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Abstract Pedestrian inertial positioning (IP), which estimates a pedestrian’s position through measurement se-
quences from an inertial measurement unit (IMU), has become an important solution for pedestrian autonomous po-
sitioning in indoor environments or areas with satellite signal blockages in recent years. However, traditional iner-
tial positioning methods are prone to drift issues during double integration due to the influence of error sources,
which to some extent limits the application of pedestrian inertial positioning in long-term, long-distance real-world
motion. Fortunately, neural network (NN)-based methods can learn pedestrian motion patterns from historical IMU
data and correct the drift caused by inertial measurement values during integration. Therefore, this paper presents a
comprehensive review of recent developments in pedestrian inertial positioning based on deep neural network
(DNN). First, a brief introduction to traditional inertial positioning methods is provided; Next, the latest research
on end-to-end (ETE) neural inertial positioning methods and neural inertial positioning methods incorporating do-
main knowledge is reviewed; Following that, the benchmark datasets and evaluation metrics for pedestrian inertial
positioning are summarized, and the advantages and disadvantages of some representative methods are analyzed
and compared; Finally, the key challenges and difficulties that need to be addressed in this field are summarized,
and the critical challenges and development trends of pedestrian inertial positioning based on DNN are discussed,
aiming to provide useful references for subsequent research.

Key words Inertial measurement unit (IMU), position tracking, neural network (NN), pedestrian dead reckoning
(PDR), autonomous navigation, mobile devices
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Fig.1 Pedestrian inertial positioning paradigm
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Fig.2  The organization structure of this paper
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Fig.3 Strapdown inertial navigation system
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Paradigm of pedestrian inertial positioning based on neural network
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P, WFFEN SO IR 22 A 2 A5 A b 5] N 25 Ao
RN, Wang S50 $2 H—F0 ] T47 AT
AR TA) 7 B R A M M 2%, I CNN $2 52 [A]
FRAE, R LSTM i3k 4 Jm i (A3 &, FEH FH B 18]
R AL LSTM 7™ A 1 B s8R 245 #E AT AL
Zhu Z5 P9 A — i I8 (Normalization-
based attention module, NAM) Fl A HLiE & 7745
Bt (Convolutional block attention module, CB-
AM) U2 5% 22 N 4% ResNet 1, DU 58 [0 26 X6 38
B (ALK 2% ST e 0, SRS RN BiILSTM ARk
A DAL 55 M 2% AR KBRS 22 ST (I RE /). 5 RoNIN-Res-
Net #HEE, ZIT LM~ 771k % (Root mean
square error, RMSE) {HF#K T 1.495 m, uE# 1 1%
JIER SR & T AT NGBS HIFSFE. Chen 2507 U
TE I [ P 2% N T Res2Net ) #ibh i Sk$2
ESCSH AR FE AR AR R, L I 288 Gy B A AN B 1)
FRHIEZRZ, LUK A e 99 2 F00 1) o7 &2

BT, B R0 PR BT 5K ) R AR
RE /1. PP A Re 1 5Ty Rt gt — D4R T TR
PRE 254 (1) 27 21 e 70, U H R AE AL B SOA H A4%
&SI R R . BTk, R 25T TAR 46
A B R IHUE R ZR IMU & 7E 25 (8] A 5]
4 FEE BN UE S DU TR I RIER R, Rao
G SR — R E AT BE R B, T
IMU Wl & 770 R E 2D 3l B ATEILE. 128
A B A 42 5 2 BIE R ZT € RoNIN-ResNet, i#
Ao R RO R AR R I 2 ) SR R A ) B R SfE B R
s R AERE /7. ok, IR A Transformer® fi#
a8 i 2 SkiE R ), it — DR X B A R S I
B HR RS e, B AN E I 2555 21Kk
P 2D W ) 5 2 A R AR B SRR AR
AA ] DA% HH AR XS A7 B, AR A 3 4 X6 i 7 38 75 A
AL BT ZAHE. Ak, Herath & f5 A
A5 (1)32 B 5% AL A [ I TB) FTAS [ A7 BB A BhRe 1,
A DUR HAE 9 — P R N E 5ok e X AL B &
XPIX — RV, ZOCERE S R PR TR R AR
J&, AR5 # LT Transformer ) DNN HE 225 3
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&R BN AT B
S B FT PR E AL 1) TAE C 2 HUS —E 1

