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User-customized intention understanding agent for planar scanned images
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Abstract: Objective In the era of mobile internet, mobile applications are developing rapidly and becoming increasingly
common in society, thus becoming an indispensable part of daily life. The demands and expectations of users for mobile
applications are also constantly increasing. In the development of mobile applications, user intention understanding is an
important research field, which aims to provide more personalized and intelligent services for users by analyzing their

behavior and needs. User intention understanding for image input in mobile applications is a common practical require-
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ment. In image-related human-computer interaction, users often need to interact with mobile applications through touch
clicks or gestures so that mobile applications can intelligently understand users’ intentions. Traditional intention under-
standing methods mainly use a large amount of historical user behavior data to model and predict possible user intentions for
new images. However, the application scenario is faced with some challenges such as the customization problem and few
interactions, thus limiting the effectiveness of traditional methods. In recent years, with the development of autonomous
artificial intelligence, the emergence of agent technology has provided new perspectives for user-customized intention
understanding task. Agents can imitate and learn human thinking process, accurately understand users, reduce the burden
of memory and operation, and help mobile applications better understand users’ intentions and needs. Therefore, we pro-
pose to build a user-customized intention understanding agent for planar scanned images for user-customized intention
understanding task. Method The user-customized intention understanding agent consists of task perception, task planning,
task execution, and feedback correction modules. Task perception module extracts information from an input image and
combines it with user-customized template information obtained from stored intention libraries to understand the intention of
the input image. The task planning module utilizes the results of the perception module to plan and make decisions on input
image. The task execution module follows the decision made in the planning module to execute the corresponding action
and output the intention understanding result of the input image. If the user is not satisfied with the current result, then the
user can provide feedback through feedback correction module, and then the agent will output a new result, use the cor-
rected image as a new user-customized intention template image, and add it to the intention libraries. To address the techni-
cal challenges faced in building these modules such as few-shot incremental learning problem, limited computing
resources, and insufficient benchmark datasets, we propose several new technological ideas. First, a “divide and con-
quer” domain generalization method is proposed to decouple the inferences of basic tasks and customized tasks so that they
do not affect each other. Second, we achieve intention understanding through template matching to cope with new custom-
ized samples without fine-tuning, which solves the few-shot incremental learning problem. Then, we use a self-
improvement strategy to reduce the noise of intention understanding results and improve the reliability of domain generaliza-
tion. In addition, we construct a customized intention understanding benchmark for planar scanned images, providing a
data foundation for this study and subsequent research. Result We conduct a series of ablation experiments on our dataset
to clearly show the effectiveness of different parts of our agent. We compare our agent with seven state-of-the-art methods
on our dataset, including traditional saliency detection models, model fine-tuning, and visual language models. The mean
intersection over union of the agent on our dataset reaches 90. 47%, which is 15. 60% higher than that of the second best-
performing method, and the total accuracy is improved by 22. 10%. Finally, the agent is applied to a public dataset called
consolidated receipt dataset to verify its generalization ability. Conclusion In this study, we propose a user-customized
intention understanding agent for planar scanned images. Experimental results demonstrate that our proposed “divide and
conquer” domain generalization method, self-improvement strategy, and object detection parameters all have a certain pro-
moting effect on intention understanding. The agent outperforms the cutting-edge detection and segmentation models on the
user intention understanding task without fine-tuning, proving the effectiveness and efficiency of our method.

Key words: user intention understanding; agent; few-shot incremental learning; saliency detection; interactive segmenta-

tion
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Fig. 1 Intention understanding of ordinary images and ambiguous images
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25 FR A A 3 ToU I{E A VT BT, 15 W A S
F14) SEZ P 2 T DX 3 5 A v ) 8 T DX 3 58 4 DR
HON S I SN B T H AR, ) H o SR A
2)HEVERCH B KA — 47 : FR A PLECX B T ToU
IARPE U T, B — D Ve R . R
T E A DX 32 P30 2 P X3, i LA S DE e £ T 4
HE , Ry it G P | LIS gl R A I A 1T R e
T AHE A hy VT L 1% 2 A AEE

T 3k DA b R HE DG R 5 BT 1 4 DRI LA R K AE 1)
VERE w0t nT A PSR K R S B AR s S X 53
TF TR G SR AT B BEOR FHAS [ (4 7 vk 0B 47 A0 28, /D
AR UEIEAT 55 A1 H AR AT 55 BN
2.4 EHHUT

