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ABSTRACT

This paper reports application of artificial intelligence in signal processing,
particularly in the context of Mixed signals, has garnered significant interest. However,
organizers have encountered challenges when dealing with information derived from
multiple signal sources or combined signals. To address this issue, independent
components analysis (ICA) has been utilized for signal classification. Nonetheless, the
effectiveness of ICA has been limited, prompting the exploration of alternative
approaches, such as the use of artificial intelligence, to achieve more efficient results.
Despite these efforts, the outcome remains suboptimal, albeit with some success in

separating signals from each other.
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2.1 Basic of Signal Processing
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2.8 Generative Adversarial Networks (GANs)
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2.9 Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) @8 Usztanued Recurrent Neural Network
(RNN) flesnuuuaniteiorsusdymmslassivdimelugaintudlonislasyiuataundn
Aulutasduuseleviluseninanms backpropasation TuaedieUszamifiondn wdedne
LSTM wingeeededmiunsusznanateyanudfutazgmirunldedisUssauanuduia

TuneUnaatunvnaINa1eTINians 3T EINTUSEIIANAN WIS TINALALAUTIENEAN



RNN Unit

LSTM Unit

2.9 AULANAINTZAIN RNN UWag LSTM

=)

10



UNN 3

351152 HUNU

3.1 nsesilaguniniuasdoya

Sample Dataset
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Plot Dataset

y = data(;,1);

dt = 1/fs;
t = O:dt:(length(y)*dt)-dt;
plot(t,y); xlabel('Seconds'); ylabel(Amplitude’);

ax = gca;
chart = ax.Children(1);
datatip(chart,37.59,0.281);
figure
plot(psd(spectrum.periodogram,y, s',fs, NFFT',length(y)));
xtim([0.0 22.1])

ylim("auto”)

ICA

import numpy as np
import matplotlib.pyplot as plt
from scipy import signal

from sklearn.decom tion import FastiCA, PCA

np.random.seed(0)

n_samples = 2000

time = np.linspace(0, 8, n_samples)

s1 = np.sin(2 * time)
s2 = np.sign(np.sin(3 * time))

s3 = signal.sawtooth(2 * np.pi * time)

S = np.c_[s1, s2, s3]

S += 0.2 * np.random.normal(size=S.shape)

S /= S.std(axis=0)

A = np.array([[1, 1, 1], [0.5, 2, 1.0], [1.5, 1.0, 2.0]])

X = np.dot(S, AT)




ica = FastlCA(n_components=3, whiten="arbitrary-variance")

= ica.fit_transform(X)

57
A = ica.mixing_

assert np.allclose(X, np.dot(S_, A _.T) + ica.mean )

pca = PCA(n_components=3)
H = pcafit_transform(X)
plt.figure()
models = [X, S, S , H]
names = [
"Observations (mixed signal)",
"True Sources",
"ICA recovered signals’,
"PCA recovered signals",
]
colors = ["red", "steelblue", "orange"]
for ii, (model, name) in enumerate(zip(models, names), 1):
plt.subplot(4, 1, ii)
plt.title(name)
for sig, color in zip(model.T, colors):

plt.plot(sig, color=color)

plt.tight layout()
plt.show()

import numpy as np

from keras.layers import Dense, Reshape, Flatten, Input, Lambda
from keras.models import Model

from keras.optimizers import Adam

from keras.backend import clear_session

from sklearn.preprocessing import MinMaxScaler

from keras import backend as K

import matplotlib.pyplot as plt




num_samples = 1000

t = np.linspace(0, 1, num_samples)
10
20

mixed_signals = np.sin(2 * np.pi * f1 * t) + np.sin(2 * np.pi * f2 * t)

noise_factor = 0.5

mixed_signals += noise_factor * np.random.randn(num_samples)

scaler = MinMaxScaler(feature_range=(-1, 1))

mixed_signals = scaler.fit_transform(mixed_signals.reshape(-1, 1))

gen_input = Input(shape=(1,)
gen_hidden = Dense(128, activation="relu’)(gen_input)
gen_output = Dense(1, activation="tanh')(gen_hidden)

generator = Model(gen_input, gen_output)

dis_input = Input(shape=(1,))
dis_hidden = Dense(128, activation="relu’)Xdis_input)
dis_output = Dense(1, activation='sigmoid)(dis_hidden)

discriminator = Model(dis_input, dis_output)

z = Input(shape=(1,))
gen_sample = generator(z)
dis_output = discriminator(gen_sample)

gan = Model(z, dis_output)

def generator_loss(y_true, y pred):

return -K.mean(y_pred)

discriminator_loss(y_true, y_pred):

return -K.mean(y_true*K.logly pred+1e-8)+(1-y_true)*K.log(1-y pred+1e-8))

discriminator.compile(optimizer=Adam(lr=0.0002, beta_1=0.5), loss=discriminator_loss)

discriminator.trainable =




gan.compile(optimizer=Adam(lr=0.0002, beta_1=0.5), loss=generator_loss)

num_epochs = 1000
batch_size = 64

for epoch in range(num_epochs):

real_samples = mixed_signals[np.random.randint(0, mixed_signals.shape[0], size=batch_size), ]
fake samples = generator.predict(np.random.uniform(-1, 1, size=(batch_size, 1))

