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I TR (IS W v, BT E0E 3K S B SR 12 W7 VAN 75 B T AR R I R R e LR R RS e A
R BRI EE BAT S, B AT O R AR FER Tl F T 58 74 B~

W WL X Bh i B s W T VA LR 5 S KT AR SR VR L R Z n gt A ROV
AERT T AR A8 Lt IR ) A7, AL 22 SIS iR i AE B N T Re R AR R R S 11— S8 2R e e
ST, FECR &ML ) BIE S Wi 3l RGEATEARE /i ACERAVEASE, AT S I e
IXBN R I W, %R 2 W 7 R R R, T2 R T AN Tl A, ansCiEk [7) SRt —
b T VRN A E B T o PR A 2 ) R AR R S ) AL 0, FEAR IR WSR2 W AT T R I 4K
SSCHR (8] B H — bk T U A3 AT (B B BE AT LB s 20 X 48 B02:, AR R BT i WL S 38 7 &
AT RS W ) SR SRR, SCHR [9] S Bl A B 5 S ) AT LG B R F LR AT FE SRR 1)
B2, 153 T REFEIZERUR.

I8 2 LA R FIABE Tl A= = oAl v Joit 2 A Jo ()AL ) 7 R, X il 5 12 W (19 4 1 R A B 2 SR AN Iy
FETE, DRI L FH IR PB4 448 10 8% A R 0 12 T ) At SR B 32 O, BROA) 17 L 57 ) AT — R 9 A
YISCHR [10] $& H — P22 T X BT 28 HRTR B 2 ) 7V S 5 26 T 1 AR e s it AT S B2 7. SR [11]
W 2RI RIS Tl NP2 T, JF4R H — Pl T 2 AR AR A 0 2% (KR FE 2 R A5 7 SJHESE. 3
BR [12) PR H — PR T IR B R S TR FE R 2R X 28 AR A AH 45 G 1Y) L 38 S B2 W 7 v, ek Tl AR e
FERAT W%, X eI TR B 22 5] W B2 i 7 v X R B2 4 Tl R ia AT s 4E i,
FI J2 1o 20 IO 8% 1) A B 3 IS 25 SRR BE NS TCV50 22 e i 52 29 5 a3k A 7 VAT Ak 280 56 I U T 2 H 1) 98
T, TR A 8 0 284 T A Sl R R TR 25 ) S5 0%, ANASCAE DI s R b 3 T W 1 R T %) 1) R, T ELAE
W 2% JZ S &R SO E A A I BEIRAKHE, M E KRR A, T & TR 22
(I . AR POIX EE A J Chen %5 18] $EH T 98 2% 3] R4 (broad learning system, BLS) F AR B #f
S BAR. T ) RGE N — P& N Z R 3 R B SO B A ) KRG, R AU R
SIRUEHHE, o B B X4 73 S D 2R AR [ . B B2 27 > R 48 LA BE N LR 28 10X 48 D it
Ik, FLA 0T S5 46y B RG2S B A 20 o 29, g ik o 20 [0 296 388 R T R IR RRAAE -4 184 5 7 A EL R B
. ARZAE LR AN TR 2 2] 48, B 5 55 o) 4 25 DX 4% [ S 0 & 1) B N T B, 1 B B 5
3, MR T IR FES SIRE BE Iz AR RRIF AT s, A7 HLBRAM T IR B2 2% 21 I Il AR FR FEI L Sz i)
B 4L (Rl 96 B 5] — 4R, SIS R T T2 ORI . A0SOk [15]) 2 7R 2R IR B 1 o A
SVEE, WS R AL TAR R RR AT SR 2, SR [16]) M 78 T ol E i i SR E I RS
()38 i RN B2 W A, FRAE SR A A 51 & BIGIE TR A R

BTS2 Dol AR =i R Ak T B PRI AT RS, B8 MU O RE AR B S DL IR W IE AT
KA AHVCHS, AT AL 75 FH 112 W7 A a5 A 8 S T AN S e i L7 180 R o ML 2% % 2
TTEATME S WIIN, — R A BN FE A A [F B, XA SEE S BT oy 1 315 5 = R
2R, M 2 DB AR BT R 2 1) 119200 B DL, O T v D B R A (P AR TR e LR A
FEAANSTA o] /. SEBR b, T8 H0OCH AR B W3 B0 A A 50 %) A ST A2 0 AN P47 2 = ) R ) LAY

JTEIANF: FET T, AT DOE AR AR RS S O 5L, DG R A AT 7 1) ) L, n A7 gk
5] 231 Bafeng 5] AL FUIMACSR 2 20 1290 T AECHE 2T, T LA 58 SR A B £ A7 KA D B
AN B I, SRR 3 A B D7V R BN S AR T i, INERAE . RORFEAE (26271 phAk, SR
SIREEH 5 T V545 A R AL PREHE AT 47 1 e (280,

LPs LA R G RIBATHIEAMIME T IEN S LA, 2B RISIT TR A5, RISk Tikid e B
Z LOURFYE. AFTOUN B AT L Af e 257, A 218 BEWE TRk R A . Xt
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Figure 1 (Color online) Structure diagram of the proposed algorithm

TR IR 2 W TR, AN R 0N O 0 22 S 1 R B RS W B AR R T T A
T AR, FRAR AT BEAE 53— Fh O RS W R R 2 BO~32 fhafix — ), dnfrr g 2 A R
W2 AGRE IS T 1A A T BB R SE PR AR B S S 18] B B 7 V2 A AN R B L 28 S AN [R] 7
WA (HIX BARS B E I IZ B B TAEEAR 2. B r, AT DA F O T B2
BEAT 3 BT & — P A R 7. 3B SR N — Fhis s, IS AE55 12 2] J7 ik, Aefs 52 IH 25090 i
PANEZ 5 R I e @, O R 2 TOLRR 2 I ieAs 21— 28 S . anSCik [33) $2Hh— M as & IE M
Yihd (transfer sparse coding, TSC) FEE JLAFIGETHXS5F (joint geometric and statistical alignment,
JGSA) R TR 5 ) B2 W 5 i, R T N IR Sh R R B2 Wrdk AT TR AL SCER [34] R H
— e B A JE IO H BRI AL BVR A T, I A ARSI ) S E AR AR IR AT, W) LI B 3R R AN
kA Bh4h, Dong &5 B°1 R Guit 4y A A0 LA 23 () & TR B, @ FC 8o A, I8 08 T REAR 2R
WERFISEIAIER, SEE 138 o0 T b2 W, i 120 b i im e a5 M 28 S ZE R ME B, FEIE I Y
35553 14 [R50 2 2 B0 0 AT VLI G5 R AT F2 908 N RS AN 8] T 52 2% 70 22 5 () S8 I 1 0
A e 8 I I T AR I BB AZ A AR R AT T AT 54, 28 RS A8 AT 10 U ART 435 R R B0 8 7 1 4 A5
BB R, BIEMIENbIERE -] (adaptation regularization transfer learning, ARTL) ¥ Hk& 4345
TEC TR TE A RN 2254 JRU: s /M RE SR rr 37381 Ry gt BT S B AR MR IR B IE B2 WAL, AT
HRAZIERBIE AR RE G R, N2 T E IR RGHHE A 2 e 2 Wi it 7 — M
.

