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import numpy as np

class KalmanFilter:

def __init__(self, dt, state_transition, control_input, process_covariance,
measurement_covariance, initial_state, initial_covariance):
self.dt = dt

self.F = state_transition

self.B = control_input

self.Q = process_covariance

self.R = measurement_covariance

self.x = initial_state

self.P = initial_covariance

def predict(self, u):

self.x = np.dot(self.F, self.x) + np.dot(self.B, u)

self.P = np.dot(np.dot(self.F, self.P), self.F.T) + self.Q
return self.x

def update(self, 2):

y =z - np.dot(self.H, self.x)

S = np.dot(self.H, np.dot(self.P, self.H.T)) + self.R

K = np.dot(np.dot(self.P, self.H.T), np.linalg.inv(S))
self.x = self.x + np.dot(K, y)

I = np.eye(self.F.shape[1])

self.P = np.dot(l - np.dot(K, self.H), self.P)

# Example of initialization

dt=1.0

F =np.array([[1, dt], [0, 1]])

B = np.array([[0.5*dt**2], [dt]])

Q =np.array([[1, 0], [0, 1]])

R =np.array([[1, 0], [0, 1]])

initial_state = np.array([[0], [1]])

initial_covariance = np.array([[1, 0], [0, 1]])

kf = KalmanFilter(dt, F, B, Q, R, initial_state, initial_covariance)
# Predict and update steps

u = np.array([[0]])

z = np.array([[1], [11])

kf.predict(u)

kf.update(z)
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import tensorflow as tf

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense, LSTM

# Define the model

model = Sequential()

model.add(LSTM(50, return_sequences=True, input_shape=(timesteps, features)))
model.add(LSTM(50, return_sequences=False))

model.add(Dense(25))

model.add(Dense(1))

# Compile the model

model.compile(optimizer="adam’, loss="mean_squared_error’)

# Training the model

model.fit(X_train, y_train, batch_size=1, epochs=1)

# Predicting with the model
predictions = model.predict(X_test)
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from heapq import heappop, heappush
def a_star(graph, start, goal):
open_set =[]
heappush(open_set, (0, start))
came_from = {}
g_score = {node: float('inf) for node in graph}
g_score[start] =0
f_score = {node: float('inf") for node in graph}
f_score[start] = heuristic(start, goal)
while open_set:
_, current = heappop(open_set)
if current == goal:
return reconstruct_path(came_from, current)
for neighbor in graph[current]:
tentative_g_score = g_score[current] + graph[current][neighbor]
if tentative_g_score < g_score[neighbor]:
came_from[neighbor] = current
g_score[neighbor] = tentative_g_score
f_score[neighbor] = g_score[neighbor] + heuristic(neighbor, goal)
heappush(open_set, (f_score[neighbor], neighbor))
return None
def heuristic(node, goal):
return abs(node[0] - goal[0]) + abs(node[1] - goal[1])
def reconstruct_path(came_from, current):
total_path = [current]
while current in came_from:
current = came_from[current]
total_path.append(current)
return total_path[::-1]
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import cvxpy as cp
def mpc_control(x0, u0, horizon, A, B, Q, R, x_ref):
x = cp.Variable((A.shape[0], horizon + 1))
u = cp.Variable((B.shape[1], horizon))
cost=0
constraints = [x[:, 0] == x0]

for t in range(horizon):
cost += cp.quad_form(x[:, t] - x_ref, Q) +
cp.quad_form(u[:, t], R)
constraints += [x[:,t+ 1] == A @ x[;, t] + B @ u[;,
t]]

prob = cp.Problem(cp.Minimize(cost), constraints)
prob.solve()
return u[:, 0].value

# Example of initialization

X0 = np.array([0, 0])

u0 = np.array([0])

horizon = 10

A =np.array([[1, dt], [O, 11])

B = np.array([[0.5*dt**2], [dt]])
Q =np.eye(2)

R = np.eye(1)

x_ref = np.array([1, 0])

u_opt = mpc_control(x0, u0, horizon, A, B, Q, R, x_ref)
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