WA AT: 55 A B B AMCHE I D5 AT 55 AT B B
X A EMGCR ORI 977 20 - 5 5 A UG R T 2R3,
FFH YN S5 2] 1) S sk o3 FIBE A F2( X5 07 ) Xt G ik
T35y BRI AT 58 5, AT B AT HA D R it S U AR
FFERT s 2% A EMG R T HARB, AR 55 JL0 B B
EF‘ W@Eﬁiy} E’JT&{D‘U ﬂiﬁzyﬂ%ﬂ?ﬂi (prompt) , Fﬁ
Mobile-SAM #: % ( Zhang 45 , 2023 ) % 4% #1743 1
PR AR S B M7, TS R 20k FE R )
B FA(X 5 0% )13 B I M — RT3 4R
FHoRE g, BV AT SRAF R LA M

H AR THR IS 1 B AR T 0 R4S R Y
MR B R I A TR L AR SO BEACR: Hh K
RURIG Ge S LA i a, th T H ARS8 2 %A &
T, PRI RO AR e o AR B 4 Bt B
W S HARESS RO . A, ASCHR S F R T
SR 38 3 U R /D AR 7 i e A PR T
F 4 TSR A 11 3 RS G A BT s o A IR 22t
oy B JE 7 A P BB R RS, R0 OH AR S ECPE SE 1T =

N
o))" | st e (s o)

i=1
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B, BEHR, XBE, BER, kB, =&
TH (8 F E 3 6 E 15 ) A P E ) B E R AR R

X L X AR R o 145 L, M 3R Mobile-SAM
Xt EUR X ] AR Ry EI AR M) BRSSO —
AN 38 DI (AR S s 2 P DR B Bl o oK
M AR B A v B MR 4 Y A P X s
(%S B, (E G R A SR AR AP E MR, LT RE H 3L
S XA SR T RSO . DRI, TR M R SR
R M2 R TR B R D7 R R BB AT Y 52
B, BN % — X e 6 AH F] A AR 3R A, 19 B Rl fE
M= M7 O M T R i M ] X T
SR AN SRR . SRS AE M AR 2
JE WU R HE B by R AR, K LN AR BT 1R R R
PRI 543, LA R AL T R HE LA v 2 46 ]
ZBRHT SR IR 25 DA R AR R 13 B 2R
RHENE M, B EARBUEMR X 1 B IR SR 428

an bRk, F ST AL Rl A S AL R A
AR TEARTHRIEIMERTT , B AR B G A R
Jo i A LA B — R A B R A — g d L A
PETEAEmE R TH EARME S R B T — 5 rYfE ik
TER.
2.5 RIGKRIEZR

PN R e A 4 A R USRS E
YRR . anl&l 3 vh 52 i o S g 4 o,
FUE MG b X 3 P DB R A T T 3hbm e, B e A 23 LA
UEAREEAE R 4R 7~ AE | U A 55 BAT B Btk A7 43
F5 HARTHE R R AR A R W, R e
PR SFie 2. 295 R ER AR 1) 7 22 T MR B P
PRTE , F — 14  EUERR , in A B 1 P
DA 5 A, DT 8 PR 28 ) DR/ N B A A PR AR AL
WA B BT

S TEAR R 3 55 P B 28 AN~ 21 3
WL IR AR B BB e, S THE BRI T
S i R BE T

3 KIS

3.1 HEES5ENIER

1) BFREE AR o B OB 4 R A S
89 FH 71 T 0 4 PTG T Pl e 1 v 3l 4
R 0 UG O BAT 24 WA B T T 1 4
1§ o BAEEI2 241 TWIEMG, 0 0 112 413 5 1%k
i, B4 1 HCHE O 20 W R A, 34 20 AR R 6 42
FEAS[R) B SR A B T 404 B R MR AR 2

FEAA SR ARK A AR UESE . AN R4 A
(1) P15 1) v 7 2 P DX Sl 8 S o A & AN A T (4] 4
JeR T — oy BA R EUR Kb R S s
TR . 5380, Bs 5 h A s R A — A
XF R BR R SO, N B AR AR (EMRORT e f
JE N 2V AE R I DU A A . BT IR Y
AP RIRR 2 00 58 B 1, 2 B R 1 HIVE R4, 7T
PIESR Z2 Ml o AT 55 (Can HARASI | 3 L4331 F S 451
Gy ) B RO

