1.08),loc='center',fontsize=12) 

plt.show() 
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#Grid Trade-off 

plt.plot(Gp_values, color = 'blue',label = 'Purchase from Grid') 

plt.plot(Gs_values, color = 'darkorange',label = 'Sell to Grid') 

plt.xlabel('Time(day)',fontsize=13) 

plt.ylabel('Energy (kWh)',fontsize=13) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.legend(ncol=2,bbox_to_anchor=(0.5,1.06),loc='center',fontsize=12) 

plt.show() 

#Battery Ch-Disch 

SOC = (Eb_values/12094)*100 

Pc_Perc = (Pc_values/(12094))*100 

Pd_Perc = (Pd_values/(12094))*100 

 

plt.plot(Pc_Perc, color = 'firebrick',label = 'Battery Charging') 

plt.plot(Pd_Perc, color = 'navy',label = 'Battery Discharging') 

plt.plot(SOC, color = 'green',label = 'SOC') 

plt.xlabel('Days',fontsize=13) 

plt.ylabel('%',fontsize=13) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.legend(ncol=3,bbox_to_anchor=(0.5,1.08),loc='center',fontsize=12) 

plt.show() 
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#Monthly Graph 

bar_width = 0.15 

Month_b = np.arange(12) 

plt.bar(1,EPV_values.iloc[:30,0].sum(), bar_width, color = 'firebrick', label = 'PV') 

plt.bar(2,EPV_values.iloc[31:60,0].sum(), bar_width, color = 'firebrick') 

plt.bar(3,EPV_values.iloc[61:90,0].sum(), bar_width, color = 'firebrick') 

plt.bar(4,EPV_values.iloc[91:121,0].sum(), bar_width, color = 'firebrick') 

plt.bar(5,EPV_values.iloc[121:151,0].sum(), bar_width, color = 'firebrick') 

plt.bar(6,EPV_values.iloc[151:181,0].sum(), bar_width, color = 'firebrick') 

plt.bar(7,EPV_values.iloc[181:211,0].sum(), bar_width, color = 'firebrick') 

plt.bar(8,EPV_values.iloc[211:241,0].sum(), bar_width, color = 'firebrick') 

plt.bar(9,EPV_values.iloc[241:271,0].sum(), bar_width, color = 'firebrick') 

plt.bar(10,EPV_values.iloc[271:301,0].sum(), bar_width, color = 'firebrick') 

plt.bar(11,EPV_values.iloc[301:331,0].sum(), bar_width, color = 'firebrick') 

plt.bar(12,EPV_values.iloc[332:365,0].sum(), bar_width, color = 'firebrick') 

plt.bar(1+bar_width,EWind_values.iloc[:30,0].sum(), bar_width, color = 'navy', label = 'Wind') 

plt.bar(2+bar_width,EWind_values.iloc[31:60,0].sum(), bar_width, color = 'navy') 

plt.bar(3+bar_width,EWind_values.iloc[61:90,0].sum(), bar_width, color = 'navy') 

plt.bar(4+bar_width,EWind_values.iloc[91:121,0].sum(), bar_width, color = 'navy') 

plt.bar(5+bar_width,EWind_values.iloc[121:151,0].sum(), bar_width, color = 'navy') 

plt.bar(6+bar_width,EWind_values.iloc[151:181,0].sum(), bar_width, color = 'navy') 

plt.bar(7+bar_width,EWind_values.iloc[181:211,0].sum(), bar_width, color = 'navy') 

plt.bar(8+bar_width,EWind_values.iloc[211:241,0].sum(), bar_width, color = 'navy') 
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plt.bar(9+bar_width,EWind_values.iloc[241:271,0].sum(), bar_width, color = 'navy',) 

plt.bar(10+bar_width,EWind_values.iloc[271:301,0].sum(), bar_width, color = 'navy') 

plt.bar(11+bar_width,EWind_values.iloc[301:331,0].sum(), bar_width, color = 'navy') 

plt.bar(12+bar_width,EWind_values.iloc[332:365,0].sum(), bar_width, color = 'navy') 

plt.bar(1-bar_width,Gp_values.iloc[:30,0].sum(), bar_width, color = 'gold', label = 'Purchase from 

Grid') 

plt.bar(2-bar_width,Gp_values.iloc[31:60,0].sum(), bar_width, color = 'gold') 

plt.bar(3-bar_width,Gp_values.iloc[61:90,0].sum(), bar_width, color = 'gold') 

plt.bar(4-bar_width,Gp_values.iloc[91:121,0].sum(), bar_width, color = 'gold') 

plt.bar(5-bar_width,Gp_values.iloc[121:151,0].sum(), bar_width, color = 'gold') 

plt.bar(6-bar_width,Gp_values.iloc[151:181,0].sum(), bar_width, color = 'gold') 

plt.bar(7-bar_width,Gp_values.iloc[181:211,0].sum(), bar_width, color = 'gold') 

plt.bar(8-bar_width,Gp_values.iloc[211:241,0].sum(), bar_width, color = 'gold') 

plt.bar(9-bar_width,Gp_values.iloc[241:271,0].sum(), bar_width, color = 'gold',) 

plt.bar(10-bar_width,Gp_values.iloc[271:301,0].sum(), bar_width, color = 'gold') 

plt.bar(11-bar_width,Gp_values.iloc[301:331,0].sum(), bar_width, color = 'gold') 

plt.bar(12-bar_width,Gp_values.iloc[332:365,0].sum(), bar_width, color = 'gold') 

plt.bar(1+2*bar_width,Pd_values.iloc[:30,0].sum(), bar_width, color = 'slategrey', label = 'Battery 

Discharge') 

plt.bar(2+2*bar_width,Pd_values.iloc[31:60,0].sum(), bar_width, color = 'slategrey') 

plt.bar(3+2*bar_width,Pd_values.iloc[61:90,0].sum(), bar_width, color = 'slategrey') 

plt.bar(4+2*bar_width,Pd_values.iloc[91:121,0].sum(), bar_width, color = 'slategrey') 

plt.bar(5+2*bar_width,Pd_values.iloc[121:151,0].sum(), bar_width, color = 'slategrey') 
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plt.bar(6+2*bar_width,Pd_values.iloc[151:181,0].sum(), bar_width, color = 'slategrey') 

plt.bar(7+2*bar_width,Pd_values.iloc[181:211,0].sum(), bar_width, color = 'slategrey') 

plt.bar(8+2*bar_width,Pd_values.iloc[211:241,0].sum(), bar_width, color = 'slategrey') 

plt.bar(9+2*bar_width,Pd_values.iloc[241:271,0].sum(), bar_width, color = 'slategrey',) 

plt.bar(10+2*bar_width,Pd_values.iloc[271:301,0].sum(), bar_width, color = 'slategrey') 

plt.bar(11+2*bar_width,Pd_values.iloc[301:331,0].sum(), bar_width, color = 'slategrey') 

plt.bar(12+2*bar_width,Pd_values.iloc[332:365,0].sum(), bar_width, color = 'slategrey') 

