10/8/23, 11:58 AM

Wikipedia_jp_15

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

# time_series = pd.read_csv("groupedWikipedia_de_15min.txt", header=None, names=["R
time_series = np.genfromtxt("groupedWikipedia_jp 15min.txt")

import numpy as np
from scipy.spatial.distance import euclidean
from fastdtw import fastdtw

# https://ashukumar27.medium.com/similarity-functions-in-python-aa6dfe721035

def manhattan_distance(pointl, point2):
return np.sum(np.abs(pointl - point2))

def cosine_similarity(vecl, vec2):
dot_product = np.dot(vecl, vec2)
norm_vecl = np.linalg.norm(vecl)
norm_vec2 = np.linalg.norm(vec2)
similarity = dot_product / (norm_vecl * norm_vec2)
return similarity

def euclidean_distance(vecl, vec2):
return euclidean(vecl, vec2)

#DTW
# https://ealizadeh.com/blog/introduction-to-dynamic-time-warping/
# https://www.databricks.com/blog/2019/04/30/understanding-dynamic-time-warping.htm
def fast_dtw(vecl, vec2):
return fastdtw(vecl, vec2)[9]

#Jaccard 1s not important here because we dont use categories but integers

# Configuration

# renge of comaprsion is 86 days the value grouped every 15 minutes
orig r=12

orig c=96

#two hour in three day before

wind_r=3

wind_c=8

# distance=manhattan_distance #euclidean_distance, cosine_similarity, fast_dtw, man

import numpy as np

def extract_submatrices(matrix, k, m):
n, d = matrix.shape
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submatrices = []

for i in range(n-k+1):
for j in range(d):
submatrix = np.zeros((k, m))

if(i==n-k and j>d-m):
break

for r in range(k):
for c in range(m):

if(j + ¢ < d):
row_idx = (i + r)
col_idx = (j + )

elif(i+r<n-1):
row_idx = (i + r+l)
col idx = (j + c) % d

submatrix[r, c] = matrix[row_idx, col_idx]

submatrices.append(submatrix.flatten())

return submatrices

# Example usage

# n = 20

#d =15

# R =2

#m = 3

# # Create a random matrix for demonstration purposes

# matrix = np.random.randint(1, 100, (n, d))

print("Original Matrix:")
print(matrix)

H R

submatrices = extract_submatrices(matrix, k, m)
for i, submatrix in enumerate(submatrices):
print(f"Submatrix {i + 1}:")
print(submatrix)
print()

H R R R R

import numpy as np
import sys

max_integer = sys.maxsize
def update_matrix(ground_ts, new_element):
ground_ts = np.append(ground_ts[1:], new_element)
return ground_ts
def prediction(time_series, orig r=orig r, orig c=orig c, wind_r=wind_r, wind_c=win
# Prepare and shape time series
if(len(time_series)>orig r*orig c):

time_series=time_series[-(orig_r*orig c):]
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else:

time_series=update_matrix(time_series,@).reshape(orig r, orig c)

sparse =np.full((orig_r*orig c)-len(time_series),max_integer)

time_series= np.concatenate((sparse, time_series))

# Extract Submatrices
submatrices = extract_submatrices(time_series, wind_r, wind_c)

similarity_distances = {

}

# Calculate the similarity between the main series (e.g the last submatrix) and o

manhattan_distance: [],
euclidean_distance: [],
cosine_similarity: [],
fast dtw: []

main_series=submatrices[-1]
for submatrix in submatrices[:-1]:

for key in similarity_distances:
distance = key(main_series[:-1], submatrix[:-17)
similarity distances[key].append(distance)

mst_similar = {

"manhattan_distance": None,
"euclidean_distance": None,
"cosine_similarity": None,
"fast_dtw": None

for key in similarity_distances:

if(key!=cosine_similarity):

opt_dist =min(similarity distances[key])
else:

opt_dist =max(similarity distances[key])
idx_of_mst_similar=similarity_distances[key].index(opt_dist)

mst_similar[key._name__]=submatrices[idx_of_mst_similar][-1]

