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ABSTRACT

A Study on Personal Recognition using Electromyogram based on
Multi-stream Siamese Fusion Network Combining

Auxiliary Classifier

Kim, Jin Su

Advisor : Prof. Pan, Sung Bum, Ph. D.
Depar tment of Control & Instrumentation
Graduate School of Chosun University

As information security becomes increasingly important in modern society,
methods of user recognition use a fingerprint, face, and iris, which are
accessible with less discomfort and have many other convenient advantages.
However, they can be collected without consent and is prone to forgery due
to lacking liveness. In addition, they are non-cancelable that cannot change
the registered information. In order to overcome these problems, biosignals
such as the electromyogram(EMG), electrocardiogram(ECG), and
electroencephalogram(EEG) expressing an individual's unique physiological

characteristics are introduced, which cannot be examined outside the body.
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Among the biosignals, EMG is a signal that measures the microcurrent
generated when a muscle moves and represents complex information reflecting
not only physiological information of muscle tissue but also neuromuscular
control information. Since the signal changes according to their respective
gestures, the non-cancelable issue can be efficiently tackled for user
recognition. Existing user recognition techniques using EMG use handcraft
features or features generated from neural network-based deep learning
structures. Each method has its drawbacks; while the handcraft features lack
generality as it wuses information extracted in a single domain, deep
learning requires model retraining to register new users. In addition, the
EMG has non-periodic and non—linear characteristics; thus, data irregularity
issues arise, resulting in low performance.

This thesis proposes a user recognition method based on a multi-stream
Siamese fusion network combining an auxiliary classifier to resolve the
abovementioned issues regarding user recognition using EMG. In the proposed
method, features are extracted by an intrinsic mode function(IMF) using
empirical mode decomposition(EMD) in consideration of the time-frequency
domain characteristics of the signal. In order to solve the model retraining
problem, the proposed method incorporates a model with a multi-stream
Siamese fusion network. The model consists of two sub networks and one
decision network. The two sub networks are designed in a siamese structure
to handle the model retraining problem and extract the compatibility
function to calculate the similarity of the input data pairs. The decision
network computes features from the compatibility function that comes from a

convolutional neural network(CNN) organized by a stacking ensemble

_Vi_
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structure. Finally, the auxiliary classifier utilizing euclidean
distance(ED) is employed to solve the data irregularity problem. The
structure incorporates a convolutional neural network and an auxiliary
classifier to realize the attention mechanism.

The proposed multi-stream siamese fusion network combining the auxiliary
classifier executed several experiments using CU_SEMG DB, which was built in
multi-sessions. First, an experiment was conducted to identify the
performance of the feature extraction method utilizing the time-frequency
domain characteristics of EMG. As a result of the experiment, when the IMF
1-4 was applied for the multi-stream siamese fusion network without the
auxiliary classifier, the average recognition accuracy was 92.01%, higher
than the existing time-frequency domain characteristic. Second, in order to
solve the data irregularity problem, a user recognition experiment was
executed to verify the performance of the decision network combining the
auxiliary classifier proposed in this thesis. User recognition using the
proposed method classified 100 subjects with 94.35% accuracy, and the
per formance improved by 2.34% compared to the method without the auxiliary
classifier. Next, to check the performance of the siamese network for
alleviating the model retraining issue, the experiment proceeded using
subjects that were not used for training. The result of the experiment using
the EMG of new subjects illustrated that the model retraining problem was
much relieved by showing an accuracy of 93.19%.

Finally, to wverify the proposed method's superiority, using the
single-session data of CU_SEMG DB and Ninapro DB2, the proposed method's

per formance was compared to the existing methods' performance. The existing

= Vil -
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methods showed a significant decrease in accuracy when the number of
subjects increased, indicating that the model was not adequately trained. On
the contrary, the proposed method maintained similar performance as the
number of subjects increased and outperformed the existing method, proving
the superiority of the proposed method.

In short, a new user recognition method based on a multi-stream Siamese
network was proposed in the thesis. The proposed method incorporates an
auxiliary classifier with a multi-stream siamese network to deal with the
problems of user recognition methods using EMG. The next step will be the
research for noise cancellation technologies of EMG and new loss functions
to improve user recognition performance. Another research issue will be

network optimization to improve computational speed.
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T 5. of?l HEKZ 2 AERQ HsY & 2
Layer(type) Output shape
Input(input layer) (1, 8000, 1)
conv_1(convolutional layer) (1, 8000, 8)
conv_2(convolutional layer) (1, 8000, 8)
pool_1(maxpooling layer) (1, 4000, 8)
dropout_1(dropout layer) (1, 4000, 8)
conv_3(convolutional layer) (1, 4000, 16)
conv_4(convolutional layer) (1, 4000, 16)
pool_2(maxpooling layer) (1, 2000, 16)
dropout_2(dropout layer) (1, 2000, 16)
conv_5(convolutional layer) (1, 2000, 32)
conv_6(convolutional layer) (1, 2000, 32)
pool_3(maxpooling layer) (1, 1000, 32)
dropout_3(dropout layer) (1, 1000, 32)
conv_7(convolutional layer) (1, 1000, 64)
conv_8(convolutional layer) (1, 1000, 64)
pool_4(maxpooling layer) (1, 500, 64)
dropout_4(dropout layer) (1, 500, 64)
conv_9(convolutional layer) (1, 500, 64)
conv_10(convolutional layer) (1, 500, 64)

FC_1(fully connected layer) (1, 1024)
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maxpool@1x2 maxpool@1x2

[F4, F;] 7|Conv32@1x3—{Conv64@1x3 —|

Attention
SN: [F; — F,)?

8 25, A8t decision WERZA *X

H 6. Decision WERIAS HsY == 21

FC1024 — FC1 — Sigmoid —Output

Layer(type) Output shape
Input(input layer) (1, 2048, 1)
conv_1(convolutional layer) (1, 2048, 32)
pool_1(maxpooling layer) (1, 1024, 32)
dropout_1(dropout layer) (1, 1024, 32)
conv_2(convolutional layer) (1, 1024, 32)
pool_2(maxpooling layer) (1, 512, 32)
FC_1(fully connected layer) (1, 1024)
FC_2(fully connected layer) (1, 1)
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Z8s & AID20/=(Sigmoid)Z CIOIE A2 SAMEE HAHSHCE.

JIE BX 2RIl £8H 2109 HOIHE s&ot)l flof AASE O 2Lk Ct
=2 2FJIE Ol === SEHE 2Fotd, 27 ZWUE AIDN dE s,
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Ch. 220 dlg sg2 8 2610 201 2FIJIE Sl &8 22 =5 0l
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[ [ I
= B A PR v
2 | 87 = 2 | e T & Match Score Normalization |
£ 3| 65 3| 75 T 0 ¢
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Final Output |
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3 688
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