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1 Introduction
This report gives the information of all the software and hardware used for this project.

Along with the detailed explanation of how all the steps were taken in successfully
completing this project.

2 System Configuration

The project hardware information is shown in Fig. 1. This project used 12" Gen Intel
processor with the RAM speed of 16GB and 1TB storage.

@ Device specifications Copy 75
Device name Savan
Processor 12th Gen Intel(R) Core(TM) i7-1255U 1.70 GHz
Installed RAM 16.0 GB (15.7 GB usable)
Device ID 3923B699-17E4-4634-90DD-CF56BC4003A4
Product ID 00342-22055-67805-AA0EM
System type 64-bit operating system, x64-based processor

Pen and touch ~ No pen or touch input is available for this display

Related links  Domain or workgroup ~ System protection ~ Advanced system settings

mm Windows specifications Copy N

Edition Windows 11 Home

Version 24H2

Installed on 22/05/2024

OS build 261201252

Experience Windows Feature Experience Pack 1000.26100.11.0

Microsoft Services Agreement
Microsoft Software Licence Terms

Figure 1: Hardware information

On the software side Python 3 jupyter notebook was used for different tasks and Fig. 2 shows
the different libraries used for the implementation of this project.



Importing Libraries

import os

import itertools

import numpy as np
import pandas as pd
import seaborn as sns

import matplotlib.pyplot as plt

import tensorflow as tf

from tensorflow.keras import layers, Sequential

from tensorflow.keras.layers import (
Conv2D, BatchNormalization, MaxPooling2D, Flatten, Dropout, Dense, LSTM,
LayerNormalization, Input, Concatenate, ConviD, Layer

)

from tensorflow.keras.models import Model

from tensorflow.keras.preprocessing.image import ImageDataGenerator

from tensorflow.keras.optimizers import Adam, Adamax

from tensorflow.keras.callbacks import EarlyStopping, Callback

from sklearn.metrics import confusion_matrix, classification_report, mean_squared_error, r2_score, mean_absclute_error
from sklearn.model selection import train_test_split

from sklearn.preprocessing import MinMaxScaler

from sklearn.ensemble import RandomForestRegressor

from statsmodels.tsa.seasonal import seasonal_decompose

Figure. 2: Python libraries

3 Project Implementation

This project is implemented using CRISP-DM methodology method by preprocessing the
dataset, building and evaluating the model. Different steps are considered in preparing the
model dataset to build and train the model which are discussed below.

3.1 Importing Data

Data was collected under the supervisory control and data acquisition (SCADA) technology
for the interval of every 15 minutes and over the period of 2 years from Jan 2019 to Dec
2020. In this research data was first downloaded in .xIsx format from the available repository
of the existing study and then it was imported into jupyter notebook by using python libraries
pandas as shown in Fig. 3, this library helps to read the excel file and structures into a data
frame.

import pandas as pd

#Load datasets

Stationl_data = pd.read_excel("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/Solar station site 1 (Nominal capacity-56MW)
Station2_data = pd.read_excel("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/Solar station site 2 (Nominal capacity-13@MW
Station3_data = pd.read_excel("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/Solar station site 3 (Nominal capacity-3@M)
Station4 data = pd.read_excel("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/Solar station site 4 (Nominal capacity-13@MW
Station5_data = pd.read_excel("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/Solar station site 5 (Nominal capacity-11@MW
Station6_data = pd.read_excel("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/Solar station site 6 (Nominal capacity-35MW)
Station7_data = pd.read_excel("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/Solar station site 7 (Nominal capacity-3@MW)
Station8_data = pd.read_excel("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/Solar station site 8 (Nominal capacity-38MW)
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Figure. 3: Import data

The data consisted of 8 solar power stations which ranged from 30 MW to 130 MW and
Table.1 shows the nominal capacity of each station along with number of observations for
each feature.




