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i B HHERZAGINRRAEENXEN I I Y W ATEIBRFHRERE
R R B K IFE e DL TR, W 5] A T E Y BR, B R R G SE S i A R B U A
— R, ARCIR M T — A4 Hl 7 BB R AR B A AL (DSBILSTM) | % 4% AL T B A 4%
AEE F AR % 09 78 % % # ) % (DenseNet ) % 11 7 DenseNet (3-2) , 52 31 % [] £ 4E $2 B Ao [
% IR T M E R K B IR 7 W % (SBILSTM) |, SE 3L it 4R AE 42 B, W & 18 3 B 4],
¥ % RE#ERBFFMENNE %A 2% E (FNN) 1 Softmax &, 523 7] BB 0Kk 45 R
Bl ZTRIFERAER BT RBAEEH T LR KA TETREEE R
AR R, BT RENER 5 B M ER AR BT R, 250 45 R % W1, DSBILSTM 4
A 7] R BEHRATOM B A % e, R A o 3k B 98.73% , A FEAR IR B 3 E

EEE 11 ms,
Kehiltin)
17, W 4 (LSTM)

0 35

S SR AS & SO T rh i B Pkl
M SR R AL EE . (1) W48 A2 R B2 4 10 G B
iR ER 5 (2) T AR i o i 2 A 4, AN
BRI A 42 718 Rene 104 513 IN100PM , J& T-HESN
THR, Wi EBIRIT B A R, LK
i N e e il ax Sl B 5 2= LT 25
PR R A 22 BOK . s R E 2T R
P, #EIN T R R AE R I 05 (B R |
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(support vector machine, SVM) """ i o /R Bl
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KL HEDE A 05 i DR AR 3 B2 B K ] SRR Y 34 )
R, S ] BB AR B I . Kong 45 AR T K
T R A B By K AT RASRLAY ) B RAG TAERL,
AR R B IR T) H B R A . Schwenzer 55
N OTBRSE T SR LRI ALZR AR (random forest,
RF) PRI SZE T BE IR 25 03 2607 1% Bk 1 B ¢
(I AE ) AL AR 5 0 7 R A R b, 1 i T
SVM REMS M\ L) 52 5 AR A5 B Jl R R L, Bk
WFFETE T EE IR S 7 THT e BB A% 27 > FH G
AR BB AN R I RCR (BRI > R
MG 1T I AR $12 JB 5 AIE i 2 AR AR 15 45 K i
Fe AR R AL N, AR FE ) R A R HLA
VL UNEE 320

WEFE ) RE T 12 A AN T R %, TR BE 27 > e AN il
FERMRM LR R BEO T, A LT R A &R
AR 2 BE ) TERLAS (2 B e AR A5 32 5T,
ARG A 9 i TR BE LA 2% A TR B 2 N 4%
( convolutional neural network , CNN ) FIAEER 25 [ 2%
(recurrent neural network , RNN) %5 IR i 2% > B L 7
TR W W 7 FH U A T B S e, Shi 4§
T TG W 2 20 0 224 HE & G 5 1 3 G 1
e T T BRI I oy i o 1 RDORS 0 TR £
TURCRARAY ]8T, Nguyen 25 N 3T HES X A 3
it a5 F Softmax 143 TR B 27 ] W 2% ( deep learning
network , DLN) , SEEU X J] HEE SRS A RO A, S
AETLAE NV I T ARSI ik ORI S B 4
W T 1 T BRSO AL, 1207 1 T fnid
AFAF=IM T, Cao NP BT —FET
2-D A BURZE [ 2 AR A/ EHE SR (derived wavelet
frames , DWFs ) [1%) 15 €54 B Fil 0 5L B 4o Wl 7 32, %8
IF T 52 2% BEARESEPE R RAE TR, Cai 5 Nl
e ny K C 12 M % (long short-term memory,
LSTM ) $ HR 22 A% R ik 8] 1 91 o A0 35 i R AR 2
FHE K S IORIE 5 i AR 455 S 1T R
PURSRBIRORTBE . SCHR[ 2427 | B2 0 T IR A1
28 P 248 R R 1 AL T 2% R 1 it 38 3 4 BB (1]
P81 P O RE A5G 2, SRS HE 3t R 1 U7 B 45
AR, A I TR T 1 JT BB VRS EOAR
P2 ST (R L 58 I e BORF AE A RE ) b A7
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FEmss , f5 EHE—2DIT, b, BIROTSE R E R
BEHIIN T, B TR 2 > (8 1) 70 L 450 s Il e 2
TEHIEOAR b i AR 56 UE B BE, kG BE RS B i T 7]
HARE PRI ARA FHRADF

