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Network, TCN)YE MRS, EIdFE R ERESRRBEH R EZIRFE, HFFSER B & M E iz e #iE
NE, BRIEEAEREEEIFMHITRES . HIK, R Transformerdnhild 35X HRHEF 51T &R
B, FA k8RR SIS R TP SARALR K BB i ARk, 72 A FFHIESEHuGaDB _E )25
GREYW, BFHEEXSMEZRHE PSP RANEFRRIES]96.73%, F15815%]95.43%. MsHh, H
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Abstract

To achieve high-precision and real-time motion intention recognition for lower-limb exoskele-
tons, this paper proposes a novel hybrid architecture: the SE-TCN-Transformer. Addressing the limi-
tations of conventional CNNs and LSTMs in processing long-sequence multimodal data, we introduce
a “local enhancement-global modeling” strategy. First, a Temporal Convolutional Network (TCN) inte-
grated with Squeeze-and-Excitation (SE) attention extracts high-frequency local features while adap-
tively suppressing sensor noise. Second, a Transformer encoder captures long-range temporal depend-
encies via multi-head self-attention. Experiments on the HuGaDB dataset demonstrate an average ac-
curacy of 96.73% and an F1-score of 95.43% across eight gaits. SHAP-based interpretability analysis
identifies foot vertical acceleration and thigh angular velocity as the most critical features, demon-
strating a higher consistency with biomechanical priors. The proposed model significantly outper-
forms traditional SVM, LSTM, and CNN-LSTM baselines, particularly in recognizing transient actions
like “Sit” and “Stand”, thereby providing robust technical support for real-time exoskeleton control.
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Bt BRI AL HERE M INIE S A A53a B DI RERR IS JB B MR I RFEIE K, P RSMEEHLE A

AR RS, AN E AR SIN 2 EE, HAZOHRERTE T AL N BETS IR 4 1A% B2
B vhoRE B AR 2 W s s S, TSI “ T ) (Assist-as-Needed) ) 32 247 il S [2] -

FLHAM 2 3 2 BRI 70 32 B S RF I = L (Support Vector Machine, SVM) [3]. BEHLARMR[4]55 4%
Giplas S I Bk . X RITIE BRI, (BB E KA I AT BB N TRHE TR, Hou A% s e e
E FERURS], M LUE RN A 2R E DAL R, 2R IA IR . IRk, BRI S HRR
T, i 31 2 (1) AR A1 27 SV 2B TR T AL 42 771 Hor, AR #4228 (Convolutional Neural Network, CNN)
(6] A FL R ) 25 (R AE SR B AR ST 2 B, (2 PR T B AL AR B2 87, CNN 7EAL B KB 720 2
KOt AT AT A DL 5 4 SR KR 7]

B SoP F EAR ] F5L, AK S 13012 4% (Long Short-Term Memory. LSTM) & 45 {A (41 Bi-LSTM) AL
F HIPEIR 22 X 4% (Recurrent Neural Network, RNN) SN T 24 125 2R 51 1) 32377 J51% . Jeon [8]%5 AR Bi-
LSTM SEZEL T XD AL SRS T, S0AE T FEAER P RRESR I F A 24t Fang [9]55 A#&Hi ) CNN-
LSTM R & BANRE S &G 2 SR 2 M. SR80, LSTM A M8 A7 TR S B T Bm
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HEBRAEIR ,  HAE AL 7 21 IS ATS A AR A0 BT 2 (0 XU, A AT A2 A/ B AT gt AR S B 1 ) P 225K
FHEEZ R, Bai 28 N[10]0UBF FAERT, B ()5 R 4 3l i LR SRR R S B R, 7R 7 B @4 b B4 L
LSTM S KA ROZKERMIFATIHERE S, ok ok ] B AL 138 i) L

JLAE Transformer [11] 284038 3 B UHLEIFT AR 77 21 A RV IE A BRI, 7E B SRE 5 A0 B ATUS I TS
TERMI), H Song [12]% N#&H 1) GaitNet W 7R | HAE DKL > i /), (0 B IR ah 4% %
FEE N Transformer VIEEERFE . BT B E AL R T E A R OCEE, 42 S 8UR § s iRk
(LD 5 R Ak M B 8] P v A5 S BP0, T B RO RIS B4l 1T . AL, EEZ RS RE =TT, AR
L IR AR X R S E N TTHRE AR R 22 57, SR A UV I TE T LK 5 N TC AR 75