#Surplus = (ESWind_values.iloc[:744,0]+ESPV_values.iloc[:744,0]).sum() 

plt.bar(1-2*bar_width,(ESWind_values.iloc[:30,0]+ESPV_values.iloc[:30,0]).sum(), bar_width, 

color = 'peru', label = 'Surplus Power') 

plt.bar(2-2*bar_width,(ESWind_values.iloc[31:60,0]+ESPV_values.iloc[31:60,0]).sum(), 

bar_width, color = 'peru') 

plt.bar(3-2*bar_width,(ESWind_values.iloc[61:90,0]+ESPV_values.iloc[61:90,0]).sum(), 

bar_width, color = 'peru') 

plt.bar(4-2*bar_width,(ESWind_values.iloc[91:121,0]+ESPV_values.iloc[91:121,0]).sum(), 

bar_width, color = 'peru') 

plt.bar(5-2*bar_width,(ESWind_values.iloc[121:151,0]+ESPV_values.iloc[121:151,0]).sum(), 

bar_width, color = 'peru') 

plt.bar(6-2*bar_width,(ESWind_values.iloc[151:181,0]+ESPV_values.iloc[151:181,0]).sum(), 

bar_width, color = 'peru') 

plt.bar(7-2*bar_width,(ESWind_values.iloc[181:211,0]+ESPV_values.iloc[181:211,0]).sum(), 

bar_width, color = 'peru') 

plt.bar(8-2*bar_width,(ESWind_values.iloc[211:241,0]+ESPV_values.iloc[211:241,0]).sum(), 

bar_width, color = 'peru') 
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plt.bar(9-2*bar_width,(ESWind_values.iloc[241:271,0]+ESPV_values.iloc[241:271,0]).sum(), 

bar_width, color = 'peru',) 

plt.bar(10-2*bar_width,(ESWind_values.iloc[271:301,0]+ESPV_values.iloc[271:301,0]).sum(), 

bar_width, color = 'peru') 

plt.bar(11-2*bar_width,(ESWind_values.iloc[301:331,0]+ESPV_values.iloc[301:331,0]).sum(), 

bar_width, color = 'peru') 

plt.bar(12-2*bar_width,(ESWind_values.iloc[332:365,0]+ESPV_values.iloc[332:365,0]).sum(), 

bar_width, color = 'peru') 

labels = ('Jan', 'Feb', 'March', 'April', 'May', 'June', 'July', 'Aug', 'Sep', 'Oct', 'Nov', 'Dec') 

positions = (1,2,3,4,5,6,7,8,9,10,11,12) 

LoadD = 

np.array([data.iloc[:30,1].sum(),data.iloc[31:60,1].sum(),data.iloc[61:90,1].sum(),data.iloc[91:12

1,1].sum(),                

data.iloc[121:151,1].sum(),data.iloc[151:181,1].sum(),data.iloc[181:211,1].sum(),data.iloc[211:2

41,1].sum(), 

                  

data.iloc[241:271,1].sum(),data.iloc[271:301,1].sum(),data.iloc[301:331,1].sum(),data.iloc[332:3

65,1].sum()]) 

plt.plot(positions,LoadD ,'black',label = 'Demand',linestyle = 'dashed',marker = 'o') 

plt.xlabel('Month',fontsize=13) 

plt.ylabel('Energy (kWh)',fontsize=13) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.xticks(positions,labels) 

plt.legend(ncol=6,bbox_to_anchor=(0.5,1.05),loc='center',fontsize=12) 
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plt.show() 

# Monthly Bar Chart 

Date = pd.date_range('jan 01 2019', periods = 365, freq = 'D') 

Indexed_Result.set_index(Date, inplace=True) 

Indexed_Result_M = Indexed_Result.resample(rule = 'M').sum() 

labels = ('Jan', 'Feb', 'Mar', 'Apr', 'May', 'June', 'July', 'Aug', 'Sept', 'Oct', 'Nov', 'Dec') 

labels = pd.DataFrame(labels) 

Indexed_Result_M = Indexed_Result_M.reset_index(drop=True) 

Indexed_Result_M = pd.concat([labels,Indexed_Result_M], axis=1) 

Indexed_Result_M.set_index(0,inplace=True) 

Indexed_Result_M = Indexed_Result_M.rename(columns={'Gs': 'Grid Sell', 'Gp': 'Grid Purchase', 

'Pd': 'Battery Discharge', 'Pc': 'Battery Charge' 

                                                    , 'Eb': 'BState', 'EWind': 'Wind', 'EPV': 'PV','ESPV': 'PV 

Surplus','ESWind': 'Wind Surplus','Loss': 'Unmet Load'}) 

Indexed_Result_M['Surplus'] = Indexed_Result_M['PV Surplus'] + Indexed_Result_M['Wind 

Surplus'] 

Indexed_Result_M = Indexed_Result_M.iloc[:,[1,2,5,6,9,10]] 

Indexed_Result_M.plot(kind='bar',stacked=True,hatch='\\\\\\\\',width=0.8,rot=0,alpha=0.75) 

plt.xlabel('Months') 

plt.ylabel('Power kWh') 

plt.legend(ncol=6,bbox_to_anchor=(0.5,1.05),loc='center',fontsize=10) 

Mix of Regional and Local Optimum Design 

import pyomo.environ as pyo 
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from pyomo.environ import * 

from pyomo.opt import SolverFactory 

import pandas as pd 

import numpy as np 

import math 

import matplotlib.pyplot as plt 

import os 

data = pd.read_excel("Input_Daily_Sum.xlsx") 

data2 = pd.read_excel("Map_Params.xlsx") 

# Propose Rate 

Grid_P = [] 

for i in range(len(data['Load_HP'])): 

   if (data['time'][i]<=90) & (data['Load_HP'][i]+data['Load_E'][i]<100000): 

       Grid_P.append(0.08) 

   if (90<data['time'][i]<335) & (data['Load_HP'][i]+data['Load_E'][i]<100000): 

       Grid_P.append(0.06) 

   if (data['time'][i]>=335) & (data['Load_HP'][i]+data['Load_E'][i]<100000): 

       Grid_P.append(0.08) 

   if (data['time'][i]<=90) & (100000<=data['Load_HP'][i]+data['Load_E'][i]<120000): 

       Grid_P.append(0.12) 

   if (90<data['time'][i]<335) & (100000<=data['Load_HP'][i]+data['Load_E'][i]<120000): 

       Grid_P.append(0.08) 

   if (data['time'][i]>=335) & (100000<=data['Load_HP'][i]+data['Load_E'][i]<120000): 
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       Grid_P.append(0.12) 

   if (data['time'][i]<=90) & (120000<=data['Load_HP'][i]+data['Load_E'][i]<140000): 

       Grid_P.append(0.18) 

   if (90<data['time'][i]<335) & (120000<=data['Load_HP'][i]+data['Load_E'][i]<140000): 

       Grid_P.append(0.1) 

   if (data['time'][i]>=335) & (120000<=data['Load_HP'][i]+data['Load_E'][i]<140000): 

       Grid_P.append(0.18) 

   if (data['time'][i]<=90) & (140000<=data['Load_HP'][i]+data['Load_E'][i]<160000): 

       Grid_P.append(0.26) 

   if (90<data['time'][i]<335) & (140000<=data['Load_HP'][i]+data['Load_E'][i]<160000): 

       Grid_P.append(0.12) 

   if (data['time'][i]>=335) & (140000<=data['Load_HP'][i]+data['Load_E'][i]<160000): 

       Grid_P.append(0.26) 

   if (data['time'][i]<=90) & (160000<=data['Load_HP'][i]+data['Load_E'][i]<180000): 

       Grid_P.append(0.36) 

   if (90<data['time'][i]<335) & (160000<=data['Load_HP'][i]+data['Load_E'][i]<180000): 

       Grid_P.append(0.14) 

   if (data['time'][i]>=335) & (160000<=data['Load_HP'][i]+data['Load_E'][i]<180000): 

       Grid_P.append(0.36) 

   if (data['time'][i]<=90) & (data['Load_HP'][i]+data['Load_E'][i]>180000): 

       Grid_P.append(0.48) 

   if (90<data['time'][i]<335) & (data['Load_HP'][i]+data['Load_E'][i]>180000): 

       Grid_P.append(0.16) 
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   if (data['time'][i]>=335) & (data['Load_HP'][i]+data['Load_E'][i]>180000): 

       Grid_P.append(0.48)  

Grid_P = pd.DataFrame(Grid_P) 

Grid_P.columns = ['Grid_Price'] 

data = pd.concat([data,Grid_P],axis=1) 

Grid_S = [] 

for i in range(len(data['Load_HP'])): 

   if data['time'][i]<=90: 

       Grid_S.append(0.2) 

   if 90<data['time'][i]<335: 

       Grid_S.append(0.1) 

   if data['time'][i]>=335: 

       Grid_S.append(0.2) 

 

Grid_S = pd.DataFrame(Grid_S) 

Grid_S.columns = ['Grid_Sell'] 

data = pd.concat([data,Grid_S],axis=1) 

data.loc[data['Load_HP']+data['Load_E'][i]<100000, 'Loss_Coeff'] = 1 

data.loc[(data['Load_HP']+data['Load_E'][i]>=100000) & 

(data['Load_HP']+data['Load_E'][i]<120000), 'Loss_Coeff'] = 2 

data.loc[(data['Load_HP']+data['Load_E'][i]>=120000) & 

(data['Load_HP']+data['Load_E'][i]<140000), 'Loss_Coeff'] = 3 
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data.loc[(data['Load_HP']+data['Load_E'][i]>=140000) & 