X = np.concatenate((real_samples, fake_samples))

y = np.concatenate((np.ones((batch_size, 1)), np.zeros((batch_size, 1))

discriminator_loss = discriminator.train_on_batch(X, y)

gan_loss = gan.train_on_batch(np.random.uniform(-1, 1, size=(batch_size, 1)), np.ones((batch_size, 1))

print(Epoch: {}, Discriminator Loss: {}, GAN Loss: {}.format(epoch+1, K.eval(discriminator_loss), K.eval(gan_loss)))

separated_sources = generator.predict(mixed_signals)

separated sources = scaler.inverse transform(separated sources)

plt.figure(figsize=(12, 8))
plt.subplot(2, 1, 1)
plt.plot(t, mixed signals)
plt.title('Mixed Signals)
pltxlabel('Time (s)')
plt.ylabel('Amplitude’)
plt.subplot(2, 1, 2)
plt.plot(t, separated_sources)
plt.title('Separated Sources')
plt.xlabel(Time (s))
plt.ylabel(Amplitude’)
plt.show()




import numpy as np
import matplotlib.pyplot as plt
from keras.models import Sequential

from keras.layers import LSTM, Dense, TimeDistributed

num_samples = 1000
num_timesteps = 50

num_features = 4

X = np.random.rand(num_samples, num_timesteps, num_features)

model = Sequential()
model.add(LSTM(64, return_sequences=True, input_shape=(num_timesteps, num_features)))

model.add(TimeDistributed(Dense(num_features)))

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

model fit(X, X, epochs=10, batch size=32)

Y = model.predict(X)

mixed_signal = X[0]
plt.plot(mixed_signall:,0], label='Source 1)
plt.plot(mixed_signall:,1], label='Source 2))

plt.plot(mixed_signall:,2], label='Source 3

plt.plot(mixed_signall:,3], label='Source 4')
plt.title('Mixed Signals')

plt.legend()

plt.savefig(f'save/rnnmix.png’)

plt.show()

separated sources = Y[0]




plt.plot(separated sources[:,0], label="Source 1)
plt.plot(separated sources[:,1], label="Source 2')
plt.plot(separated sources[:,2], label="Source 3')
plt.plot(separated sources[:,3], label="Source 4')
plt.title('Separated Sources')

plt.legend()

plt.savefig(f'save/rnnsep.png’)

plt.show()

import numpy as np
import matplotlib.pyplot as plt
from keras.models import Sequential

from keras.layers import LSTM, Dense, TimeDistributed, Dropout

num_samples = 1000
num_timesteps = 50

num_features = 4

X = np.random.rand(num_samples, num_timesteps, num_features)

model = Sequential()

model.add(LSTM(64, return_sequences=True, input_shape=(num_timesteps, num_features)))
model.add(Dropout(0.2))

model.add(LSTM(64, return_sequences=True))

model.add(TimeDistributed(Dense(num_features)))

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

model fit(X, X, epochs=10, batch size=32)

Y = model.predict(X)




mixed_signal = X[0]
plt.plot(mixed_signall:,0], label='Source 1')
plt.plot(mixed_signall:,1], label='Source 2')
plt.plot(mixed_signall:,2], label='Source 3')
plt.plot(mixed_signall:,3], label='Source 4')
plt.title('Mixed Signals')

plt.legend()
plt.savefig(f'save/drnnmix.png’)

plt.show()

separated _sources = Y[0]

plt.plot(separated sourcesl:,0], label='Source 1))

plt.plot(separated sourcesl[;,1], label='Source 2')
plt.plot(separated sourcesl[:,2], label='Source 3')
plt.plot(separated sources[:,3], label='Source 4')
plt.title('Separated Sources')

plt.legend()

plt.savefig(f'save/dmnsep.png')

plt.show()

import numpy as np

import matplotlib.pyplot as plt

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

from sklearn.decomposition import FastICA

n_samples = 10000
n_sources = 3
duration = 5

sample_rate = 44100

sources = np.random.randn(n_sources, n_samples)

mixing_matrix = np.random.rand(n_sources, n_sources)
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mixed_signals = np.dot(mixing_matrix, sources)

mixed_signals.T.reshape(n_samples, 1, n_sources)

y = sources.T.reshape(n_samples, 1, n_sources)

ntial()
model.add(LSTM(units=128, input_shape=(1, n_sources), return_sequences=True))

model.add(Dense(n_sources))

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

history = model.fit(X, y, epochs=50, batch_size=32, validation split=0.1)

predicted signals = model.predict(X).reshape(n_samples, n_sources)

fig, axs = plt.subplots(n_sources, 1, figsize=(8, 6))

for i in range(n_sources):
axs[i].plot(sourcesli], label="Source'
axs[il.plot(mixed_signals[i], label= ed')
axslil.plot(predicted_signals[:, il, label='Separated)
axslil.set_title(f'Signal {i+1})
axs[i].legend()

plt.show()
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