¥ ERFIRME, ASCERE T —Fh3ET SE-TCN-Transformer (8 BUR & M ZER), B 1EFHRTIE &R
SR B S e . B, BIN TCN AR ARRESR I A Ao, HE AR Z P N SE V= JIHLHI[13],
T 1 S QAR T ) ) M G 2R LR T8 SRR NG, S [0 4% BE A% o 97 2 ) AN [) A% K i a1 17 B 4
A AN G I P IR Ab Transformer X Jay ER4H T UK A 2 s FLik, A Transformer 4ifid#5 %) TCN
B VRRAE P S AT A SRR AR, R 22 Sk B B W LIAR AR A 4 20 25 A A7 TR R B R ) AR MO8 2R
E A TS HuGaDB [14] E K ESKIR S AR W], A SO AAE AL 3 53 o0 A e e F IR 55 16, A
IAERERA 2 EALT LA CNN f2 LSTM A8k, SEAEHERAE bRl 0%, N TFESMEasiLeaE A
(SRS AR fI SR TR IR TT &

2. FES5%E
2.1, BETAE

AT HuGaDB v2 B M E b S IRB RS, ZEdEERE T 18 L2 EEA R F iz
SEAE . FERCR TR B, AT T ORBE . /R S 2 BB 6 AN I & 5 T (Inertial Measurement
Unit, IMU)FI 2 /> 21 UL (surface Electromyography, SEMG) & &2 54, M@ b4t fih D = 38 [l 4
SRHE MR [14]o RS I N AL BRSO B AR W LR . DN T BRIE A B S84 ) ) S A1 I 1 5 1
GHWEMEEE, RHARESENENE D HARGEIEET I BRI E, wEEnkh w=
100 (W R RFE %), K S=10, EIF O HEB R (Overlap) ik 90%. 0 FUAEHESE T 12 295 3hbs
&, RUEIFES T HAPS RN BE I RANDCH) 8 KB, AFE “UTE” . WP . Ak
T GENLT L AR O CRREET O BRRERT . CFREEET , RN HEHT BB RS AT, DLE
BRI 257 3R

Figure 1. Human body sensor locations for HuGaDB data collection [14]

B 1. HuGaDB REHRH N KRR E 275 [14]
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2.2. SE-TCN-Transformer &%

IR B AL B B U B SRR B SN, 9 T B SR TSR o 2 A R AR B AR AL
L RE /7, FRATE TCN MR ZES RN T SE B ER N, #% T SE-TCN fl & B,
B REAR M SRR A ] 2 oo IERBAN N B I R« A3k P B UL P A 5 55 22 S 2 M0l ) 1)

JFHIE .
TCN Block > SE Block —~>| Transformer
: Encoder Block
'7 Dilated Causal | Global Avg [ |
Conv 1D Pool
- = _ : 90 Add & Norm —
& I Residual Connection |- v c i, (=
3] y Dense 2 3 <
i 2 5
S | Dilated Causal || i) Feed Forward & = o
g > Conv 1D i » < — O » O
» Dense = ® 55
‘g_ [ Residual Connection I- (Sigmoid) Add & Norm = % =,
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Figure 2. Gait phase prediction based on SE-TCN-Transformer
[E] 2. SE-TCN-Transformer 7SR

2.2.1. TCN 3R E

FRAHE TCN MR ZHe iR N 7 SE JEIEE R 1ML, #%E T SE-TCN @l Gt . AR R H i 5] 4
FAPZEAE AR O ARFAE SR BUBEER . Ry T P A a0 S I ) 5 27 50008 1 B P 40, BB e 51 N T AR 4547 (Causal
Convolution)Z5 44, HifR t B %1 096 A e AR T t 2] S L2 mr i s seadN, AT A 2084 7 KSR A
SRMEs . BeAh, N 7 AR EITEE R 44 R i B I A (Long-term Dependency), ARAE— D4R
BT %A 35 AR (Dilated Convolution)HL ] .