(data['Load_HP']+data['Load_E'][i]<160000), 'Loss_Coeff'] = 4 

data.loc[(data['Load_HP']+data['Load_E'][i]>=160000) & 

(data['Load_HP']+data['Load_E'][i]<180000), 'Loss_Coeff'] = 5 

data.loc[data['Load_HP']+data['Load_E'][i]>180000, 'Loss_Coeff'] = 6 

model = pyo.ConcreteModel() 

# **Sets and Parameters** 

model.t = pyo.RangeSet(1,365) 

model.l = pyo.RangeSet(1,76) 

model.Load_E = pyo.Param(model.t, initialize=dict(zip(data.time, data.Load_E))) 

Load_E = model.Load_E 

model.Load_HP = pyo.Param(model.t, initialize=dict(zip(data.time, data.Load_HP))) 

Load_HP = model.Load_HP 

model.Gas = pyo.Param(model.t, initialize=dict(zip(data.time, data.Gas_Cons))) 

Gas = model.Gas 

 

# Wind1 is for local wind generation 

model.Wind1 = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind1))) 

Wind1 = model.Wind1  

# Wind2 is for 'OPEN AREA'  

model.Wind2 = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind2))) 

Wind2 = model.Wind2  

# Wind3 is for 'RESOURCE AND INDUSTRIAL'  
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model.Wind3 = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind3))) 

Wind3 = model.Wind3  

# Wind4 is for 'COMMERCIAL'  

model.Wind4 = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind4))) 

Wind4 = model.Wind4  

# Wind5 is for 'PARKS AND RECREATIONAL'  

model.Wind5 = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind5))) 

Wind5 = model.Wind5  

# Wind6 is for 'GOVERNMENT AND INSTITUTIONAL'  

model.Wind6 = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind6))) 

Wind6 = model.Wind6  

# Wind7 is for 'RESIDENTIAL'  

model.Wind7 = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind7))) 

Wind7 = model.Wind7  

# Wind8 is for 'Waterbody'  

model.Wind8 = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind8))) 

Wind8 = model.Wind8  

model.PV = pyo.Param(model.t, initialize=dict(zip(data.time, data.PV))) 

PV = model.PV 

model.Cl = pyo.Param(model.l, initialize=dict(zip(data2.LandType, data2.Land_Cost))) 

Cl = model.Cl      # Land Cost ($/m2)                     

model.TD = pyo.Param(model.l, initialize=dict(zip(data2.LandType, data2.Turbine_D))) 

TD = model.TD 
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model.dis = pyo.Param(model.l, initialize=dict(zip(data2.LandType, data2.Distance))) 

dis = model.dis 

model.LT = pyo.Param(model.l, initialize=dict(zip(data2.LandType, data2.Zone_type))) 

LT = model.LT 

model.CGp = pyo.Param(model.t, initialize=dict(zip(data.time, data.Grid_Price))) 

CGp = model.CGp 

model.CGs = pyo.Param(model.t, initialize=dict(zip(data.time, data.Grid_Sell))) 

CGs = model.CGs 

model.Coeff = pyo.Param(model.t, initialize=dict(zip(data.time, data.Loss_Coeff))) 

Coeff = model.Coeff 

model.eta_c = pyo.Param(initialize=0.95)  

model.eta_d = pyo.Param(initialize=0.95)  

model.maxcd = pyo.Param(initialize=0.35)   

model.PE = pyo.Param(initialize=1)      

model.cpv = pyo.Param(initialize=205)     

model.cc = pyo.Param(initialize=75)     

model.Gp_up = pyo.Param(initialize=2000000000)   

model.cwt = pyo.Param(initialize=38750)   

model.cOMwt = pyo.Param(initialize=0.001)    

model.cOMpv = pyo.Param(initialize=0.001)    

model.CRF = pyo.Param(initialize=0.064)   

model.CRFG = pyo.Param(initialize=20.6)  

model.CRFB = pyo.Param(initialize=1.7743)  
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#model.cR = pyo.Param(initialize=75)     

model.ci = pyo.Param(initialize=75)     

model.cb = pyo.Param(initialize=500)      

model.Ob = pyo.Param(initialize=0.0004)  

model.Mb = pyo.Param(initialize=9.8)      

model.RPC = pyo.Param(initialize=500)     

model.socmin = pyo.Param(initialize=0.2)   

model.Bd = pyo.Param(initialize=20000000)   

model.Ct = pyo.Param(initialize=2000)      

model.A = pyo.Param(initialize=10)         

model.crc = pyo.Param(initialize=1240000)    

model.Ci = pyo.Param(initialize=20000)      

model.omT = pyo.Param(initialize=0.0005 

model.eps = pyo.Param(initialize=0)      

model.Teta = pyo.Param(initialize=1) 

model.hpc = pyo.Param(initialize=853) 

model.cOMhp = pyo.Param(initialize=0.00003)       

model.maxhp = pyo.Param(initialize=6224)       

model.Cg = pyo.Param(initialize=0.1517)       

Ob = model.Ob 

Mb = model.Mb 

RPC = model.RPC 

CGp = model.CGp 
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CGs = model.CGs 

#cR = model.cR 

ci = model.ci 

cb = model.cb 

CRF = model.CRF 

cc = model.cc 

cOMwt = model.cOMwt 

cwt = model.cwt 

cpv = model.cpv 

socmin = model.socmin 

eta_c = model.eta_c 

maxcd = model.maxcd 

eta_d = model.eta_d 

Gp_up = model.Gp_up 

PE = model.PE 

Bd = model.Bd 

Ct = model.Ct 

A = model.A 

crc = model.crc 

Ci = model.Ci 

omT = model.omT 

Teta = model.Teta 

eps = model.eps 
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cOMpv = model.cOMpv 

hpc = model.hpc 

maxhp = model.maxhp 

cOMhp = model.cOMhp 

Cg = model.Cg 

CRFB = model.CRFB 

CRFG = model.CRFG 

# area = 24487      #This area will be defined by user or automatically by software 

#  

# def PV_Count(model): 

#     return (0,area/1.32 

model.Npv = pyo.Var(within=pyo.Integers, bounds=(0, 17623)) 

Npv = model.Npv 

model.Nwt = pyo.Var(within=pyo.Integers, bounds=(0, 48)) 

Nwt = model.Nwt 

 

model.Nb = pyo.Var(bounds=(6000, None)) 

Nb = model.Nb 

model.Eb = pyo.Var(model.t, bounds=(0, None)) 

Eb = model.Eb 

model.Pc = pyo.Var(model.t, bounds=(0, None)) 

Pc = model.Pc 

model.Pd = pyo.Var(model.t, bounds=(0, None)) 
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Pd = model.Pd 

model.Ewind = pyo.Var(model.t, bounds=(0, None)) 

Ewind = model.Ewind 

model.Eswind = pyo.Var(model.t, bounds=(0, None)) 

Eswind = model.Eswind 

model.Epv = pyo.Var(model.t, bounds=(0, None)) 

Epv = model.Epv 

model.Espv = pyo.Var(model.t, bounds=(0, None)) 

Espv = model.Espv 

model.Gp = pyo.Var(model.t, bounds=(0, 200000)) 

Gp = model.Gp 

model.Gs = pyo.Var(model.t, bounds=(0, 200000)) 

Gs = model.Gs 

model.gamma = pyo.Var(model.t, within=pyo.Binary) 

gamma = model.gamma 

 

model.teta = pyo.Var(model.t, within=pyo.Binary) 

teta = model.teta 

model.lam = pyo.Var(model.t, within=pyo.Binary) 

lam = model.lam 

model.eta = pyo.Var(model.t, within=pyo.Binary) 

eta = model.eta 

model.La = pyo.Var(bounds=(0,None)) 
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La = model.La 

model.Nrg = pyo.Var(within=pyo.Integers,bounds=(0,None)) 

Nrg = model.Nrg 

model.Esrg1 = pyo.Var(model.t,bounds=(0,None)) 

Esrg1 = model.Esrg1 

model.Esrg2 = pyo.Var(model.t,bounds=(0,None)) 