Nominal | Time(year- | Total solar | Direct normal| Global Airtemp | Atmosphere | Power Relative
Capacity | month-day | irradiance | irradiance | horizontal (°C) (hpa) (MW) humidity
h:m:s) (W/m2) (W/m2) irradiance (%)
(W/m2)
Stationl 50MW 70176 70176 70176 70176 70176 70176 70176
Station2| 130MW 70176 70176 70176 70176 70176 70176 70176
Station3 30MW 20352 20352 20352 20352 20352 20352 20352
Station4| 130MW 70176 70176 70176 70176 70176 70176 70170 70176
Station5| 110MW 70176 70176 70176 70176 70176 70176 70176 70176
Station6 35MW 70176 70176 70176 70176 70176 70176 70176 70176
Station7 30MW 70176 70176 70176 70176 70176 70176 70176 70176
Station8 30MwW 69408 69408 69408 69408 69408 69408 69408 69408

Table. 1. Stations & feature count

3.2 Data cleaning

Dataset is then cleaned by checking missing values as shown in Fig. 4, in which we can see 6
missing values in the power variable for solar station4. These missing values are removed by
dropping the number of lines as shown in Fig. 5.

import pandas as pd

# Function to check for missing values in a dataset
def check_missing_values(data, station_name):

print(f"--- {station_name} ---")

missing_values = data.isna().sum()
print("Missing Values per Column:™)

print(missing_values)

# Checking missing values for each dataset
check_missing_values(Stationd_data, "Station 4")
check_missing_values(Station8_data, "Station 8")

--- Station 4 ---
Missing Values per Column:
Time(year-month-day h:m:s)

Total solar irradiance (W/m2)
Direct normal irradiance (W/m2)
Global horizontal irradiance (W/m2)
Air temperature (°C)

Atmosphere (hpa)

Relative humidity (%)

Power (MW)

dtype: int64

PP OO0

--- Station 8 ---

Missing Values per Column:
Time(year-month-day h:m:s)
Total solar irradiance (W/m2)
Direct normal irradiance (W/m2)
Global horizontal irradiance (W/m2)
Air temperature (°C)
Atmosphere (hpa)

Relative humidity (%)

Power (MW)

dtype: int64

00000 OO0

Figure. 4: Checking missing values

# Removing rows with missing values from Station 4 data
Stationd_data = Stationd _data.dropna()

# Verifying that rows with missing values have been removed
DRin(EMisEin R ual oo R ey Ll nnnne station Adata )
print(Stationd_data.isna().sum())

Missing values after cleaning Station 4 data:
Time(year-month-day h:m:s)

Total solar irradiance (W/m2)
Direct normal irradiance (W/m2)
Global horizontal irradiance (W/m2)
Air temperature (°C)

Atmosphere (hpa)

Relative humidity (%)

Power (MW)

dtype: int64

(IR I R ]

Figure. 5: Dropping missing values



3.3 Feature extraction

As the dataset was in timeseries format. 'Time' column under both stations was converted to a
datetime format by using the panda’s library. Features like quarter-hour, hour of the day, day
of the week, and month were extracted, that helps in understanding temporal aspects like
intra-day variations, weekly cycles, and seasonal trends. To improve the model's capacity for
identifying temporal relationships in solar power generating data lag features like 'Lag
15min', 'Lag 30min', and 'Lag l1hour' were created by shifting the past values of the 'Power
(MW)' variable by 15, 30, and 1 hour as shown in Fig. 6.

# Feature extraction
Station4_data['Time'] = pd.to_datetime(Station4_data['Time'1)
Station8_datal['Time'] = pd.to_datetime(Station8 data['Time'1)

# For Station 4

Stationd_datal 'Quarter'] = Stationd_data['Time'].dt.minute // 15
Stationd_data[ "Hour'] = Stationd_data['Time'].dt.hour
Station4_datal 'DayOfWeek’'] = Stationd4_datal’'Time'].dt.dayofweek
Stationd_datal 'Month'] = Station4_data['Time'].dt.month

# For Station &

Station8_data[ 'Quarter’'] = Station8 data['Time'].dt.minute // 15
Station8_data[ 'Hour'] = Station8_data['Time'].dt.hour
Station8_data[ 'DayOfleek'] = Station8_data['Time'].dt.dayofweek
Station8_data[ 'Month'] = Station8_ data['Time'].dt.month

