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Configuration Manual

Martin Orr
x1915562

1 Python Installs and general info

Please move all the files into the same working directory before you start. I apologise for
putting the data files in a folder

Install Jupyter notebook for Python then follow the below

Install Numpy, Pandas, SciPy, SciKit-Learn, QuickDa, MatPlotLib, seaborn, ipywid-
gets, functools, Keras,tensorflow

There are 3 notebooks that are duplicates of the same notebook. One set of 3 is for
one store and another all stores. The only thing different is the CSV names in and out

2 Pulling .grib and .bufr files from the ECMWF

The CSV files featuring compiled .grib and .bufr files have already been made and up-
loaded with this project.
An API key is needed to pull the data from the API.

3 Data Cleaning and Preprocessing

As long as the Juptyer notebook file is opened in the same location as all the data files
then this can just run cell after cell. T've tried to remove any cells that are not working
but some still remain
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In [96]:

In [97]:

In [98]:

In [99]:

In [100]:

In [101]:

In [102]:

In [104]:

In [105]:

In [106]:

Out[l06]:

»

3. Merging Datasets

data first _merge = pd.merge(energy data,forecast_temp csv,how='left',left_on=[energy_data.index],right_on=[forecast ter
data first merge.set_index('key 0',inplace=True)

data_first merge.index.name = 'timestamp’

data = pd.merge(data first merge,historic_temp csv,how='left', left on=[data first merge.index],right_on=[historic_temp
data.set_index('key 0',inplace=True)

data.index.name = 'timestamp’

data = data.drop(columns={'utility','step', 'latitude','longitude', 'number', 'time', 'isobaricInhPa','localLatitude',
data = data[data.index < pd.to_datetime('2020-03-12 00:00:00')] #Consumption profile changed after Covid so this data

print(data['forecast_temp'].mean()
print(data[ 'historic_ temp'].mean()
print(data[ 'forecast temp'].max())
print(data[ 'historic_ temp'].max(})

)
)

283.4979210340144
282.88560972740424
293.0515
301.3666666666667

4, Data Cleaning

data[ 'forecast temp'] = data['forecast temp'].interpolate(method='linear', limit=8)#axis={'forecast temp', 'historic te
lata[ "historiec temp'] = data[ 'historiec temp'].interpolate(method="linear', limit=8)#axis={'forecast temp', 'historic tem

yuped daily = data.resample('D')

:a_daily = grouped daily.sum()

:a_daily['sum'] = data_daily[ 'hvac_consumption']+ data_daily[ 'refrigeration consumption']+data_daily[ 'remainder consump
:a_daily[ 'forecast temp’]=data_daily['forecast temp']/48 #divide sum by 48 to get average temperature for the day
:a_daily[ 'historic_temp' ]=data daily[ 'historic_temp']/48 #divide sum by 48 to get average temperature for the day

:a_daily[610:700]

hvac_consumption refrigeration_consumption mains_consumption mains_value_count _temp historic_temp  sum

timestamp

2ms-08 155.2 14783 3381 48 17475 267.897167  286.170486 33810
21808 1311 15472 3403 48 17247 285802156 285342535 3403.0
201808 1842 1634.3 3553 48 17345 284948566 285710417 3553.0
2ms-08 169.4 17597 3679 48 17499 285860401  286.919271 3679.0
201809 17.3 21833 4015 48 17144 285656455 286320833 40150

Figure 1: Data merge and interpolations

4 Regression Analysis

As long as the Juptyer notebook file is opened in the same location as all the data files
then this can just run cell after cell. I've tried to remove any cells that are not working
but some still remain



891 |data = pd.read csv| ' 'cleansd data.csv', parse dates=Troe, index col='timestamp')
#data = pd.read csv('cleaned data.csv', parse dates=True, index col='timestamp’)
data| 'forecast temp' ] = data[’forecast temp').shift(-4B)

data = clean|data, method="duplicates")

data| ‘'mains consumption'] = data| '‘mains consumption”).shift(-4B8)

data = data[data.index < pd.to datetime('Z019-10-12 D00:00:00') ] #Consumption profile changed after Covid so this data
data.tail({20)