Esrg2 = model.Esrg2 

model.Esrg3 = pyo.Var(model.t,bounds=(0,None)) 

Esrg3 = model.Esrg3 

model.Esrg4 = pyo.Var(model.t,bounds=(0,None)) 

Esrg4 = model.Esrg4 

model.Esrg5 = pyo.Var(model.t,bounds=(0,None)) 

Esrg5 = model.Esrg5 

model.Esrg6 = pyo.Var(model.t,bounds=(0,None)) 

Esrg6 = model.Esrg6 

 

model.Esrg7 = pyo.Var(model.t,bounds=(0,None)) 

Esrg7 = model.Esrg7 

model.Erg1 = pyo.Var(model.t,bounds=(0,None)) 

Erg1 = model.Erg1 

model.Erg2 = pyo.Var(model.t,bounds=(0,None)) 

Erg2 = model.Erg2 

model.Erg3 = pyo.Var(model.t,bounds=(0,None)) 
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Erg3 = model.Erg3 

model.Erg4 = pyo.Var(model.t,bounds=(0,None)) 

Erg4 = model.Erg4 

model.Erg5 = pyo.Var(model.t,bounds=(0,None)) 

Erg5 = model.Erg5 

model.Erg6 = pyo.Var(model.t,bounds=(0,None)) 

Erg6 = model.Erg6 

model.Erg7 = pyo.Var(model.t,bounds=(0,None)) 

Erg7 = model.Erg7 

model.Bin = pyo.Var(model.l,within=pyo.Binary) 

Bin = model.Bin 

model.Loss = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, None)) 

Loss = model.Loss 

model.Chp = pyo.Var(within=pyo.NonNegativeReals, bounds=(0, None)) 

Chp = model.Chp 

 

def storage1(model, t): 

    if t==1: 

        return Eb[t] == Nb 

    else: 

        return Eb[t] == Eb[t - 1] + Pc[t] * eta_c - Pd[t] / eta_d 

model.Const_1 = pyo.Constraint(model.t, rule=storage1) 

def storage2(model, t): 
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    return Eb[t] >= Nb * socmin 

model.Const_2 = pyo.Constraint(model.t, rule=storage2) 

def storage3(model, t): 

    return Eb[t] <= Nb 

model.Const_3 = pyo.Constraint(model.t, rule=storage3) 

def storage4(model, t): 

    return Pc[t] * eta_c + Pd[t] / eta_d <= maxcd * Nb 

model.Const_4 = pyo.Constraint(model.t, rule=storage4) 

def storage5(model, t): 

    return Pc[t] <= Nb * gamma[t] 

model.Const_5 = pyo.Constraint(model.t, rule=storage5) 

def storage6(model, t): 

    return Pd[t] <= Nb * teta[t] 

model.Const_6 = pyo.Constraint(model.t, rule=storage6) 

 

 

def storage7(model, t): 

    return gamma[t] + teta[t] == 1 

model.Const_7 = pyo.Constraint(model.t, rule=storage7) 

def gridS1(model, t,l): 

    if LT[l] == 'OPEN AREA': 

        return Gs[t] <= (Eswind[t] + Espv[t] + Esrg1[t]) * PE * eta[t] 

    if LT[l] == 'RESOURCE AND INDUSTRIAL': 
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        return Gs[t] <= (Eswind[t] + Espv[t] + Esrg2[t]) * PE * eta[t] 

    if LT[l] == 'COMMERCIAL': 

        return Gs[t] <= (Eswind[t] + Espv[t] + Esrg3[t]) * PE * eta[t] 

    if LT[l] == 'PARKS AND RECREATIONAL': 

        return Gs[t] <= (Eswind[t] + Espv[t] + Esrg4[t]) * PE * eta[t] 

    if LT[l] == 'GOVERNMENT AND INSTITUTIONAL': 

        return Gs[t] <= (Eswind[t] + Espv[t] + Esrg5[t]) * PE * eta[t] 

    if LT[l] == 'RESIDENTIAL': 

        return Gs[t] <= (Eswind[t] + Espv[t] + Esrg6[t]) * PE * eta[t] 

    if LT[l] == 'WATERBODY': 

        return Gs[t] <= (Eswind[t] + Espv[t] + Esrg7[t]) * PE * eta[t]  

model.Const_8 = pyo.Constraint(model.t,model.l, rule=gridS1) 

def grid2(model, t): 

    return Gp[t] <= Gp_up * lam[t] 

 

 

model.Const_9 = pyo.Constraint(model.t, rule=grid2) 

def grid3(model, t): 

    return eta[t] + lam[t] == 1 

model.Const_10 = pyo.Constraint(model.t, rule=grid3) 

def Wind_surplus(model, t): 

    return Nwt * Wind1[t] == (Ewind[t] + Eswind[t]) 

model.Const_11 = pyo.Constraint(model.t, rule=Wind_surplus) 
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def PV_surplus(model, t): 

    return Npv * PV[t] == Epv[t] + Espv[t] 

model.Const_12 = pyo.Constraint(model.t, rule=PV_surplus) 

model.Const_13 = pyo.Constraint(expr = La == Nrg*A) 

def LandCost(model, l): 

    return dis[l]*Ct + Cl[l]*La <= Bd 

model.Const_14 = pyo.Constraint(model.l, rule=LandCost)  

def Wind_regional2(model, t,l): 

    if LT[l] == 'OPEN AREA': 

        return Nrg * Wind2[t] == (Erg1[t] + Esrg1[t]) 

    if LT[l] == 'RESOURCE AND INDUSTRIAL': 

        return Nrg * Wind3[t] == (Erg2[t] + Esrg2[t]) 

    if LT[l] == 'COMMERCIAL': 

        return Nrg * Wind4[t] == (Erg3[t] + Esrg3[t]) 

    if LT[l] == 'PARKS AND RECREATIONAL': 

        return Nrg * Wind5[t] == (Erg4[t] + Esrg4[t]) 

    if LT[l] == 'GOVERNMENT AND INSTITUTIONAL': 

        return Nrg * Wind6[t] == (Erg5[t] + Esrg5[t]) 

    if LT[l] == 'RESIDENTIAL': 

        return Nrg * Wind7[t] == (Erg6[t] + Esrg6[t]) 

    if LT[l] == 'WATERBODY': 

        return Nrg * Wind8[t] == (Erg7[t] + Esrg7[t]) 

model.Const_15 = pyo.Constraint(model.t,model.l, rule=Wind_regional2) 
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def Balance(model, t,l): 

    if LT[l] == 'OPEN AREA': 

        return Ewind[t] + Epv[t] + Erg1[t] + Pd[t] + Gp[t] + Loss[t] >= Load_E[t] + Load_HP[t] + 

Pc[t] + Gs[t] 

    if LT[l] == 'RESOURCE AND INDUSTRIAL': 

        return Ewind[t] + Epv[t] + Erg2[t] + Pd[t] + Gp[t] + Loss[t] >= Load_E[t] + Load_HP[t] + 

Pc[t] + Gs[t] 

    if LT[l] == 'COMMERCIAL': 

        return Ewind[t] + Epv[t] + Erg3[t] + Pd[t] + Gp[t] + Loss[t] >= Load_E[t] + Load_HP[t] + 

Pc[t] + Gs[t] 

    if LT[l] == 'PARKS AND RECREATIONAL': 

        return Ewind[t] + Epv[t] + Erg4[t] + Pd[t] + Gp[t] + Loss[t] >= Load_E[t] + Load_HP[t] + 

Pc[t] + Gs[t] 

    if LT[l] == 'GOVERNMENT AND INSTITUTIONAL': 

        return Ewind[t] + Epv[t] + Erg5[t] + Pd[t] + Gp[t] + Loss[t] >= Load_E[t] + Load_HP[t] + 

Pc[t] + Gs[t] 

    if LT[l] == 'RESIDENTIAL': 

        return Ewind[t] + Epv[t] + Erg6[t] + Pd[t] + Gp[t] + Loss[t] >= Load_E[t] + Load_HP[t] + 

Pc[t] + Gs[t] 

    if LT[l] == 'WATERBODY': 

        return Ewind[t] + Epv[t] + Erg7[t] + Pd[t] + Gp[t] + Loss[t] >= Load_E[t] + Load_HP[t] + 

