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HCANet: a micro expression recognition model based on hierarchical
Transformer architecture

YANG Aonan, MO Hong, ZHAO Shili, OUYANG Yugqi
School of Electrical & Information Engineering, Changsha University of Science & Technology, Changsha 410114, China

Abstract: Facial micro expressions are subtle, involuntary facial movements that reveal true emotions. To enhance recog-
nition accuracy by exploiting spatial correlations among facial landmarks, a hierarchical Transformer architecture hierar-
chical continuous attention network (HCANet) was proposed to effectively leverage the self-attention mechanism for cap-
turing relationships between landmarks in sequences. HCANet models optical flow differences between onset and apex
frames to capture local details and reduce identity interference, thereby avoiding the oversight of local details when di-
rectly extracting features from full video frames It consists of a Transformer layer for local temporal feature extraction
and an aggregation layer for global facial feature learning. Initially, the face was divided into four regions. Within the
Transformer layer, continuous attention block (CAB) was introduced to focus on the local, minute muscular movements
within individual regions for extracting local temporal features. Subsequently, the aggregation layer concentrated on learning
the inter-region interactions to extract global semantic facial features through a cross-layer attention mechanism. Finally,
comparative validations were conducted using leave-one-out-cross-validation on four publicly available micro expression
datasets (CASME Il , CASME I, SMIC, SAMM) against six other algorithms. The results demonstrate that HCANet
achieves improved classification accuracy on the CASME IlI, SMIC and SAMM datasets, and exhibits stronger robust-
ness in complex scenarios (e.g., low frame rates, background noise).
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ks BEA: 2025-05-11; #&EIHEA: 2025-05-29
BIEEH: ¥4, mohongl98@163.com



© 278 ¢ ekl 51

AR 7%

0 315

TR AG T8 W R AR S A B AP Gl H 72 1/25
13 ) MAMIRNIZS), Befar Hbrxt RE
R SE R, BRI IGRAE R B R 492 N T
fRRELYT . AlEEH IRESUIR ., EER, ETIHE
HLRL5E B e 1 R B 7 iR 30 1 ) 2 ot et
BN R AE B S 2 A ) R I 1) S ie =
WL, {H7E CASME I $c#f 48 b, & 5k R
A AERA 26 L AR T 50%, AR ) B 347 47 75 B
BT R R, BTN AT TE S5 R A
THE LA 0 12 A B2 1 1 A7 T8 0] B0 RS i B2 A ]
M

TERR G R A, — 26 SN SR H R —
fE#E 50 (local binary pattern, LBP) J7 232 B H
FHIE, I EFE T SORRHESR I, ISR 1 e
RIEIE, PR¥E TRARMTHE SR b, T4
TR T 2L 2 [ 5 B 22 57 e Al TH 4k
I35, WAMKFERR T RHGREEE N
i THLAE Bh N (073D, L3 OB 5 [l
i (bi-weighted oriented optical flow, BI-WOOF) .
E A1 FH 6 (main directional mean optical flow,
MDMO) Bl SE 7 B L5 B (fuzzy histogram
of optical flow orientation, FHOFO) ', ¥ % % 4
(PR 25 SR Al FH T A B IR, BB A A OG
N5 Ak 2 39 953 SRR 7T 2R ) i A

RS N B FE I BB B R AE S X
HHFBRAE 7> 2K o ARG RITEMIN T TN E R
FROREAE™, T A E 25 517 R0 AT LA S M T 5 15
e A2 A ISt R R AR AR T 4 B 1 X R
DL I 25 808 7T P B AL A 0, Lin 25542 A
FH 80U A 3 87 R e 7 2 R A R IR T R I R
Ao XALIEBRMENE, T 24 B KR
SRR, FRONEMEHORAZE /N (expression
magnification and reduction, EMR) J7i%. 1% )7k
FE MR RBPhE T RIS . Liong 2 %2
SRR 4 (shallow triple stream three-
dimensional convolutional neural network, STSTNet)
RSN, HrAobNAR ., #ELR K
SEIETIABIE NI MR ZE =S . Beal, EEX
FERA), XiaZ R HREAREINL, 1%M%%
WK, 456 TIEHMAE M % (recurrent neural
network, RNN) A5 F1 4 28 X 4% (convolutional

neural network, CNN) L AL, (H & M HBa01E 140
TR ASE A5 1) 2 15 FH AR T 08 T R R B R 2% o P
A (RIS SN A G R M. 9 T R RIXLE ] B, Zhou &
U R IE AN 2% . R R R IE 2 2 P 28 Al
S ARBAT RGN A BT B = I R
T EUG A JRRHE L, AT AR AR 1S 1 2 2
fiEo ST, PEURRHIE 2 (8][4 R H i S 8= 4k
FEFFAE .