Figure 2: Data into regression

1 |grouped daily = data.resample('D')
data daily = grouped daily.sum()
data daily[| 'sum'] = data daily| hvac consumption')+ data daily(['refrigeration consumption' |+data daily| 'remainder consi
data daily[ forecast temp'|=data daily['forecast temp' )/ 48 #divide sum by 48 to get average temperature for the day
data daily[ historic temp')=data daily[| 'historic temp']/d8 #divide sum by 48 to get average temperature for the day
data daily[ "day 0']=data daily| day 0']/48
data daily[ 'day 1']=data daily| day 1']/48
data daily[ 'day 2'])=data daily|"day 2']/48
data daily[ 'day 3'])=data daily| day 3']/48
data_daily[ day 4']=data_daily| day 4']/48
data daily[ 'day 5']=data daily| day 5']/48
data daily| ‘day &']=data daily(| "day &']/48
data daily = data deily.drop(data daily[data daily.mains consumption == 0].index)
data daily.tail (25)

Figure 3: Regression Resampling

5 LSTM and CNN

As long as the Juptyer notebook file is opened in the same location as all the data files,
this can run cell after cell. I've tried to remove any cells that are not working but some
still remain.

These models were based on [

Avoid running 1D CNNs and univariate LSTM as it’s not in the research. Apologies
for not deleting it

Each model trains the forecast first, then the historical version

This function is the plot for each model in the CNN and LSTM notebook.

thttps://towardsdatascience.com/time-series-forecasting-with-2d-convolutions-4f1a0f33dff6



In (892): [#Evaluation ¢ Results Function
lef CNN_eval(forecast_trained model,historic_trained model,y test,data test wide forecast,data test wide historic):

predictions forecast = forecast_trained model.predict(data test wide forecast)
test_r2_foracast. score(y_test, predictions _forecast:
BIrE (Thelt moueiy K2 for oL7 anead ie with Iorocect data is:” test_r2_forecast)

Bredictions historic = bistorio trained modsl.predict (data tast wide historic)
test_r2 historic = r2_score(y_test, predictions_historic)
PIn ("halt hourly RZ for 4i7 ahead i vith historic dada is:®, test_s2 historic)

comparison o - pdvatarrane()
comparison_df[ 'Act
conparison_as( Torecast pridter
n_df[ 'historic_Predict. -
i ca0:236):plot(rlaba Rkt 1 oei
Comparison_df[-500: ) plot (ylabel - "Kh')

0]
predictions_forecast|
predictions_hists

conparison_df = comparison df[::-1] #Reverses the data so that each 48 rows from the first corresponds to a calend,

conparison_df_daily = comparison_df.groupby(comparison_df.index // ¢8).sun()

conparison_df_daily = comparison_df_daily|

conparison_df_daily = conparison_df daily[1:] #Drops first row as it is not a full day

comparison_df_daily.plot(ylabel = 'kih',xlabel = 'days')

foracast daily cuape = (np.sqrt (op. Dean(np. equarel(comparison df daily('Actunl] - comparison dt detly forecast. P
nt("forecast_daily rmspe is:",forecast_c

historic_daily rmspe = (np.sqrt(np.mean(np.square((comparison_df daily['Actual'] - comparison_df daily['historic_:
print(*historic_daily rmspe is:”historic_daily_rms;

forecast RNSLE red_log_e \_df[ 'Actual'], comparison_df['forecast Predict']))
SInel fovecuat RMOTE 15", orecect RSTEY

historic MSLE = \_squared_log_¢ \_df['Actual’], comparison_df['historic_Predict’]))
Bire( FTovoric ST or mietoric meTE)

daily_forecast RMSLE = squared_log_¢ \_df_daily[ 'Actual'], comparison_df_daily['foreca:
PiniT aasty foveckst THSLE 15:+ Aeity Joreoest. MRSLE)

daily historic RMSLE = »_squared log ¢ _df_daily[ 'Actual'], comparison_df_daily['histor
PinT daity hIatoric THSLE 15:+ aeity Ristoris MROLE)

datay,test £2 forecast = 52 score (compariaon de daily( Actual. ], conparison df dailylforecast Fredict!))
print('forecast daily R squared is:' , daily_test_r2 forecast:

daily_test r2 historic = r2_score(conparison df_daily['Actual'], comparison_df daily('historic_Predict'])
print('historic daily R squared is:' , daily test r2_ historic)