Pc[t] + Gs[t] 

model.Const_16 = pyo.Constraint(model.t,model.l, rule=Balance) 

def Land_Selection(model,l): 

    return sum(Bin[l] for l in model.l) == 1 
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model.Const_17 = pyo.Constraint(model.l,rule=Land_Selection)     

def Turbine_Density(model,l): 

    return Nrg <= sum(TD[l]*Bin[l] for l in model.l) 

model.Const_18 = pyo.Constraint(model.l,rule=Turbine_Density) 

def Loss_Constraint(model,t): 

    return sum(Loss[t] for t in model.t) <= 0.001*sum(Load_E[t] + Load_HP[t]   for t in model.t) 

model.Const_19 = pyo.Constraint(model.t, rule=Loss_Constraint) 

def Heat_Pump(model,t): 

    return Chp >= maxhp 

model.Const_20 = pyo.Constraint(model.t,rule=Heat_Pump) 

# **Objective Function 

def objective_rule(model): 

    return (Npv * (cpv + cc)*(1 + cOMpv / CRF)) + (Nwt * cwt * (1 + cOMwt / CRF)) + Nb * (cb 

+ ci) + Ob * ( 

        sum((Pd[t] + Pc[t]) / CRF for t in model.t)) + (Mb * maxcd * Nb)*20.7743 + (RPC * Nb) * 

CRFB + sum( 

            (CGp[t] * Gp[t]) / CRF for t in model.t) - sum((CGs[t] * Gs[t]) / CRF for t in model.t)+( 

                Nrg * crc * (1 + cOMwt / CRF)) + sum(((dis[l]*Ct) + Ci)*(1 + omT / CRF)*Bin[l] for l 

in model.l) + sum( 

                Cl[l]*La*Bin[l] for l in model.l)+sum(Loss[t]*Coeff[t] for t in 

model.t)+sum(Gp[t]*eps*Teta for t in model.t)+( 

                   Chp*hpc*(1 + cOMhp / CRF)) - sum(Gas[t]*Cg for t in model.t)/CRF - 

sum(Gas[t]*0.0391*0.8*0.74 for t in model.t)*CRFG 

model.objective = pyo.Objective(rule=objective_rule, sense=pyo.minimize) 
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model.write('Opt_New.lp', io_options={'symbolic_solver_labels': True}) 

opt = SolverFactory('scipampl') 

#opt = SolverFactory('gams') 

#results = opt.solve(model, solver= 'dicopt', tee=True, add_options=['option optcr=0.2;','option 

reslim=3600;']) 

#results = opt.solve(model, solver= 'dicopt', tee=True,add_options=['option nlp=ipopt;']) 

#results = opt.solve(model, solver= 'scip', tee=True, keepfiles=True, add_options=['option 

optcr=3.56;','option reslim=200;']) 

#results = opt.solve(model, solver= 'scip', tee=True, keepfiles=True, add_options=['option 

reslim=100;']) 

#results = opt.solve(model, solver= 'couenne', tee=True, keepfiles=True) 

#results = opt.solve(model, solver= 'scip', tee=True) 

results = opt.solve(model,tee=True) 

Data_Load = pd.read_excel('Load.xlsx') 

print(results) 

print('objec Fu = ' , pyo.value(model.objective)*1.32, 'CAD') 

print('Cost of energy (COE) = ', pyo.value(model.objective)*CRF/Data_Load['Load'].sum()*1.32, 

'CAD/kWh') 

print('Total Capital Cost = ' , pyo.value(model.Npv)*(cpv + 

cc)+pyo.value(model.Nwt)*cwt+pyo.value(model.Nb)*(cb + ci)+ 

      pyo.value(model.Nrg)*crc + pyo.value(model.Chp)*hpc*1.32, 'CAD') 

print('number of pv = ' , pyo.value(model.Npv)) 

print('number of Wt = ' , pyo.value(model.Nwt)) 

print('Battery Storage Capacity = ' , pyo.value(model.Nb), 'kWh') 
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print('number of Nrg = ' , pyo.value(model.Nrg)) 

print('Heat Pump Capacity = ' , pyo.value(model.Chp), 'kWh') 

for l in model.l: 

    if Bin[l].value!=0: 

        print('Zone',l, 'is the selected for regional generation') 

Gs_values = pd.DataFrame(list(Gs[:].value),columns=['Gs']) 

Gp_values = pd.DataFrame(list(Gp[:].value),columns=['Gp']) 

Pd_values = pd.DataFrame(list(Pd[:].value),columns=['Pd']) 

Pc_values = pd.DataFrame(list(Pc[:].value),columns=['Pc']) 

Eb_values = pd.DataFrame(list(Eb[:].value),columns=['Eb']) 

EWind_values = pd.DataFrame(list(Ewind[:].value),columns=['EWind']) 

EPV_values = pd.DataFrame(list(Epv[:].value),columns=['EPV']) 

ESWind_values = pd.DataFrame(list(Eswind[:].value),columns=['ESWind']) 

ESPV_values = pd.DataFrame(list(Espv[:].value),columns=['ESPV']) 

Erg_values = pd.DataFrame(list(Erg1[:].value),columns=['Erg']) 

Esrg_values = pd.DataFrame(list(Esrg1[:].value),columns=['Esrg']) 

Unmet_Load = pd.DataFrame(list(Loss[:].value),columns=['Loss']) 

Indexed_Result = 

pd.concat([Gs_values,Gp_values,Pd_values,Pc_values,Eb_values,EWind_values,EPV_values, 

                            ESWind_values,ESPV_values,Erg_values,Esrg_values,Unmet_Load],axis=1) 

plt.plot(Unmet_Load) 
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print('Renewable Penetration = ' , 

((np.array(EPV_values.sum()))+(np.array(Erg_values.sum()))+(np.array(EWind_values.sum())))

/( 

(np.array(EPV_values.sum()))+(np.array(Erg_values.sum()))+(np.array(EWind_values.sum()))+

(np.array(Gp_values.sum())))) 

print('Unmet Load = ',Unmet_Load.sum()) 

print('Number of days we have unmet load = ', 365 - (Unmet_Load==0).sum()) 

Indexed_Result.to_csv('Results_Local_New.csv') 

SOC = (Eb_values/6000)*100 

Date = pd.date_range('jan 01 2019', periods = 365, freq = 'D') 

fig, ax1 = plt.subplots() 

ax2 = ax1.twinx() 

ax1.plot(Date, data['Load_HP']+data['Load_E'], 'navy',label = 'Load Demand') 

ax2.plot(Date, Grid_P, 'maroon',label = 'Purchase Price') 

ax2.plot(Date, Grid_S, 'green',label = 'Sell Price') 

ax2.set_ylim([0, 0.8]) 

ax1.set_xlabel('Date',fontsize=10) 

ax1.set_ylabel('Power (kW)',fontsize=10) 

ax2.set_ylabel('Price ($/kWh)',fontsize=10) 

lines, labels = ax1.get_legend_handles_labels() 

lines2, labels2 = ax2.get_legend_handles_labels() 

ax2.legend(lines + lines2, labels + labels2, loc='upper center',fontsize=10) 

plt.show() 
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x = range(365) 

y2=0 

fig, ax1 = plt.subplots() 

ax2 = ax1.twinx() 

ax1.fill_between(x, Erg_values.iloc[:,0],y2,facecolor='blue',label = 'Regional Wind',alpha=0.7) 

ax1.fill_between(x, EPV_values.iloc[:,0].values,y2,facecolor='firebrick',label = 'PV Used 

Power',alpha=0.7) 

ax1.fill_between(x, EWind_values.iloc[:,0],y2,facecolor='indigo',label = 'Wind Used 

Power',alpha=0.7) 

ax1.fill_between(x, Pc_values.iloc[:,0],y2,facecolor='limegreen',label = 'Battery 

Charge',alpha=0.7) 

ax1.fill_between(x, Pd_values.iloc[:,0],y2,facecolor='slategrey',label = 'Battery 