BE R, AKX L 5 3 e BE AR T B0 5 T K A5 A
Bl e B 4 R AR AR R . N T AR RN E] L, Sun
S0 R — AW B B A TR, B e B
DI A0 B RRA I i Al T B T 1, Gl R
NS B T 16 R RS A58 4 030 T e 38 4 Jm A AR
A, R XA AR BT BILSTM [f &
BB, Iz 2 i I 25 DL MU RS BT I ARLRS 1%
FERBEAT SEAL. LIRS RERW], 5T ResNet K77
ML, IDOL AT LASRAS 50 #EAf 0 € RLRGRE . BRitbz
Ah, Wang 1% FeT DNN SRAHE W7 AR AL BR R H
1T EREE, IR AR MM 5 AR &R /R 2 I8
(Invariant extended Kalman filter, IEKF) fH45 &
SR AR LI A ik 22 v F e s

IREEAE 5 ~ 10 min KT & 88 FHLHAT
N BRIZEERER I e, 46500 3032 1R 22 2 7 RE A
3~ 6 m A, JRT, HREVEWARAE — e phik:
AT BT A& B PR AL A& — > SR8 fr) e, 2o T fi] B
A RECIE AR MBI R A AR L BAR R
TR T EE R I R A, B,
VI 1+ a 2 T - R NSO =R VAR RTeA ¢

2.2 FhESUSFNRAMEIRIEENR

H A% G (1) R A R IR AT NS 2 7 T I
PIRHE R A7 NSRRI AMAE, & PR (B35 5
A~ BB  AEWE S T R DL RN AP AT T 1)
¥ FEOPKAENFIT N Z A7 2 R, 3 F 5
EN R REAFE; RIEFIIPE. PK fim.
i 1 AH AL A BN IS B T AR 2 T BUE A R SR
B, AR X P EAE S HEMH. ATk L
b L1 N 5 e o i S DS 2 SR U 2SN
ZERARAAT NV 8 O AT T A 223K, B HEAT
ANFifZH#ES (PDR 4+ NN) MIZE#HEIE (ZUPT +
NN) Hfh 7. B 8 M 9 435l R T W R 77 1
FOERAR, AKX DL BN R IR 4.

-IIIIIlll
g g T e

—> -IIIIIlll

BEIBAX RN

o I =P

8 PDR + NN jif£ &
Fig.8 Flowchart of PDR + NN
2.2.1 PDR + NN

ST AT N UL R SR B ALl a0t 20 Ak

i RE

ik

K9 ZUPT + NN jifz /&
Fig.9 Flowchart of ZUPT + NN

1T, IR, 85 A A B R HE S 2 i 4z
BER. AT NSRRI 550 1 5 805 4 Bz g i
XM 2R, 250 RAT ANUALHESR I F2 1At THiR
7, I SR AR AR R 22 R UL R B 532 (L RE S A
SRR, N T AR IR B ) R, B AN BRI
EH ARG SR BhA D KAl T RS AT L A A
TR R A, BE s A RO IEE RS PR e
3G W71

1) A5 A K00 AT DLy A R 0 AT A AT AE R AR
B RAE, T EE L T NS S EAME
Z 53¢ BRI A AT 2 B 2%, k507
EME LA THER R R AN DS, T gk LA n
BIEARFDE ST AR A H T CNNSY T LSTM ™
KARHUT NS I — S ARHE, FFoN RS
M ERMEEIRS. XD EE R Z S0
R AE AR i M A, (H R R4S AT A I AR A f A
KO EWAIRGI R, B, B2 —A NI
BB R BB 2 B AT AN B LA P 8. ik Han
SR 108 R Y — AN uify 1) o AT N UL HESRESE ) R OR
WAIT, B & — 13T ResNet [ 5400 2% 45 44,
AT LBl 5 25 IR A R AE IMU N 4k T iR
ZEWIBETE , AR B T o T DA R &% b 5 72 2 1
FRIME S, MUAFERAALE, D fim
Ak HEE RSB AT NS T H, g S
AL R Be F AL A A s P B = A ) 2 3 R
B, JE I =R [ R B AL 5 SR AN P
TSN, 85K, 5441 PDR LA,
PEIEMRZE TR T 0.5 m A4