#Debug

print(similarity_distances[-5:])

print("the index is" ,idx_of _mst_similar)
print("the main array"”, main_series)
print("the mst simmiler array", mst_similar)
print("the forecast is ", mst_similar[-1])

return mst_similar

# ground_ts= update_matrix(ground_ts, 10)

# ground_ts= update_matrix(ground_ts, 15)

# print(prediction(ground_ts, cosine_similarity))
# print(prediction(matrix. flatten()))

from sklearn.metrics import mean_squared_error
from sklearn.metrics import mean_absolute_error
import matplotlib.pyplot as plt

time_steps = len(time_series)

https://notebook.hiast.edu.sy/user/mohamadbashar.disoki/nbconvert/html/Wikipedia_jp_15.ipynb?download=false

3/12



10/8/23, 11:58 AM Wikipedia_jp_15

# Split data into training and testing sets
train_size = int(0.9 * time_steps)
train_data = time_series[:train_size]
test_data = time_series[train_size:]

# print(matrix)

# Forecasting on the test data

predictions = {
"manhattan_distance": [],
"euclidean_distance": [],
"cosine_similarity": [],
"fast dtw": []

for t in range(len(train_data), len(time_series)):
y_pred = prediction(time_series[:t])
for k in predictions:
predictions[k].append(y_pred[k])

from sklearn.metrics import mean_squared_error

from sklearn.metrics import mean_absolute_error

from sklearn.metrics import mean_absolute_percentage_error

# Calculate the forecasting error (MSE,MAE)

print("========= Mean Squared Error ===========")

for k in predictions:
mse = mean_squared_error(test_data[:-1], predictions[k][:-1])
print("MSE "+k+":\n", mse)

print("========= Mean Absolute Error ===========")

for k in predictions:
mae = mean_absolute_error(test_data[:-1], predictions[k][:-1])
print("MAE "+k+":\n", mae)

print("========= Mean Absolute Percentage Error ===========")

for k in predictions:
mape = mean_absolute_percentage_error(test_data[:-1], predictions[k][:-1])
print("MAPE "+k+":\n", mape)
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========= Mean Squared Error ===========

MSE manhattan_distance:
24315538.379310343

MSE euclidean_distance:
22575213.775862068

MSE cosine_similarity:
378211411.86206895

MSE fast_dtw:
25560562.98275862

========= Mean Absolute Error ===========

MAE manhattan_distance:
3749.2413793103447

MAE euclidean_distance:
3656.2241379310344

MAE cosine_similarity:
7952.913793103448

MAE fast_dtw:
3991.6206896551726

========= Mean Absolute Percentage Error ===========

MAPE manhattan_distance:
0.0474025355464144

MAPE euclidean_distance:
0.04652876814940696

MAPE cosine_similarity:
0.16638115316845367

MAPE fast_dtw:

0.05320076623561953

# Plot original time series and EMA forecast
for k in predictions:
plt.figure(figsize=(10, 6))
plt.plot(test_data[:-1], label='Original Time Series')
plt.plot(predictions[k][:-1], label=k, linestyle='dashed")
plt.xlabel('Time")
plt.ylabel('Value")
plt.title('Online Forecasting Using '+k)
plt.legend()
plt.grid(True)
plt.show()
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Online Forecasting Using manhattan_distance
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Online Forecasting Using cosine_similarity

—— Original Time Series
=== cosine_similarity
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Online Forecasting Using fast dtw
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=== fast_dtw
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# Configuration

# renge of comaprsion is 86 days the value grouped every 15 minutes
orig r=12
orig c=96

#two hour 1in three day before

wind_r=4
wind_c=6
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import numpy as np
import sys

max_integer = sys.maxsize

def update_matrix(ground_ts, new_element):
ground_ts = np.append(ground_ts[1:], new_element)
return ground_ts

def prediction(time_series, orig r=orig r, orig c=orig c, wind_r=wind_r, wind_c=win

# Prepare and shape time series

if(len(time_series)>orig r*orig c):
time_series=time_series[-(orig_r*orig c):]

else:
sparse =np.full((orig_r*orig c)-len(time_series),max_integer)
time_series= np.concatenate((sparse, time_series))

time_series=update_matrix(time_series,@).reshape(orig r, orig c)

