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A Survey on Bayesian Filtering With Deep Learning

ZHANG Wen-An"? LIN An-Di** YANG Xu-Sheng"®> YU Li** YANG Xiao-Niu"?

Abstract As dynamic systems continue to exhibit a trend towards increased scale and complexity, the Bayesian fil-
tering based state estimation for dynamic systems faces a series of new challenges. With the increasing prominence
and new potential of deep learning in areas such as feature extraction and pattern recognition, research on combina-
tion of deep learning and classical Bayesian filtering is emerging. In this paper, we present a systematic review of
application cases of Bayesian filtering methods that integrate deep learning in different domains, aiming to analyze
the limitations and common challenges of Bayesian filtering in various types of dynamic systems. In view of this, we
summarize several categories of uncertainty problems in the existing Bayesian filtering. From the perspective of
deep learning, these problems are classified into two fundamental problems: Feature extraction and parameter iden-
tification. Furthermore, we introduce the solutions provided by deep learning for Bayesian filtering. Additionally,
we categorize and organize two specific approaches that combine Bayesian filtering with deep learning, that is, deep
Kalman filtering and adaptive Kalman filtering with deep learning. Finally, by considering the advantages of both
deep learning and Bayesian filtering methods, we discuss open questions and future research directions for Bayesian
filtering with deep learning.

Key words Deep learning, Bayesian filtering, Kalman filtering, state estimation, state-space model

Citation Zhang Wen-An, Lin An-Di, Yang Xu-Sheng, Yu Li, Yang Xiao-Niu. A survey on Bayesian filtering with deep
learning. Acta Automatica Sinica, 2024, 50(8): 1502—1516

BEE S SRR M RE R JE, i R G 2R

Wk H 1 2023-07-25 A H#1 2023-12-21

Manuscript received July 25, 2023; accepted December 21,
2023

E %K B AR RS (62173305), WITLA “oete” ., “UE" i K R
I (2022C03114), WTABHLTHRITE (2023C04032) B

Supported by National Natural Science Foundation of China
(62173305), “Pioneer”, “Leading Goose” Research and Develop-
ment Program of Zhejiang Province (2022C03114), and Develop-
ment Program of Zhejiang Province (2023C04032)

KT ZE PR

Recommended by Associate Editor CHEN Mou

LWL Tl KA B TR B AU 310023 2. WL AR A
R A B AR E U 310023 3. HLEAS ) 22 4 4 [ 5 AR S
B @ 314033

1. College of Information Engineering, Zhejiang University of
Technology, Hangzhou 310023 2. Zhejiang Provincial United
Key Laboratory of Embedded Systems, Hangzhou 310023 3. Na-
tional Key Laboratory of Electromagnetic Space Security, Jiax-
ing 314033

s R HE R e S, RGN K LI 2
RS m R AN e MR 2 IR A SRR, AR5t DL
P U0 R 7 1 AL B T SO 3k A B 1 B0 11
PR AT B AR, B ANHOE sz Bl 534k, T sl
B ARG BA WAL RS HEERE, R T
DUt S5 Jy AR N FR R PR M. G A A SE BRI
srf, RI2RMANEM B TN 26 S BEh & R 5 AF
FERSER FIANEA 52 1, MTT0 3 I A% e RS H
AT NLATLA R R P