In (616): [data = pd.road oav( cloaned data.cov', parse_dates=irue; index_col='tinestam')
datal forocast temp: | - datalforecast_tenp'] shic
data = data[data.index < pd.to_datetime('20:

-11 00:00:00')] #Consumption profile changed after Covid so this data

Figure 4: Data merge and interpolations

Output from above is below.

In [8B7]: CNN_eval(m2_forecast,mZ_historic,y_test,data_test_wide_forecast,data_test_wide_historic) #window ld4

half hourly R2 for day ahead is with forecast data is: 0.9%4058702427585
half hourly R2 for day ahead is with historic data is: 0.9%371334297559488
forecast_daily rmspe is: 3.4T745775555520444

historic_daily rmspe is: 3.4994613692301715

forecast RMSLE is: 0.04679828871561291

historic RMSLE is: 0.04777052547B20176

daily forecast RMSLE is: 0.034571462898981484

daily historic RMSLE is: 0.0344%410282053451

forecast daily R sgquared is: 0.3650291687095487

historic daily R squared is: 0.3773B676246791%
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Figure 5: Data merge and interpolations



In [617]: |# Our handy function for converting our dataset into the correct format

def window_data(df, window, feature_col_ number, target col number):

This function accepts the column number for the features (X) and the target (y).
It chunks the data up with a rolling window of Xt - window to prediect Xt.
It returns two numpy arrays of X and y.

X =

¥ =
for

[1
L1
i im range(0,len(df) - window - 1):
if i + Z*window > (len({df)- window -1):
break
features = df.iloc[i : (i + window), feature_col number].values
target = df.iloe[(i + window + 48 ),target cecl_number]
#print(features)
#print (i)
#Fprint|"———=")
#print(target)
X.append(features)
y.append|target)

return np.array(X), np.array(y).astype(np.floatéd).reshape(-1, 1)

In [618]: data.columns

Figure 6: Makes Window of data for LSTM and CNN

from sklearn.preprocessing import StandardScaler

scaler = StandardScaler()
X = sealer.fit transform(X)

historie temp = scaler.fit transformihistoric temp)

forecast_temp = scaler.fit transform|forecast_temp)

hvae consumption = sealer.fit transform(hvae consumption)

refrigeration consumption = scaler.fit transform{refrigeration_consumption)
remainder congsumption = scaler.fit transform(remainder consumption)

Figure 7: Dataset scaler

The below makes all the datasets for CNNs and LSTM.




In (83971

Historic train/test

split = int(0.8 * len(H)}
X_train_historie = X[: split - 1]
¥_test historie = ¥[split:]

historie temp train = historie temp[: split - 1)
historic temp test = historic temp[splitr]

¥y train = y[r split = 1]
¥ _test = y[aplit:)

hvac_consumption_train = hvac consumption[: split - 1]

refrigeration consumption train = refrigeration consumption[: split - 1]
remainder consumption train = remainder consumption[: split - 1)
day 0 train = day 0[: split - 1]

day 1 train = day 1[: split - 1]

day Z train = day 2[: split - 1]

day 3 train = day 3[: split - 1]

day 4 _train = day d[: split - 1]

day 5 _train = day 5[: split - 1]

day & train = day &[: split - 1]

hvac consumption test = hvac consumption[split:])
refrigeration_consumption test = refrigeration consumption|split:]
remainder consumption test = remainder consumption[split:])
day 0 _test = day O[split:)

day 1 test = day l[split:]

day_ 2 test = day 2[split:)

day 3 tesat = day I[split:]

day_4_test = day d[split:)

day 5 tesat = day S[split:]

day & _test = day 6[split:)

#For univariate models
X _train historie = X _train historic.reshape|(X train historie.shape[d], X train historic.shape[l], 1})