T A BRI EB I 4 R B R AR R
fiE, ARSCKHMT — M5 2 &S0 R 1M 2%
(hierarchical continuous attention network, HCANet) ,
T 3 A TS 1 o T W ot P 22 S v SR EBUVL R B Bl A 5K
FRAE. Wil 1 s, &R T 4 4 IX I,
BRI, AR, 78 XA s X,
DAVH B S 36 2 R AGML R £ (AT 6 TN R T 42 21 1)
B R, R B0E R Transformer /2 24
MRSy E S R AR 4 /A2 B, 5] NIESLE
= (continuous attention block, CAB) ', % y¥
THE B S BB IO T 0 R A UL Az 3
FUHEAT AL, Transformer E P HIRE BIE = I E
TESIR R 3B X 3k Y 4R B R 1, = BRI B
FE IR 4 oy XS KRR BE AR A s Be, 9 T (2
R =R B ZH, RGN ERE
PO AN [F e 2 8] R AR 3R AT Rl o

1% 28 32 FLN B T2 S T AL s sh R A7 B A
BB, H R X UG HE S RN T s HE B (1) 22 S i3k AT
AL, X T ESALAIRE ), A2 S0 E
BN . ARSI TTRRAT T o

(1D A3LHIN T —MUE ) Transformer = H VE
AN, ZHLERE SO IR 1 5 2 S50 RS
MARAZE, AT RMNEGF MRS A X
(] B R AIE i Bl R & R EOR SR E . IZE AR
TIRET RS X ANRL R AR, =2 BFE R IR
FET 2R DX SRR FE AL

(2) ALk 1 Transformer JZ K454, @i
B PSR BN s S A URE, R
5B R T AR A B AS [F) R AE A X 28 AR i 1E AT
e

(3) fEAANEE F s, 4REKY,
HCANet 7 £ 9 £ 45 52 b (R R I 8 R A8 T A 5
%, XL TR RS R AE S R %
S S
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HURLEEHEAE MUK EEHRRAE

1 HCANetHE#

1 7%
1.1 SERERE

N T HAF I AR SRR, 7 2k n
UM 2R 51 . ROV R i Eu gk D a4 it ah
MR 5], BT LI 75 2 AT 51 b i s I R 5
i, SRAT Liong 2R H ) 43 %1 b SR X
I (divide and conquer-region of interest, D&C-
ROD Jjik, @ESLEIRMWIR G Sl A )< 5, LA
FHEV R A R 51, FFNJE SRR TS 5%
ST DGR IE SR .

B
ZhliXhZi
B B
zh?ix zhii
i=1 i=2
Hr, BAETTEWHERANE, b NE WL b,
bR E — Wit LLAM ) At o e BB R X I Cre-
gion of interest, ROD) 72 7 36 i iy I /E A AR 0
JULPAI A Al f5 K R WA it

AN, ) R R B ot AR i R T 45 380 5 IR AR A0 Bk
e JtimBE N

d= (1

V= (u(x,y),v(x,y))
x=12,-- X, y=12,---,Y @)
Hodp, XY 73 3 3 s WUR 58 L ORI v B H
u () By (x,y ) A EIRRFAE LS V7 (1 7K S R0 2 B9y
i, v=[v.v,], Hhrer"",
A SCAE ARG I — B SECR T EOGIR A I A
, EHEIRAICRA . JoNARIRAE [ AR R

vt IXAOERNAR TS RENS AN 3T = 2R
sl A BT HER U Rt -

ov: o)

VZ_/ ox - oy +§

ov: ov; ov?_ov, .

o, S X TR B VI B R S
ox ' Oy " Oy ox

TR = AR RNV, = [V, v, V. #

WxHx3
o

ovy ov)
4
oy Ox

(3

V,eR

N WA G AR v, Th SR IR
RRAEWR A, AR SOCRFH 2 AT 55 BB A 2% (multi-
task cascaded convolutional network, MTCNN) !
T B A RN T A Al b o B JS AN V7, A
BIANTHADCR I, al s ERDGRE L AR
WEL AERGREAG R E . X 4R E R
HONHR % 3, REAHHE A .