2B AL . B E  1E H bR 4R 440 1
Bl b B R A AR S, 3L 112 1R B L 1%
2. 275 Py R AR B

3L o 7E H AR OB 5 b R 2 B AR K15
TohRTE EUR FBREA 2 A S, HAAE A T4 ,
AR 2 031 R EIE . 7EMKAE EX R BB AS
JE AT IEAL

DI T o ARSCR A PL AT AN
PR RTAR I UG FR 2 (AR XU A s AR AR ) 2R bR
BT B ABARHE IR, IS 44 R LS T
VU3IE HARHE N AR 784 1, MR A 00 PRAN I
R Ak P45 ) L0 235 3R K P50 L A 28 A MBS 0E A 7K
FEVEAL o PEM AR IR A 4 Bl P332 L (mean inter-
section over union, mloU) | ¥ Y14 2 ¥ #f °K (mean
pixel accuracy, mPA) . &L 1E # % (total accuracy, TA)
FIZH PN TE A 2R ( accuracy of each group, AoG),

mloU 2 [ 15 T 45 2R 5 i 4 4 1K 14 52 4 A
L LUAEL , mPA J2 B 2R BE A 23 215 = Hy L 1]
21, A

1 < TP
m]OU=k+1L.ZO TP + FN + FP (5)
1 < TP

E+1 ZO TP + FP
K,k FRFENEORE 1 5 2L) , TP (true positive)
SR A TR SRy 1SS R R B, FN (false nega-
tive) 4 IEZE T A 17 2 AR 2R S8, FP (false
positive ) A £ S0 Ay 128 AR R R

TA 2 IR b IR 20 30 Y R A L, e Ad © TE
o #E R EUR 5 SCh mloU > r W EME, BAAK

S
TA :7("’;;”) (7)

A, r A BE B mloU BYAE, S 278 IR 8 7051 19 4
B, N AR R SR

mPA = (6)
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AoG 255 i 4 IRIZ rp IE 2331 A PRUAG R sk
KB L, 5

AOGi = Si(”]’l\‘;U>r) )

Ao, SRR N IE R 43 5 B UGB, N 3RORIZ Y
M 58
3.2 LHRATEER

AL TE 24 GB W A7 NVIDIA A10 L #47.
TEIEI B 45 X U-Net #5250 (Qin 45, 2020) R4 711l
SRA% BN BRI o R SR AR A A A T R 435
iR I T 25 45 1Y Grounding DINO A% Y (Liu 55,
2023 ) il Mobile-SAM #5 % ( Zhang %5 , 2023) 5¢ i , A5
RITCTHINGRR T B o A S5 6 SO R
i) “paper. illustration.” , #E [ {H box_threshold =
0. 05, LA [H{H text_threshold = 0. 2, F4 % 2 &l £ i}
SR A G R SH R #E S 400 x 30014 %, P18
OpenCV H1SIFT AH G pREL T K1) STFT F#AEH
WA RN SCASC A . 68T A A AR A AR T
e B, [ B 8 4 21 RS 400 x 300158 % 5 115
HARFIERG I 7, BB A EMR B RRAE 5 A 1]
TG FRAE AT kAT ARV L, B kR 2, £33 i A DU
B,V FE B EE R 0. 75, 3154 4 6] VT E A 1R] 1 B
B /NT L BE I E R RAFUCECRT, R 47 DT B 4L
it 5 A VERCE B R A A RS S R s (4]
BEARAUYE PR e 5% T ok TR SR AR S
JIT AT RS PG I AR AU I, 8 8 R R f R 1 — W
B G F )5 it f . AE DS ToU B {H 1%
0. 3, PIHEZ 8] (1) ToU K T I 4B A I\ A L IE DR AR
If1. Mobile-SAM 43 I 1} L U it i By it A6 100 AE 1
PERHE . XI5 B0 5 45 kAT AR TR, e Dk
75 19 7 2OBe 45 SR 5 B 38000 B G 25 AT
A, FE T OpenCV H findContours PRELH 1T 5 A0 BE
B R A% E N RETR_TREE, #8 B #2 1A 58
1% & i CHAIN_APPROX_SIMPLE, %k 15 AfF 5 % J&§
Jei o MR R HS B -4 L P9 BT A 8 3R A (AR i
F TR S o