BT E X e RPYVP 1@t TCN #ibk, 1ZiHvE & = )2 K R 24 #71Z (Causal Dilated Con-
volution), BZAK RE d KKIEE N 1. 2 Fl 4. X T RAIHRHICE . W TFAIHRICE X, BRI F(S)
Bk

F(s)=(x* k)(5)=z::ol f(1) X g 1)
Horr, KAREERZ K/ (Kernel Size), d NIZIKRE f AIEREEIE, « LRTRERIEHE . &R
13 28 (1) RS2 B (Receptive Field)BE 250 S FE B K, I A% = 80 A J) 350 i SIS B A i 5 42
JERNGRE

[FIT, AT S P AR R R 7 1B 48 1B 4k, BEER N85 N T Bk % 1% 4% (Residual Connection);
NPT (13Z A RE D H A LG, JZRERIH T Dropout 1E ML A o

2.2.2. SE ARSI

AT R4 BRI RE 71, FATE TCN [I4E 5472 By (Residual Block) MBI MERUR Z 5 7%
EBEZHT, WNT SE HEH. MIHGE T R A AR K ELROBIOC R, 1 I T R S AR
Rio BARSHLEE RGE. $Rh S EhnE =PIk,

AR IR (Squeeze) R fE . 1T BARIENUE R MEZIT AR AEE, TCIRPIG a0 &R
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P 1w 4 5P it 4k (Global Average Pooling, GAP)4ERE N C x T (lIEEL x W[5 K)MHHER U 78
I ()R AT R4, A AN AR B B BB IA T 2 e RE . TS ¢ ANliE, HitEA
XA:
1
z. =F (UC) :?ZLNC (t) @)

KRR IE I A5 5 TR 08— AN SEEUE, AL %A% B JEE 78 24 AT I (R 2 1 P9 (10 B AT R

=
&

R Wi (Excitation) 8 4F . S8 T K@ IE A AE LMK S R, FATRH T — AWM 2EEZ
(FCYRI RSN EE ¥4 o 1 S FRIE IR & 2 3B L 25— AN FC ER&4EZ Cir, Horb r 4578 Lt (Reduction Ratio),
ASEEG BN 16; 25T ReLU ol /5, HHEI S =4 FC 2B £ C 4k, /5, FIH Sigmoid b 20K Hn
BILSRT 2(0, L)X (8], FRAFIH — A 38 8 A ) & e

s=F, (zW)=0c(W,5(W,z)) (3)
Jih, 5% ReLU B8, o Sigmoid B8t W, cRe AW, e RS Hya[ 23] pAL dAERE, ik Fef g

W 2 et 2 3] I AN [] A [k A8 8 2 18] A [ Bl 58 2R o
I JE 2 AR E (Scale) BRAE o % 2] BIIFEIE AR s i M E M e 2 S ARHRFIE B u, b, 58 BURHAE 1 EEL AR

L‘Ic = Fscale (uc ! Sc) =S Ue (4)

i IX A7, SE-TCN AElS H Bl s A Lot &5 D 3545 B IR IE, [R5 2 AT 55 ok
(Mg FE IS, 2 PRI AR AE BRI T SR

b

uil]

2.2.3. Transformer

23 SE-TCN $EEUAIHFE T 51 B AR 2 Jo 3BT TP 21, AHh = 0K S D A s 4 5 @ s
Rk, FATEIN Transformer 4l 2% 1 A 7 3R A B

% 3k HE R 1ML (Multi-Head Self-Attention) & 7£ H ¥3: & /AL 2EA R ARkt 72 Bk il
Hilf AR, W] DA SRR AL SRk B T2 AGRE ST EFRATIIE R A ESS T, AREPEE LT LB IS
IO 5 A T [R] 32 Bl 23 7] (Sub-spaces) s 540, e Sk Lyd T KRR 42 2 i 1 i AR Ak, 1 oy —
I DU 3R A2 He 77 PRI Bk B SRR o X AL ) A3 A5 20 R AN R (AL IR it o, B B S B AR B L
(R SBREMIT, AT $2 FHRRAE () B A