Zi L, R B A, ASCHR A AR AT RO S T A TR A ) B R I T I 2
S, BAAREFAESLE 1 B,

(1) BX TV RIS ATAAAE I 2 oL, SR IR 7 ) IR AR e 1K) 7 V250 I 80RT B A s 8 4 gk
T Grassmann s 4EUY T35 8120 B IR, 9 5 R IE A% J7 VAR 45 S B A5 ) /L A,

(2) EEXTRTE AR e 2 J5 K G 25 A 23 A 3 O P 5 2 H AR A D in A 11 B, 2t T AP 4 200 2% A
NPT B) B AR AR TN B, B — B B A 3 T 2R A O R I DA PR RS TN S0, 45 3 v mT SE R )
PabR2s, 55 W BOE 28 — B B Rl b A0 =8R8 18R 22 e IO B BT VR R R A W] i JE B vy EL S At AN
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Figure 2 (Color online) Structure diagram of broad learning system

IR0 0, ST SERERS (0 D0 bR RN 8 G T AT, B85 T B Db S FOAS
(3) 497 IR RIS o - IOV 55 A 502 8, RS E A A1)
A S ATTLAE U0 BRI 3 5 B0, I G PRI AR Ve 4 S BB R 0 B R X AR
S FE 2 51 S LN SLFRAL I 25 ) 3 R IO 3 ., R P 25 B S A AR, S P e
I,
(4) HEFFHR P8 2% T K AL B AR e, S 76 43 00 S A0 LB RATE 7 g
BRI VR R | SEEPERSI A

2 FEFEIH

2.1 TEEEIRYG

SUREE 2% S 5], T8 S 5 2] R RTEREN LA N 4% (random vector functional link network,
RVFLN) BIZEA b & sk it S fe 2 1 sl ) 4 JR AR Y (131, BLS 4R 5 2 o, 48 RVFLN
BRI AR AR B RN A= e ) MG 5T AV R I 485 (4 N AREAE, T BLS X B AR R 347 — RVVRFESREL, I
W LS R EE N — 2, FROVFRIEZ. BLS WRHIE 2 3 588 — N BEALA B 3 5045 55, BRI o
2. SR G RRE 2 00 BT A R T SURN S 2 R 0 o BB R g, AONER R BRI
WEAFEAN {2z, e RM i =1,... N}, MNARZN {y;|yi € 1,...,C}, Hh, N RIRNGFEARANEL,
C R REARFIIAEL. B on QURFAET SR m 2355 55 20 BLS Mgtk 2 i,

T %%, BLS 3B R RRAE R A5 3 ¢ AURRAE S S FR RERAE 2, IR R

Zi:(bi(XWei'i_ﬁei)a 7;21,2,...,%, (1)

Hi, Wi, Boi AR BENLE AR B2, ¢ RAFLMERIFREL, ei RORKHLE T REL n WHFHIE
[CIsk¢

B, R IX LRI A U R R AL ERAE i, 10N 27 = (21, Za, . -, Z,). BLS KX LW
FAEALT Zn 3l AR S ME G eR B R IG5 R, W R P

Hj:é.j(ZnWhj+ﬂhj)a j:]-?Qa"',m, (2)
Horb &) NARGMEBIE R EL. (£ BLS = I B BB, tH SRS R At 2 B BUE. 38 5855
A AT LLROR N H™ = [Hy, Ho, ..., Hy,]. B WRSRHRAAE 9 ORI 9 15 RO B il — MR R, Bt %% BLS
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ATEARR N
Y =[Z1,Z5,...,Zn|Hy - Hp]W™ = [Z"|H"]W™. (3)
i th A BUE AT AP TR
W™ =[Z"|H™|'Y. (4)

SR, e T U ZR s AR RO T S R, SR IR B0 RN B SR AEL S AR HE VR R
SR SR AR, BRLHERFH 3R TR R SR Ay 340

argmin : [[AW = Y||5* + A||W]|22, (5)
w

Hrh, 01 >0, 00 >0, v Al w RIENETERL ZTAEEIR) SGERSTE A = [Z27[H™] FIRESFIET, £
JE SCEAL T /N At T I LRI, A S AT ROV IEAS DR . 25 X = 0 I, 300 i 2
B Ny d s il 8, A BRI R, B 0y = 00 = v = u = 2, K BIREAR ) R E NI (]
H5E 2 5. Bk, BLS HOERAE AT LR

W™ = (M + AAT) ' ATY, (6)
AT = lim (M + AAT) T AT, (7)
A—0

2.2 EREFS

A Rl S R R AN 5900 2888 ok 58 i ST IR 55 1 — Rl T B ML 88 2 =1 7k B9, %05 1%
4%%4%3’3%&%%7 a] DA SR vz AL e RE . ARSI EasyEnsemble BE N > 712 1401 3k 2 R
AT RRAE, I DB AN A7 1 o), AR R AN T2 A B N B A Wk o 2548, LR or 1248

AR IR AR, SR 3 Fos. BB &M IR 2 0 RIE, 1050 K
ROATEBIRELRN 1,2, K, AR HRD—IONRAE N, ASHE N |N|, R 8k

FEARLEN N1, Noy ... N1 XA ZHR-FEALEEREE @ A U BEYLIRASL KR, 56 1 MR
FEARLE N; 7256 ¢ IRMOST R R R4 N, B EA%E N = [N, Hb i=1,2,... K -1,
t=1,2,....T

£ ERRFRET, ZHSREA N, PRAEEFEAR (21,y)) € Ny B0 IRPCRER 75 NF B

MR 1— (1 —1/|N)N, BETT S, HAE T MINGTEDEDE IR et Pone FI4E0 IR
PRI REYE Pan 205N

L\ INIT .

Pone =1—-|1- = ;
(- ) )

= (1 } (1 - zézw)NT)T' v

FEGRIE S D B H AT T, REEKEGRZ | FE i D R IFEALE SR 2 7S b 2 /0 B —
TP BENE Pone WOBUK, AT AT CRAEZE K B0 FEABERAE BN R, B LESCRAE IR h kb A5 2%
R, [N, FEAFAE IR BUD SRR AR (N BEMEA KRBT, RAEK (9), Bk
FEA (2, y)) AEERUIGR TG rb LR AT BEPE Pan AR A ZE A5 HCE 0 2 BTN = B i, g
ARAF B I SR, T DLORAIE SR H b 1 2 BORRE AR L &
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Figure 3 (Color online) Structure diagram of EasyEnsemble algorithm

B2 ¢ MRRAERET RN HIMEATE N = {(N], NS, ... N} SOBBEARE N A
B NG he KNG THE Dy, 1IN Dy = N, UN. BRI IR T8N 20 B8 H AR, B -4 4L
gk, LR T4 D, AENMN, XHEE—5550 2848 hy BEATIECN S; BIEAGIZR. EasyEnsemble Hi4
— 5 KA I TR RN

il 1 — & -
o) =g > (5 ) o) =l (10

&t

Horr, gy AN o BESERRRE, hya(z) ANZREARREy d WS, e V550 2K4% by HIIRZE R,
k=1,2,...., K RRHBIREFZ).