R ANMCRERIEZ 5, Kelldaik, JF
W20 A J5 (PR AEfr N HCANet HH HEAT SR 175 17 -
AR IE 2 PR,
1.2 R Transformer 2

SR, WEREINIINEZIIED, F
FE ) X 2, AR G I S B LA
T SR AR TR LA 3h X Sy T g eix
— ), AXGIAN—ACAB, KHEI—EMEE
JTEE RSB MR AE S BT R R R . 2
ZERE R ST (convolutional block attention
module, CBAM) 155 [A]VE B PV iy 5505 X,
I FH 5 K A A RTS8 i A i A SR AR (A
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SR FEEL

Nzl

Bt Transformer)Z
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2 HCANet: %32 Transformer %44 i /4 22 44

K. il 3 s, Ka— 2 EE s FniR
KA UHRERE, A ENRERZ
IxD) RIFGHEZ R RHEER. B L, CABH
PASE X9 -
Attn'=M'(Fl, . Attn"") =
G(f‘lixl([PMc(Fcionv) ;PAC(Fcionv)i|)) ®PM(Attniil)
4
Fim=fla Aa(F)) 14 (F) &
Hor, MM i JE CAB W GV LA IS 3 X 35
(e v 2 R, At NS -1 EIE R
B, Fl e RO SR 1R BT E SRR
FRAEAE S CABHIHIN , o fL % sigmoid %L, £,
FIf, 3 0 RN | 2B RN N L3 G R
ﬂ_:" PMC(F(ionv) ERIXHXW$D PAC(F;OI’IV) GRIXHXWﬁj\
IR T B8 IR ) S R AL SRR AR AP 35 i A R AL
P, R -1 )2 W = ) B AT SRt AL R A
PLULES 4T =3 8 T E R R D, @FskiE)E—)Z

Conv1x1
—>

[HRitfl, Ptk ]

L

(v R BB MR S NI TR, F'e RO
FORF i CAB I

W OCHARSE 2 Z A= ML, CAB I LL%E
SR T HL DRI I 6 e T 4R TP R LA 40 s B 1Y)
DA, 1715 AS 2 B R 7R S [ I 246 Jo 0 2 £ T 40 [X 3
FH 44 CAB #J i, Transformer 2 (1 3 F, 2% > 411
LA IE BB AFAE Fy R/NA 512x14%14, HIE
B3 R AR AN 5 AR R AT CAB AT BASR
NN

CAB(F. Attn'™") =Fl, @ M'(Fl,,.Attn' ' )(6)
Hor, CABARESRH FESER S, ORE
FonE R, BIF e RO A EIE o L
S VE B M (FL,. At ') € RV X
DL X I R S A AR I ZE 1 R A
NR 2 3] 18 B URFALE

AL FERSE N Hx W< 3 [ G T E, &
MNEG KN Px P, TEIXSES I B AT 2R 1
By G, FARIFEEECI PxPx3, Z

—o-o-(f)

Attn™'

K3 CAB
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5 i3k B AIE B TR DI, TR o A
TXeR™ M S, H Forg— R,

AR, dFENYERL, nRFFIIKEE, H

HxW

H,xn=~——. % — )z Transformer H )2 7 — &
P

(layer normalization, LN). %3k HFE JZ (multi-
head self-attention, MSA) Fll {75t 4= 3% £z W 4% |2
(feed-forward fully connected network, FFN) %
B, HEWWmE 4R AT A BT 9
i, K — AT IIZR A B IR AR BN 1 PP 41
R, IXRER] LLAOR 7 [B] 58 R AL ELAS BAA 2L
A PO AR E R R T

P4 Transformer JZ 454

Y=, +MSA(LN(,))
v/))
i+1

Y,"”:Y,"‘+FFN(LN(
v/ =y, MSA(LN(v]"))

v =y, 4 FEN(IN (v )] 7
Hr, 1=1,2, - L IRBDNERIPREIDNRER
51, L —E P PuEss.