AR, PRI S SR R AR B R )
AINHLAS B S5 AT G BRI, 51 A%
S VAN F T RERIE 9T, R R B 2 > ik
iR DR S AU — 8 L, AndA AR SRS I O



8 I

FROCEAE: Bl AR L 2 2T 1) DU H s 470k

1503

B2 25 BRI R0 A0 A5 TR R A ST R
RV AE SR IUR e 4E 8008 A0 B RE 70, AT s
R 5 2105 1 S A 48 DU B 07 ik g5 &, H
TR T —Ff s () DL S i T vk &R, BVRS IR
2 S) ) DU g k. R/R 2989 (Kalman filtering,
KF) U2 DU g8k 78 26 vk s i R 4 E SR L%
BT KEF s #5820 R ) 98 1 RE,
R 2 BTN 01 520 N A a 2% 5 2 45
&, BHZIREMAE M4 (Deep neural network,
DNN), iM% (Feedforward neural net-
work, FNN)ML JEFR 2 [ 2% (Recurrent neural
network, RNN)!" FIE 2 M 2% (Convolutional
neural network, CNN)!' & FL{E 20 42 90 44K,
Stubberud &£ R —4> 3 J2 FNN 597 g K /K 2 g
Beahia, FIH FNN SRR R #1155, DR m i
BHREPE. 2 J5, R/RZIEN S FNN MG
2 N % RAT S5 s ) gk —2PAIESE T 7R )
RIAT YRR 2. Bl B IR 2 A 28 D 2% BOR T R
R &, RlE TR L2 > 1 DU S8 45 2 3k — 8 1)
K, HN AUt 8 i 21 B2 22 W, e
bl LN NG R N I /S0 Sl K Y1
YNGR VO T EC P

T [ Jo AN () SR R R R 2 ST R R T
%, FTRUR I, %3807 V5 IEAE T e Al ok — 28 53 2% i)
R R R AT il B 2 IS W S 52 LR 1)
e, T FH R JEE A 0 ) 246 i R 5GP o 1100 B A

ik, 45 DU Hr g 2t A7 93 1 3 T 3 REASIE UK,
T4 3 SR FH IR A 22 X 24 Sk Ak B AT 38 R 38, 46
DU S i R 4 S0 R SR B N B B U, 1E
T B [0 0] P TR B8 o £ ) 24 A 2 PR MO T A8 45 L
TAE L, 45 R A DR I HE S5 S BV 5 7 5 b 14
HIEE R G, Tl Uk, 178 IR LA 4 X 2% 24T
VK E w7 M, 456 DU S8 i P2 30 Ko 1 D 2R
KA BREHLAS N, A FH IR P A 2 X 23R ) HL
BURIAELE S, 45 DU i B AT RS HE B A
RE R O R S.

I T A R U R AP AE 1 22 e, U A Al
E IR 52 2] 1 DU S P T VA BT T R K R Ak M
(LR S o [ A YR PR 2 >0 187 DL S8 s 4 T
FY, 6 i A g8 PO SR 1 e AR 5 R L, DRI LA
AR ZhA R G ARSI T E O C
LI FL AR E B S R G B R R = 4Rl S &R
g, MR BE AR IZ T R 2 2 B REAR I [R] 4 1,
MCCAATLER Ay ik R 577 30 Joe 1) LA BE o 8 o 2%
ONFERIH I ECE SR B 2 21 7 3K, MSERAE BB BB
REEBIANTE A5 B g VL, ASCRET DU
JEE, G5 A E B R A BAS RIS R R G
Y — 28 2 {3 A R GEIEBATAE I S8 ) L. A SCHY
BB HS S B L SR8 HE A, 28 L A A A PR
PETREE, 2RI AR 5 SCHR A B 7 SR . AR 30
ML FIMEZR 2 EZEAF I 1 R, 28 1 iR I
g Tk, S5 BRI R AR B RGO R
RN I3 WX L8 2 GEAFAE A BB SO A, LAIE 51 DL

-

FELE

JRRTT I

] 7 N AR
swhn ¥ | i

: TR S T4 B
% W (LB R A

Fig.1

1 REHREEAR

The structure and main contents in this paper



1504 H | 1t =2 Eitd 50 %
W vk 7 VA TG 0 R e S Bk 26 2 T IR IR FE A X — MBI R, 0 0] RS 7S (A
SILE DU g VE ], B IS S EHR AR IE 2 BNR:
0 56 3 TR 48 LR IR S 98 PO SR RE IR FE T _

g sy v o g o @1 = [, we) (5)
T8I 7 v, A A R 4 2 A ] P AR TR B 2
I DU E I O VR RAZ O B AR R R e T %, PAIE 2y = h(xy, vy) (6)

JEE7m N B REBOR DR 7 0 R OB 5808 5 4
T P AR R R P 2 ST ) B G RO T i B b TR
5 R P 5 3T [ DU JrE i VA AT J 2.