ARSCR IR EE 5 R TT BB UR S PO R 5
U, B R 2 R 28 R R A 22 I 28 455 $ ) 17—
Fofr S SRS B ) 0 T FIRS O W7k . ksl
S A RV REAE AR B R, DRRIE £
SR £ P O3B, 5 R 28 ) 4% B35 ] 25 )RR AIE 4
B, TR Ao 22 0 4% B3 P T Ik 8] 7 810 R A 4
A SCAE B HE % % H2 P 2% (densely connected network ,
DenseNet ) 945 Fl1 LSTM [ 45 A4 2 45 AiF $2 B 925, il
FHRAOE A it 7E 25 8] B RET IS T 41 09 i A BRI
Z [l R 3 23 [A) M [a] [l 5% WSS 12T
TR 2 > R IE PR B JLA 523 T DenseNet (3-
2) W45 25 R HE S SR LSTM M %%, SRS, BI A%
EEHES )4 % M2 (fully connected neural net-
work , FNN) (2% #5 7] HBEASUIR AR B 90T
JEAR AL 2, BB, BT 1 i S B MERE L) n TR
JTREAGCARAS P S 56, N7 1 T VR A R 1)
REFEPRIA R JFIT R SEEMIT . fJm il 5 B
TESEIBGH BB BEAT X LT 5T, 45 R SR Bz R 2 B
A B B TR 3R AR

1 FEF3ER A

1.1 ETFREKEMERNZTEFFER

CNN HAT 3 A CH R, RIAUE =2 | Jm %
FEAN G A BRI AR AL . BRI 2% s L
ANAEXT 0 5080 78 AH A FTRE B3 22 TR B8 /9 B Rk
R VBRI BEAE R T EAR ST, BRI 4
CAEAS AL S0 B R Y RS T ), ik
IO FHR P 00 s A B S8 o R RE . o TR S
e R, AR SO —4E CNN, X T 1]
FEVEE , BTN TR 2 B T R AL 3l DL AT 6 B4
Yo VAT Dte FH T30 0 TS i 22 R Ab BRAE L, LA3R
R A G B BYRAEIE Ak e I8l DR AR 1)
R DT AT DA — 2Pl D A S8 B i, Bk
FZ N T 45 /ANRRAE 1) &, 7E AL BRI 50 B
CNN i) — 2 B BR B RTE BN A 215
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350, B BUZ ANt AL =8 AT DL i o B 7 2UaR
A7 o 8 Ao M e 1) T I 0 245 R L 5 T S v

Dense Block 1

R A BEAE P45 DR 5 Y 88, — 7 TR R T K Y
(i) RSt o ) S, 6 2 BT 25 AR ROE il , &
BORZHOAHER , i —Jrm BB E  RAE
1 Z2 MR RS R AR R T R TR Tk 22 M 2%
WIS AT LA R SE 0] 3T, DenseNet £ T — 8%
HER R AR RN BV B AR T A 2 B 2T
S HOR T T A JEAE R HAA A o B X R
TR AR SR FH 32 31 BE 4 A BOR A /D 240