# Extract Submatrices
submatrices = extract_submatrices(time_series, wind_r, wind_c)

similarity distances = {
manhattan_distance: [],
euclidean_distance: [],
cosine_similarity: [],
fast_dtw: []

# Calculate the similarity between the main series (e.g the last submatrix) and o
main_series=submatrices[-1]
for submatrix in submatrices[:-1]:
for key in similarity_distances:
distance = key(main_series[:-1], submatrix[:-1])
similarity distances[key].append(distance)

mst_similar = {
"manhattan_distance": None,
"euclidean_distance": None,
"cosine_similarity": None,
"fast_dtw": None

for key in similarity_distances:
if(key!=cosine_similarity):
opt_dist =min(similarity distances[key])
else:
opt_dist =max(similarity distances[key])
idx_of_mst_similar=similarity_distances[key].index(opt_dist)
mst_similar[key.__name__]=submatrices[idx_of_mst_similar][-1]

#Debug
# print(similarity_distances[-5:])
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print("the index is" ,idx_of _mst_similar)

print("the main array"”, main_series)

print("the mst simmiler array", mst_similar)

print("the forecast is ", mst_similar[-1])
return mst_similar

H OB R R

# ground_ts= update_matrix(ground_ts, 10)

# ground_ts= update_matrix(ground_ts, 15)

# print(prediction(ground_ts, cosine_similarity))
# print(prediction(matrix. flatten()))

from sklearn.metrics import mean_squared_error
from sklearn.metrics import mean_absolute_error
import matplotlib.pyplot as plt

time_steps = len(time_series)

# Split data into training and testing sets
train_size = int(0.9 * time_steps)
train_data = time_series[:train_size]
test_data = time_series[train_size:]

# print(matrix)

# Forecasting on the test data

predictions = {
"manhattan_distance": [],
"euclidean_distance": [],
"cosine_similarity": [],
"fast_dtw": []

for t in range(len(train_data), len(time_series)):
y_pred = prediction(time_series[:t])
for k in predictions:
predictions[k].append(y_pred[k])

from sklearn.metrics import mean_squared_error

from sklearn.metrics import mean_absolute_error

from sklearn.metrics import mean_absolute_percentage_error

# Calculate the forecasting error (MSE,MAE)

print("========= Mean Squared Error ===========")

for k in predictions:
mse = mean_squared_error(test_data[:-1], predictions[k][:-1])
print("MSE "+k+":\n", mse)

print("========= Mean Absolute Error ===========")

for k in predictions:
mae = mean_absolute_error(test_data[:-1], predictions[k][:-1])
print("MAE "+k+":\n", mae)

print("========= Mean Absolute Percentage Error ===========")

for k in predictions:
mape = mean_absolute_percentage_error(test_data[:-1], predictions[k][:-1])
print("MAPE "+k+":\n", mape)
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= Mean Squared Error ===========

MSE manhattan_distance:
20629513.318965517
MSE euclidean_distance:
21241821.086206898
MSE cosine_similarity:
735909037.0172414
MSE fast_dtw:
24048207 .78448276

= Mean Absolute Error ===========

MAE manhattan_distance:
3424.8189655172414
MAE euclidean_distance:
3517.7586206896553
MAE cosine_similarity:
11923.362068965518
MAE fast_dtw:
3882.8362068965516

= Mean Absolute Percentage Error ===========

MAPE manhattan_distance:
0.04364141029214309
MAPE euclidean_distance:
0.04535814641162972
MAPE cosine_similarity:
0.22970945611739035
MAPE fast_dtw:
0.05178569954190868

# Plot original time series and EMA forecast
for k in predictions:

plt.
plt.
plt.
plt.
plt.
plt.
plt.
plt.
plt.

figure(figsize=(10, 6))

plot(test_data[:-1], label='Original Time Series"')
plot(predictions[k][:-1], label=k, linestyle='dashed")
xlabel('Time")

ylabel('Value")

title('Online Forecasting Using '+k)

legend()

grid(True)

show()
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Online Forecasting Using manhattan_distance
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Online Forecasting Using cosine_similarity

—— Original Time Series
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