1 HRSEE

BEE QA aI A RGN H s B, YLK AL SR
BRI, UL Sring 6 im fUR 2K T8I T AR AT IR
ZVAEM. R RAR LR RS AL 2
AR R B2 T L, 45 DU P ST 8 B AR 7 SR 7™ 08 1) 6
A AT DU S RS A B A, 23 B A 2T I
T8 A7 AE P 1

1.1 DIMHEmER
R BAIRS x, MWINES 2, MRS,

éﬁuﬂ*’l‘%ﬁ”ﬁ'&ﬁﬂ@ﬂ %%E‘]HTIEHW@J Z1:t = {Z1»
Zo, ooy ze), Fe, ¢ ROREHUN A AL RGURE
itk R ARYE 21 EBCRES B PP 5 21 = {1,
@o, -, xy ). AE VU HTUEAE IR T, S R GHIR
A THE T W SRECA T ¢ I 20 PPIRES J5 30 ME =R 77
Z!ﬁp(a:t|z1;t), EE? p(ﬁCt|Z1;t) @ﬁ?%#& Ty E
e R P T E R

N3G BRI AT p(|z1,), TUH-BTIERS
VA AT T BE TR AR AE TR, B et EOR
jfﬁ’]flﬁ%j‘%zﬁj\%ﬁ P(wt|21:t—1)

p(@|zi1) = / p(@e @i |zie)dzesy (1)

AR08 DL S AR A — i By IR BRI R B, W45
(2)

P(wm Ti—1 |Z1:t71) = p(-’Bt ‘xtfl)p(wtfl |Z1:t71)

Wt (2) B PIL S KR, W

p(mt\zl:t—l) = /p(mt|$t—1)p(wt—1|Z1:t—1)d$t—1
(3)
HRAE DU SR 0], =S v 25 4 30 3T I IS
T oz, PATHEHRAE, IR T 0t E R IR A

p(xe|21:0)

p(xt|zl;t) _ p(mtazlzt) _ p(xhztyzl:t—l) _
p(z1:t) p(2t, 21:4-1)

P(zt|$t, zl:t—l)p(mt|z1:t—1)p(z1:t—1) _
P(Zt|21:t71)17(21:t71)
p(zi|)p(xe|21:0—1)
P(Zt|21:t71)

o, wy Moy 7359008 ¢ B 20 08 3 7% F0OUE ) i 75
FO) RSB, h(-) VIR, X TR
A (5) H1(6), RAS IR 56 56 Nk 22 43 A7 s 36 1R
oA R G DL SR S 3 AT p(w,) M p(vy) R
5E . RIDIRZS 723 [ AR R AR 3 90 A [ A7 AR A fe U 5%

(7)

(8)
s (7) A3 (8) Ik, IR HIMEHR LSRR
F(@pqr|e) RIE, [FIIF, RIRBEZR I3 AT H (24| 2,) HIAH
JE PR IS Lt 5 . DAL, B TR A S TR AL g D
IH- S P (R S BRAE T BE SR BUEI ) A B 3
%= {p(wy), p(vi), H(zil@e), F(@ipale)}  (9)

Horp, 28 © o T 5B DU rig e, i, DUt
HriE e A TEREBGR T B ROHERAAR . X IR Dl
ST I A REIE AR T 0 R GUIR S FE AL AR A
DBERY ARSI A, X0 T R 2% 4R AN AR E 1Y
RYUR BA IR KRR E. K, SEhrshs RS
M 7 A 5 A AR st F) R 75 0 AT A AE AN — BN 1
UL, K5 BB R B SRR