2) KA THE PDR G824 AR 4, 57 PDR
MR EE RS, IR KA TR —
SE R, BN TR B T AT N B, kB EA
5] 1) F- WL 5 7 QLA R AR T 2= [ 23R S T ff ik
XL, Gu SR — TR N A B4
AT B G KAl AR 32 EALRS SE | R AR ST A
KAl TR 12 AR A ] DLIE N AS [ B LA A T
X, FEAATFEAN NG &5 BT 20, StepNet!™
f—F3ET CNN ) PDR %%, ‘& n] LLzh st e )
BRI AR, SERKESS KA,
BT R TR, B IR ELUN 2.1% ~ 3.2%.
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IR A TSRV AE DLIE R TR AT E B RIS B
T RIA X BT, ABAE R R I 5o Hor 22 2 ik B3
K. AHERIAT REBE S AL T S 80T AR R
RN RZER K. A, Wang 257 $2HH —Fh L+
LSTM M F12: 8 B 34 fd &% (Denoising autoen-
coder, DAE) K KAkt 7%, Horh, LSTM M %%
FH T 40 R B[R] AO OC 2, I M0 IR IR 488 1k A S i
N A R R I OCBRRRAIE; S8 S, SR DAE H 3l
TH o D SR RRAIE 1 [ A M R, 4 31 2 M ) SRR AE )
& B, [RNEBEHORE 2 e R AE ) B B A5 2128
K. KEMSLIG L R, 7 ER T H AL 1
Fk, BUOPKERFEN 4.63%, AT IEEHRE
N 1.43%.

SR, LA B DRI 2 B8 H H A T R RE T L
a0 (RIME RS ) 1A & S8R
TR ZE, A T GRS bR R 5, Bo 0 2 H —
PP RAG TIHESE, FROBEATE IR M 2% (Mode-
independent neural network, MINN). H ¢, $#2iH
—MET £ ResNet FI THEFEMHIT (Gated re-
current unit, GRU) [ 73 Z 12 I 24 I 2 RRAE SR X
Tk SR E, RPN 2R T 2R R R i i —
AN 22 Y5 T W B S B P 85, 1% 9 2% TT DA MAS [R] A =
HR R R 3 = R O AR AL

3) MUl TH AT LS SR AT AR 3 77 RS B
{H 2 PRRRASCIE AL A 7S 2 S BT R T iR Z 1 R
. KA 2= A R AN (], LSTM) KX}
FERROCEEA T IE . AMEIER ™. Wang 209 FI| 2
[f] Transformer P& KX} 75 AR AR 1T AL
PRz, T 02 LSTM )7 51 21 5 51 8 HEwf Al
THAT AN BT

SRT, WAL IR 54T AL 2 18] A AL A 45 AR
PG A BB AN T L SE P AT B 2 R . N T
f LI AN 0] @, Manos S5 Fi| i [a] 5 AUf0 22 R
EREERIUEE R EH#AT NG, Z SRS
JUITIHSAE 45 A, I 3 3 F g 5 ), K ig 3l ok
SRS T AR A 7R B B )
ZHE N 9.8°, SEATNVEMILIEC T 2.5°. PDR-
Net™ Z£F ResNet Wit T —MNH TR A FHUALE
T R 3 S I 28 F— A SR R 3 AT ) 2844 [ [ U1
W%, BEfEE S PDR SyERERE, HRHEEME
W2 ARER T KA )l TS E. 78 RIDI %4 4
R HsEEG &5 B3R B, PDRNet 5 HAR 77 540 LLEAS
T RSt RE, tifE 4t PDR AT RoNIN {14653 4
IR ZE S T 67% LA A 30% LA L.

2.2.2 ZUPT + NN

ETFHEBIERNL T N e RS — ke

T A I AT N ETISE ] A 457 L 3 1) 2 0ok B I 20k A
IEWMEEM RAERRZE. BIR ZUPT 1] LU Ak
SRS RIREFE, B 2S00 i F R o T F T
T B U] T B 1 R TV, B S AR IR R
1T NSME RIS T 2, 3k M 5 BOR B
BORRL. T IR IXAS ), AN AR R TR
PR £ AR Y 2 ) MR G A% SRR 0 b B e ) 3|
A FRIEANAT NAT BB, B IR 2 ) 5 K 1 HE
FESEECAT 2y 2K B8 J1% FH P R 548 ZUPT B Bt 47
9%, LIRS T EAE I AT SRR EE. N T f#
P BB #, Wagstaff 65 $& H—FH LSTM £
B 2 Tl o ) 8 A v B Al BB M S 57 R Gk
FEMI 7. LSTM i N — &%) IMU #4f, 185 H
100 /NEESE AU &5, FE4 e A ET R ) 2P K
Fi B B A E KT LSTM B fE i
M s RN BT R R/R 2. 5IE B
EREFEERNIBSAHL, 3D B iRERKT
34% VA b Yu SEB R — MR AR N 45 1)
R B RIS 7V, B AT DL IS B H IR B R AT
N (U247 PP AT A D) IR A, %
VEAR EE T ] 5 A AR IS NS 4.