AL F0 VT 0 28 [R] B D3 2D 38 7 F1 AN 6] 9 725 (M5 S, 18] ] e SRR KR (1) 4 B i B 5 JE e 1) s
D178 . %%, Transformer [¥% H &80 42 Jy P iU IR A6 A RFAE ) i, Rl I A B2 E Wi B %08 328
il o BRI T INASE AR5 45 2K bR 45«

L==3Fwy log(¥,)
oo wi ARAE R AR TR HIACE, TR AN R 20 25 28 I RE A AN 167 1) i)
3. KIEHER
3.1 KHgE

N T B MAEAGERAE R WX F B R AR RE, A S2I6 ™ 4% Rk F B — 0 41 58 X3 1iE (Leave-One-
Group-Out, LOGO) %l . HAKIMH, RIFE 18 #esiinrh, RAMKIGER 1 432 ulFH ik, Hap 17

()
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PAE RIS, B8 FHL 18 # i~ FI41E

WHSEHRE R : BINZRA AdamW RS, WIER: ST F80E N 0.001, FUE LI R E0CH 0.001,
LB R/ 128, EEAREFR I 40 IR N T R S IR D b S, SR T 22 T E AL SR -
W EZF % (Dropout)dy 0.3; 5l AT 0.1 4R (Label Smoothing)#Liil: KH Mixup 4 18 s e
R, WA ZRE alpha WE N 0.4, BbAk, AT HEMEREE R &M, R T 3G N 10 MR5ZIE K
4 3] A %% (Cosine Annealing Warm Restarts), 56 % #:89 BIE 82 4 1.0 URIEIZRid FE e k.

NT BV S TS LG TR, ARLERC T UAMZ OV Fa A HERE R
(Accuracy). F& i3 (Precision). A [Fl3% (Recall) LA & F1 5 (F1-Score). H: A iR (Accuracy) LW sz
TR P MR A R IR R L), 2 B A A B ARV R IR B AR AR o ST 22 (Precision) 15 ) /2 7E A5
BT IE R BREA, SERR N IESRI L], BBt TR B A ERE ). 4 B ZE (Recall) W 2 Fi8 7£ i SE
FROMIERMIFEA T, PR IEAA TN IR SR L], B TR AR D). S TR S A0 Bl B A AT
FAEMBER AR, RKEIIETINT F1 3(F1-Score), "B RFSHZEF A IR KA, e HE
ZEE s B VPR A E I . B ARARITH R AT

Accuracy = TP+ TN (6)
TP+TN+FP+FN
Precision = x100% 7
TP +FP
Recall = LxlOO% (8)
TP+FN

Flscore — 2x Prec_ls_lon x Recall ©)
Precision + Recall

Hrr, TP (True Positive). FP (False Positive). TN (True Negative)#ll FN (False Negative)Z) 514826 2 {1 % .
EbEE . FIPERE B IR A R . (£ 2 0 RAES T, AT 2Rt B — 2080 Lk debs, FEEL
H72 FF4)(Macro-average) {F i 28 1Ak 45
3.2. FRBINTEL RIS

T BV B 7t RE, FRATTE SE-TCN-Transformer 54645 SVM BiAL . 2 i) LSTM LL
J% CNN-LSTM BRYHEAT 1 XFEESESG . SVM BRIk 227 ST IRV, J NN & A R GETHRAE (B
PRt ZE . BRIR/IME) o BT AL (R A B IR 5E 5 208 S 4l 4 N d-AT DS, AT FR bR 3P 35 HE
H.OREER. EHAZA FL 2 LB A RS R S . SIS Rk 1R,

Table 1. Performance comparison of different models

1 BB EER

Algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%)
SVM 93.99 91.25 95.02 92.67
LSTM 95.03 92.80 92.46 92.10
CNN-LSTM 94.62 91.77 92.73 91.09
SE-TCN-Transformer 96.73 97.02 95.54 95.43

3.3. jHEhsCIE
AT 5T SE-TCN-Transformer P93 &-AEE TRk E, FRATETE TIZ8 BRI E AR, 2558k 2
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Bz