(@, wi) = p(@ira|ze) & F@ppa|e)

Mz, vi) = p(zi|xe) < H(ze|xe)

1.2 Bl
FESR RN A, R B2 52 48 0k AR AU e
BV vy ST e 75 o ) T AR, B
Tip1 = f(@e) +wy (10)
zi = h(zy) + v, (11)

Hdr) £() A h() AR ZE M s %, I A
w, LR 7S v, 2 A BT HIME N 0 B i A
We HLPM T Z 09 QA Ry AHNEHE, 2 1.1 Y
TR ) G S WSS S B,
Be ={f(), h(-), Qi, R¢} (12)
BT O IRAS 25 AV R (PR Al 1 ol 2
) MR SRR, I8 ATE BN T R E R
XF, KF ] 3 2 AR RS AG . 24 f() M A() 2
IR ST AR LR, KF BIAELRPEAR TR I7 7%, Wy e+
IR 2 PEW (Extended Kalman filter, EKF)"" F175
R IR ZJEP (Unscented Kalman filter, UKF)!"



8 TROC 2288 RE TR LA 2T B DU g it i 1505

ST AT BE BT Hb 5 BOIR A AGTHE 5. BRAk, Xt
BNAS IR R AEAE () RGBT R 5 e 75 S
HHNEE ), BT MRS T AT AT A B gk
A R RTT L, BN, S5 50 2 AR TG A 43 HE T
B PR R AR S TV F TR E R BE R
SRT, B (5 SRR AW A, IR 2 380 N
F AT AR AW F B AL K EE . B R fE
5 A PR AT, RIS, TG — T A ) L gl
LAt RIS HL S 2R SRS E
P i) S

1) st ARt A7 T PR sh & R 4
H 2 f() R A() RIAELRERR R B s i, ARGk T
U ACL AR B (R 26 1 R IR 2 I R 5 7 AR K R oA
W2, NI PG TR R TR, 15T R AR
(8 7925, R 00T T M DA i 1A
FERITH SRR

2) RENSH. —AE T, £() M n() FIZE
I ALEE ARy U e SRR — BN, R
SRR I AAAAE R & I E . F, BT
TELEAR 2« J2 00 AK0 50 A (W 5 S5 TR R R0 ) i
L ASE ) 0 A7 A 35 R 7 B ) AR A2 2

3) mYEE. BEE L BB AR TR R, WG S
P e o 5 AN AT 2 P ) H 25T R i, e T
B BARERER R, K BB Bt 2 B AR AL B (S
B, R AR G 07 v A DL R S 2R G WA
BB,

4) ZHN. & REFPRESED T FRE A5
BISAT RN T Re & Z RO R i2 sh s s, Rk,
MECARIH B — R TT 1R £() X RS s AT ARG 1
P[] R 3 DA 5 22 iz s 30 6 e 2 8 HL sk
B A A D) 4

5) FENAS. (ER R AMIREE | o A2 0k S A
0 et 7 e A AR AL AN, RGOS T
AR AT BE A AE ROAE, RIDIRASHERE R8T £() BB
H U SCRIVE L. R, TG S AR SRS
By ] 8.

WP 2 fiws, 13 1] K 22 A A AR A L AH B
B SRR RE, X5 AN M ] RO SR LA 9
NP REEA ] i S B R AR SR . b R A
SR R T S EER VO, T 4R n T
EER NS NI ) N A = W ) Py 1 - |7
B R SIS € ST 1 S N N
ANFEAR B FZ R UIN, 48 2480 DL g8 %
D5 i BT T G Bk AR, 32T 40 BT A TR 2 ST A R
TR D B R A N . e, A 2 T
ST IR S A ) B, 0 I e AN o 1 ) R AT

RIS HY

B2 AN i

Fig.2  The uncertainty issues
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Framework of Kalman filtering based on deep state-space model
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