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APPENDIX A 

Performance of LSTM model on 12 test sets 

 

Table A.1 Performance of LSTM Model on 12 Test Sets 

Set Data types Date of 

data set 
Performance of LSTM models 

MAPE (%) MAE (kW) RMSE (kW) 
1 Long 

holiday 
2023-01-02 15.76 102.81 156.36 
2023-01-03 12.27 134.20 228.64 
2023-01-04 11.34 97.46 126.41 

2 

 

 

Weekdays 

during the 

school 

term 

2023-02-01 24.72 397.40 765.97 
2023-02-02 12.36 180.62 283.29 
2023-02-03 24.01 280.92 424.00 

3 

 

 

Exam 

period 
2023-03-01 6.34 90.21 157.10 
2023-03-02 5.93 83.05 145.60 
2023-03-03 10.59 126.19 192.18 

4 

 

 

Summer 

season 
16.49 135.60 199.88 16.49 
8.49 68.27 102.64 8.49 
9.31 111.19 188.19 9.31 

5 

 

 

Weekdays 

during the 

school 

term 

8.24 90.70 131.63 8.24 
20.35 298.40 452.52 20.35 
18.12 288.76 439.26 18.12 

6 

 

 

The start of 

the 

semester 

2023-08-01 13.39 110.15 173.10 

2023-08-02 6.78 59.18 93.66 

2023-08-03 15.00 313.06 486.03 
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Table A.1 Performance of LSTM Model on 12 Test Sets (continued) 
Set Data types Date of 

data set 

Performance of LSTM models  

MAPE (%) MAPE (%) MAPE (%) 

7 

 

 

Compensation 

holiday period 

2023-09-02 13.10 141.77 226.18 

2023-09-03 11.15 104.84 150.12 

2023-09-04 11.09 236.59 401.60 

8 

 

 

Rainy season 2023-09-10 38.89 277.84 415.75 

2023-09-11 15.71 306.48 490.29 

2023-09-12 12.21 207.54 344.20 

9 

 

 

Weekdays and 

weekends  

2023-10-01 9.72 122.79 233.52 

2023-10-02 10.31 187.96 314.12 

2023-10-03 12.33 173.16 256.57 

10 

 

 

Exam period 2023-10-16 10.99 200.85 330.97 

2023-10-17 8.72 148.79 230.52 

2023-10-18 9.05 149.75 247.86 

11 

 

 

Term break 2023-11-01 13.50 201.88 318.32 

2023-11-02 12.40 191.58 301.04 

2023-11-03 19.65 229.27 350.74 

12 

 

 

Winter season 2023-12-25 26.53 404.89 625.17 

2023-12-26 12.48 187.36 325.77 

2023-12-27 19.21 354.07 564.38 
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APPENDIX B 

Implementation and Experimental Setup 

 

B.1 Bi-LSTM model forecasting code 

import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

from sklearn.model_selection import TimeSeriesSplit 

from sklearn.preprocessing import MinMaxScaler 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import LSTM, Dense, Dropout, Bidirectional 

from tensorflow.keras.optimizers import Adam 

from tensorflow.keras.callbacks import EarlyStopping 

from sklearn.metrics import mean_absolute_error, mean_squared_error 

 

# ------------------ Helper Functions ------------------ # 

def mean_absolute_percentage_error_manual(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 

def create_bilstm_model(input_shape, lstm_units=100, dropout_rate=0.2, 

learning_rate=0.001): 

    model = Sequential() 

    model.add(Bidirectional(LSTM(units=lstm_units), input_shape=input_shape)) 

    model.add(Dropout(dropout_rate)) 

    model.add(Dense(1)) 

    optimizer = Adam(learning_rate=learning_rate) 
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    model.compile(optimizer=optimizer, loss='mse') 

B.1 Bi-LSTM model forecasting code (continued) 

    return model 

def create_sequences(X, y, timesteps): 

    Xs, ys = [], [] 

    for i in range(len(X) - timesteps): 

        Xs.append(X[i:i+timesteps]) 

        ys.append(y[i+timesteps]) 

    return np.array(Xs), np.array(ys) 

 

# ------------------ Load Dataset ------------------ # 

file_train_val = r"D:\New folder\Load forcasting 02\Data\trainNvalidation.xlsx" 

file_test = r"D:\New folder\Load forcasting 02\Data\test.xlsx" 

df_train_val = pd.read_excel(file_train_val) 

df_test = pd.read_excel(file_test) 