HEFEN 2, EasyEnsemble M 2 K28 B X T 59972588 hy Eﬁ?ﬁlﬁﬁ%ﬁi, A2 XT 55
SRRV hy(x) BEAT S5 RIEPAG B AR, A0 R RR R

Si

@) = g 3237 (12 ) =l (1)

2.3 IREI
R S HFT R T R EE A G T, 40 NI AT B E NN AT B E . %%

951



LA AR EOE TR T B NGRS TR A S ) 2 LI 2 Ik

G0 H 3G 7 ) B AR A DR NIRRT B bR 1 S oA B RE R, AT SE TR 5 ). B ok
U, G AT HIE NIV P(as) FP(xy) Z 18] )8R BT B AN ek < [a] i 22 5 1), H X, X 3R
AN UE S A AR R, B

dis(Xs, Xp) ~ || P(z,) — Pz - (12)

W 5N RIMEZE R (maximum mean discrepancy, MMD) K5 (12) ¥4k MMD B ES:

dis(X,, X;) = H Zgbxl ffZQS(xj) . (13)
2=

MRAESCHR [41], 383 51 NAZFERE LA SARLERE RS W, R ORAEIE#2 7 Jo B0 B AR, 15811850
At B & R e AL H ARy

mintr(WTKLKW) + utr(WTW) (14)
st. WIKHKW =1,

o, K = [0 0], HORHUUAERE, FTRAEIRN H = Inyn, — 1/ (n1 + n2)117.

'we%%ﬁau“*u, ST I3 AT B 3 N 3 1o e NS IONT H AR I PR R 0 A 1 B R 1T e R
(), e HARR A S5 (12) R4

dis(Xs, X¢) =~ || P(ys|zs) — P(yelze)| - (15)
NEFH DU (Bayes) A, JF 288 P(xy), AT LIS 3]
dis(Xs, X¢) = [|P(2s|ys) — Pladly)| - (16)

MR (16) 7T LA, XSG H b St A7 % 08 M B B8 S 75 2 b b 2800 A, T —
W E RIS G VR B, TR R AT

FLUR B — X RIS BRI &, SL30 2093 A3 e % 43 A0 S 0 S 3 A IR, 7 B
YEIS FBRIA SISR H 3 AR, RE G B IS 5 A

dis(Xs, X¢) = (1= p) [[P(zs) = Plao)|| + p | Pysles) — Pyl (17)

Forb, p RPPEIRL, O T ISP T, SINOCER [42] TR A BRES, B L A BEEUONEESL A TR
AT A A AU 7 KA R R 2, A8

da(Qs, ) ~ 2(1 — 2¢(h)), (18)

Hor, e(h) MM KRB X ATIK Q,, Q, KRZE, WA (18) RiH5, IS FH T 1 N

dy
=1- —F, 19
I 5, (19)

Horbr, dyy FoRAGHAIEE, d. RN ¢ KR AR,
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3 FMREZE

B2 S RGN R TR L I 48 S5 A AT iR PR RE S 2T O, DR DR BLAT S5 ) SR S B3R <5
PEH M IEAER 2. O 1 BRARIE RS ROR AU B BE B A, 18 Je N R AR BGE R 22 2 I A A
22 5 /NIRRT H ARl 3808 AR o TR 5 F RIS R AR ) A7 22 7 1P R T A% 2 2]
T, WA FAE 98 B2 ST . SRR [43] GUHTIE SR H 7[RI IR0 L AR 23 A1 IS 7 71 10 58 2
R 5k, (AR 8 T IE NI 5 ) RIS AT IE R A O R O AT XHEE N IR 5 5
AR (L 2.3 /NTT), S AIERC T LA NIy —FB A SR A AN ATIERL, 53— 8070 2 2 1F o A & T,
THEAEAF BRI L E AN, A R R A E RO AT A A AT Y, PRI SCRE SCHR [43] f3E
fith bR FH 85 Bl 2851 R ) 3 A1 B8 R VEREATIERS, IF B 25 18 e B M 5 B AL SR A Al i e AR
AR R B AR A A G AR, R RN b Bt (AN PR, BEAh, D8 TSR E A T, H 5k
LG5 Y H AR OO AR, SR T RS W P e AT I e B SR ASTTE, DRIRAE T S b
RIS AT RE 2 POV AR B SRS . B0k b R, 3 1 T 2 TSR0 S R AN T AR 2 AR T
B BN RE TN SE, B Be— FEAS Bl T S O bR 2E, BirBe 5 18 1 1 Be— Db Pn R 000 v 14 Kt A1
i L, AR 2] S5 v EA BT PR O bR %, A8 R I BEOV PR SIA MGt _E, AR
TP AR WA AN B 25 73 A7 & BC A 1 ) B & NGRS 5 58 L S SRR B R B 2k Tk i R AT b
2, BAREEIR.

3.1 RMELHIBFIEZE

7 FF A0S 78 77 126 S DB b AT ST RN, 3 ey T3 1) 2 5 3o KA A BT B SR A A,
A LR 8 2 51 7 2 AR T oh i) PO AE (440, AR SO P M 26 s 773 (geodlesic
flow kernel, GFIK) KT BRH5-AE IR0 1 R0, 97 T05 25 1) G030 430 LR 425 400 20 B G A E L0 2 [ =
AL B Py, P € ROXE 28 TURIRAN B AR BN ZERE 22 0404, % R, € RPX(P=d 3 P, fIIERE
, B RTP, = 0, f#f1%28 (Riemann) FTBHIFRAER LIS (Buclid) &, M Hb2E 7 AT LABE S 41k A

O:te€[0,1] > ®(t) e G(d,D). (20)

R, 2t = 0,1 i, ®(0) = Py, ®(1) = Pr; M2 t # 0,1 B, ®(t) = P,UL(t) — R,UX(t),
H Uy € R HI Uy € ROP=D>xd FJE AR 345 21 A7 1 1F 28 F R

PIPp =UTVY, RIPr = -U,SV7T, (21)
HA T8 & d 47 FE, X ALICEN cosb;,sinb;, 0; & P,, P, Z BN FESM:
0<6; <<+ << = (22)

F MR DA R TS (R 2 R E S IR, T(t), X(¢) & t BB L MAERE, X MIGEN cost;,
sintf;. T ISEHRREA ©(0) HeAE R o(1), X izgiE LFTA ¢ € [0,1] #ATRME M ©(0)
s o) KIgERINE W oo KIORESR D 4R &, 7DD o), #3885 fky
MEBCNTEPRZE ) B 200, 250, MIHLFRAZE SO

) = [ @0 ) @0 )i = T, (23)
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Hrp, G e RP*D 2 I HRE, AT RRFHE, AT A Z HI I 5E PR R

A Ao
As As

ufpe

. (24)
UYRY

G = [PsU; RsUs|

2, WIRIER LN BARTERR, kA3 THF 2] Grassmann 25 [B] H HREAE, Hrifssf H prisknr oA
KRN X9 =VGX,, X! = VGX,.