Discharge',alpha=0.7) 

ax1.fill_between(x, ESWind_values.iloc[:,0],y2,facecolor='pink',label = 'Wind 

Surplus',alpha=0.7) 

ax1.fill_between(x, ESPV_values.iloc[:,0],y2,facecolor='green',label = 'PV Surplus',alpha=0.7) 

ax1.fill_between(x, Esrg_values.iloc[:,0],y2,facecolor='olive',label = 'Regional Wind 

Surplus',alpha=0.7) 

ax1.fill_between(x, Gp_values.iloc[:,0],y2,facecolor='darkorange',label = 'Purchase from 

Grid',alpha=0.7) 

ax1.fill_between(x, Gs_values.iloc[:,0],y2,facecolor='yellow',label = 'Sell to Grid',alpha=0.7) 

ax1.fill_between(x, Unmet_Load.iloc[:,0],y2,facecolor='red',label = 'Unmet Load',alpha=0.7) 

ax1.plot(x, data.iloc[:,2], 'black',label = 'Demand',linestyle = 'dashed') 

ax2.plot(x, SOC.iloc[:,0], 'black',label = 'SOC') 

ax2.set_ylim([0, 110]) 
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ax1.set_xlabel('Hours',fontsize=13) 

ax1.set_ylabel('Power Consumption (kWh)',fontsize=13) 

ax2.set_ylabel('State of Charge of the Battery %',fontsize=13) 

ax2.tick_params(axis='both', which='major', labelsize=12) 

ax1.tick_params(axis='both', which='major', labelsize=12) 

ax2.legend(loc='upper right',fontsize=12) 

ax1.legend(ncol=6,bbox_to_anchor=(0.5,1.08),loc='center',fontsize=12) 

plt.show() 

# Grid Trade-off 

plt.plot(Gp_values, color = 'blue',label = 'Purchase from Grid') 

plt.plot(Gs_values, color = 'darkorange',label = 'Sell to Grid') 

plt.xlabel('Time(hr)',fontsize=13) 

plt.ylabel('Energy (kWh)',fontsize=13) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.tick_params(axis='both', which='major', labelsize=12) 

plt.legend(ncol=2,bbox_to_anchor=(0.5,1.05),loc='center',fontsize=12) 

plt.show() 

# Battery Charge and Discharge Power 

plt.plot(Pc_values, color = 'red',label = 'Battery Charging') 

plt.plot(Pd_values, color = 'blue',label = 'Battery Discharging') 

plt.plot(Eb_values, color = 'green',label = 'SOC') 

plt.xlabel('Time(hr)') 

plt.ylabel('Energy (kWh)') 
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plt.legend() 

plt.show() 

Resilience Oriented Optimal Dispatch Operation 

import pyomo.environ as pyo 

from pyomo.opt import SolverFactory 

import pandas as pd 

import math 

import numpy as np 

import matplotlib.pyplot as plt 

!pip install cplex -q 

data = pd.read_excel("Input_Dispatch_OffGrid.xlsx", sheet_name = 'Summer') 

model = pyo.ConcreteModel() 

# **Sets and Parameters** 

model.t = pyo.RangeSet(48) 

model.Load = pyo.Param(model.t, initialize=dict(zip(data.time, data.Load))) 

Load = model.Load  

model.Wind = pyo.Param(model.t, initialize=dict(zip(data.time, data.Wind))) 

Wind = model.Wind  

model.PV = pyo.Param(model.t, initialize=dict(zip(data.time, data.PV))) 

PV = model.PV 

lb={1:0.25022, 

2:0.24969,3:0.25000,4:0.25015,5:0.24837,6:0.24447,7:0.24270,8:0.24130,9:0.59211,10:0.59218

,11:0.59205,12:0.59210,13:0.59205,14:0.59211,15:0.59185,16:0.59203,17:0.59197,18:0.59208,1
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9:0.59212,20:0.59188,21:0.59118,22:0.24805,23:0.25060,24:0.25185,25:0.25164, 

26:0.25149,27:0.25206,28:0.25241,29:0.25252,30:0.25101,31:0.25302,32:0.25225,33:0.59047,3

4:0.59011,35:0.59059,36:0.59070,37:0.59061,  

38:0.59053,39:0.59073,40:0.59061,41:0.59060,42:0.59069,43:0.59110,44:0.59121,45:0.59109,4

6:0.24575,47:0.24677,48:0.24519} 

ub={1:1,2:1,3:1,4:1,5:1,6:1,7:1,8:1,9:1,10:1,11:1,12:1,13:1,14:1,15:1,16:1,17:1,18:1,19:1,20:1,2

1:1,22:1,23:1,24:1,25:1,26:1,27:1,28:1,  

29:1,30:1,31:1,32:1,33:1,34:1,35:1,36:1,37:1,38:1,39:1,40:1,41:1,42:1,43:1,44:1,45:1,46:1,47:1,

48:1} 

 

def fb(model, i): 

   return (lb[i], ub[i]) 

model.eta_c = pyo.Param(initialize=0.95)  

model.eta_d = pyo.Param(initialize=0.90)  

model.RPC = pyo.Param(initialize=156)     

model.Deg = pyo.Param(initialize=0.074)    

model.SOC0 = pyo.Param(initialize=8000)    

model.CCF = pyo.Param(initialize=0.1)    

model.Ebamx = pyo.Param(initialize=9375)   

model.maxcd = pyo.Param(initialize=0.3)   

model.Coeff = pyo.Param(initialize=0.17)     

model.SOCmin = pyo.Param(initialize= 937)  

RPC = model.RPC 

eta_c = model.eta_c 

eta_d = model.eta_d 
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Deg = model.Deg 

SOC0 = model.SOC0 

CCF = model.CCF 

Ebmax = model.Ebamx 

maxcd = model.maxcd 

Coeff = model.Coeff 

SOCmin =model.SOCmin 

model.Eb = pyo.Var(model.t, domain=pyo.NonNegativeReals, bounds=(0, 9375)) 

Eb = model.Eb 

model.Pc = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, None)) 

Pc = model.Pc 

model.Pd = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, None)) 

Pd = model.Pd 

model.EWind = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, None)) 

EWind = model.EWind 

model.ESWind = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, None)) 

ESWind = model.ESWind 

model.EPV = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, None)) 

EPV = model.EPV 

model.ESPV = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, None)) 

ESPV = model.ESPV 

model.Loss = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=(0, None)) 

Loss = model.Loss 



190 
 

model.teta = pyo.Var(model.t, within=pyo.Binary) 

teta = model.teta 

model.eta = pyo.Var(model.t, within=pyo.Binary) 

eta = model.eta 

model.C = pyo.Var(model.t,domain=pyo.NonNegativeReals, bounds=fb) 

C = model.C 

def storage1(model, t): 

    if t==1: 

        return Eb[t] == SOC0  

    else: 

        return Eb[t] == Eb[t - 1] + Pc[t] * eta_c - Pd[t] / eta_d 

model.Const_1 = pyo.Constraint(model.t, rule=storage1) 

def storage2(model, t): 

    return Pc[t] * eta_c + Pd[t] / eta_d <= maxcd * Ebmax 

model.Const_2 = pyo.Constraint(model.t, rule=storage2) 

def storage3(model, t): 

    return Pc[t] <= Ebmax * eta[t] 

model.Const_3 = pyo.Constraint(model.t, rule=storage3) 

def storage4(model, t): 

    return Pd[t] <= Ebmax * teta[t] 

model.Const_4 = pyo.Constraint(model.t, rule=storage4) 

def storage5(model, t): 

    return eta[t] + teta[t] <= 1 
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model.Const_5 = pyo.Constraint(model.t, rule=storage5) 

def storage6(model, t): 

    return Eb[t] >= SOCmin 

model.Const_6 = pyo.Constraint(model.t, rule=storage6) 

def Surplus1(model, t): 

    return Wind[t] == EWind[t]+ESWind[t] 

model.Const_7 = pyo.Constraint(model.t, rule=Surplus1) 

def Surplus2(model, t): 

    return PV[t] == EPV[t]+ESPV[t] 

model.Const_8 = pyo.Constraint(model.t, rule=Surplus2) 

def Balance(model, t): 

    return EWind[t] + EPV[t] + Pd[t] + Loss[t] == C[t]*Load[t] + Pc[t] 

model.Const_9 = pyo.Constraint(model.t, rule=Balance) 