#For multivariate models

historic temp_train = historic_temp_train.reshape( (historic_temp train.shape[0], histeric temp train.shape[l], 1))

hwac eonsumption train = hwvac consumption train.reshape((hvas consumption train.shape[0], hvac consumption train,shape|
refrigeration consumption train = refrigeration consumption train.reshape|(refrigeration consumption train.shape(|0], re
remainder consumption train = remainder consumption train.reshape((remainder consumption train.shape[0], remainder con:
day 0 _train = day 0_train.reshape|(day 0_train.shape[d], day 0_train.shape[l], 1))

day 1 train = day 1 train.reshape((day 1 train.shape[d], day_1 train.shape[l], 1})

day _? train = day 2 train.reshape|(day 2 train.shape[0], day 2 train.shape[l], 1})

day 3 train = day 3 train.reshape((day 3 train.shape[d], day 3 train.shape[l], 1})

day_4_train = day 4 train.reshape|(day d4_train.shape[0], day 4_train.shape[l], 1})

day 5 train = day 5 train.reshape((day 5 train.shape[d], day 5_train.shape[l], 1})

day 6 _train = day &_train.reshape|(day 6 train.shape[0], day & train.shape[l], 1))

data_train_histeric = np.concatenate(|historic_temp_train, hvas_consumption_train, refrigeration consumption_train, rer
day 0_train,day 1 train,day 2 train,day 3 train,day 4 train,day 5 train,day & tra:

#For univariate models
X _test historie = X test historic.reshape((X test historic.shape[0], X_test histeric.shape[1l], 1))

#For multivariate models

historic temp_test = historic temp test.reshape((historic_ temp test.shape[0], historic temp test.shape(l], 1))

hwac eonsumption test = hvas consumption test.reshape((hvac consumption test.shape[0], hvae consumption test.shape[l],
refrigeration_consumption test = refrigeration consumption test.reshape((refrigeration consumption test.shape[0], refr!
remainder consumption test = remainder consumption test.reshape|[remainder consumption test.shape[0)], remainder consumg
day 0 _test = day 0 test.reshape((day 0 test.shape[0], day_0_test.shape[l], 1))

day 1 teat = day 1 test.reshape((day 1 test.shape[0], day 1 test.shape[l], 1))

day_2 test = day 2 test.reshape((day 2 test.shape[0], day_ 2 test.shape([l], 1))

day 3 teat = day 31 test.reshape((day 31 test.shape[0], day 3 test.shape[1l], 1))

day_4_test = day 4 test.reshape((day 4_test.shape[0], day_4_test.shape[l], 1))

day 5 teat = day 5 test.reshape((day 5 test.shape[0], day 5_test.shape[l], 1))

day & test = day 6 _test.reshape((day 6 test.shape[0], day_6_test.shape[l], 1))

data_test histeric = np.concatenate((historic_temp_test, hvac consumption_test, refrigeration_consumption test, remainc
day 0 test,day 1 test,day 2 test,day 3 test,day 4 _test,day 5 test,day 6 test), axi:

Figure 8: Dataset splitter and concatenater



Multi-variate LSTM

forecast

In [872): multi ls model forecast = basic LSTM(window size=window size, n_features=data train_ forecast.shape([2])
WARNING:tensorflow:Layer lstm 5 will mot use cuDWK kernels since it doesn't meet the criteria. It will use a generic

GPU kernel as fallback when running on GPU.

In [873): # This will be true if data train has any nans
suFma = np.sum{data_train_forecast})
check _nan = np.isnan{summa]
check_nan

Out[873]: False

In [874]: multi ls_history_ forecast = multi ls_model forecast.fit(data_train_forecast ,y_train, epochs=5, shuffle=False, batch_si

Epoch 1/5

2021-08-16 08:39:20.687014: I tensorflow/core/grappler/optimizers/custom_graph optimizer registry.cc:112] Plugin opti
mizer for device_type GPU is enabled.