3.2 MM ERARETUNEE

PEFE I B N A IS 2 ISR B, 8 e SR 2 25 AR o0 A& T b e 75 10 H AR S D b 28 1)
R T RRPAZ IR R, SCHR [34) BELEAE USSR £ 0125 70 2888 9 N 2R S5 B 43 FRAS AT N, {H 380
B G IIAAAE, FECLEMRZA G, SR [45,46] R softmax SRR & A K00 ¢ R I HARE, Hid
i KL HURE 5 SR 1) 5 & B T ka2 W ) f b 28 )4 /b ) KL BUBEAEIRAE N RBUR AN, S BULE
B 12 T ) R X DA L TR IR ASE A A AN~ S ) R ), 5 BOEE 2 R A H D% R I AN AT B 3 52 3]
FEARAPHT M. BT Bl ing @, AR /N1 42 H 9 I Be Oy s 25 T 8002 R 3R A5 W] 5 B2 B8 vy HLAfe 211l
PERIPAPRAE.

BBt —: F GFK J7iEAb 38 A NN T softmax 78 FEACAN U R ORI AL I 1) B8 5 2
] R4 (cost sensitive-weighted broad learning system, Cs-WBLS) KIR#3 /0 Ak, RIS YR dis it
I EB, ISR TN E AR 5 S BIRBEE. 15 FT BRI 57 Wasserstein B0
BRAFHEUE S A IS, e Aok R A SR B AT AN 1 2R TR A G 1) B A LU, 19 BE ARSI T B
AR, KA B AR2E — BN, £3 B B — R F 281R) 5C R 1 D bR S T 45 2R 1.

BB AR BRI T 2RI C R AR vy, I P HER SERT Y 10% DA RRSAE N
e AT SEE I DR RS, 4 O I P 8 5 U VR S B B R4, S EasyEnsemble 777244 1)
SRR I N2 A TR, IR — A TN — D BT I, iR sE — TS Hix
B MMD EE B EAT AL 240 Hh 25 RAE R O as, A BRI, I 24 LIS 20 Dy bR 28 Tt
g5

3.2.1 MER—: ETREXRMFEFTMNEE

N T R O A R TN i R PP A OB AN 187 i R, A 98 R = ST I AR SR e B L R
KRAE S R B BLE, %530 (5) 5N

0
win 2 [W[2 + AW — v, (25)

Horp, Q R REIBLR, 5E L Q = TC, Horhr T RINBUERE, C A BB RS Hog SN

0 Cip2 - Cip
Con 0 - Corp

C = . . , (26)
Cr1 Cr2 --- 0

Horb, €y RRBRER o IR o; AR, IBE DB RA M ER RN & T 2 HE RN
DECEREAA . TN T BT AR B R B A 0 AL FHERE, SININBUERE, theid AL 2 Ja i)
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PRI A N 2 B AR AN 0.8, DHERFEARE 1. B FEEER AT VLR, N B ARBEE K
FREEA R, AR, SRR, 5205 TR B R iRaE. 2 GBI softmax
EZ ARG  MEARYH &N

e'Wisoftmax(a(z)wbls)

70—
cls ZC 1 eszoftmax(a(z)wbl:;)
j=

Hr, a(x), wpis 73R (25) A A, W IR B, BINESHRE, B 2SR BIDAES {p1, ... 0,
Fe A FoU dn tE Fe SR SR IME, T DAMAS BRR 2 0 A OB BME SR A {pW), ... p(D}, Jorp pl@) FIRE
A C HITIIRRRE A BT Wasserstein PSR B8 2 FA T IFRE AT HI R R, G2 2IFR2E 73 A1
FIZRAFHRAEFE RS, FRAFIEAESE AR AR Ky

wE®,pD) wEeh,p®) - wp®,pl@)

W(p®, 50y W(p®, 5?) ... W(E®,po)
Ko — @, p\Y) W', p'?) ™, p ), (28)

W(p(C)J;(l)) W(ﬁ(c)’ﬁ@)) W(p(C)Jj(C))

Heh, W, p0) FoRIH—AbZ 5 [ Wasserstein FiES, i K [0 i 474 kG), FROVZERIAE K [ &,
X5 o AMEAT S, HIRRA O A BT LARoR

kz(fr? = {w(pzuﬁ(l))""aw(pfmﬁ(c))}' (29)

B LR K 15 k) Z ISR, S5/ N B IO I (I B AR S AT, R o
PR Db 8 SR EAT VI, I H 52 LRI R, SRR T A B TR MR R I D748 1h. A
PRSKBLELEIGES 1 BT,

&% 1 Inter-class relationship pseudo-label prediction algorithm

Input: Source domain data and target domain data after GFK method X7, Xf;
Output: Target domain pseudo-label based on inter-class relations f/l;

1: Use the source domain data X¢ to train the broad learning system with cost-sensitive and weighted terms, and substitute
the target domain data X} to get the output of each sample. The sample output components p;(z) and the benchmark
category correlation matrix Ky, are obtained through the softmax layer, (27), and (28);

2: Update the iterative pseudo-label;

3: while the iterative pseudo-label # the last pseudo-label do

Calculate the inter-class benchmark correlation vector of each sample according to (29), and compare to obtain the
iterative pseudo-label;

5: If the obtained iterative pseudo-label is inconsistent with the last pseudo-label, retrain with the new pseudo-label;

otherwise output the pseudo-label;

6: end while

3.2.2 MEZ: FETFEEFNEMMTETNEE

AT VD BTN P AR 2 R AR, AP B — 13 B T2 56 R HARR RS Y 1E A
ANV — DAL RO RREE, RN 1 A e A i D bR R I et AN i) 7 2L, R EasyEnsemble 5
VEBEATSRAR. GERHL Yy AT 10% B DY BRRERT L B 5 VR R A O BTV R Xrain, H5
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GREE PFEAREE D IR B DR, HARFOIE N Z B AR AT HE ORI, 53 Ty 4
F T4, M BLS 775/E N EasyEnsemble HX NAE—ANFEER I3 2548, FIRF N softmax
& LORAE G H MRS, T EES N RIE R )5, WIRIEE M E R, EERBERREZ G, i rEs
PR S AFAEZER. N T R TR IMZZE 5, R0 (13) 15 MMD FEES SISz 5, iRz
B ) MMD B R s LR, B BUR 2 R 75 SOZ 3R A5 3R IR, XK A S 2 AR
I3 DMAIL. FH X9 FoREE @ T8, 8 i DTS BRI R RSN