{2 DenseNet %%, B3t DenseNet (3-2) [ 4%
SRR T EUIRZSHY A @ I AFIE SR ER . 181 2 45 th
T DenseNet (3-2) W 254545, B 36435 2 4~ Dense-
Block , #$> DenseBlock 22 [H] 38 i Transition % % 7F
—if, HH DenseBlock &1 7 £~ )2 AU H | B4~
JEBYFFAEIE R/NAR TR, J= 5 2 2Z TR 3 A 1 07
o MM Transition £ % 4% 2 A AL A Dense-
Block , I Hi# 1 Pooling i 4 1iF R/ NFEAK

Dense Block 2

&2 DenseNet(3-2) M& L%

£ DenseBlock ™7, £~ J2 Z [A] 1) RfAIE B R/ —
B, ] LLFE channel 4B b yEH, Bl 25080,
DenseBlock J& Il)Z B4 A 4EBE 2B K, K, 7F
DenseBlock R 1 x 1 HFZ fdit = 1H—1b)2
(batch normalization, BN) , {[& 3 frn, Hd 1 x1
B BUZ I T B 10 18 4 s> S 80 AR
PRIV S (] (17 LSS ELRE D, AT 5 1 R0 465 1)
FIBAETT . BN FHT M R 000 288 BT 3o R v N R bR
% Il

Dense Block
é > = E = =] é g > 
i - b} =l 2 =| =] ' " =
A= EETAYA S E VAN EE AR E
<2 2] 5|2l B4 k] el <|2(=]m
2 %% 2% x| % 2lelx| 2 2%
HEE K i A =
& 3 DenseBlock Z#: 2

1.2 EFKEHICIZME R EHFERE

P 25 D0 28 Xof T 546 A 30 5 75 47) 17 It
JF, AT AR P RE X A Sk A BRHIE e A S Al
FIRE 5 Z BT R A OCIR . FLA TG 1 28 I 245 1Y)
F 2 H B2 H D A5 SRS B M B e 3R, (H 475
PRI I, 2 HH AR J3 0 2 FRASE I e e 45 ) R
J3—J5 T, RNN 3R 32230 J2 OB 5 )5 g A1 — 2
5, R TG 5 2 A s [] g 4 25 17 g 8
T3 OR TG, Sl B AR A8 1 ke sy | I 2 Tk~ >
MF A Z G R . N T PR BEIH e B
FER R OIS 1% [ T 3 5 P R B2 12 P 5
LSTM AN RE % f gk st 17 % 6 30 15 )., i L BB % X
AW EME BT K EIEAZ, T 45 124 > BE
Ho

LSTM H A7 RNN #H [F] #9 % A A1 4 i (5 2
LSTM 5 A T 4850, ;T 6IE 5 i 47 R
M7, WE 4 frs, X FREAZ] e, LSTM A fil
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AT GBEET] F AR 0,38 3 AT o™

/,l(l)

(tan)
El 0,
(tan)
@ i '

t
x()

E4 LSTM 23T

TR T 1IN ) A | — I 20 4 e A
BT i B[R] P 7 B IR — gL,
YT 2055 i 4> LSTM BT Y81 T R AT AT
(1) RFR,

F" =a(bl + YU x" + > W h'"") (1)

Hrr, p" U R W' 43002 LSTM B 5T 88 s 1] (9 %
M2 S ABCE FVIEER AL, x ) 378 24 Fi s 20 1Y
T o 7 A ) AR R R T — B Y
i, o J& Sigmoid PREL, BRI E N0 3] 1
b 10T (= W R Y AN K - N S Y RSN s
ZHTHICAZ , B T BN ST I I , T LAGE 2 4
ATDREES, HATIZ126 A LSTM BTy Al
HME AT LA (2) RFRom
IV =a(bl + YU x + YW h'")

(2)
Hodr b U A1 W' 235108 LSTM BTt na [ 1 Ao A
w22 i AR AR PR ALE
LSTM Ao RS S LA (3) BT,
S = F"S{™" + I"tanh(b; + Y U, x"
+ 2 W R (3)
Hrr b U1 W 43512 LSTM PR 55 P (% A PR TTHY)
AR S ABCE PG IR, 24052055 ¢ 4
LSTM *Eouhdd b I Ta9E T LU (4) R Fm
0 =o(b! + 2 U x/" + X W) hi™) (4)