232/232 [===============s=======s=======] - 5398 Zs/step - loss: 6564157.1406
Epoch 2/5
2327232 [===============s=======s=======| - {368 Z8/step - loss: 2I9E620.8315
Epoch 3/5
232/232 [=======================s=======] - {098 Zs/step - loss: Ll647638.029%0
Epoch 4/5
2327232 [=====================s=========|] - {138 Is/step - loss: 208242.6498
Epoch 5/5
2327232 [=== =========s=========] - {108 Zs/step - loss: 122402.2762

In [875]): multi ls model forecast.summary()
# Note: if we're getting nan here, re-check the dataset to see if we're getting any bad data there

Model: "seguential 60"

Layer (type) output Shape Param #

module wrapper 312 (ModuleWr (Hone, 100) 44800
module wrapper 313 (ModuleWr (Hone, 100) 0
module wrapper 314 (ModuleWr (Hone, 1500) 151500
module wrapper 315 (ModuleWr (Hone, 100) 150100
module wrapper 316 (ModuleWr (Hone, 1) 101

Total params: 346,501
Trainable params: 346,501
Hon-trainable params: 0

In [8768): plt.plot{multi_ls history_forecast.history["loss"])
plt.title("loss function - LSTM Multivariate")
plt.legend|[ " loss"])
plt.show()

Figure 9: Multi-variate LSTM



CNN 2D

Heare we create a comvdd with a filter shape of 1 timestep by fsize features, basically turming the convolution window on the Z-axis in our slides.

In [841]): def basic_conv2D(n_filters=10, fesize=4, window size=window size, n_features=2):

new_model

= keras.Segquential()

# ﬁ}po:hetically. we could also tune the padding and activation here.
add{tf.keras.layers.Conv2D{n_filters, (l,fsize), padding="same", activation="relu", input shape=(window &
will take our convolution filters and lay them cut end to end so our dense layer can predict based on the

new_model.

# Flatten

new_maodel.
new_maodel.
new_madel.
new_maodel.
new_madel.

Forecast

add(tf.keras.layers.Flatten())

add(tf.keras.layers.Dense (1000, activation='relu'})

add(tf.keras.layers.Densa(100))
add(tf.keras.layers.Dense(1l))

compile(optimizer="adam", loss="mean squared erraor")
return new model

In [842]): data_train wide forecast = data train forecast.reshape((data_train forecast.shape[0], data_train forecast.shape[l], dat
data_test_wide forecast = data_test_forecast.reshape((data_test_forecast.shape([0], data test_ forecast.shape[l], data te

In [843]: data_train wide forecast.shape

out[843): (23112, 48, 11, 1)

In [84&]: ) forecast = basic_conv2D(n_filters=24, fsize=2, window_size=window_size, n_features=data train wide_ forecast.shape[Z])

In [845]: m2_forecast_hist = m2_forecast.fit{data_train_wide forecast, y_train, epochs=10}

Epoch 1/10

1/723 [eunn.s

......................... ] - ETA: 9:1% - loss:

1907890.5000

2021-08-16 07:36:12.585323: I tensorflow/core/grappler/optimizers/custom_graph optimizer registry.cc:112] Plugin opti
mizer for device_type GPFU is enabled.

T23/723 [===============s==============] - 178 23ms/step
Epoch 2/10
T23/723 [==============================] - 158 20ims/steap
Epoch 3/10
T23/723 [===============s=====s=========] - 158 20ims/step
Epoch 4/10
T23/723 [=====================s=========] - 158 2lms/step
Epoch 5/10
T23/723 [==============================] - 158 20ims/step
Epoch 6/10
T23/723 [==============================] - 158 20ims/steap
Epach 7/10
T23/723 [===============s=====s=========] - lis 20ims/step
Epoch 8/10
T23/723 [===============s=====s=========] - 158 20ims/step
Epoch 9/10
T23/723 [==============================|] - ldis 20ms/step

Epoch 10/10

723/723 [====s===ss=ss=ss=ss==ss=======| - 155 20ms/step

In [846]: m2_forecast.summary()

References

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

Figure 10: CNN
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The inspiration for CNN and LSTM models is linked in footnote 1. Here is the
link also: https://towardsdatascience.com/time-series-forecasting-with-2d-convolutions-

4f1a0£33dff6
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