1

d(Xx?, X7) = MMD(XZ, X7)° (30)
E S @ N THES BAREIAE N
d(Xxy, X7) 31)

w; = —Tl g I
>;td(XE, XY

F pi RFRE @ ATESEIOGER, IBUG 75 KGR T UFIRA Y = argmax Y, ' wip;, ¥1%5)
RETRIAT 10% VETT 5 BE R OO AR2E, R -5 2 6 B BH A0 2 BT B I RS F O R 2B 0 F R
EROP IR, AR[ BT EAE KT S T ERE RN NARZETI A5 R, BAASCEL Sk sk 2
B

Bixaa pseudo-label prediction ensemble algorithm considering subset differences

Input: Source domain data and target domain data after GFK method X7

,X7; target domain pseudo-label based on the
inter-class relationship generated in the first stage algorithm 571;
Output: Target domain pseudo-label considering subset differences Y;

1: Use the data of top 10% pseudo-labels in the target domain based on the inter-class relationship i generated in stage
1, together with X7, as new X¢rain. Apply the EasyEnsemble undersampling method to sample X¢pain, get 71 balanced
subsets and calculate the MMD distances between each subset and the target domain according to (30);

2: Apply BLS with a fully connected layer to train each subset to get 1% classifiers;

3: Apply the obtained classifiers to predict the target domain, and apply (31) to calculate the weight of each subset to
obtain the classification result;

4: Resample the corresponding data and training set Xy, iy of the top 10% ranking labels of the classification results, and

repeat steps 2 and 3 to get the final result.

3.3 EFRMENKMEE S FERET LY JE%

KA 3.0 N GFK 5 RV B HSSREAT I 25, S5 3.2 /05 rh 4 h 1 Dl b 2 T 51
VA 4 R A T ARV, S 3 TR0 LE WA R A5 S A LA 57 10 9 P 2 51 B34 T b i
b7, FLAAEE AT
3.3.1 BAISSTEETORENHEENETEA

1 TR VRT3, A2 A A 7 1 2 B R — s AT R, 7 BA— SR & 3 s A A
T EE R AT IERS, TUAE % R B A TR -0 MMD B8 2445 545 NS00 56
SSIRG. B A BB ARERAE T, & U

C
Dy(Ds, Di) = (1= p)Dy(Po, P) + 1> D (Qs, Q) (32)

c=1
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b, pe [0,1) RPHE T, c = 1,...,C REIIE, Dy(P, P) BFMGMEER, X0, DI (Qs. Q1)
RRFKI D AER. 24— 0 aﬁwmaaerﬁ PRBSITE, p — 1 BRI LIRS, R
Fi MMD BEESX R (32) HAT UL, B B0 MHERT . K& IE A& i

Dy(Py, P) = ||E[f(x)] — Ef ()] 2. (33)
DY(Qs,Qe) = IIB[f («()] — B ({)]|[3,..- (34)

Zreratl (32)~(34), AT
C
Dy(Ds, D) = (1 — w)|[BIf (z:)] — BIf ()| + 10 D 1B ()] = B @i, (35)

3.3.2 BifFE

T RETE b s R B YRS H AR IR, K sh A P R B S AE SRS Sk, RN S5 RN
FAINAL () 75 320 Ak B2 53 28 AR Bt AN 1) . e SUBT N Bl 20 GFK J7 vk R S s H b3
i x9, X7, MAHATC (1)~(3) Aefe3 3

AT = [ZH™ = [a1(x1), - .., as(@s), - -, asse(@sre)] (36)

Horpr, A € RG> (nxcNxm) g J1m, J3 SRR RRAE T RONIS 58075 R, Ny R — MRRES b B
0 R, Rl Y Rom

YV = lai(@1),- o aope(Tore)] w1,y werels (37)
S0Py = o un 95 SUBEAT 6 FEAHOR R, BT AR M0 ML R 52 X
min J{|WI2 + AW — Y1 + 2 D,(X¢, X7) + 2Ry (X2, X7), (39)

Horr, 0,0, p RIENHLINSEL, Q NRENFIN, Dp(X9, X7) 5T 3.3.1 /N5 ik HA7 shas-F 1
B3 B IE R I, BISK (32), Ry (X9, X7) ARIBIEMALI. SRR Q & RETD> =+ )

Osxt
Q _ [lexs ] 7 (39)
Otxs Opxe
Hd, Qiyyy = QiTe, Te AEMMBUERE, HEA S 2 5 IR A2, 7] DLRAR 2 BOERFEAR IIE, Q1 2
FECIENALT, W DAZS 50 B s — i A .
Ak, 20 (38) 1, Dp(X9, X7) 72 & shaA M2/ A B & B AR ST T, 385X (35) AT LAk =35 [A)

FEES L MMD BN, N TR 2] R G, AT LA 2

2

t
_ 1
Dy=(1-p) —Z [a;(z;)w;] n—z Aot (Tsqj ) Wortj)
j=1
fc (40)
c ) §(0) ) ()
D | 2o lailw Nw] = =5 D lan (@ g)wie)
e=1||Ms " i=1 Ny " =1 Hy
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3 (40) ATLLEIE E X MMD R R 5540 N

C
Dy(X2,X8) = (1 — wtr(WTAT(X)MACOW) + 0 S te(WTAT(X)MAX)W),  (41)

c=1

Horp, € Mo NG AERCH) MMD A

MO(iaj): Ti, XTj Eth7 (42)

otherwise.

mn’

FE X M, RFFAFATERCH) MMD REFE, O 1SR AT HTE RS 1 in AL, 8 3555 18 S B0 M5 (1 A
RIS AT E R R RS, 40T ros:

Péygg)a Ti, Tj € (Xg)(c)’
Py, ziz; € (X§),
Mc(i,5) =\ Jraren ) @ € (X)) z; e (X)), (43)
T e (x99, € (x99,
0, otherwise,

Forft, P(y) Al P(yg) FoRVEHAT AR ¢ 350052, (3 (41) BATRIML, 4 M = (1— )Mo +
u >, M,, BERE

Df(Xg X)) = tr(WTATMAW). (44)
TEIENMEIR Ry (X9, X7) H, Frthill (Laplace) EFF— AT R A
s+t s+t
ZZ%HP ylzs) — Plyl;)| I (45)

AT 2R PR ARMETE AR, T UG P REAS 1) B Rz AT I AL

s+t s+t

ZZw”H% 3517, (46)

Horb, wiy RoRFEAR 2 5 oy ZIBIH SO AR UE, T LS S (Gauss) 1 eRBORBEAT KA

(47)

exp(—%), z; € Ni(zj) or x; € Ni(x;),
Wij; =
0, otherwise,

H, Ni(z) o o 1 k DIEAREES, FTAFEART A1 wiy AT DR AR R W, K AR 1) 3571
KA LA 2% f R, B

s+t

Horr, JrEMMICER Dy MY ERER D, fiif hﬁﬁiﬁfﬁiﬁ'}ﬂEXﬁ L =D-—Ww, Jnil
D~2(D — W)Dz BHTHRUELL.