 

# ------------------ Prepare Data ------------------ # 

selected_features = [ 

    'Yearly Hours', 'Quarter-Hourly Interval', 'Weekdays and Weekend', 

    'Daytime and Nighttime', 'Compensatory Holiday', 'Long Weekend', 

    'Lag_1Day_Smoothed_Load', 'Ambient Temperature', 'Relative Humidity'] 

features = df_train_val[selected_features].values 

target = df_train_val['Pure Load '].values.reshape(-1, 1) 

test_features = df_test[selected_features].values 

test_target = df_test['Pure Load '].values.reshape(-1, 1) 

test_time = df_test.iloc[:, 0] 
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B.1 Bi-LSTM model forecasting code (continued) 

# Normalize 

scaler_X = MinMaxScaler() 

scaler_y = MinMaxScaler() 

X_scaled = scaler_X.fit_transform(features) 

y_scaled = scaler_y.fit_transform(target) 

timesteps = 8   

X_seq, y_seq = create_sequences(X_scaled, y_scaled, timesteps) 

 

# ------------------ K-Fold with TimeSeriesSplit ------------------ # 

tscv = TimeSeriesSplit(n_splits=5) 

val_metrics = [] 

fold = 1 

for train_idx, val_idx in tscv.split(X_seq): 

    X_train, X_val = X_seq[train_idx], X_seq[val_idx] 

    y_train, y_val = y_seq[train_idx], y_seq[val_idx] 

    model = create_bilstm_model((timesteps, X_train.shape[2])) 

    early_stop = EarlyStopping(monitor='val_loss', patience=10, 

restore_best_weights=True) 

    model.fit(X_train, y_train, epochs=50, batch_size=32, 

              validation_data=(X_val, y_val), 

              callbacks=[early_stop], verbose=0) 

    y_val_pred_scaled = model.predict(X_val) 

    y_val_pred = scaler_y.inverse_transform(y_val_pred_scaled) 

    y_val_actual = scaler_y.inverse_transform(y_val) 

    mae_val = mean_absolute_error(y_val_actual, y_val_pred) 
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    rmse_val = np.sqrt(mean_squared_error(y_val_actual, y_val_pred)) 

B.1 Bi-LSTM model forecasting code (continued) 

    mape_val = mean_absolute_percentage_error_manual(y_val_actual, y_val_pred) 

    val_metrics.append((mae_val, rmse_val, mape_val)) 

    print(f"\nFold {fold} Validation Metrics:") 

    print(f"MAE: {mae_val:.4f} kW, RMSE: {rmse_val:.4f} kW, MAPE: {mape_val:.2f}%") 

    fold += 1 

 

# ------------------ Evaluate on Test Set ------------------ # 

X_test_scaled = scaler_X.transform(test_features) 

y_test_scaled = scaler_y.transform(test_target) 

X_test_seq, y_test_seq = create_sequences(X_test_scaled, y_test_scaled, timesteps) 

test_time = test_time[timesteps:] 

y_test_pred_scaled = model.predict(X_test_seq) 

y_test_pred = scaler_y.inverse_transform(y_test_pred_scaled) 

y_test_actual = scaler_y.inverse_transform(y_test_seq) 

test_df = pd.DataFrame({ 

    "Time": test_time.reset_index(drop=True), 

    "Actual": y_test_actual.flatten(), 

    "Predicted": y_test_pred.flatten() 

}) 

test_df['Date'] = pd.to_datetime(test_df['Time']).dt.date 

print("\nTest Set Metrics by Day:") 

for date in test_df['Date'].unique(): 

    daily = test_df[test_df['Date'] == date] 

    mae = mean_absolute_error(daily['Actual'], daily['Predicted']) 

    rmse = np.sqrt(mean_squared_error(daily['Actual'], daily['Predicted'])) 
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    mape = mean_absolute_percentage_error_manual(daily['Actual'], daily['Predicted']) 

B.1 Bi-LSTM model forecasting code (continued) 

    print(f"{date} -> MAE: {mae:.2f} kW, RMSE: {rmse:.2f} kW, MAPE: {mape:.2f}%") 

 

