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Abstract

Loss of upper limb function largely reduces the quality of life of amputation patients, and providing
them with intelligent, high-performance prostheses helps to restore the lost limb function of patients.
At present, myoelectric control prosthesis technology has become a research hotspot. However, the
current commercial myoelectric prostheses have a high abandonment rate, and the main reasons in-
clude the lack of accurate intent recognition and intuitive and convenient features. This paper presents
an in-depth study of upper limb motion pattern recognition based on EMG signals, with a special focus
on the needs of upper limb amputee patients, aiming to design intelligent recognition methods for this
specific group to improve recognition performance and facilitate the practical application of EMG pros-
thetic systems. An action recognition algorithm based on depth domain adversarial adaptation is pro-
posed. Aiming at the problem of recognition rate difference between different individuals, the differ-
ences between different domains are minimized by domain adversarial training and adaptive batch
normalization, so as to improve the generalization ability of the model on the target domain and the
accuracy of action recognition. The experimental results show that the designed algorithm outper-
forms the fine-tuning and convolutional neural network, and the recognition accuracy reaches up to
94.70% in the recognition task of amputee subjects. The average action completion rate in real-time
experiments was 83.48%, respectively. Therefore, the algorithm can effectively improve the recogni-
tion performance of amputee subjects.
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Table 1. Limb complete subjects information

1 BRiFEBZAERES

ETRe] PS5 G BT HiI B R [ (cm) IRERNEA (1)
S1 S 21 HF 20 24
S2 5 21 HF 26 28
S3 5 22 +HF 23 26
S4 % 22 +HF 23 25
S5 % 22 +F 18 20
S6 5 25 +HF 27 30
S7 % 24 HF 26 29
S8 % 23 HF 23 24
S9 5 24 +HF 21 23
S10 5 22 +HF 25 30

Table 2. Transradial amputation subjects information
F2 ARBEERZIAERER

i R BB HURCEE BURURR BUNARERE BUBORSmERS SRR (om) @ UFE SRR PR S (cm)

TR1 34 H 10 Tt bl 20 cm 44 cm
TR2 39 i 30 R T i 35cm 43cm
TR3 45 i 3 TA5 bU:fi) 12 cm 38cm
TR4 33 Vi 5 T15 by} 1 23cm 41 cm
RS R (RIS e =f#

agﬁg

HEH ETk P\ #

1]
ot

Figure 1. Schematic forearm gestures
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Figure 2. Flowchart of SEMG signal preprocessing
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2) A (3)FI(4) 43 vH L 3G R Thy Fl Th, , e, Median (S) 28 & 751 E, | 1 hi%L, StdDev(S)
FERERTIIE, | HIbRER, Kk RAI T IRBERERF S, BN 0S5,

Th, = Median (S )+ k xStdDev/(S) @)

Th, = Median (S ) -k x StdDev (S ) (4)

3) ¥l L Thy < S;< Thy 25 1 AU B BR LA B BL, IR i s Bt e i AN 2 i . e,
(start;,end, ) FoREE | MEBN B AL ST E,  Th, B Th R ARYEF YRR 741 S TH 545 2 10U -
SEMGy, (s, N, L k) ={(start, end, ) Th, < S,< Th, | 5)