958



FEB FEREE B 3% 5 W

LA (38) DARGR (45)~(48) SHL MFBLARIE, T LA 95 STHESE O IE WALy

Ry(X9,X7) = tr(WTATLAW), (49)
ﬁ\:g':]7 L e R(s-{-t)x(s—i—t)7 %X?‘j
Osxs Os
I = X s Xt . (50)
Ot><s Lt><t

RAE (36), (37), (44) F1 (49), K (38) Hefb N
minguw/u? + %HAW —Y|*+ %tr(WTATMAW) - gtr(WTATLAW). (51)
¥ B w RS
OW + ATQ(AW —Y) + NATMAW + pATLAW = 0. (52)
B 249 3 B8 B 2 51 R G i B
W = (0I+ AY(Q + M + pL)A~1HATQY. (53)

F U, TR TR 5E R, 3 BIREIERE W R H AR AT U, R 58 EERS S 2 RS
B 25 RAF 0 HARECH PR B B TH S MMD FEFE, SR R S b PR E A 2 b 5k fF, Sk
SELL RIS 3 TR

E% 3 Transfer broad learning algorithm based on imbalanced data

Input: Source domain subset and target domain data X5, X¢;
Output: Fault diagnosis classification results;
1: Apply the manifold transformation transfer learning algorithm in Subsection 3.1 to narrow the distance between X, X¢,
and obtain the data X7, th under the Grassmann manifold;
2: Apply Algorithms 1 and 2 in Subsection 3.2 to calculate high-reliability pseudo-labels, and use (41)—(44) to calculate
the MMD penalty term;
3: Apply (45)—(49) to calculate the manifold regularization term to obtain the implicit information under the manifold of
the target domain;
4: Use (51)—(53) to obtain the output weight matrix, and use this matrix to obtain the target domain prediction result;
5: Recalculate the MMD penalty term using the prediction result as a pseudo-label and (41)—(44), and repeat steps 2-4

to obtain the final prediction result.

4 EIKAEEIERIESLL

4.1 SEIGEIERIR

{5 7K AL B B K B AT R R oG, FIARAS B BB R 3T A Tk A= 85 7= AL 35 K
23 5K AR B Y 2 TR i ik B B SOMUE B H KR bR, T, BT TG KA B T2 S
BT B 4 fos. BRI RREE > =90 — QA B RRb ) WITOIRSE D IR D b R
TR W AR PR, A R BB R AP AR A OB, SE AT BT eI o A = Ak
NGRS MR AP O i AR BER BESE A RERIIBE . A HIIG RS, SRR HEA IR
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Secondary treatment Tertiary treatment

Reclaimed
water recycling

Rainfall

Industrial Domestic Primary Biochemical reaction tank Secondary

ne Disinfection|
sewage  sewage pre;g:‘"a'\ settling tank (o7 sedimentation -

i (<

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Sand washing
Digestion tank

Dewatering Sludge

treatment

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

B 4 (MEMEE) SKABIZREREE

Figure 4 (Color online) Schematic diagram of sewage treatment process

EARH. V5K KR 21 EEAFEENTEAE (biochemical oxygen demand, BOD). TR
& (chemistry oxygen demand, COD). &¥##) (suspended solid, SS). /& (total phosphorous, TP).
% (total nitrogen, TN) 5. J5/KALHS R — A2 AR MG KT LOUIE PRI R 284
A S B AR 481 5 K A B R OR S B e 2 i AKOK B S KR B ARG, — B K B FIK B 2 AR A
h, B2 G B K AL TR, BEANI KA IR R G0 AR B, EANE AL W SR TE KA B R
G R AR, Al R A B RE A . KK T RS — RN i, SR BT 05 2o 5 K ab B 72
F s LOLBEAT 2 W, NH] i B BroK st pir 2 FHER R 2 H0R 5 B 3L R IT A AT & At T 25K
REFEFLVE T4 (benchmark simulation model 1, BSM1) HE475Z46. BSM1 & PEHr 5 /K A Bt R 4% 1) )5
R ERE 6. BSML WE T 3 FASERISAT TG, 20 i I R . TR 47 40 Y A5 R R 0 A KA B

T 5, XA T TG K AL B FR A AT R . P BUR e SR 1 28 MR ERURS
%R BOD, COD, TN, TP 4 A~ Hi /KK B8 bn A8 & 8, AR SEI00K 75 7K A Bt R 00 o I T 950 1) 1E 755
0L R 3 25 (1) IE% (Normal)s (2) Bty (Faultl). (3) YK (Fault2). LIS, KI5 K& s
VEIUFIBA S | H AR AN RY RSN RS Dy H AR s, 58 3t 2686 41, b IEW A 2166
A, B 270 41, R EEE 250 41 HAREEEIL 2002 41, HAPIEHEFEA 1529 4, BEtEefdy
s 252 A, WREE 221 4.

4.2 S5 SH
4.2.1 FEISEIE RATEL LIS

Wi 7K A B I R B B SCRT R B, ANZ A M EEXT TL-BLS HEMERESEAT VP4l
H K 4% (K-nearest neighbor, KNN). #Z3Z##[A 84/l (kernel support vector machine, KSVM). HIAL
MR ST L (weighted extreme learning machine, WELM) S51E AN RIEFE 22 31 I 75 N 4328051, [FH
IS A T X PO VR 22 ST RN 5 FE 22 ST RO X ), I Ad T — ZE S A 28 Y 2% (convolutional neural networks,
CNN) {EAG e, T MBAR B LU 5 7 vk AR, A FH R 58 ) 78 2% 20 TR M AE 42 T 2%
ARTL BT BT R 2 2 AR T iR I LA, AR STk [38) A58 FH 45 44 RS e /M IR 23 2507 sUAE 9 ARTL
)53 2K 8. AR 3 Mgl N T R BEAT AN RIS J7 V5 T XS b, N HIERS BEs) 0 #i2: (transfer component
analysis, TCA). BCA 704 HIGMN /7% (joint distribution adaptation, JDA) 5 2l 2~ Al 1 H i& B
7714 (balance distribution adaptation, BDA). H T IL# X} G - ddai, M= (43) tHEIntUs
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Table 1 Main process variables affecting effluent quality in sewage treatment process