1 PR AL T BT LS AT NS E 2 B
A 0 e BACR M TAR ML G, SRR, ET e
IR 28 AT N5 67 T VR Re 8 F BN HUR 28 2R
PEFFAE HIE BLAS R AR )iz s 04T A 22 57 fig
B IEfE AR ER AR ZE, IREKA e REE.
{HR MR E AR — e g 35 AN R EARESL
P 0 7 SR e, B WS AN bRy A B TH AR B
VR SR, ) A A SEI s L N R RS B P RE
1) ALk B 2 RO A7 25 [ A vk A 2 1 78
B4R, T BB E AR AL,

3  HESITE

B TSR AL, BRI SR, Ditl. PRAY
B AR E E AR I T 2 R AT AR 2
REBUAT (KA TSR 86 5 VPG T I AT B 4G, R B
BB > FWITERIVE RER AT BRI 2 AL e

BESE

BT A W 2 (14T NS 8 AL 75 AT R R 1)
FHE KA Fz A RE A SR L RS . B BT
R TS IR — M A S B R S K 2 AR LA e LN
g RET 6, LA RIDIM, TUM-VI®, OXI-
OD®, RoNIN®, IDOL®, CTIN®), SIMD®. % 2 i
IR T AT A BRI E A BN, Hpb, RIDIM,
OXIOD®, RoNIN®" & b # WL A FF $edi 4.

3.1
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o RIDI' & /M A7 NS E A7 (1 i 1 o3 P B BEFHUR AR B0 5 0 A k4 (B F

&, AR 10 BT RAT 3D BRERDIRENF e Riy L WA AT ) . A AR R O AE U
FHUIPARE AE 2.5 DI IR TSk, Horh IMU % Tango FHLAE AL AR T KD,

R ETHEMNERIT NEEE AL T ERE

Table 1  Overview of neural network-based pedestrian inertial positioning methods

Jrik: FAp A 221773 T REAE
TONet!*! 2018 LSTM g3 FRAB 8 L 1) B R 7 51257 20 IRl R, T LSTM K2 SI A 4% FEAa 15 1k AR o
L-IONet! 2020 WaveNet N FIFH B R E e LSTM KA PP HIB A 5 I AR A hs 2R N 10288
Motiontransformer™ 2019 LSTM R JE I A S T IO % R 0 SR 2 3] — N AT AS AR (3 SRR
TLIO® 2020 CNN jleged BT CNN [BE R AR RS 2 k4 3 & 9F 51 R IR 2 e S TR A A 1
RoNINE 2020  CNN/LSTM Wt H T CNN/LSTM M Bt th 50047 A 2D 38 e 1)
Wang %57 2021 CNN iy I ResNet >k 51358 B2 R /INFIES 2 £ B2
IMUNet® 2024 CNN i A3 PR PBE AN 3 5 R B e A G 25 B R VR 1 e A TR PR 2
RIO™ 2022 CNN ERRE SINIERE A5 T ZAE B R B B 5 R ISR 52 A Y
HNNTAF 2022  CNN/LSTM AR I FE B )3 AL LSTM 7= Ae A BRIk A HEAT I
RBCNF 2023  CNN/LSTM B TR FEY 22 R A T O WL 18 58 ) 45 o 3368 0 24 T RFAGE 1145 S i
Res2Net 2022 CNN Wt A\ Res2Net LRI AN FIRHIE R R
CTIN® 2022  Transformer R EAEET Transformer SR fl& 25 (B3R 7R 5 B ) E0 R IR Y
RIOT!® 2023  Transformer g 3 I 4 B S B I U 1) A SIS SRR IE A R G R 2 (2
NILoc®! 2022 Transformer flges H P — T8 1 N AAZ B AL I AT AL B
IDOL® 2021 LSTM ks H AT N E 53 77 Tl il ok AL ELAG TH AN B
Shao 2 2018 CNN ke BT IREASTIE LS DRI T 5, DR D8 1 & F
Ren % 2021 LSTM Wt Bt — R LSTM Hb 2514 8s
WAIT! 2023 CNN W FiIFH B BhR A% A IMTU 8 5 40 A TR 22 I B SR B A S R B A DR 115 B
Gu & 2018  Autoencoder =3 FETHE B H BhgmAT a8 15 KA TR Y
StepNet!™ 2020 CNN Jlog=s T CNN Zh A B A 5K Bl P 28 1 A2 4k
Wang %™ 2019 LSTM k=S FESB AL TR o in NS 53 L 4 1 B0 R 1) o ) [ g 75
Manos 27 2022 CNN B I () R0 22 RBE 1 R R SR IS B) R B BEAT i [ A o
PDRNet/™ 2022 CNN Wt H:T ResNet 5 t—AML B R FI— AN SREEE B AL 170 42 14 P [ ) o) 2%
Wagstaff S 2018 LSTM e FI LSTM AR A 5 BRI 28 KA B B 3 i R 4
Yu 2019 CNN k=S T AR I 445 1 R S R
Bo % 2022  ResNet/GRU L R S U0 24843 28 B8 SR B — A 20 VR IC M B Bl 7 o) 2%