T IE B %5 TA FIZH P9 IE 8% AoG B, r ik
H90% , H:HAE £ HEALH AoG > 60% , TN A% ZH Y
MRS SRR PR Y, B — LRGN A i 60%
IR EE R mloU KT 90% , WIiZZH ik o

THGEERANT AR SO BEARAE B AR B 4R 1)
MHERAE F ) mloU 4 90. 47% , mPA 4 94. 33%,TA K

i=1,2,---,112 (8)

68. 78%, AoG > 60% IZHE A 75 4H .
3.3 HBERIE

R IR AR Z T (1) Y- TR0 4 RIS P o ) 2 ]
PR BRI, A SCE X A iR 27 5z Ak 7 1 0
FH B ARR I 2 50O0E (308 DL K B TSR W 2R AT T I
3.3.1  “Ariiia 2 Wz AR5 B

RIRER IS A R LA S SRR I BOG e A MERE Y 52
Wi, A SCHEAT T AR S280: DA R a2
2, 0 BB E AR SR A A0 o7 AR ) B AT ot
T 2) FEBAR DEBC B BeJa (s < 4 Tiva 27 ik JF ik
TEAN[F) R AT GG D8 . B 2 R AR e Sl gk
PEAEA H AR AR LA TERR ISR 1 U .

F1 “HOMEZ"MATAREMENIEER
Table 1 Experimental results of “divide and conquer”
in different stages
1%

SR SR R e
FARER S S 5

e - 90.47 48.72
0.10 86.88 82.05
0.14 82.42 88.71

R D fic 0.15 81.10 90.57
0.20 74.93 93.34
0.30 65.80 95.31

AR C 5 + A DG AT - 90.47 95.69

T IR RFIR S I R AR - R B B

B AER P BT AE G 25k
(R A7), M T o3 T35 =27 B 4HE PR A 20 i Al
SR H AR PR b O 7 R R v R B RO 38
AP ECEAT S PERE TR, o IMif 2 A S R s
G PERE R 32 5 (5 2—747) . Rk, Y 4 miig
27 TR DL RE B B, B B A B, F bR
KRR RVEBE 2 B 280 30k (5 2—6 17 ), I AR B2y
Fbr sk R A e b 98 1, BOAT IEB BT B JRUA
X R o dReJe , AEASEA DL IE AIAE VT FiE B B R 2R
F“Or MG 27 B 75715 , REARAS B 22 A PR AURAAIE , AT
L M AT RS , 7 SR AR L S B Y
PERECE 717) 0
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B, BEHR, XBE, BER, kB, =&
TH (8 F E 3 6 E 15 ) A P E ) B E R AR R

3.3.2 HEHH

BE R R R H AR A I 2 0 AE B box_
threshold XJ £ R 7E H AR BUEHE £ 1 PR REAY 52 A
box_ threshold J& Grounding DINO 45 F K5 s} 15 & 1)
HE AL, 24 A e A 15 150 B %) SCAS s ) ) e sy
FRRLE 8 T I R , 122 M S AE Al 25 B e 45 /A A
MAE S 1 . ASTR] box_threshold Y 3256 4% S 4 6 2
Jis o HE 2 AN, A S5 box _threshold i #i %
I, I3 4R 1) mIoU 23 38 ¥ 38 K o J5 Al J& box_
threshold B /]N , 6 A& 451 (4RSI AE 538 8 22, DA i A 000
HE FLA B R ME AR 40 15 55 75 2 19 H PR REL B fe 4% 0 1Y
HE , B S B ARAE AR TS B ARHE , e 2 LLIHE AR S 4
INHESEA T4 R PE e 2 b

R2 HMZ% (box_threshold ) 37 & 2% 14 B2 B9 =2 M
Table 2 Impact of the detection parameter
(box_threshold) on final performance
1%

box_threshold AL mloU D4R TA
0.3 86.90 57.61
0.2 88.57 62.63
0.1 90.24 67.60
0.05 90.47 68.78

T L P SRR S S R A4 2R

3.3.3 AT
BEE SRR NIE B HETH R w6 se AR TE B AR
WEEAE DYERERY R A5 B AN 3 IR A4 R .

R3 TRBRARMIITHRER
Table 3 Experimental results of different
self-improvement strategies
/%