# **Objective Function 

def objective_rule(model): 

    return sum(Deg*Pc[t] for t in model.t) + sum(Deg*Pd[t] for t in model.t) + sum(CCF*ESPV[t] 

for t in model.t) + sum( 

        CCF*ESWind[t] for t in model.t) + sum(Loss[t]*Coeff for t in model.t) 

# **Solving and Results**              

model.objective = pyo.Objective(rule=objective_rule, sense=pyo.minimize) 

model.write('Opt_New.lp') 

opt = SolverFactory('cplex_direct') 

results = opt.solve(model, tee=True) 
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print(results) 

print('obec Fu = ' , pyo.value(model.objective), '$') 

EWind_values = pd.DataFrame(list(EWind[:].value),columns=['Ewind']) 

EPV_values = pd.DataFrame(list(EPV[:].value),columns=['EPV']) 

Pd_values = pd.DataFrame(list(Pd[:].value),columns=['Pd']) 

Pc_values = pd.DataFrame(list(Pc[:].value),columns=['Pc']) 

Eb_values = pd.DataFrame(list(Eb[:].value),columns=['Eb']) 

ESWind = pd.DataFrame(list(ESWind[:].value),columns=['ESWind']) 

ESPV = pd.DataFrame(list(ESPV[:].value),columns=['ESPV']) 

Loss = pd.DataFrame(list(Loss[:].value),columns=['Loss']) 

C = pd.DataFrame(list(C[:].value),columns=['C']) 

Indexed_Result = 

pd.concat([EWind_values,EPV_values,Pd_values,Pc_values,Eb_values,ESWind,ESPV,Loss],axi

s=1) 

#Indexed_Result.to_excel('Summer_Actual.xlsx') 

#Indexed_Result.to_excel('Summer_Optimal.xlsx') 

SOC = (Eb_values/9375.303)*100 

x = range(48) 

y2=0 

fig, ax1 = plt.subplots() 

ax2 = ax1.twinx() 

ax1.fill_between(x, EPV_values.iloc[:,0],y2,facecolor='firebrick',label = 'PV Used 

Power',alpha=0.7) 
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ax1.fill_between(x, Pd_values.iloc[:,0],y2,facecolor='indigo',label = 'Battery 

Discharging',alpha=0.7) 

ax1.fill_between(x, Pc_values.iloc[:,0],y2,facecolor='limegreen',label = 'Battery 

Charging',alpha=0.7) 

ax1.fill_between(x, EWind_values.iloc[:,0],y2,facecolor='darkorange',label = 'Wind Used 

Power',alpha=0.7) 

ax1.fill_between(x, ESWind.iloc[:,0],y2,facecolor='slategrey',label = 'Wind Surplus',alpha=0.7) 

ax1.fill_between(x, ESPV.iloc[:,0],y2,facecolor='blue',label = 'PV Surplus',alpha=0.7) 

ax1.plot(x, data.iloc[:,1], 'black',label = 'Demand',linestyle = 'dashed') 

ax2.plot(x, SOC.iloc[:,:], 'black',label = 'SOC') 

ax2.set_ylim([0, 110]) 

ax1.set_xlabel('Hours') 

ax1.set_ylabel('Power Consumption (kWh)') 

ax2.set_ylabel('State of Charge of the Battery %') 

ax2.legend(loc='upper right') 

ax1.legend(ncol=9,bbox_to_anchor=(0.5,1.05),loc='center',fontsize=8) 

plt.show() 

# Sensetivity on Loss Coeff 

Cost1 = np.repeat(675,48) 

Cost2 = np.repeat(1242,48) 

Cost3 = np.repeat(1569,48) 

Cost4 = np.repeat(1659,48) 

Cost5 = np.repeat(1938,48) 
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Loss_fun = pd.read_excel('Loss.xlsx',sheet_name = 'Summer') 

Loss_fun = Loss_fun.iloc[:48,0:5] 

x = range(48) 

fig, ax1 = plt.subplots() 

ax2 = ax1.twinx() 

ax1.plot(x, Loss_fun.iloc[:,0], 'maroon',label = 'Loss for Coeff=0.01', marker= 'o') 

ax1.plot(x, Loss_fun.iloc[:,1], 'green',label = 'Loss for Coeff=0.05',marker= '^') 

ax1.plot(x, Loss_fun.iloc[:,2], 'navy',label = 'Loss for Coeff=0.08',marker= 'v') 

ax1.plot(x, Loss_fun.iloc[:,3], 'black',label = 'Loss for Coeff=0.1',marker= 's') 

ax1.plot(x, Loss_fun.iloc[:,4], 'red',label = 'Loss for Coeff=0.17',marker= 'P') 

ax2.plot(x, Cost1, 'maroon',label = 'Cost for Coeff=0.01') 

ax2.plot(x, Cost2, 'green',label = 'Cost for Coeff=0.05') 

ax2.plot(x, Cost3, 'navy',label = 'Cost for Coeff=0.08') 

ax2.plot(x, Cost4, 'black',label = 'Cost for Coeff=0.1') 

ax2.plot(x, Cost5, 'red',label = 'Cost for Coeff=0.17') 

ax2.set_ylim([500, 2500]) 

ax1.set_xlabel('Hours') 

ax1.set_ylabel('Loss (kWh)') 

ax2.set_ylabel('Operating Cost($)') 

#ax2.legend(bbox_to_anchor=(0.9,1.08),loc='center',fontsize=8) 

ax2.legend(ncol=6,bbox_to_anchor=(0.5,1.04),loc='center',fontsize=8) 

ax1.legend(ncol=6,bbox_to_anchor=(0.5,1.09),loc='center',fontsize=8) 

plt.show() 
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Load_N = pd.DataFrame(data['Load']) 

Load_Optimal = pd.DataFrame(Load_N.values*C.values, columns=Load_N.columns, 

index=Load_N.index) 

C_Load = pd.DataFrame(data['C_Load']) 

plt.plot(x, C_Load, 'red', label = 'Critical Load Demand',marker= 's') 

plt.plot(x, Load_N, 'navy', label = 'Actual Load Demand', marker= 'o') 

plt.plot(x, Load_Optimal, 'forestgreen', label = 'Covered Load Demand',marker= '^') 

plt.xlabel('Hours') 

plt.ylabel('Load Demand (kW)') 

plt.legend(ncol=3,bbox_to_anchor=(0.5,1.07),loc='center',fontsize=8) 

plt.show() 

Mapping Model 

import numpy as np 

import pandas as pd 

import geopandas 

from shapely import geometry as sg 

from itertools import product 

import math 

def set_grid(gdf, size): 

    """ 

    Args: 

        gdf: input geo dataframe (of the circle) 

        size: the square size in meters 
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    Return: 

        the grid in 4326 

    proj_gdf = gdf.to_crs(3857) 

    aoi_bb = sg.box(*proj_gdf.total_bounds) 

    min_x, min_y, max_x, max_y = aoi_bb.bounds 

    lon = np.concatenate([np.arange(min_x, max_x, size), [max_x]]) 

    lat = np.concatenate([np.arange(min_y, max_y, size), [max_y]]) 

    squares = [] 

    for ix, iy in product(range(len(lon) - 1), range(len(lat) - 1)): 

        square = sg.box(lon[ix], lat[iy], lon[ix + 1], lat[iy + 1]) 

        squares.append(square) 

    # create a buffer grid in lat-long 

    grid = geopandas.GeoDataFrame({"geometry": squares}, crs="EPSG:3857") 

    grid = grid.to_crs(4326) 

    return grid, squares     

def updated_grid(res, r, x, squares): 

    ''' 

    r and x are in km 

    squares is the same as in the previous definition 

    ''' 

    res_complete = [0.0] * int((round(2*r/x)-len(res))/2)+res+[0.0] * int((round(2*r/x)-len(res))/2) 

    start_loop = [(round(2*r/x)-k)/2 if k!=0 else 0.0 for k in res_complete] 
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    start_loop_real = [int(k+n*20) if k!=0 else 0 for n, k in enumerate(start_loop)] #(20-

math.floor(k/2)) 

    end_loop_real = [int(z+ res_complete[w]) for w, z in enumerate(start_loop_real)] 

    select_squares = [] 

    for ix in range(len(start_loop_real)): 

        select_squares.append(squares[start_loop_real[ix]:end_loop_real[ix]]) 