No. Symbol Physical meaning of variables No. Symbol Physical meaning of variables
Readily biodegradable organic substrate
1 Qin Inlet water flow 15 Ss3 Y & &
amount of tank 3
2  SNH,in Influent ammonia concentration 16 SarLk,s3 Alkalinity of tank 3
Active heterotrophic bacteria biomass Active heterotrophic bacteria biomass
3 X BH,1 17 XBH,4
of tank 1 of tank 4
Nitrate nitrogen concentration Active autotrophic bacteria
4 SNO,I 18 XBa,a .
of tank 1 biomass of tank 4
Readily biodegradable organic substrate Dissolved oxygen concentration
5 Ss1 19 Sou
amount of tank 1 of tank 4
6 SaLK,1 Alkalinity of tank 1 20 SnH,4 Ammonia concentration of tank 4
Active heterotrophic bacteria Readily biodegradable organic substrate
7 X BH,2 21 55’4
biomass of tank 2 amount of tank 4
8 Sno,2 Nitrate nitrogen concentration of tank 2 22 SALK 4 Alkalinity of tank 4
Readily biodegradable organic substrate Active heterotrophic bacteria
9  Sgpo 23 XBH,5 .
amount of tank 2 biomass of tank 5
L Active autotrophic bacteria
10 Sark,2 Alkalinity of tank 2 24 Xpas ]
biomass of tank 5
Active heterotrophic bacteria Dissolved oxygen
11 Xpms ) P 2% Sos o onve
biomass of tank 3 concentration of tank 5
Active autotrophic bacteria Ammonia concentration
12 Xga,3 26 Snm,5
biomass of tank 3 of tank 5
Dissolved oxygen concentration Readily biodegradable organic substrate
13 Sog3 27 Ss;
of tank 3 amount of tank 5
Ammonia concentration o
14 Snwu,3 28 SALK,5 Alkalinity of tank 5
of tank 3

I AF o A G B AR R, AR — AR 26 P 0 A& BCHE R\ JDA 1 BDA Jriki.

XFT BT TL-BLS 773, PP B bR Tl vk vhide 4% 78280 7y = 21, TL-BLS A& 1] ORI 1E )
WSH 0, N, p S 5iEHE R 10741073, 1073, XWHAHERE Q1 iE4E 107 FENINBLI LR, X 2 B E
B 0.8, /DHESAEE 1, F NI, NIV NFE o) TL-BLS Hh BN IE & 1T RRF IR 8, 45 AE
T BRI 5R T f 2, BT BLS 20 88 80UR 1 B2 RRE T AU NTY x NPV RIS 5 s 8 N 1)
SO, 7 [ S H, [ R R R A T NFY = 15 I, ASEF BT TL-BLS BEAAE 5 /K db 7
R R RS s R R 2 BoR. MERARTLUE Y, 8] e R T T R0, B S i A N
(RSN, 3 2R uErf 2 2 IS 3 5 J5 B AR I I 4, 38 NRRAE 19 AR 02 5 S0 SR TR) g 36 K, [R] BN
B2 B I Gk B, T 95 K AL TR I 55 1 Wl m o) B T ) 75 SR I A X HE R SR A T K =, BTRAAE
S P B R UE R R BN A, SR S LA o NFE = 15 I, RRET A NI = 50, B5E
1 NIY = 2000 FFRS EERC T, BTLLK TL-BLS HI45HIE N 50-15-2000.

R IR 6 FpO7EA 3 P& BT R 5 2] kTR . KNN 7592, IR 40 AU B Neighbor = 10,
A58 FE P 9 BB O s 225 T V2 3R 75 1) P o 285 DAL R 3 87 7792 I 9 380 1A 3 s B 1R 47 )1 5 KSVML J7¥:
W A RO B TR, A T BB DA B 2 TNV SRS I D b 25 DL S 383 I 5 1 S 1 28 PR s R o
AT ISR, WELM J739, 15 s 0N 2500, IBLDUE R 2 BBE N 0.8, DRBEN 1, AWK

961



LA AR EOE TR T B NGRS TR A S ) 2 LI 2 Ik

* 2 FRETSHT TL-BLS MEHER
Table 2 Experimental results of TL-BLS with different node numbers

Feature nodes NFL Enhancement nodes N3TL TL-BLS
ACC (%) Time (s)
50 500 81.87 21.54
50 1000 92.56 25.63
50 1500 93.71 30.08
50 1600 93.51 32.32
50 1700 93.00 35.28
50 1800 93.21 36.09
50 1900 93.61 37.34
50 2000 93.96 39.56
50 2100 93.46 41.29
50 2200 93.36 43.24
50 2300 92.91 46.62
50 2400 92.65 47.55
50 2500 93.86 49.23
100 1500 80.52 32.45
100 2000 90.56 42.78
100 2500 90.61 56.11
150 1500 80.87 36.86
150 2000 81.21 49.42
150 2500 90.11 61.50

B bR 2 TIE SR B ONAR S DA S 38 B 5 1 Jig 493 21 (B R B 27 25, ARTL J7ikp, iS¢
Wk [38] HH IS BURIIR I AR 2 1 T3 1 DA B350 77 2% 0 43 B 1 P46 TR 7 MMID A& § 0EA T )11 25 28
FET7 ki 3 J2—4E CNN J5i, BRI 3, MIEHEHE 100, 6 I BAOWARZE N3R5 1 Dy
B2 LA R 8GE 5 5 5 158 B R B s 34T I 25; TL-BLS 308 E 5 F R —30 N TIEWIA
SCO AT AL BEAS P4 1) 80 L PR, X e FR AR I PR UE AR R A ZE K FL A, BY Macro-F1, 53X}k
ZERUNE 3 R, AR T BRI TL-BLS SVAEAR Ty s bsi2 Wiy i gk, 240 7’ 5 B
(VR HE PR R R 35 L — W R T 2 e A 1, B 5 o Normal RoR IEH 04, Faultl R8P
i, 1M Fault2 R, B 5 FTRUE 1, W 1 HERZEE 90.1%, Mk 2 2 Wik
A 88.2%, ATHR-ISWT V25 AN W 1 23 FERE FE 20k 21 85% LA b, Wi B2 5 v2o0t A1 45 a0 i & i e
DI, 3R B AR SCHOE T 25 21 732 H A FH 928 58 S B0 M 2 110 2% 431 33 T B A IS P i
22 D) BEAT IRV E T R 0 1 A R AR ROPERE. R 3 R LUEH, B ARTL 4h, 15 3 FhiddE
NHER S 2 Ji, M BDA J7VEAT JDA 5k #ER RS T TCA J5i%, H BDA JFiEfEHER
EBEART IDA J5iZ, 2N BDA JrEN T AR B RO VE AT B A AT R T, e S AR MR R IR
R H bR 22 5. RN IE MR HESE () ARTL J57% BT FF R 056 FH A SCRT S I D b 2 7 V23047 46 1F 43
FiMEZETT 5, BTLL JDA F1 BDA J5iETE e &R EA W 35 [ &/ A& BL TCA J772:, A
TH] 2 Pt HE A5 ) v s P O PR 28 R L. K CNIN AR S TL-BLS J7 k47 Hh, CNN J5ikperE—
SEFEE LRS- (OB 12 W7 1) R, (H IR 28 2540 . 28 S 4055 1) R, (R 5 AR SC AT TL-BLS 5%
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Table 3 Comparative results of fault diagnosis by different methods