FEN & 0 45 2 A 24 1k R 1 42 0 32 M %% -
max (0,17, + bYW+ by T 25 7 BLE N F 22— 2
AP, EEHER S, MAXeR™
rN3AER Y, BVERERE Q. BAEAERY K A{EAE
BV, XS Q. K. VRS

T
MSA (Q.K, V') =softmax( oK ) (8)

d

LNJZ$% (9 MH A
LN(x) = x;“ ol +p (9

Hdr, wRFHIEFRME, o —RFHMEMERZE, o2t
R, AMBRET IS

fE5] NCAB J5, it )5 ) Transformer JZ M 4%
SR 5 Fis
13 REE

7E HCANet 58 e, S I B R R AE 4 E i i
SAEHER, HURE W B A Sk SIS AT 4E B

Convlx1, stride=2

1
1
2
1
1

&
v

v
Conv3x3, stride:
Conv3x3, stride:
v
Conv3x3, stride:
Pye
P,

Conv1x1, stride
Convlx1, stride

Attni 1
Py

CAB

Transformer)z

LB AU - Ab 3

x4 HbE Transformer

El5 Bk f5 1) Transformer 2 P 45 45 44
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ZH.o TR LN AN HO R 0T, B R T AR, *ERTHER G U 1k e B A
WA H R SRR, o, RERERET L RIFEH.

IR HIR. ZJE S 40 S DA A AR AE 52
B, XA RBGH R AN S FAREE R,
RVEA AN mPUR G WA X 2 )5

&=

REAE, TR (I M P O R R4 3, (2t 44
TR 02 0 4 R 5 A, S A A 6
R VIR R R X, € R gt
545 5 U R KA X e R
Hoha' >, RS SRR S . BT
A1 I SR AIF B3 2 4 9 150 % 0 WA OE I, 3

jﬂX c Rh xHx WxD
16x 4% 1x
| 4
EEES L'
=1 e
APRBEAFIE  HLRLEZRFE - RHERE.
Bk
. e d —
B 2k WAL
o Bt
HCANet HF IR GHRBEEHE. EH— LMK

KUAFI R 5, WIEERY Bk ARG R 73y
16 4~ 4x4 REAEP . 15 )2 3%3 B AU T xd 4 AN X
N RFEREAT R RS, BSR4 2x2;
R, K233 BB X (5 BRt G, H—P
B IXH R4 2 11, R s ER: &iE,
X LR IO 2 B RE R IR N 2 2 B AAS (multi-
layer perceptron, MLP) Z5EH4rF. X— 2K
ESTRNIER Wi SR (IR HE AL S S Ry LK B e

1.4 IREKEH
AR A XE R R BRI AT . A2 X
WK LETH RN

)

pt:pi(l—pc)liy (10
Hrb, o, AEUREFEARRINE, y A%, y,=0,1.

2 XL
21 HUE&

N T B iE HCANet () R, 78 4 MpimAT )5
LRAEHMWE LHAT RS, A CASME TP,
SAMM™, CASME ™' H1 sMIc?. 9 7 i ff—
HEAAT L, SAMM. SMIC F1 CASME 1T # &
HM—NEEHIRE, HraX 3 AN EdEE MRS
EFR S TR G IRMESS . fER IR E T,
TEEERALN T “FEAMNR” L8N G “PIR”
TGN, 7 BEFNEFE “ABh7 < RE”
CRERLY CRVE RN R IEg N, T it
T8 A aFE “id” 1G9 Kn. X4 MEEE
MTEAIE B R, b, JER. B, B 2l
REHFKIGE PR, WIRFI PV, <f0%
I H R S e AR A R R 5]

22 EHER

AR AR S BRI M 2% (multi-task
cascaded convolutional network, MTCNN) "k Tii
MBI bR AR, FFARE X LE bR 2 %)
BT HEIT . N 7 R G, MARic g as i
FRITT R i) 61 1% 4 it BEATLIZE 3 — i g e e i Fn Tt
RWUEAT ISR, [FIREHAT KPR . VLG
Bita#3. FH Gunnar Fameback 8757 Mk 26 15
HHER IR AG SUFIIEAE N (] s DI i B 34
TLER—/KF. EENICN AR TR N 2818 F <
2814 % x31% % - {E Transformer JZH{# H 4 /> CAB