i EIRTT AR B R SUR IR > AP,

R 2 AT NBHEE A R 4

Table 2  Pedestrian inertial positioning datasets

Hdm e Ay PRTIES IMU #fk HAA AR (k) W5 77 2
RIDI® 2017 200 Hz Lenovo Phab2 Pro Tango F-Hl 74 WL, Al FHE AT
TUM VI¥ 2018 200 Hz — PERIR RS 28 FH
OXIODM 2018 100 Hz iPhone 5/6/7 Plus, Nexus 5 FERMIE RS 158 FRe. D148, TS L
RoNIN® 2019 200 Hz Galaxy S9, Pixel 2 XL AR %% 276 SE:Si %
IDOL® 2020 100 Hz iPhone 8 Kaarta Stencil 84 SP/iAH
CTINE 2021 200 Hz Samsung Note, Galaxy Google ARCore 100 AR5
SIMD* 2023 50 Hz LA S BT GPS/IMU 4562 SE/iAiH

! https://www.dropbox.com/s/9zzaj3h3udbta23/ridi _data_publish v2.zip?dl=0
? https://github.com/higerra/TangoIMURecorder
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o OXIOD?® &% AR STk H i AT N S ik
e, Hdn e K H BT S, FEEH
a3 AR 7 K B g F AL (32222 iPhone 7
Plus), $UATIEE & FAT A 55 5 A [F) 32 2 A5 X
AR K. ZEHE SR 158 NPUIE 7 4 4H Ak, 5
It 42 ABRMEEER. HAEYILHEA 0.5 mm KE
I EAG FE Vicon 12 il He R G S m it 3%,

® RoNIN' 251k S AT AU V2 DA AT ) 2k v
P, ZHEENATE, - FrEtE s 17 AR
HHEAEFREHRZS. BEEKE 100 B17 AN#
R 40 /MY IMU f£BS3 508, FRmife 2] 5
SRNRIZZN ) 3D HSEHIE. %8R £ELL 200 Hz
(PR IRAL T 276 N7 5 1) 5 AR BAE B Hoi
WCEE P B A e, Horh — AT AL € 18 Sk
AT 3D BRER, A T LA A — A F
WLitAT IMU Eeda e, bk, ZEdREH i A —
F R A TR .

HFhERSRE
T VA 2 T A A I 2 )R AL A R
WEFE N D38 SR R VA Fa b 48X B iR 2
(Absolute trajectory error, ATE) FIAHX} k% 2
(Relative trajectory error, RTE).

o ATE: #5%F Pdk i 22 R At vH Pk 5 i i 5
SR 1A AN B Y RMSE. ATE 824 1
— A SR I BE B ARE, ANV N ) S A
bR RN AL B AT — SRR T B R AR AE.