# Adding Lag features for Station 4

Station4_data[*Lag_15min’] = Station4_datal'Power(MW)'].shift(1)
Station4_data['Lag_36min'] = Stationa_datal'Power(Mw)'].shift(2)
Stationd_data[*Lag_lhour'] = Station4d_datal’'Power(Md)'].shift(a)

# Adding Lag features for Station &

Station8_data['Lag_15min'] = Station8_datal'Power(MW)'].shift(1)
Station8_data[ *Lag_3@min’'] = Station8_datal'Power(MW)'].shift(2)
Station8_data['Lag _lhour'] = Station8 datal'Power(Mw)'].shift(a)

# Rolling statistics for Station 4
Stationd4_datal "Rolling_Mean_lhour'] = Station4_data['Power(MW)'].rolling(window=4) .mean()
Station4_data[ 'Rolling_sStd_thour'] = Station4_data['Power(MW)'].rolling(window=4).std()

# Rolling statistics for Station &
Station8_data[ 'Rolling Mean_lhour'] = Station8 data['Power(MW)'].rolling(window=4).mean()
Station8_datal 'Rolling Std lhour'] = Station8_datal'Power(MW)'].rolling(window=4).std()

Figure. 6: Feature extraction

3.4 Exploratory data analysis

To understand the trend and seasonal variation in the data used seasonal decompose from the
python library stats model.tsa.seasonal as show in Fig. 7. Also plotted correlation matrix as
shown in Fig. 8 with the help of seaborn and matplotlib library from python

Exploratory data analysis

from statsmodels.tsa.seasonal import seasonal_decompose + ™ N s FR
# Station 4
tati ies = Station4_data_cleaned.set_index('Time')['Power(Mw) "]

= seasona 1_decompose(station4_series, model='additive', period=96) # period=96 for daily seasona Lity (15-min intervals * 24 hours)
_plot()

decomposition = seasonal_decompose(station8_series, model='additive', period=96)

decomposition.plet()
plt.show()

Power(MW)

Figure. 7: Season decomposition
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import seaborn as sns +$+ B M EHEFP R
import matplotlib.pyplot as plt
def plot_correlation_matrix(dataset, ax, title):
corr_matrix = dataset.corr()
sns.heatmap(corr_matrix, annot=True, cmap='coolwarm', fmt='.2f', linewidths=0.5, ax=ax)
ax.set_title(f'Correlation Matrix - {title}")
# Create subplots
fig, axes = plt.subplots(l, 2, figsize=(20, 18))
plot_correlation_matrix(Station4_data_cleaned, axes[@], 'Station 4')
plot_correlation_matrix(Station8_data_cleaned, axes[1], 'Station 8')
plt.tight_layout()
plt.savefig("C:/Users/savan/OneDrive - RampInfoTech Limited/Desktop/Research/solar dataset/correlation_matrices.png")
plt.show()
Correlation Matrix - Station 4 - Correlation Matrix - Station 8 -
Time .01 0.02 0.02 0.13 0.00 0.110.00 Q.00 0.00 -0.00 0.50 -0.00 .00 -0.00 0.00 0.00 Time ﬂ 002 002 0.02 0.09 0.00-0.06 0.01 0.00 0.00 -0.00 049 -0.01 0,01 -0.01 0.01 0.01
510,01 pRIIIFSRINN 036 {Losm .00 0.05 0.01 0.02 0.03 0.01 0.05 HH
= o8
DNI-0.02 I 0.40 -0.06 8 -0.00 0.06 0.00 0.04 0.03 .01 0.05
GHI-0.02 H 0 0.0 0,06 0.00 0.04 M Ha.s'ﬁ 0.03 0.01 0.05 HMHH 6
4 T-D13 036 0.40 M“H ﬁuau -0.00 012 003 027 031 031 033 031 026 06 0.17 0.01 0.17 0.43 0.44 0.45 0.44 0.37 fre
Air_P -0.00 0.06 0.05‘0,06@ 1-0.04 0.00 0.00 0.00 0.01 -0.04 -0.04 -0.05 -0.04 -0.04 -0.04 -0.02 0.00 0.01 -0.01-0.00 -0.02 -0.02 -0.02 0.02 -0.01
Air H 011 ‘ X ﬂ.nnﬂn.nz E A H 00,20 0.03 O‘MHM a4,
-04
Power{MW) —0.00 .00 0.04 0.00 0.02 Power(Mw) 0,01 (XL -0.00 003 -0.01 0.07 H
Quarter - 0,00 -0.00 -0.00 -0.00 -0.00 0.0 -0.00 0.00 BN 0.00 -0.00 0.00 -0.00 -0.00 .00 0.00 0.00 Quarter -0.00 0.00 0.00 0,00 0.00 0,00 0.00 o‘uun 0.00 0.00 0.00 0.00 0.00 .00 0.00 0.00 0z
-02
Hour D00 0.05 0.05 0.06 0.12 0.00 =21 004 0.00 fR1Y.0.00 0.00 0.06 0.08 0.13 0.07 0.08 Hour -0.00 0.03 0.03 0.03 0.17 0.010.20 0.03 0.0 0.00-0.00 0.05 0.08 0.13 0.07 0.08
Dayofweek -0.00 0.01 0.00 0.00 0.03 0.00 0.02 0.00 -0.00 n.uuﬂunn 0.00 000 0.00 0.00 0.00 DayOfweek --0.00 0.01 -0.01 .01 -0.01 0.01 0.03 0.01 0.00 -o‘nuno 00 -0.01 0,01 0.01 0.01 0.00 00