Table 2. Results of ablation experiments
2. HRLSLIOLER

Algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%)
Transformer 93.55 92.32 95.38 93.47
TCN-Transformer 95.23 94.37 95.32 94.28
SE-TCN-Transformer 96.73 97.02 95.54 95.43

4. g
4.1, ERSEE SIS R 4

SIS LR, ASCHE Y AR RS A E A R (Accuracy)ik 1) 96.73%, AHELTALSE SVM Al LSTM 43
AR T 2.74%F0 1.70%. SRS, fEERALIEMEREN F1 28 b, ABALAF| T 95.43%,
BZLT CNN-LSTM [ 91.09%, #2TFIEEIE 4.34%. CNN-LSTM ARG A T HF SIEIR AP L 2% 1A
#, (HELLEE HuGaDB X Pl & 38 4 5 i A5 38 Bt S 52 A B i 3 O BUR AR I, RIS T — 3@ A
Fasetk, SECREHRMA BRI FH. #Hb2 F, SE-TCN-Transformer FE48 SE BEHL} 22 38 38 RFE ) H
T8 B 3% LA Transformer 4 R if PR AR R 155 RE 7, Bl 1 A AER 5 & AR MM T, UEH 1Ti%IR
B R MITE AL T AT 2 23S 0D A B B I e

2l R B FTRE R E 3 fion, AL “ALR” BRI HERG R ik 97.34%, Xt “HEAL” iR
AZETNIEF] 96.36% . 1X — R IR A T30 5 M DL PR I RAS AL 48 LSTM B, X — R FEHT) T
PR F 3 5] NI 22 R TCON AR, AN [F TR P4 48 (RNN) AR ) “I0 238057 18, TCN F R i
MR & RIE RS2 ET, RRU BB HE 2SR AT U 5 2 1 I (8] FF ey AU 3ok B S AR RRAIE . [FIR, SE VR
I B E A T AR AL Bl R A T, (AR AR AR I A e 1 AR SR REAR L v B A B
FHIE R X O = B RS HE R, X TR A B TE R AR Bhid B v i e Ve S i 1 2 G 2

Accuracy%

001 046 004 003 330 268 094 =

Walk

- 0.00 0.01 133 1.58 0.00 0.00 0.00

027 0.34 139 121 041 040 0.00

- 0.00 294 0.70 ELEM 000 0.00 0.00 0.00

Sit

Std

StUp

True label

0.00 1.64 1.02 0.00

StDn

- 40

- 2,67 000 0.38 0.84

UpSur

-20

- 245 000 036 000 001 1.68

DnStr

£- 058 0.00 0.02 0.00 001 0.00

Walk st std stUp StDn UpStr DnStr Run
Predicted label

Figure 3. Confusion matrix of the SE-TCN-Transformer model
3. SE-TCN-Transformer ;& ;&%8&
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4.2. jHRESELRYZE RS HT

T8 Fil S8 DL Transformer A58 BEHE, MKIKGIN TCN BRI SE bk, ik %o kb % By B A 7 HE
W KRR, BREE K FL 98 LRI 2 FiR), 456 REH A 3~5 FioR) o i B 7E AN
A B AR > 2P RE

SIS RN, Bl Transformer #5281 B AR 2 25 /bR 7 AR 168 70, (EAEDASE F I HER 200
93.55%, H.EALHE R FHRFAER R B — & 1 R BRPE. @it 51\ TCN #iHey# TCN-Transformer 5445,
PR HER A 4R TT 25 95.23%, MK T 1.68 DNEH M AL AEWRY F1 -t AliETt 1 2.05%741 0.81%.
X—HETHIE T TCN FEERIEIRBUE A W R s A B A I, A 8R4 T $— Transformer 7£J5
IR EIA L . fEUREERE L, B 2PRlS SE MR 1ML S 1) SE-TCN-Transformer A5 74 7E & I 48 b
R RRAR, HERR R AT S 96.73%, REFRIEE] T 97.02%. XK SE HIHUE LT i N E bR e
FEMIEALEE, R IhINE] T R A R IR G T OCBE R IE R IARE Sy, IS R I R R S MR A S B T
JR I KR