Hdr % U° F1 WO 350 LSTM BT 1T i A
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i 2 i AACE VPR . LSTM 7E45 5] 21 Hif B 21
WA S ) Jroitt—L 7 M H I 2 0% R
k" = tanh(S!") - 0" (5)
FET BRI BTG, LSTM fEf%2 > B KK #i
PE, AT LSTM MR T HARES A B R I8 T I
TS, T X 380 PP B 1 B T R DG i A2, 3
D Pr b AR G 2, 7 9B 1E A LSTM. 26 JE: 4%
A TRL G HER 4, 45 50 LSTM 9 4% v f 435 L TS o e 4
FMNBSTRIE A -1 A3 BT RDEA ¢ (A B E A 1E B
AIRERG g, PR, BRAS B 1) MR OC R ARAT AL
XJE) LSTM 2%, B T LA 3R E ) AR 0C & |, o w] LA
TR RIS SC Z . AU LSTM REAS A T 2 4~ sl
(BB AE 2 A7 AT 5B | SR 05 B A 3 ) —
)z DU 8 ST AHR P B2 Rk, Fodh— il
SrFRRETHER S IR AR, an=Xi(6) Fs

B =B @k (6)

HeZ 2> LSTM JZIE L — TR JE LSTM 1 28 1%
2 ——HMEF AR LSTM W 2% ( stacked Bi-direction-
al long short term memory, SBiLSTM) , I LA {EAII I
0 N B AR IO B2 KRR AR, 00 B B IR B
LSTM B, SRS i A AT LU 5 24~ LSTM 21534,
&5 itz A SBILSTM 25 45# . —4> LSTM JZ
i AN 8] 4% 4%, 17 FLE FHF T — LSTM 2
(R A BN . XL LSTM HE 4R o | 44 e )2 #0
Pl — A AT, A T8 R T — 2 R R
IS ) 22 00 i PP A, R 28 S R] 25K ) B e
LSTM JZ B9 % 1 9% I /E SBIiLSTM W 4% () % Hi
LSTM JZHES AL SRR 1Y, — S e 5 2 A
T RS 7 > R [RI e [A] RO b IR IR 15 5 i e 5 —

A L.
reg) *

E 5 SBILSTM WK%+



IO B A8 - BE T IR 2 o] 1 T L HBUIR 25 R A A

ASESHOT LU AR AEZS ()2 b AN 3G A7t
KON, A BT ARG (5 5 52 A R AR Lt £
(=
1.3 SEHH

B R 25 X 24 FIAJE P 28 I 245 ] AR AR SRR 4
s X T B HUIR S TR I 5 A 3 2 454
M M4, X T 200 2R A i i
JE— IR OCER R BN A x B2 3 8 SCAHY LS
KR RLGRBN Yy, WS O & b ) T H 3 7 e
W e RS, b — 2 A
FMETF—Z2mmA . BRENITHE AKX

y, =f(w/x, +b,) (7)
oy, Flx, S35 @ A A B2 2 10 H s A
Ao w! Fb, 530l FREE i A58 a2 P B
FEFMREL I, PRERL F() BN Relu PREL, W&, 42
R 2 2 e e — 2 At O ZROIR

2 ArH| A BESOR ARG EA

2.1 #HERE

DSBiLSTM 758 8 73 Sy 3 ik 12 B 2% 1 53 2 Y
2%, IRFAESEEAY #2534, — AR DenseNet (3-
2) W23 HI T AR J5 1) B4R 245 5 25 )RR S B
1M SBiLSTM M 4% B 3 FH T+ [W] J7 Il 41 ) 47 5 1) 18] )7