Figure. 8: Correlation matrix

3.5 Feature selection

Feature selection is done with the combination of correlation matrix and random

pandas librabry.

forest
regressor technique as shown in Fig. 9. In this process randomforestregressor is used from
sklearn python library, which is one of the best techniques to extract important features. Once
the features are extracted these are assigned to another variable and reorder and renamed for
consistency, Fig. 10 shows the first 5 values of the data set by using head function from

Feature selection

import pandas as pd
from sklearn.ensemble import RandomForestRegressor

import numpy as np

def exclude_non_numeric(df):
return df.select_dtypes(include=[np.number])

target_column = 'Power(MW)"

# Station 4
Station4_data_cleaned =
features_4 =

exclude_non_numeric(Station4_data_cleaned)
Station4_data_cleaned.drop(columns=[target_column])
target_4 = Stationd_data_cleaned|target_column ]

# Feature selection based on correlation
correlation _matrix_4 = Stationd data_cleaned.corr()

correlation_with_target_4 = correlation_matrix_4[target_column].abs()

selected_features_corr_4 = correlation_with_target_4[correlation_with_target 4 > 0.1].index.tolist() # Threshold set arbitrarily at 6.1
# Feature importance from Random Forest

rf_4 = RandomForestRegressor(n_estimators=100, random_state=42)

rf_4.fit(features_4, target_4)

importances 4 = rf_4.feature importances

indices_4 = np.argsort(importances_4)[::-1]

selected features_rf_4 = [features_4.columns[i] for i in indices_4 if importances_4[i] > ©.01] # Threshold set arbitrarily at @.01

Figure. :9 Feature selection using random forest and correlation matrix




print(stationd4 features.head()})
print(station8_ features._.head())
Total Mumber of Rows in Station 4 Filtered Data:
Foleo
Total Mumber of Rows in Station 8 Filtered Data:
69424
TSI DMI GHI Lag_15min Lag_32@min Lag lhour Rolling_Mean_lhour N
£ 2.a e.e 2.0 -a.314 -a.314 -8.273 -8.3e675
5. e.a e.e 2.0 -8.314 -8a.314 -8.285 -8.314ee
(= 2.a e.e 2.8 -8.314 -a.314a -8.314 -8.31400e
7 a2.a e.e 2.9 -8.314 -a.314a -8.314 -8.31125
8 e.a e.e a.9 -8.3a2 -@.314 -8.314 -8.31125
Power {MW)
4 -2.3214
5 -e.314
(=3 -a._.314
Fi -a.3023
8 -2.314
TSI DMNI GHI Lag_15min Lag_320@min Lag_lhour Rolling_Mean_lhour g
£ a2.a e.e 2.0 e.a e.e a.a e.e
5 a.a e.e 2.0 e.a a.e a.a e.e
(=3 e2.a e.e 2.0 e.a e.e a.a e.e
Fi e.a 9.0 2.9 2.9 e.o a.a e.e
8 e.a 9.0 2.9 2.0 e.o 2. e.e
Power (M)
a e._.a
= e.a
o e.a
Fi e.a
s e.a