    #     print(len(squares[s[ix]:e[ix]])) 

    select_squares = [tt for r in select_squares for tt in r] 

    grid_3857 = geopandas.GeoDataFrame({"geometry": select_squares}, crs="EPSG:3857") 

    grid_3857_centroid = grid_3857.centroid 

    grid = grid_3857.to_crs(4326) 

    grid_centroid = grid_3857_centroid.to_crs(4326)  

    return grid, grid_centroid, grid_3857 

     

def grid_land_type(Base_map, square_map): 

    land_type = [] 

    for x in range(len(square_map.geometry.values)): 

        ref_gdf = geopandas.GeoDataFrame({"geometry":square_map.iloc[x,:].values}, 

crs="EPSG:4326") 

        ex_data_clip = geopandas.clip(Base_map, ref_gdf) 

        ex_data_clip = ex_data_clip.to_crs(3857) 

        land_type.append(ex_data_clip[ex_data_clip.area == 

max(ex_data_clip.area)]._category.values[0])   
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    return land_type 

def clean_up_grid(Circle_map, grid_map): 

    clips_df =[] 

    square_clip = [] 

    for x in range(len(grid_map)): 

        grid_1 = geopandas.GeoDataFrame({"geometry":grid_map.iloc[x,:].values}, 

crs="EPSG:4326") 

        df_clip =geopandas.clip(Circle_map, grid_1) 

        if df_clip.empty==False: 

            if df_clip.is_empty[0]==False: 

                clips_df.append(df_clip) 

#                 print((df_clip.to_crs(3857).area/grid_1.to_crs(3857).area)[0]*100) 

                if (100*(df_clip.to_crs(3857).area/grid_1.to_crs(3857).area)[0])>=55: 

                    square_clip.append(grid_1) 

                else: 

                    pass 

    return clips_df, square_clip 

def distance(df1, df2): 

    df_distance=df1.to_crs("EPSG:3857").geometry.apply(lambdag: 

df2.to_crs("EPSG:3857").distance(g)) 

    if len(df2)==1: 

        df_distance = df_distance.rename(columns={0: "Distances"}) 

    return df_distance 
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import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

import geopandas 

import gurobipy as gp 

from gurobipy import GRB 

from shapely.geometry import Point 

from shapely import geometry as sg 

from itertools import product 

import math 

from geopandas import GeoDataFrame 

import geopandas as gpd 

resf1 = "57331/dmti_landcover_2021_s_poly.shp" 

Land_1 = geopandas.read_file(resf1) 

 

res1 = "57332/ppat_affect_terri_2020_s_poly.shp" 

Land_2= geopandas.read_file(res1) 

fp3 = "canvec_50K_QC_Res_MGT_shp/canvec_50K_QC_Res_MGT/power_line_1.shp" 

pwline_df = geopandas.read_file(fp3) 

fp1 = 

"canvec_50K_QC_Res_MGT_shp/canvec_50K_QC_Res_MGT/transformer_station_0.shp" 

tstation_df = geopandas.read_file(fp1) 
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pwline_df = pwline_df.to_crs(epsg=4326) 

Land_C2 = pd.concat([Land_2.iloc[:319,],Land_2.iloc[323:,]]).reset_index(drop=True) #319-322 

Land_C1 = pd.concat([Land_1.iloc[:280,],Land_1.iloc[283:,]]).reset_index(drop=True) 

rad =20 

side =4 

#Circle geo information 

df = pd.DataFrame( 

    { 

        'lat':[45.5], 

        'lon':[-73.6], 

        'rad':[rad*1000] 

    } 

) 

gdf = geopandas.GeoDataFrame( 

    df, geometry=geopandas.points_from_xy(df.lon, df.lat), crs="epsg:4326") 

gdf_centre = gdf.copy() 

gdf = gdf.to_crs('epsg:3857') #or 3797 or 3347 

gdf['geometry'] = gdf.geometry.buffer(df.rad) 

gdf=gdf.to_crs('epsg:4326') 

from Square_grid_func_Updated import 

set_grid,updated_grid,grid_land_type,clean_up_grid,distance 

grid, squares =set_grid(gdf, side*1000) 

#grid_update, grid_update_centroid, grid_update_3857 =updated_grid(res, rad, side, squares) 
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clips_df, square_clip = clean_up_grid(gdf,grid) 

land_array=grid_land_type(Land_C1, pd.concat(square_clip, ignore_index=True)) # When 

change to Montreal change it to C1 

griddf = pd.concat(square_clip, ignore_index=True) 

fig, ax = plt.subplots(1, 1, figsize=(10,10)) 

Land_C2.plot(ax=ax, column = "_theme_pro",cmap="viridis", lw=0.7, legend_kwds={'loc': 

'lower right','bbox_to_anchor':(1.28, 0.75),'title':"Outside of Greater Montreal"}) 

leg1 = ax.get_legend() 

#leg1.set_title("First graph legend") 

Land_C1.plot(ax=ax, column = "_category",cmap="bone", lw=0.7,legend=True, 

legend_kwds={'loc': 'lower left','bbox_to_anchor':(1.03, 0.55),'title':"Greater Montreal"}) 

pwline_df.plot(ax = ax, color='red', linewidth=2*pwline_df['numli']) 

tstation_df.plot(ax = ax, color='red') 

gdf.plot(ax=ax, label = "Circle",edgecolor="green", facecolor="None", lw=2, zorder=12) 

#grid_update.plot(ax=ax, edgecolor="red", facecolor="None", label="Square box", zorder=11) 

for y in square_clip: 

    y.plot(ax=ax, edgecolor="black", facecolor="None",zorder=11) 

# grid.plot(ax=ax, edgecolor="black") 

# gdf.geom.plot(ax=ax, label = "Circle",edgecolor="green", facecolor="None", lw=2, zorder=11) 

# gdf.geometry.plot(ax=ax, label = "Centre", color="red",zorder=11) 

gdf_centre.plot(ax=ax) 

test_gdf1 = geopandas.GeoDataFrame({"geometry":griddf.iloc[62,:].values}, crs="EPSG:4326") 

# Bottom to top, left to right (Start from left) 
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test_gdf1.plot(ax=ax, edgecolor="yellow", facecolor="None", lw=3, zorder=63) 

ax.set_xlim(-75, -72) 

ax.set_ylim(45, 46.5) 

ax.add_artist(leg1) 

plt.show() 

sq_centroid_df = pd.concat(square_clip, ignore_index=True).to_crs(3857).centroid.to_crs(4326) 

dist= distance(sq_centroid_df, gdf_centre) 

val3 = distance(tstation_df, sq_centroid_df) 

# Selecting the nearest transformer to each square 

dist2_M = val3.min(axis=0) 

# List of Land Cost 

List_LC=[] 

# List of Turbine Density 

List_TD=[] 

LC = [5,40,30,60,80,25,800] 

TD = [100,10,20,40,60,20,10] 

land_array = np.array(land_array) 

for x in range (len(land_array)): 

    if land_array[x] == 'OPEN AREA': 

        List_LC.append(LC[0])  

        List_TD.append(TD[0])               

    if land_array[x] == 'COMMERCIAL': 

        List_LC.append(LC[1])   
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        List_TD.append(TD[1])   

    if land_array[x] == 'GOVERNMENT AND INSTITUTIONAL': 

        List_LC.append(LC[2])  

        List_TD.append(TD[1])   

    if land_array[x] == 'PARKS AND RECREATIONAL': 

        List_LC.append(LC[3])  

        List_TD.append(TD[1])   

    if land_array[x] == 'RESIDENTIAL': 

        List_LC.append(LC[4]) 

        List_TD.append(TD[1])   

    if land_array[x] == 'RESOURCE AND INDUSTRIAL': 

        List_LC.append(LC[5]) 

        List_TD.append(TD[1])   

    if land_array[x] == 'WATERBODY': 

        List_LC.append(LC[6])  

        List_TD.append(TD[1])   
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Appendix Ⅱ: Sample Data 
NASA Data Portal 
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Sample Downloaded Data from NASA Portal 
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Sample Measured Power Consumption Data Received from Concordia’s Facility Management 

 

 

 

 

 

 

 

 