A& Tk A4 mIoU MR 4E TA
J 89.28 64.40
file 89.43 64.65
g sl 90.42 68.44
filE+ I Ak 2 90.47 68.78

TE LR FRR S S I LA 2R

FH 2R 3 A, BRI Rl A (56 247) sl iR
Je A FE 5 347 ) B, IR AR A MR B AR L AN A
PETEAEWE (55 1A7) 0 — 2 By B2 &, T[] s >R FH il
A5EAER B TSR (55 447) B, 4R M B
At R T i PR Rl o R S e 45 el A
P T SR RS | 5 A A D T
(1155 5 L I = S 1175 1 A 4 - A
AR Y B3R TSR o 45 B ARME S5 1 RE S 2]
TAEHER .
3.4 XEEXWERMLER

B XS T4 8 P A FH P o R AR A 55
AR SCRE R B 5 FT T Y B RS AGI AN4 BIA AL A E
H AR s 45 A PERE LR W 4 B .

ARSI RS S 7R T T A, Ho UP-Net
(Qin %5 ,2020) /& FL) 8 35 ARG A 7Y | 2 HURE X
e 30 S T 4 8 P A T A R A, AN SR
5 119 2 i) 7 PR PR A7 5 U-Net P8 58 B 276 © I 4515

R4 TRRBEARIR HNHEE LR RERT tE

Table 4 Performance comparison of different models on proposed dataset

1%

Iy AR R EIR PRI WM AE mloU AR TA
U-Net S \ 59.72 3.94
U*-Net JH#& A = \ 72.82 7.98
SAM 7 = 56.13 21.22
Mobile-SAM D b= 59.19 24.03
SegGPT & — W UG B i 74.87 46.68
CLIPSeg i A 52.20 1.48
Grounded-SAM 4 A 72.60 33.87
ENE I 7 A 90.47 68.78

T I PSRRI RS R\ R B R
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B A BEAL LA b g A g SCIRME R H ) 14 X d
MR T ARSI 5, oh T AR A e >, ki)l 2k
TR MR BRI O A B, HOX D ITE R RCR AT
85 SegGPT (Wang %5 , 2023b) J2 JG 77 Yl 5 B v ffi
Y 43 E A SAM (segment anything model ) (Kirillov
% ,2023) | Mobile-SAM (Zhang 55 , 2023) . CLIPSeg
(Liiddecke Fil Ecker, 2022) 1 Grounded-SAM (IDEA-
Research, 2023 ) J& Jo 75 YI1 24 BV AT i 1 i) 0 o 1 75 A
B, ATAR S i HE NSO A 22 P /s 2 ) 1 e A T 4
A EATA RS R AR ARSI . R, A
SCT5 AR T [RIRE A SCAR A S 4 7 1) B9 i T )
Grounded-SAM AU, PR A W W 52 7, 260 4% -
(¥ mloU =i i 17. 87%, 4R Hh 1E A 73 %1 1 B4R o5

e th—1 o AR SCTT LY mloU 75 B A7 J7 125 Hh i —
HAE T 90%, SIERHFR TA fEFT A Jr ik e — g 1
60%. Zi b, R AGURUIIAE T B4 7] T i
T P P P 2 P B D7 0k AR SCHR S 0 B AR
e WL R AL S 2% ) I A 2R [R] e, 7 304 1
BRI TERE .

] 4 A SO REME F AR AR L A TR A S,
A B AP ELEMER R T B bR R P DX, PR e s Ak
FOREEIBREEAL . B 4RI T ASCE AR AT IR
FAERAEIE A M2 N EAE LT, B
P25 AR5 P FAR T P DX i, DA g
TRTE UG AAAE R P T PRI o RE PR FU ) LS
DI, £ ) P AT 55 AT B e

K4 BEREARTEASCH I ro i g b iyl Bl Ak ss

Fig. 4 Visualization results of the agent on proposed dataset

3.5 RAHURESR

1 3 T ) <P T 1 4 PR 08 P P 2 ol 1] B AT
55 2 PR A BRATUER AY — ST BUAE 55, BR 1 AR SCH
AT 1) HE R R A1, H T I B 35 ] Tz 55 1Y
PR AT MERE S . P, R 1 S HEA SCR BB AR
HRZACRE T R HAE— T S Al 4R b A7 5K
5, JF 5 I INEIATR L

CORD (consolidated receipt dataset ) X E £ (Park
45, 2019) 2 — AR AR A, (18 1 000 K H 2% 1T
JE B SR AR, F2 5T SO R R AT AT 55 .
CORD H#1 46 A1 2 vh H A 8% i X I (region of
interest, ROD) JCHET  Anid: T EIG H S2408 DX 8l 1) o7
B AT TSR AT 5 S AR SR P B B
AT 55 , WD M 2B S PPA A SO R AR A PERE

HAZE 4 RS B A A OB id AR SE T %R,
WA BT 50 R R A ) B .