Figure. 10: Dataset summary

3.6 Model data preparation

The dataset was first isolated by separating the input features from target variable (Power) for
both station 4 and 8. Min-Max scalar function used from sklearn library to normalize both the
stations. The scaler fit is applied to the feature and target data of station 8 to ensure consistent
scaling as shown in Fig. 11. Also, this step is crucial in this research as the models are trained
only on station 8 dataset and then evaluated on station 4, which also relates back to the
research question. Next the data for station 8 is split into train (80%) and validation (20%) by
using sklearn python library, also complete data on station4 was used for testing as shown in
Fig.12.

Modeling- Data preperation
e # Train-Test Split- Station 8 dota will be used for treining and validation.

import pandas as pd

from sklearn.preprocessing impert MinMaxScaler

from sklearn.model selection import train test split X J[r";}]l_ﬂ : X Statioﬂg S[alEd
import matplotlib.pyplot as plt by o i
1 Barmroiie inres ol e y_tr\ain b y_stationg_sca]ed

X_stationd = stationd_features.drop(columns='Power (MW)")
y_station4 = stationd features['Power(MW)"
X_station8 = station8_features.drop(columns="Power (MW)")

y_station8 = station8_features['Power(M)'

# Test data from Station 4
scaler_X = MinMaxScaler() 4

# Fit scaler on Station 8 data X—J[ESt : X—Statlorld—ScaIEd
X_station8_scaled = scaler_X.fit_transform(X_station8)

scaler_y = MinMaxScaler()
y_station8_scaled = scaler_y.fit_transform(y_station8.values.reshape(-1, 1)) y test - y Stationfl SCaled

# Transform Station 4 data using the same scaler
X_station4_scaled = scaler_X.transform(X_stationa)

y_stationd_scaled = scaler_y.transform(y_stationd.values.reshape(-1, 1))

Figure. 11: Min max scaling Figure. 12: Train-test split



3.7 Model building

Three hybrid models are built with combination of convolutional neural network (CNN)-
long short-term memory (LSTM) and transformer based - multihead attention mechanism by
using the library tensorflow and keras as shown in Fig. 13 and Fig. 14.

# Custom Multi-Head Attention Layer
¢lass MultiHeadAttention(Layer):
def _init_ (self, head_count, embed dim):
super (MultiHeadAttention, self). init_ ()
self.head_count = head_count
self.embed_dim = embed_dim
assert self.embed dim % self.head_count == @
self.depth = self.embed dim // self.head_count
self.uq = Dense(self.embed_dim)
self.uk = Dense(self.embed_dim)
Dense(self.embed_din)
self.dense = Dense(self.embed_dim)
def split_heads(self, x, batch_size):
x = tf.reshape(x, (batch_size, -1, self.head_count, self.depth))
return tf.transpose(x, pern=[0, 2, 1, 3])
def call(self, v, k, g, maskzNone):
batch_size = tf.shape(q)[@
q = self.split_heads(self.wq(q), batch_size)
k = self.split_heads(self.wk(k), batch_size)
v = self.split_heads(self.wv(v), batch_size)
scaled_attention, attention weights = self.scaled dot_product_attention(q, k, v, mask)

self.uv =

scaled_attention = tf.transpose(scaled attention, perm=[0, 2, 1, 3])
concat_attention = tf.reshape(scaled_attention, (batch_size, -1, self.embed_dim))
output = self.dense(concat_attention)
return output
def scaled_dot_product_attention(self, q, k, v, mask):
matmul_gk = tf.matmul(q, k, transpose b=True)
dk = tf.cast(tf.shape(k)[-1], tf.float32)
scaled_attention_logits = matmul gk / tf.math.sqrt(dk)
if mask is not None:
scaled_attention_logits += (mask * -le9)
attention_weights = tf.nn.softmax(scaled_attention_logits, axisz-1)
output = tf.matmul(attention_weights, v)
return output, attention_weights