TCA JDA BDA
ACC (%) Macro-F1 ACC (%) Macro-F1 ACC (%) Macro-F1
KSVM 83.27 0.6011 86.16 0.7128 86.46 0.7130
WELM 85.96 0.6969 86.66 0.7171 87.41 0.7309
KNN 83.57 0.6583 85.31 0.6923 86.36 0.7135
CNN 7772 0.5809 83.52 0.6522 84.52 0.7339
ARTL 87.71 0.7411 85.61 0.6931 85.71 0.6939
TL-BLS 91.81 0.8576 93.86 0.9038 93.96 0.9042
0.9
Normal 0.8
0.7
4 0.6
=
o
E Fault] | 0.5
E 104
Q
<
103
10.2
Fault2
10.1

Normal Faultl Fault2
Predicted fault class

Bl 5 (MEIRFE) SERBISHTRIEEN

Figure 5 (Color online) Confusion matrix of fault diagnosis

HE N, 456K 5 Mk 3 GeigFE H, AN TL-BLS SETEA-P4 152 W v 8 #ERf
A Macro-F1 BRI L T HAh TV, #EFIZRIES T 6.25%, Macro-F1 {E#2 1 0.1631. FiT LAASL
P TL-BLS SAALEE-PEr 5 1 2 AF T S hniE A, KB I RA4F, S ik, A SCHH ) TL-BLS
WSR2 T 7V RE 0 SSRGS N 2 W

4.2.2 AR ETMNE LSS S 5

(1) —F ERAAFR UM B A SEIE 4. S T R T AR R AT G I 75 22 H bRIsibr 2 I 5% 1, RIS 7E
ASPHTHAE ) 56T T, B7 BT O AR H IR 2D R O, B FH AT 3.2 /N1 FR SRR S Dy A 28
HEATTO. 7ERE 1 BT RN RIIARE ik, TREJERH Cs-WBLS 45 H 5 TRER M IIRZE,
JeXiiZ BLS JEATHT s AUk st H VT, N3, NT SRR MEIE S R REAE T SUB RRAE T ORI
R T E R BRRIE T S D N = 15, [ N = 50, N2 = 600 1EAVIEA{E, NI AN 25 B4
SHIERE, AT SECNRIRCR A 6 B, ARE I Z A AER &R BoR, 8 NI = 50, N3 = 800
e [ i) SHe )1 SRt () RN ZRAG B, PRI B 25 R, I BRIsEIcH JE AT T, 15 21 08 bR 2 HEoff 52 h 28,
MBI RS EITE NI = 50, N3 = 800 B, D bR I ZME Bt s, AT CUEFEILR Cs-WBLS 1344
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Figure 6 (Color online) Prediction accuracy varying with Figure 7 (Color online) Convergence speed comparison
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Table 4 Pseudo-label initial value prediction accuracy

Source domain direct prediction KL divergence prediction Proposed algorithm 1
ACC (%) 81.52 82.27 83.56
Time (s) - 41.7 21.6

N N} =50,N} =15, N3 = 800.
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SEVESE SR D AR A, AL 2 EAT IR AE .

(2) ZMEZfAFRZ TN E A KIS o347, 728 D bR 25 T 56 — i B As 210 1 AT S8 1 v 1 2 1 2R 0| 5%
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W, AR RORFER, 18N B A [ X B b 28 T () 45 SR A — s s, e U [R) -1~ 8 N E06t D A
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LR B b 25 T~ SR AE B 2R 3R 5 B, MR AT 143 31 (00 OO AR 28 R0 3R AR 19 7 4 B v ~F S8 1 26
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Table 5 Average accuracy of pseudo-label prediction with different numbers of training subsets

Th=6 Th=9 Th=12 Ty =15 T1 =18 T\ =21 Ti1 =24 T\ =27 Ty =30 1T =33

ACC (%) 89.08 89.09 89.18 89.22 89.14 89.25 89.25 89.21 89.25 89.19

Time (s) 42.72 46.81 63.61 77.55 92.52 108.99 124.12 140.61 151.83 167.97
0.900 0.9
0.898 -

Normal 0.950 0.8
0.896} - _
- | - | _ 0.7
0.894 1 T 7T ! i "
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Figure 8 (Color online) Prediction accuracy with Figure 9 (Color online) Confusion matrix of pseudo-label
different numbers of training subsets prediction
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Table 6 Fault diagnosis results using the GFK method

KNN KSVM WELM TL-BLS
Data class
P (%) R (%) P (%) R (%) P (%) R (%) P (%) R (%)
Normal 85.4 98 83.9 99.3 80.5 95.2 97.1 95.4
Toxic shock 42.6 19.4 76.8 21 22.2 12.7 75.9 90.1
Foam 79.0 47.5 83.6 46.2 84.0 19.0 97.5 88.2

T KNN 777 KSVM 7M1 WELM J5i%, B BB S50, R GFK 7R3 a1 5 8 s 34T
W&k TR TL-BLS /7%, KA GFK AR FT 5 ISR A H AR T S 58, FRik F 5 kU 1 4%
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EA KRR, RN A B 11, 68 E 1B GFK 775605 K A B R Ao 3T 10 A R B 5, 7]
TR RILR) 5% LLE, R T GFK J7iE A R ein B 1 B IR A Rt
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Abstract This paper addresses the problem of multi-condition fault diagnosis under high-dimensional
imbalanced data by proposing a dynamic adaptive transfer and broad learning method (TL-BLS) under the
condition of imbalanced data and applies it to the multi-condition fault diagnosis of the sewage treatment process.
First, given the problem of excessive differences under different working conditions in the industrial process, the
transfer learning manifold transformation method is used to shorten the distance between the source and target
domain data. Then, a two-stage, target domain pseudo-label prediction method considering data imbalance is
proposed. The first stage uses a pseudo-label method based on inter-class relationships to obtain pseudo-labels
with high reliability. The second stage uses an ensemble method considering subset differences to obtain a
more reliable pseudo-label that also considers the data imbalance problem. Finally, an adaptive transfer and
broad learning method is established, with a manifold regularization term and dynamic balance factor. A weight
matrix is also introduced into the broad learning system and the adaptive transfer method to solve the problem of
data imbalance and realize fault diagnosis under a multi-condition process. The data experiment and comparative
analysis of the sewage treatment process show that the proposed method has a better fault identification capability
and practicability.

Keywords fault diagnosis, transfer learning, broad learning system, manifold learning, ensemble learning,
sewage treatment process, imbalanced data
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