GIFFHEHE L, DenseNet (3-2) [ 4% 58 i JL4H ik 57 54
PEAELUNZ A0 R 2R B db BEAE 7 51 1 AH
HMAT, SBiLSTM 48 X F %54k Ak £ D) ) 2 7 1)
R 56 22 b, 25 R YRR o AR &R AR 1 52
M XS RS ECHE B CHR G &R o DenseNet (3-2) RZ58 71
SBIiLSTM 45 1] LAARAE R ik 45 B | 76 X hir 70 B 4
ARSI 5 ZE IS LA 1) 4 AP 2 25

A HTF DenseNet (3-2) SBILSTM F1 FNN %]
2 g T v 3 g 1 0 HL S BUIR AR IR i 6
7R AR — N REAE A9 4 e 23 (] B AT S 790 1
AT FR [ 2 RS A5 2 [ E] DG I G 3R | 52
PR 3 R ARIE SRR IR ) SR A WU

T AT TR R R IEAE R . EER
B B0 RO AT AL B — (e B4R, B T
DenseNet (3-2) 45 $2 B 23 (B RFAE | 25 [ RRAE S L2
JEBRFFBU N RN o SRS SBILSTM o £ £ Ji
B a1 {5 B, ASRAD DenseNet (3-2) RZSFERT 7 |
FRIESRIU AN 2 b, B4 BILSTM [ 2% (1 Hif [+)
JE N ) J2 S A [ R B B 0T . 7R SBILSTM
it 25 S — SBiLSTM Fajit S e fdi [l FNN
W2 TR ARt th . B 42 2T B R R R
TR AL 7282 (softmax ) LA T 7T HEE SR
A, A, Bl Dropout JZ2 DAk fa ik BE LA
FGIA ReLU sREbRUELEH

®1 JTIERSRANEEFHER

DSBiLSTM &7 [%44)2 iy 2 i)
Input 1 x 14 x30 000
Convl 1 x32 x 15000 ConvlD,32  kernelsize =3, stride =2
Pooll 1 x32 x7500 MaxPoolingl D, stride =2
Conv2 1 x64 x3750 ConvlD,64 , kernelsize =3, stride =2
Pool2 1 x64 x 1873 MaxPoolingl D, stride =2
DenseNet 1 x1 ConvlD
DenseBlockl 1 x192 x 1873 x4
(3-2) 1 x3 ConvlD
Conv3 1 x96 x 1873 ConvlD,96, kernelsize =3 ;stride = 1
Pool3 1 x96 x935 MaxPoolingl D, stride =2
1 x1 ConvlD
DenseBlock2 1 x224 x935 ( x4
1 x3 ConvlD
ReLU 1 x224 x935 ReLU, inplace = true
Avg _ pool 1 x224 x935 Avg _ poolld,kernelsize =3, stride =1
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LR 1)
SBILSTM BiLSTM 1 x935 x64 LSTM ,hidden size =32 ,num _layers =2, bidirectional = True , dropout =0.5
BiLSTM 1 x935 x 128 LSTM, hidden _ size =64 ,num _ layers =2, bidirectional = True , dropout =0. 5
Fully connect,bias = True , ReLLU, inplace = true , BatchNorm , Momentum =0. 1,
Fel 12 eps = 1e-05, Dropout,P =0. 5 ,inplace = False
FNN Fully connect,bias = True,ReLU, inplace = true , BatchNorm , Momentum =0. 1,
fe2 o eps = 1e-05, Dropout,P =0. 5 ,inplace = False
Classification 3 Softmax, dim =1

1 : Conv 78 BatchNorm-ReLU-Conv, Fec 37~ Fe-BatchNorm-RelL.U-Dropout
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fEFSBiLSTME 5]
2 R B RFE

ZE [E]4F(EIREUZE DenseNet (3-2)

# FDenseNet (3-2)
ZER BRI ERHE

Dense Block 1 Dense Block 2

ZEERHES

6 TIEREIRANER




IV A i A - B TR A o) BRI T BB SR AS U AAY

2.2 R

PRI S AN T B A | 25 JE AN [a] A i i
BEAB AR EUE E 22 55 R EE #EA T — AL 3 L
BEMOH A 2 20 e IRt o R 46 X (8) BEAT 0 —
e,

= (8)