T B8 FE IR ot T H i AL PR IR B AHAR BN B 2 [ — € B R e SN E & - EIE,
XA SRS B 2 (R B AN 8, N RN R BE AR AR . & 1 58 B SRAE T b B S
AR, KB KRR A AR BN RS 5 FORF A, (H S AR I, T H ML BERR T 58 KBk
I 7 158 BE RN, SRPERRER, (AT RE SR RRAE LU R, ASBE AT R AR B, AT 52 1 1 31 HE A
o, WA EY, T sEMG B A RS fc A IEIRAE 100 ms~250 ms 2 [i] . & LR K&is i R4 LR,
RELE AT Re A 2 A HEE . Bk, RSO E & DK E R E RN W=200ms, #K S=100ms,
A DK RCE o DRI ESL M 2K B— A5 D& —1~ 8 x 200 (EEE x MHahE N )4 T
FEFEM =M Mgl BATHEM, =[My,,M,, | FR5E | MEENES.
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ASCHEH ) DANN B LFARFE RPN RE, BN T —A CNN, i 8] [ 2 R E R 5 1
AIBOE MAESE I . CNN PR/ R, RIRFIE SR BB B (Feature Extractor) #4355 (Label Clas-
sifier) HIFH Q&N X, B BAASHSMERMIE, A XREE N EHZE, RE 2 EIH—1b.ReLU,
dropout2d (& A p = 0.5) i Kilith. [FFE, JEEES =AXE, BANXREEERNERS, K5k
ft & JH—1L(BN). ReLU F1 dropout2d (¥ & p=0.5). K ADAM {4k CNN, #8524k 0.001. A
IE A S, RA T HEE )T —1k[15]. Dropout [16].

3.3. DANN 3EZ8

___ Feature Extractor

Conv Extractor
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Fully-Connect Block —— Label Classifier Domain Classifier
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inear layer
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'

Linear(512, L)

Fully-Connect Block

VLoss(6y) Fully-Connect Block VLoss(64)

Linear(512, D)

Class label y Loss, > Domain label d Lossy >

Figure 3. Overview of the DANN framework
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AESZH AR AE 22 ) BRI H AR B A RIFZACRE IR ERAL . O BTSRRI 4 s

Feature Extractor Label classifier

Xs» Ys} Pym—— 17 PE—— .:{( Motion Prediction (£) ]

- = — — — — <[l E— > Domain Divergence
{Xt} 4-....‘4.....-: Gdl ................. -:L (L) ]

Gradient Reversal
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Figure 4. Domain confrontation training process
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2) %y, NHERIRT,, » MERXN, .
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i RS HG, . 6,16, .
for T=12,---,T, do
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WHBE: 6, 0,716,
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Lossy(ef,é’y):i( Z): yTIogGy(Gf(xi;ﬁf);Hy)
X,y )edg
Lossd(ef,ed):i( Z): yTIong(Gf(xi;Hf);Hd)
X,y )edr
THE R ZAR R
Loss = Loss, — ALoss,
SHCE W
0, =0, —nVLoss(0, )
0, =0,-nVLoss(6, )
6, =6, —nVLoss(6,)
End for
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Table 3. Evaluation indicators
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1.00 q
0.95 1

0.90 A

Accuracy
o
0]
[

0.80 A
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Figure 5. Recognition accuracy for each subject
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Figure 6. Confusion matrix for baseline model
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92.71% + 0.81% (TR2). 94.59% + 0.39% (TR3). 94.69% + 1.41% (TR4), HiRBIVERZLI AT 90%. AL
TAUAEA CNN ARG 77 AT IR, 70 39927+ 1 13.45%7F1 4.01%. ERT35 R4 T 13.45%,
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Figure 7. Results of domain adaptation in transradial amputation subjects
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IRZE o MITUETR T B 58 - DT R0 i () 72 18 #~33 M, [IREH, TiiR[FEIN 25 MEh kT
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Table 4. Results of real-time recognition of each movement in subjects with transradial amputates
4. BREERTHESIELIHRAIER

ENVESRH NETE R BN 5E i 18] (B0) BRI BRI [R] (FD)
B % 100.00% 24.00 2.00
RSN = 91.41% 18.00 1.00
i 100.00% 19.00 3.00
it 96.97% 21.00 1.00
=R 100.00% 18.00 1.00
FLARIN 65.03% 30.00 1.00
Biki=EiH 49.62% 33.00 8.00
Lt 90.91% 19.00 2.00
ek 46.97% 32.00 1.00
=45 90.91% 20.00 1.00
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