1 & N
ATE = $ EZ H ($t —l't) ||2
t=1

Horf, om FZoRBAN PP IIRIE; 2 A2, 73R
NAE ¢ I 220 AR A T ELAT H  3SEAAL

o RTE: — il F F PPAli £l tH B2 £E [ € I [r) 8]
985 ] 5 K R PR SR S R A A O R v R AR . — TR
FEARE M RITA R At N (KZ B8 1 min) fiHES
M T SR TRV P A8 DT AR 22

3.2

(8)

1 & N 8
RTE = \l E Z || (1't+At - xt) - (xt-&-At - JUt) ||2
t=1

9)

H 75T #1228 (14T N AR e A AR Y K 2 i

Fl PyTorch 528, 34 NVIDIA RTX GPU Lff
Fl Adam MRALESBEAT ISR, A 736 24T N B AR,
YA N 2 S S EE A T AE 10° ~ 107 &

* http://deepio.cs.ox.ac.uk/

* https://ronin.cs.sfu.ca/

2, AT LA AL N\ S R e T L S B S I R Fr) 2

RERMEFEFE

3R AME D RHIERT —HARRMET L
7t RIDI $#5 4. OXIOD ¥ 441 RoNIN %#i 4=
RS, o, SR S8 T i EE SINS,
PDR DL K 5 Rl AR ME (O T 2 S A AL (4
RIDI®, RoNIN®7,

1E AT A 1 B 45 B AT DA 3 — A — B0 45
B G TERCI I SRS B G T 50 WK s

3.3

* 3 RIDI UK 4 b AT NS R for
JEXTEG (m)
Table 3  Comparison of pedestrian inertial positioning

methods on the RIDI test dataset (m)

A seen-ATE  seen-RTE  unseen-ATE  unseen-RTE
SINS® 31.06 37.53 32.01 38.04
PDR™ 3.52 4.56 1.94 1.81
RIDI® 1.88 2.38 1.71 1.79

R-LSTM®! 2.00 2.64 2.08 2.10
R-ResNet " 1.63 1.91 1.67 1.62
R-TCN# 1.66 2.16 1.66 2.26
# 4 {E OXIOD M HdhE 5 b r9AT ARt iz
JIEXTEG (m)
Table 4 Comparison of pedestrian inertial positioning
methods on the OXIOD test dataset (m)

it seen-ATE  seen-RTE  unseen-ATE  unseen-RTE
SINS®! 716.31 606.75 1941.41 848.55
PDR™ 2.12 2.11 3.26 2.32
RIDI® 4.12 3.45 4.50 2.70

R-LSTM®" 2.02 2.33 7.12 5.42
R-ResNet " 2.40 1.77 6.71 3.04
R-TCN# 2.26 2.63 7.76 5.78
# 5 7E RoNIN ik #edla e b rAT N fir
JPFEXE (m)
Table 5 Comparison of pedestrian inertial positioning
methods on the RoNIN test dataset (m)

it seen-ATE  seen-RTE  unseen-ATE  unseen-RTE
SINS®! 675.21 169.48 458.06 117.06
PDR™! 29.54 21.36 27.67 23.17
RIDI® 17.06 17.50 15.66 18.91

R-LSTM®" 4.18 2.63 5.32 3.58
R-ResNet " 3.54 2.67 5.14 4.37
R-TCN® 4.38 2.90 5.70 4.07

VE: Hodr “seen” RoRMREF NG EM B F; “unseen” Fonill 4L
R AE IR T R I “ATE? RoRgaxt HllkiR 2, “RTE” #x
AR SR 2.
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P SRS, X P2 FE 5 2 N T HER M 5
R ARG H R ZEAL R, X e e g fire 4k
T ARG . A& R S0 R G T AR
2 IMU & HAA S BN E L AT b AR
1M, 000 e S ()R ZE AL 1, SINS PRIsEEFS, o
RIRAL A B 45 . 0, PDR 24T AR e
B T AL GO 7 5, AER AN HER 0925 KA )
it 5 IR AR, FEUT NS BN ERER IR
IEAh, T ResNet 4204 B PE RE AR 2L T 18
F LSTM #1 TCN HtkRIZE Ry, B 75T ResNet
IR IMU P $2 BUE SUE B 150K fE
R TR T RiEsh i e R e s s
A Rk,

B A & ] g0, Bl E R S ST HR RN
AT NABUE 52 A7 ATk 1 A R AR 15 5 0 22 Je A4k MUY
TESBEN Fabr bAA B E T, B E B 4055 1)
BF SR AT DATE AR A3k B B b b g AN .