N T RS A B AR YO R E R AR B S EA, XPEEE 4 (Transformer). 5] 5 (TCN-Trans-
former) 54| 3 (SE-TCN-Transformer) (7R 6 FE AT LRI, HERU7E 5 VRIE D S M E S S E L IPRRE B3
W FEISENFARAE S BEARBAR “ B/ NEERR” 5 “ATE” 2o, B Transformer BERYAEE B 2 )R A
WG, Bk 3.37%0) “ THEBE” BEARA “ATE” o Ml G AL I TCN 6 & & ph i Re i i $ B LA
J SE X SCBEIEIE I INBL, B IX — R IR AR S 2.45%, [AIIDRE RS 7 250 i AR I HEf 2 M 93.88%
PETF % 95.49%. BLAh, TE “UinL” X —ERASSIERIRSE] [, SE-TCN-Transformer #5544 2k fift v 7 B A5
TR PR AR A/ NS A 1T S S0P R ) I, R HE R R A 93.67% Kl #2 7+ %2 95.98%.

Accuracy/%:

e 9228

0.00 0.33 0.00 0.00 2.88 298 1.61

Sitting -

YX0L 0.00 1.43 248 0.00 0.00 0.00 "

sunding- (0,52 0.00 BAXYAM 2.07 1.28 1.76 0.70 0.00

sandUp- 0,00 2.60 1.01 BI¥:AH 0.00 0.00 0.00 0.00

True label

sitbown- 0,00 2.13  0.49  0.00 EFAH] 0.00 0.00

-40

Upseis- 3.28 0.00 0.27 0.13 0.07 1.66 0.27

Downsais- 3,37 0.00 0.35 0.02 0.02 20

Ruming- (0,77 0.00 0.05 0.05 0.00

¥ < b & & < © ")
& & & > ¢ o o
& = o o & «® & &

Predicted label

Figure 4. Confusion matrix of the Transformer model
4. Transformer Ei&%EpE

ZEAXT =256 45 B, SE-TCN-Transformer &7 AH Eb T3 1 Transformer #5574, 76 R E Bit-42
THT 3.18%, FEASHHIZE L RIHRETE 1 4.70%. WHRERSLIG R /IEY], TCN BEH ) R HARFIEIRINGE /1 5 SE £
YRR T e e ie 3l R IAE S5 v BoA RIEFIO TLAME . P93 B E LR A (5 15 A5 Y IR Rl B Jt bf
AR, XORESREERBERHE, A R 7 B AP RS R 7] B
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Accuracy/%:

Walking

Sitting - 80

Standing -

60
Stand Up -
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-40

Up Stairs -

-20

Down Stairs -

Running - ] , .| A . 0.05
' ' ' : ‘ V -0
& «® I & &
« @ & & &
S
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Figure 5. Confusion matrix of the TCN-Transformer model
5. TCN-Transformer ;& ;& %B5%

4.3, IREITT RS

N T 13— B BAE SE-TCN-Transformer #8175 20 & RFIEFRE_E (W3 AT e, R FUAS [RIE Jk AR I i
Ntz & KR A K T ERAE R, AT 51N SHAP kAT AR 40 4. SHAP 3 T&1Egeie, @it 5
ANRFAE AR R TR 25 R (I b ok, mfh 7 S AL S IE TE Y FE

431 ERFHEEEM SR

Global Feature Importance (Mean Absolute SHAP)

LT Acc XA
RT_Acc_X A
RT Acc Z
LT _Acc Z
LS Acc Z4
RS_Acc_Z 4
RS_Acc_X
LS_Acc X
LF_Acc Z
RT Acc Y+
RF_Acc_X A
LT_Acc_Y A
LF Acc Y A
EMG L
LF_Acc X+
EMG R -
LS_Acc_Y A
RS Acc Y +
RF Acc Z 4
RT_Gyro_Z -

0.000 0.601 0.0‘02 0.603 0.(;04 0.0‘05 0.606 O.dU7
mean(|SHAP valuel)

Figure 6. SHAP global feature importance summary
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Figure 7. SHAP feature contribution distribution
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