F1 ANHIREEMNIEAER

EAE/TE S BFR/N BERAS WR/FPS HBEERIGA IR MR BIRAS A RAMIERS mEMIERS] MR T
SAMM 32 133 200 2818 Fx28 1% 92 26 15 N N N
CASME Tl 24 145 200 2818 %2818 % 88 32 25 N N N
CASME Il 16 164 100 2815 Fx28 4% 70 51 43 N N X
SMIC 100 943 30 2814 %<8 15 3% 508 64 201 N N N
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KA, FFAEH—AMEZH 0 Trasformer  (vison
Transformer, ViT) KA. 5T At br A4
Br, $H T ANEEARXIE, AR, AF. A
IRFAG . X 4R E R CRE —F
KA, BIIABEX 4B Z3 G FR . TERILA i ]
ZJ5, HCANet#EWHH G BN KP4 7%
iR T HCANet BERS TR Rt iR AN 73 K

A SE I /F Windows 10 #:1E R 4t I f# i Py-
Torch 1 Python 3.6 #t 1T . WIS HT % 2] H %
BN5x107, FEE &R Z 600 M IZEE K (epoch)
AT IR
2.3 KR

BEMEBEERIRE TR M2 A PR, A
A S A A FRAZ . BAARYL, 5. FRARAN
HEL LB LN 013 030 N T fRRIx A
AR, ARSCRH T ARINALFL 4330 (unweighted F1-
score, UF1) FIARNMIBFI A [ % (unweighted av-
erage recall, UAR) {ENBIALI 1 REFEbr

(1) UFI1 22— Pl F T3Pl HAG AP 50 A 1)
ZRAESVER TR R . BPE UFL, SRESIH A E
AP BH P (false positive, FP) . FHFHME (true
positive, TP) FIE 14 (false negative, FN) #¥
g, REH D Fi:

Fl - 2x TP,
"~ 2xTP,+FP,+FN,
C.Fl,
UFl= 3"~ (an

i=1
Hrp, iRRE IR, CREALIGNE, F1&
NFL 4L

(2) UAR FETFAl AN~ 17 2 b 2 i Y I+

B EAFH UAR, S50 1) TP FIFE
AEHN, Rahl (12) /il

TP.

Recall,= Nl

i

1 C
UAR= E;Recalli (12)

HrAr, Recall ®#/nHFIE,

NT ARy B A RN, ASCRE T —A
X ARG 53 B 0 It B A T VR PR B D 45 A
FIIREA AR S5 . gt IR 2, T HE
WAL BRY, I3 245 7E CASME [[. SAMM. SMIC
s 4 L UAR/UFL P B 48 A5 2 Sl $2 T+ 1 0.0221/
0.0361. 0.0375/0.0238. 0.0255/0.0176.

R2 DEHEHSBREEMER
CASME 1I SAMM SMIC
UAR  UFI  UAR  UFl  UAR  UFI
FUZLER 0.8002 07231 07063  0.6254 0.8132  0.8042
SYELER 0.8223 07592 07438 0.6492  0.8387  0.8218

WIRES

N TR ET— 2 B S B N Se s kiR Gl
AT HIER T IR (micro expression recognition,
MER) AF553E = /7 B B AE R, R ) i 4
RS LS AL RS (Rl CBAM B 7F[A]
EEBYD BT T, RS —EMSL AR
AE R . SERai R UK 3, CABECASME II .
SAMM. SMIC %4 4 b 11t g R B WAL T4 7 0%
TERLEE, H UAR/UF1PERESE b5 20 55321 1 0.0505/
0.0587. 0.0845/0.0293. 0.0651/0.0924 .

®3 ELEIBNEWIDEIE IR

CASME 1I SAMM SMIC

UAR  UFI  UAR  UFl  UAR  UFI
MATVER S 08368 0.8126  0.7429  0.6876 07998  0.7568
MESER ) 0.8873 0.8713  0.8274 07169  0.8649  0.8492

Jrik:

WG S5 v B IR JZ K ANR TxT, B4 N
256, Transformer Hi%E 2 MN%E 3k, HBNEFH 2N
Tramsformer JwfiS#s (encoder) JZ. EIXFAEANH L
5, B MREERNSHEL RN R AN R E AL .

