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Embedding
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# RR R =R
if len(wav)
i = pp.random.randint(@, len{wav) - L)
i:(i+L)]
A gt Fsilence
elif len(mav) < L:
rem_len = L - len(wav)
silence_part = np.random.randint(-16@&,18@,16888).astype(np.float32) / np.iinfo(np.int16).max
j = np.random.randint(e, rem_len)
silence_part_left = silence_part[8:7]
silence_part_right = silence_part[j:rem_len]
wav = np.concatenate([silence_part_left, wav, silence_part_right])
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freqs, times, spec = stft(wav, L, nperseg = 488, noverlap = 248, nfft = 512, padded = False, boundary = None)
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# R E
def apply_train_test_split(self, test_size, random_state):
self.df_train, self.df_test = train_test_split(self.df,
test_size=test _size,
random_state=random_state)
# R EEEY
def apply_train_wval split(self, val_size, random_state):
self.df_train, self.df_val = train_test_split(self.df_train,
test_size=val_size,
random_state=random_state)

# fEEEHEd Ztraining, validation and testing part
dsGen.apply train_test split(test size=8.3, random_state=2a19)
dsGen.apply_train_wval_split{val_size=8.2, random_state=2819)
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(1) CNN

from tensorflow.keras.models import Model
from tensorflow.keras.layers import Input, Dense, Dropout, Flatten, Conv2D, MaxPooling2D, BatchhMormalization

def deep_cnn(features_shape, num_classes, act="relu'):

% = Input(name='inputs’', shape-features_shape, dtype-'float32')

iy = 23

# Block 1

y = Conv2D(32, (3, 3), activation=act, padding='same’, strides=1, name="blockl_conv’, input_shape=features_shape)(y)
y = MaxPooling2D((3, 3), strides=(2,2), padding="same’, name='blockl_pcol’')(y)

y = BatchNormalization(name="blockl_norm")(y)

# Block 2

y = Conv2D(32, (3, 3), activation=act, padding='samz", strides=1, name="block2_conv')(y)
y = MaxPooling2D((3, 3), strides=(2,2), padding="same’, name='block2 pool')(y)

y = BatchNormalization(name="blockZ_norm"')(y)

# Block 2

y = Conv2D(32, (3, 3), activation=act, padding="samz", strides=1, name="block3_conv')(y)
y = MaxPooling2D((3, 3), strides=(2,2), padding="same', name='block3_pool')(y)

y = BatchNormalization(name="block3_norm"')(y)

# Flatten

y = Flatten(name="flatten")(y)

# Dense Layer

y = Dense(B4, activation=act, name="dense')(y)

y = Batchhormalization(name="dense_norm"}(y)

y = Dropout(@.2, name='dropout')(y)

# Predictions
y = Dense(num_classes, activation='softmax’', name='pred’)(y)

# Print network summary
Model(inputs=x, outputs=y).summary()

return Model(inputs=x, outputs=y)

Model: "model”

Layer (type) Output Shape Param #
inputs (Inputiayer)  [(Wone, 177, 88, D] o
blockl conv (Conv2D) (None, 177, 98, 32) 328
blockl pool (MaxPooling2D) (None, 89, 49, 32) 8
blockl_norm (BatchMormalizat (MNone, 8%, 49, 32) 128
block2_conv (Conv2D) (None, 8%, 49, 32) 9248
block2 pool (MaxPooling2D) (MNone, 45, 25, 32) 5]
block2 norm (BatchMormalizat (Mone, 45, 25, 32) 128
block3_conv (Conv2D) (None, 45, 25, 32) 9248
block3_pool (MaxPooling2D) (None, 23, 13, 32) 2]
block3_norm (BatchMormalizat (Mone, 23, 13, 32) 128
flatten (Flatten) (MNone, 9568) 2]

dense (Dense) (None, 64) 612416
dense_norm (BatchNormalizati (Mone, 64) 256
dropout (Dropout) (None, &4) 2]

pred (Dense) (MNone, 3) 195

Total params: 632,867
Trainable params: 631,747
Non-trainable params: 328
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model = deep_cnn{INPUT_SHAPE, NUM_CLASSES)
model.compile(optimizer="Adam', loss='categorical_crossentropy’', metrics=["acc'])

A AR PERT # de T — B S Be et 4l (callbacks) o § A
Rk EFES BAed TEABR S WA T RS AR
callbacks = [EarlyStopping(monitor='val_acc’, patience=4, verbose=1, mode="max')]

history = model.fit generator(generator=dsGen.generator(BATCH, mode='train'),
steps_per_epoch=int{np.ceil(len(dsGen.df_train)/BATCH)),
epochs=EPOCHS,
verbose=1,
callbacks=callbacks,
validation_data=dsGen.generator(BATCH, mode='val'),
validation_steps=int(np.ceil(len(dsGen.df_val)/BATCH)))|

(2) RNN(LSTM)

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

model = Sequential()
model.add(L5TM(128, dropout=8.2, recurrent dropout=8.2))
model.add(Dense(1, activation="sigmoid'))

model.compile(optimizer="adam', loss="binary_crossentropy’', metrics=["'accuracy'])

callbacks = [EarlyStopping(monitor='val_accuracy', patience=4, verbose=1, mode="max')]
history = model.fit_generator(generator=dsGen.generator(BATCH, mode='train'},
steps per epoch=int(np.ceil{len{dsGen.df train)/BATCH)),
epochs=EPOCHS,
verbose=1,
callbacks=callbacks,
validation_data=dsGen.generator(BATCH, mode='val'),
validation_steps=int(np.ceil(len(dsGen.df_val)/BATCH)))
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(1) CNN 2
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»  Optimizer : adam
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S B training size function accuracy
epoch
1 CNN 9 32 Relu/ adam 77.8%
sigmoid
2 15 32 Relu / adagrad 92.0%
softmax
3 11 32 Relu / adam 94.4%
softmax
4 15 64 Relu / adam 95.6%
softmax
5 13 32 Relu / adagrad 92.7%
sigmoid
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6 12 64 Relu/ adagrad 92.5%
sigmoid

LSTM 5 32 sigmoid adam 66.7%

32 softmax rmsprop 33.3%
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