4 RES5RE

AR, He T2 & AT NARE € 2 2238
1 S E L AU R X I T [, — 2R
LS B Tk FEREEAR T2 R0E. BEE DT T A
WA, BLRTTVE 4 NG M R RS BT A
BB R 7% 2 AL I B AR W R At T LA T SR
I k7 28 H, EAFE LSS 5 b B AN
I, A3ARAFAE — L AR AR A R I 1), 00, K T
AR e T ik B ms DL 37 Sz A5
FEAT R, JATE Jeo 41 20047 NS E A B T
I B PR A SRJE, R A 6 1) R PR ) — ek
KT

4.1 MHEIEHIHEE

4.1.1  FHEMET

VA B TRl i T 1) AR 35 T 4 48 R 2% 7 ¥ —
AN F B A A I AR E R 7T AR A
B IMU -5 4 AR AL bR 5 5 45 21 S LA bR &R
BF, K 2 A0 T e LA I8 & Ak D7 1, 45
THERR e % 1) B, S b, B R ZE IR AR 7 ) L &
BRI T MR 33U B AR i iR = i — P
KR
4.1.2  FRME

BT 8 = ] 1, R P A X 2% Lt
SRR, Rk, BT B 2R R R A
A & FEARA e Bz ALae 71, (B2, AR
AT AR S A TP 1) B — T A
RAF AR, SFRIE (BLFE 5 . BRG . SRl

PRGN AR H DL AR AT SR ¥ FEUPKAE
ANFEAT N Z BAEAEZ 5, B, ANFE S & AT A
KAAAEZE T, M S @A FEER AT NP K iAF
TEES. 2) WA S, A FEALEN AR
AL AR 1 LA AR AEAR RIS oo, i, 47
AR 5 7 K 2 SR B R LR AT B R4, A
[F TR RE FHL N B AL RS2 A [F A
O L A R B AR AP AE 22 5, A — it 3k
P S BUE MR ZE BB B, MRz A RE IR E
TE A P R R
4.1.3 FHEREHRM

bR SR INE 2 G E2X 17 =k VA 7 o e N =
SN BEAT SR, 18 3 B AR A 5 3 SRS AR Y
FEZY Gy 2 2 2 0] DA ENEPIR A IR E R OR . (H2,
TESEPRIA R, 2 2% 0 B S M $ . B8 sh 4T A Bk
B e AR S TR RA, A EE
A2 IR 4T NIz S R s 45 1455 7 7 20, R
BB I AT N ABAS 75 BRI A0S Hh 2 AR S
TR AR, s b AR RIS S5 Mgk — 253
0T SR AL A R B N E S IR . 2 FF
AR AT R AR DA B A B4 SR (1 A [R1 485 7y 77 =0
MizaifE5m8E T RAF GAOSMRERES,
A UERFHE AT NIRAS AR5 R 3.
414 EEF“E"M

FE TR X 4% () 7 8 I AR AR KRR AR
T KR T R B AR, RIS A
P T RE B 5 B SCRERS, RIS B S 2 1A A v L T I
— PSR 1) A BIEEEEE W RoNIN, RIDI 46K
ZEET R AR TR, S AEA G A%
ERMBLG, B AT DA A [ B 0 4 1E R 22, {5
RSN ENERIS, X2 SHEEACE;
2) M 7 YR PR R A 2 45 R U AE A R i AR H A
3) 1EBE2E DL T8 IS A (] s () 47 78
B JEAT ) SREGE RS 2 R AP, X
FER AR, FORSEAA AT 2l AP
(R B A, A5 R T &5 R f 1) T GhE AR 2 1
F, BREAEART D 125, 5 FA47 NE e AL,
R BB AN BRSP4 1) ) 8503 1 i e
4.1.5 HESHEZRFEAR

LR P 25 [0 8% B R B R i e 1S AR 1 R 1 O
BT B, HR S I S5O0 v] s et 2 8 SO
B AR R] ) R R B GPU #H47 AT I R AT
W HTRERFI/ FHREELZ O REEE,
BB R — ANEAMO RS, BT L E AT BE A
G E SR A4 S (MR AT RS 0. R ik, 2
TR P A 2 X % (PG s S AR 1) e I 65 ) 7



282 =l 3 1t =2 Eitd 51 &
e TR BEA. AT R FRALR ) 1 RE B HR T 2 AL RE 1. A, B BT
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