CORD HdJi 4 rh &8 73 BB AR B A 4, i e kAT
s Ve, RO B AR i B ROLCHEE 7y BIR , 3
346 i, N8R 100 i G B A , F0 4% 246 IR
EURAE Rt 4E

Bt Xt CORD 34846 b % ZE 48 PR AT 55, A SCHY
AR R AR S ATV Y B ARSI RN 43 RIS (Y 1 e L
BANF SR, 6 CORD B I, A Skt 5
AFPITIEIEAT T R BRI T I 4, v LA EIR
HEATHERLAY IV o 25k A — T G A T HE T
XFF SAM HI Mobile-SAM #2781 | { FH (1) 45 7= 2 [KIE Y
s, T CLIPSeg . Grounded-SAM B L K A S
REAA {4 7R 2 SCAR PR 0] “receipt” . 3R 5 R
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BRI, BT, NG, BEE, LB, TE
T 0 4 L PR P ) T R TR 9 O

A A RE R 7E CORD M 38 % F ) mloU ik %]
86. 52%, M figm T Hofh 4 Fh oy vk, WF B T & etk Y
ZALRE S R

x5 AREEETE CORDHFEE LN EREXTEL

Table 5 Performance comparison of different models on

CORD dataset

1%

Ty kAR $RIR IS A AE mIoU
SAM s 60.80
Mobile-SAM Py 66.64
CLIPSeg B&N 79.50
Grounded-SAM A 85.83
A SR R A WA 86.52

T UL SRR fre e

4 & it

X T B g g FH H - A S P
AT 55 AL 58 D71 J0 2 i D v ) il AR L INVRE A
M AR, 1A Ve A PR . BEE N TR RERR 1Y
R, R O &R ORI REfL 5 A 31k 1%
Be 7 AN R AR P T 2R oK . B
XX — st ASCHE T T ) T 4 R ER A P
S T P AR e A, iR =2 A Bz Ak T vk
BEARTRMT 55 il 38T+ 115 553032 fh 6 1 s AASEAR DT
e A R R T /N A 34 () (T3 T O 2% Fc e,
T T INERTF4AY kA P2 SR Ml /b 1 Tt 45 SR 1y
M I S SR IE R S P AT RS B SE L g
NSNS AR e 5 ) ek i b= S BL i =

XA S5, AR SGAEE T — ATl RS
JE i R P A BRUE R AR ORI AR kAT TN
S 5 X L SE S . LAY SegGPT J7 ik (Xt HE k1]
A SCH BE AR R RE G T I 2k, {2 mloU A1 L3R T+ T
15.60%, TA A tb #2 7+ T 22.10%. 5 & # 1
Grounded-SAM J7 48 Ft , mloU #2£ 7 T 17. 87%, TA
BT T —A% . FEFTA X R AR SO Y
mloU ME—35 % T 90%, TA MfE—3ikE] T 60%. SZHE
T AR SO RE R A 50, S8 T 6 P s il Ak i
K e =R . 5300 ZE A B 48 CORD Lty
AT T X F S, SE B TR AR AR 1 vz Ak e ) R

Bk
SR, S48 2R P A7 A B 20 28 1) ) T8 1 B A
R AR A G, S5 RITE T P 3 2 I A A = 1 o
B AR R 20T B, Grounding DINO A6 I 25 S A1 HE IT fic
RORAR S 32 B EOR Y ST 200 o AR AT LA i e itk
AR Fsf (B 75 TR AL RN A HE DT FE Sk ARk

AR SOR R BEARAE &5 I AR H] - 2 R g 0k,
FER R RS PR Y 52 BN FHAE T P S5 8
FHRAEE. b, 6T T4 4508 1T s ol 22 1] B
AT S5 St TR R Il
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