0.2

HRE /g

-0.2
B /s
(a) FiafEY

Hop o, G5 iR E,

X ARG — A 4 i M A5 5, AR 25 A 155 %)
JVELEERCIRZS 1 RAFRE S, B — w7 {5 5 W
Bl 7HR

PRI /g

B /s
(b) B—Lf5%

7 BETALE

R I R B2 1, 3SR 3222 B A
B R, 5 SLh
L=-1> Y yloxp,) (9)

i=1 j=1

Hop N FORFEAR BB, M RR 0 B, v, 1R
IR (WNFAZ S FREA § 2 R e 1, &
WIEEIE 0) ,p, AWLIEEAS @ T35 j A TIIAERS
B2 —AL s, BEHLE B B UK SR T
MIPRBNE 5 FEA 1Y 80% Ry I ZR AN SRS 2 3 4
20% FIAE AT Y R0 10 5 AR L A5 fg |
SR RN A 8 Fran . FH VNSRS JT HL A
ARSI HEATIINGR R U FR A AR AS Tl b BT — b
JEIEA DSBILSTM H T JJ B EE AR A5 50 28, 31535
PR 55 00 2 1Y 52 SR % 22, BEBSR ] Adam
(adaptive moment estimation ) £t £k 5. 725 B #r I £ 1)
SR, (A5 28 UGB % pR B (ELAN IR [, 1 ASE Y
PE S T B, 5 10 % R AIOR S DA% i/ )
A W RIAFAE AU P A R 54 AT )1 2
Fez BEANEL, A R AR 240 B B B A
B IRAF BRI EE A A S RO T S2brin Tad A el

RN HII A Z 09 DSBILSTM #4554 (1) 1 A, 38 12
WE RS 2 T KSR R4 DSBILSTM 452 Y
BN R

wRaE5 BEBUIRAG
! v
Kbl ik 2 BEARAR 2 G i
I—‘—l
R REA
!
RS2 AT
!
VIE S5

DSBIiLSTM# | BUE 55T

ﬂ
v
i AR R

DK

] €poch<=200 6
DSBiLSTM# loss<TH 51
gl_]

PAT I )
Adami%

'
TIRBESORE

RIS

8 JNREHRFAANREE
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3 SRR R AR AT

3.1 LWREMRE

S B 5Y AE o Rh SRR R hr R (B S
LG65162x-2800) 4T, $iv il 7J H R FH R J2 0 ot &
& P T A A B ALS RN R 5, MR A iR AR
WA G4 FHOT . Pl bR A 14 Ak B2 14 /%
28 (H15 . PCB333B30, 2 : +50 g, REE. (( £10%)

i A

100 mV/g) 3% 88 x .y 2 3 D7 R B FE R R 7] & 1
(LI 9) , FH T SE s SR SE R TTAE I T 78 v (19 4ig 2
{55, R SCADAS TI1-305 4k F 4b B SCHT {5 5
FEAL £ F) Dell/MOO 1AM b, 15 5 W R AL A Ny
2.56 kHz, SEIR YIRS > W BEFF- & 2Rk F ik
fiENR %5 %% , InterCore i7-9700 CPU, F 4l 3. 00 GHz,
16 GBINAF, GPU 4% NVIDIAGeForce RTX2070 SU-
PER FUEAL AR . #4415 4] Ubuntu 16. 04 #:
YER G, IR S HESEE H] pytorch,

YR
gL N e :

SRR B

B9 JTEEHRIKRER

SEE R 8 AR I TS P AR, B
#1790 AN EIAHEAE S . HEITEIN T LA —UGl
H—MHHIATRE, BRI AT R A S K hoE ] R
WOR TR AT T, I IR0 b B BE 4L 1 0 4 =
JIHIRY 172 4b45 T BAF B b i