# ------------------ Plot Results ------------------ # 

plt.figure(figsize=(14, 6)) 

plt.plot(y_val_actual, label='Actual Load (Validation)', linestyle='-', linewidth=2) 

plt.plot(y_val_pred, label='Predicted Load (Validation)', linestyle='--', linewidth=2) 

plt.title('Actual vs Predicted Load (Validation Set - Last Fold)') 

plt.xlabel('Time (15-min intervals)') 

plt.ylabel('Load (kW)') 

plt.legend() 

plt.grid() 

plt.tight_layout() 

plt.show() 

plt.figure(figsize=(14, 6)) 

plt.plot(test_df['Actual'].values, label='Actual Load (Test)', linestyle='-', linewidth=2) 

plt.plot(test_df['Predicted'].values, label='Predicted Load (Test)', linestyle='--', 

linewidth=2) 

plt.title('Actual vs Predicted Load (Test Set)') 

plt.xlabel('Time (15-min intervals)') 

plt.ylabel('Load (kW)') 

plt.legend() 

plt.grid() 

plt.tight_layout() 

plt.show() 
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APPENDIX C 

Test Set Load Forecasting Performance 

 

 
(a) 

 

 
(b) 

Figure C.1 Performance evaluation graph of the model's test suite: a) Moving average, 

b) DNN, c) LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM  
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(c) 

 
(d) 

 
(e) 

Figure C.1 Performance evaluation graph of the model's test suite: a) Moving average, 

b) DNN, c) LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued) 
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(f) 

Figure C.1 Performance evaluation graph of the model's test suite: a) Moving average, 

b) DNN, c) LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued) 

 
(a) 

 
(b) 

Figure C.2 Performance evaluation graph of the model's test suite: a) Bi-LSTM (Top 3 

Features of SHAP) and b) Bi-LSTM (Top 3 Features of MI) 
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(a) 

 
(b) 

 
(c) 

Figure C.3 Performance evaluation results for test data set of ISO-NE Data: a) Moving 

average, b) DNN, c) LSTM, d) Bi-LSTM, e) CNN-LSTM, f) Attention-LSTM and g) Top 3 

Features  
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(d) 

 
(e) 

 
(f) 

Figure C.3 Performance evaluation results for test data set of ISO-NE Data: a) Moving 

average, b) DNN, c) LSTM, d) Bi-LSTM, e) CNN-LSTM, f) Attention-LSTM and g) Top 3 

Features (continued) 
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(g) 

Figure C.3 Performance evaluation results for test data set of ISO-NE Data: a) Moving 

average, b) DNN, c) LSTM, d) Bi-LSTM, e) CNN-LSTM, f) Attention-LSTM and g) Top 3 

Features 
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APPENDIX D 

SHAP-Based Feature Importance Analysis 

 

 
(a) 

 

 
(b) 

Figure D.1 SHAP Value of Each Model of SUT’s Data: a) Moving average, b) DNN, c) 

LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM 
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(c) 

 

 
(d) 

Figure D.1 SHAP Value of Each Model of SUT’s Data: a) Moving average, b) DNN, c) 

LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued) 
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(e) 

 

 
(f) 

Figure D.1 SHAP Value of Each Model of SUT’s Data: a) Moving average, b) DNN, c) 

LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued) 
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(a) 

 

 
(b) 

Figure D.2 SHAP Value of Each Model of ISO-NE Data: a) Moving average, b) DNN, c) 

LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM 

 



111 

 

 
(c) 

 

 
(d) 

Figure D.2 SHAP Value of Each Model of ISO-NE Data: a) Moving average, b) DNN, c) 

LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued) 
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(e) 

 

 
(f) 

Figure D.2 SHAP Value of Each Model of ISO-NE Data: a) Moving average, b) DNN, c) 

LSTM, d) Bi-LSTM, e) CNN-LSTM, and f) Attention-LSTM (continued) 
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APPENDIX E 
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N. Thabcha, N. Junhuathon, and K. Chayakulkheeree (2025), Day-Ahead Load Forecasting 
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SUT Campus, 2025 13th International Electrical Engineering Congress (iEECON2025), Hua Hin, 

Thailand. 

N. Thabcha, N. Junhuathon, and K. Chayakulkheeree (2025), Enhanced Data-Driven Load 

Forecasting Framework for High PV Penetration Electrical System: A Case Study of SUT’s Campus, 

ECTI transactions on electrical engineering, electronics, and communications. 
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