def build_model(input_shape, head_countz4, embed din=64, Istm units=64):
inputs = Input(shape=input_shape)
x = ConviD(filterszbd, kernel sizes3, padding='same', activation='relu')(inputs)
x = ConvID(filterszbd, kernel sizes3, padding='same', activation='relu')(x)
x = LSTH(Lstm_units, return_sequences=True) (x)

encoder_output = x

# Apply multi-head attention
nulti_head attention = MultiHeadAttention(head countzhead count, embed din=enbed din)

attention_output = multi_head attention(encoder output, encoder output, encoder output, None)

# Concatenate and apply another attention Layer (s in the decoder part)
concatenated = Concatenate()([encoder_output, attention_output])
concat_dense = Dense(enbed din)(concatenated) # Reduce concatenated dinension

decoder_attention output = multi_head attention(concat_dense, concat_dense, concat_dense, None)

# Fully connected Layer

output = Dense(1, activations'linear')(decoder attention output[:, -1, :1)

Hybrid Model = Model (inputs=inputs, outputszoutput)
return Hybrid Model

Figure. 13: Transformer model

3.8 Model compile and training

Figure. 14: CNN-LSTM combined

All the three hybrid models are trained and validated on station 8 data. For model training,
the MSE loss function is used with 50 epochs and an early callback was set to 15 allowing
model to train properly and to stop if the validation loss does not improve after 15 epochs as
shown in Fig. 15. Libraries used for the model are from keras and sklearn. Similar model
building and training procedure is followed for CNN-TF and LSTM- TF model.

the data to be
X_train = X _train.reshape((X_train_shape[8],
X_test = X_test._reshape((X_test._shape[B],

# Reshape compatible with

# Build and compile the model
input_shape = (X _train.shape[1], 1)
Hybrid_Model = build_model{(input_shape)

Hybrid Model.compile(optimizer="adam',
# Early stopping to avoid overjfitting
# Display the model "s summary
Hybrid_Model.summary()

# Train the model on the data

history = Hybrid_Model.fit{X_ train, wy_train,
callbacks=

early stopping = EarlyStopping(monitor='val loss',

epochs=58,

the ConvlD and LS5TM Layers
X_train_.shape[1], 1))
X_test.shape[1],

iy

loss="mse"')

patience=15, restore_best weights=True)

batch_size=32, wvalidation_split=9©.2,

early stopping])

Figure. 15: Model training




3.9 Model Testing and Evaluation.

All three models are then tested on station 4 dataset and inversed the scaling before
calculating the metrics. Metrics are calculated using the sklearn library’s, MSE, RMSE, MAE
and R2 score as shown in Fig. 16.

# Fvaluate the model on the test data
v_pred_scaled = Hybrid_Model.predict(X_test)

# Trwverse tramnsjform the predictions and the true valwues
v_pred = scaler_y._inverse transform{y pred_scaled)

v_test_1 = scaler_y.inverse_transform(y_test)

# Calcwulate evaluation metrics

mse = mean_squared_errory test_1, w pred)
rmse = np.sqrt{mse)

mae = mean_absolute_error(y test_1, v pred)

r2 = r2 scorely test_ 1, w pred)

print{(Ff"Mean Squared Error (MSE): ‘mse} ")
print{(f"Root Mean Squared Error (RMSE): {rmsel} ")
print{(f"Mean Absolute Error (MAE): {mael}")
print{(F"R? Score: (23"

# Plot predictions wvs actual wvalues

plt . Figure(figsire=(18, 5))

plt _plot(yw test_1, label='aActual walues"')
plt.plot{y pred, label="Predicted Walues")
plt_title{ "Actual wvs Predicted Power (MW)')
plt.xlabel{ " Sample" )

plt.wvlabel{ "Power (MW) ")

plt.legend{)

plt.show()

Figure. 16: Model test & evaluation