KA LIR T AR S H5 B R A TR
FEIFE o N, F N, 73 3 AR 3E Tramsformer encoder
JRHONZ S HE, T DA BN N AT N 151 1)
TR AP R EE R . IX AT e A2 PR RO A A 1 2%
LM A . ik, ERIA 15 B Transformer encoder
JZEN, FI B R 2SR BN, 7 0 e 2 F 4

%4 Transformer B % L= X £

LRSI
% N, N, SAMM CASMEI CASMEIl  SMIC
12 2 7856%  84.25% 59.23%  79.21%
2 2 4 81.03%  87.68% 61.56%  83.36%
3.2 8 7746%  86.55% 63.43%  81.02%
4 3 2 81.88%  84.03% 62.65%  80.95%
503 4 7926%  84.54% 6021%  79.93%
6 3 8  7421%  82.58% 5891%  76.44%

RSB L 4 A [ B L T HCANet 7573
I RAES P e E R, WNRSTTULE L, #
S ANBR % e, HCANet 78 K38 40 VEAN FE 4%
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BT

AT, HBCT AT (state-of-the-art,
SOTA) LAYl 78 XU 1) 4 6 45 ) 46 (miicro bidirec-
tional encoder representations from transformer,
w-BERT) %, 7F SMIC #{#i 4k |- UF1 M UAR 8455
HIFETT0.012F10.073;  FEAEAHUAR B K CASME I
Hdfa £ | UF1 F1 UAR 455 BUAS 0.0259 #10.0298 FJ
PEREN a8 EAE RIS, fERHTHI CASME IR
MRS |, UFLRTUAR $5FR 558 T 0.2778
F10.2693 [FELEHETF, X —45 REHIE T HCANet /£
FOGH. ZHALE T REEEREE 8 ). B
(L EFE AR 57 5 PEAC IR 1) SAMM ## 4 I, HCANet
30847 0.0110 (¥ UF 1 figbrde Tt, i B ALY B R4
5 B B2 AL TR RE

3 oth

K7 (a) JNHCANetiRIEHIFE, Wox | 1E5EH
(12 A B S PR AN B e PE . (AR
5%, 7ESMIC. SAMM Fl CASME I ¥4 4,
HCANet FITH M« AR AR At 12 24 531 F e e 26 4 Sl A9
0.95. 0.70 F10.81. HAR 7 B = A 26 ] VA R T
IR Z R HIGHEASERZ . R
MM, 7E[X 4> SMIC 1 SAMM 4/ 45 7 1 1 U A A AR
15 4 A T T AE PR o 1% LB 45 P I i
AHEAR, RS FEUX AN AE /R B
R, AN, CASME Il B4R 4L 1 RS i
(BT, 7oA T ARG IR B, AT B 4 R 3ty
T HEALAE S . Kk, CASME I a4+ 1)
T AR A AR B T AR R = RS B . 1t
b, SMIC 4 A2 48 FH B B it Z ke il SR B, 5l
AN T HERMEE, WNRRTE. IR 1L,
M EZIA T SMIC 4t 4 H AR A 15 48 A s VF 1 45 20
KIWAERIME, SBT3 65% M T7%. &
SCSEE I BN [F) B SR e AR B AR AR 2500, (AU

TR AR BRI RCRAME L, T/ MEA S
A8 G AR5 HE SR UL AR Hp BN RS 22 S P S 4
MBERFAE 1 SRR E L, A Bl — DT R
T HERf %

4 ZERIE

ASCERW T — P i) F T 73 JE Transformer 42
FI RS O AL . 5 LR AR B2 5 2 J7 VA
tt, HCANet ) —AN BRI 352 BE 0% AL 401K ST i) ]
M, 3OS T AR TR 01 22 A T I T) A R A R Ak
FAEEREE, SRR RS H O VEAE 2 A ]
U FIRIBURFIE, 3X 7] DLid e i 3R e 20 1) J 91
MR =R . Bhoh, FET CABH)
F ALV T AR WA THL A T (1) 22 S 2% 218 Bl A5
URFE, A M 175 5570k 7 R 5 3 4T85 1) T 8
ETHR.

SR, HCANet /£ 27 Hi e 473 T i 5 K
otk Fo—, BB oS ARE HE AR A
e T AR 17 AR R R AR 75 O L Mk i 2% 5 O B
I, RUAS R B E=WALINIRGEE | LS e
5o Canfuis . R 50 N RR R A e iR
Tho ARRMFFE AT NHAR L . Hifs 76 00397 & 2 2
B3 ARt — P HES R PO R . B
Je, FERRGEMAIGIEAIA b, R
B A BRI R EOR, FEORIERS R RTHE T 415
SRR, AR 3 BuL it s, T2
ZRTHAE . T RREEIT S R SE T R
R, FERAR P S R SRk GRr b, TR R BT AR R
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