AR T BB BRI AE S S o0, 15 ) T
PN 0 ~0.05 mm B, $37 1 7B AR5 AR IR [R] P
SRR Rz BRI 73 S W 40 B 40 v B 5 e i ) T
S0 0.05 ~0.2 mm I, KL T BB AR PR, T
PRI T A K B BERI 23 g i S0 BB 45 B B 5 7
Je JITH BT 0.2 mm B, T LB s
AN TSR IAPRLRE , ) HAR AR AR A 1] P T s ik 3] 2k
RORAS | T2 S e T 5 T) V3% B Bea) o Vs i
BB, B JJHBESUIRAERI 7 3 FhEcabnas, f =
one-hot HfhIF 2% T L EEHURE A 7465
3.2 XWERESMN

SR 2R BEREA X A DenseNet (3-2) W 4% Al
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SBiLSTM [ £% |5 1 Ji 4/ B s 8] F1 B [a] b (R FREAE ) 4
AEFRIUS 4] FNN B2 F T 1 BB RURAS 4025 11
SRS PR )5 T2 28 S 1R 22, SR A Adam AR
ATE TR O 245 (A 2, (7 58 SR 48 2% BRI
A TEAN I T R, AR o000 B 1 LS, IO A
YIZREER . W, 2 T 8 5 4 b ) 38 & AR A B2 B
J7EAE ) EHARAS PN B ERAE | #F DenseNet (3-2)
A3 ZSBEALR SBILSTM 4325451 5 DSBILSTM #5574
Fxt b PN ZRad R vh 3 AR A ] ) S48, 1557
M EAASEER IR 2 s,

®2 RBBGKSHR

e DSBiLSTM DenseNet(3-2)  SBiLSM
) 0.001 0.001 0.001
P 0.01 0.01 0.01
BB 200 200 200
s FEEL 16 16 16
AL 15 0.5 0.5 0.5
A= RS Adam Adam Adam




IO B A8 - BE T IR 2 o] 1 T L HBUIR 25 R A A

S UNGRIn , A 20AN [ B R R A5 R U,

3 AR B R SR RN 45 A pR B AL i £ AN 10 BT
7~ HE 10 v]H BEE EARIKEL (epoch) RGN, 5

1.00+

0.95 1

0.90 1

0.85

0.80

iR

0.75 1

0.70 —s— DSBILSTMAX %
—e— SBILSTM## &

0.65 —v— DenseNet(3-2)1% %
0.60-L - ' ' '
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Recognition model of broaching tool wear state

based on deep learning
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( " School of Mechanical Engineering, Zhejiang University of Technology, Hangzhou 310032)
( ™ Zhejiang CHR Intelligent Equipment Co. , Ltd, Jinyun 321404)
( ™ School of Mechatronic Engineering and Automation, Shanghai University, Shanghai 200444 )
Abstract
Broaching is a key processing technology for the tongue and groove of aero-engine turbine disks. If the abnor-
mal state of the broach during the working process cannot be detected and intervened in time, it will cause serious
damage. This paper proposes a model (DSBIiLSTM) for identifying the wear status of broaching tools. In the pro-
posed model, densely connected network ( DenseNet) (3-2) is designed based on the DenseNet network to achieve
spatial feature extraction and dimensionality reduction with the advantage of feature reuse, and a stacked Bi-direc-
tional long short-term memory ( LSTM) network ( SBiL.STM) is realized for time feature extraction. Features are ex-
tracted by multi-scale fusion and incorporated into multiple fully connected layers (FNN) and Softmax layers to re-
alize tool wear status recognition. Based on the innovative recognition model, a broaching experiment of the tongue
and groove of the turbine disk is designed, and the performance index system based on the confusion matrix is used
to compare the proposed model with the single feature extraction model. The experimental results show that DSBiL-
STM has outstanding performance in the prediction of tool wear status, and the recognition accuracy rate reaches
98.73% , and the recognition speed of a single sample is increased to 11 ms.
Key words: deep learning, broaching process, tool wear, state recognition, densely connected network

(DenseNet) , long short-term memory ( LSTM)
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