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The Study of ECG for Biometrics Identification
by Convolution Neural Network
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Abstract

This research aims to apply the convolution neural network (CNN) for biometrics
identification from electrocardiograph ECG. Python code was developed for using in this research.
The ECG data was 310 records from 90 persons, which was provided by Physionet. It was the data of
44 male and 46 female volunteers varied from 13 to 75 years old. The result showed that ECG can
be use as biometrics identification effectively. For 10 trials, it provided the average of accuracy
=89.68% and the average of loss = 0.74.
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#.dat to .csv converter
class csvGenerator:
def _init_ (self):
self.dir = os.path.join(os.getcwd(),
' /content/drive/MyDrive/Master Degree/Project/ecg-id-database-1.0.0')
self.database = 'ecgiddb’

def constructor(self, folder, filename):
signals, fields = wfdb.rdsamp(filename, sampfrom=2,
pn_dir=os.path.join(self.database, folder))
df = pd.DataFrame(signals)
df.to_csv(os.path.join(self.dir, folder, filename + "." 'csv'), index=False)
#crawls into every folder and sends .dat file to constructor
def tocsv(self):
for folders in os.listdir(self.dir):
if (folders.startswith('Person_')):
for inpersonsdir in os.listdir(os.path.join(self.dir, folders)):
if (inpersonsdir.endswith('dat')):
basename = inpersonsdir.split(".",1)[e]
self.constructor(folders, basename)
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#generates features and labels
class ProcessData:
def __init_ (self):
self.dir = os.path.join(os.getcwd(),
'/content/drive/MyDrive/Master Degree/Project/ecg-id-database-1.6.9')
self.persons_labels = [] #who the person is
self.age_labels = [] #age of thatperson
self.gender_labels = [] #is that person male or female
self.date_labels = []
self.ecg_filsignal = pd.DataFrame() #filtered ecg dataset
self.ecg_signal = pd.DataFrame() #unfiltered ecg dataset

#month.day.year of ecg record

#extracts labels and features from rec_l.hea of each person
def extract_labels(self, filepath):
for folders in os.listdir(filepath):
if (folders.startswith('Person_')):
self.persons_labels.append(folders)
for inpersonsdir in os.listdir(os.path.join(filepath, folders)):
if (inpersonsdir.startswith('rec_1.') and inpersonsdir.endswith('hea’)):
with open(os.path.join(filepath, folders, inpersonsdir),"r") as f:
array2d = [[str(token) for token in line.split()] for line in f]
self.age_labels.append(array2d[4][2])
self.gender_labels.append(array2d[5][2])
self.date_labels.append(array2d[6][2])
f.close()
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#model architecture

model = Sequential()

model.add(Convolution2D(32, 1, 5, activation='tanh',
input_shape=(1,9999,1),
kernel_regularizer=regularizers.12(9.001)))

model.add (MaxPooling2D(pool_size=(1,3)))

model.add(Convolution2D(64, 1, 5, activation='tanh',
kernel_regularizer=regularizers.12(0.001)))
model.add (MaxPooling2D(paol_size=(1,3)))

model.add(Flatten())
model.add(Dense(128, activation='tanh'})
model.add(Dense(9@, activation='softmax'))

# compile model
model.compile(loss="categorical_crossentropy',
optimizer="adam',

metrics=['accuracy'l)
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# compile model

model. compile(loss="categorical crossentropy’,
optimizer='rmsprop’,
metrics=['accuracy'])

# fit model on training data
tensorboard = TenserBoard(log_dir="logs_personid/{}".format(time()))
earlystopping = EarlyStopping(moniter='val_loss', patience=18)
history = model.fit(X_train, Y_train,
batch_size=1@, validation_data=(X_test, Y_test), nb_epoch=186, verbose=1,
callbacks = [earlystopping, tensorboard])
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# evaluate model on test data
print "Evaluating model”

score = model.evaluate(X_test, Y_test, verbose=1)
print('Test loss:', score[e])

print('Test accuracy:', score[1])

# save model to dir
model.save_weights (os.path.join('saved_models', ‘rsampled_.h5'))

# plot performance graph
plot_fn = data.plotHelper()
plot_fn.plot_keys(history)

# confusion matrix

y_pred = model.predict_classes(X_test)
print(y_pred)
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