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Abstract: Human pose estimation (HPE) is a prominent area of research in computer vision whose primary goal is to accu-
rately localize annotated keypoints of the human body, such as wrists and eyes. This fundamental task serves as the basis
for numerous downstream applications, including human action recognition, human-computer interaction, pedestrian
re-identification, video surveillance, and animation generation, among others. Thanks to the powerful nonlinear mapping
capabilities offered by convolutional neural networks, HPE has experienced notable advancements in recent years. Despite
this progress, HPE remains a challenging task, particularly when facing complex postures, variations in keypoint scales,

occlusion, and other factors. Notably, the current heatmap-based methods suffer from severe performance degradation
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when encountering occlusion, which remains a critical challenge in HPE given that diverse human postures, complex back-
grounds, and various occluding objects can all cause performance degradation. To comprehensively delve into the recent
advancements in occlusion-aware HPE, this paper not only explores the intricacies of occlusion prediction difficulties but
also delves into the reasons behind these challenges. The identified challenges encompass the absence of annotated
occluded data. Annotating occluded data is inherently complex and demanding. Most of the prevalent datasets for HPE pre-
dominantly focus on visible keypoints, with only a few datasets addressing and annotating occlusion scenarios. This defi-
ciency in annotated occluded data during model training significantly compromises the robustness of models in effectively
handling situations that involve a partial or complete obstruction of body keypoints. Feature confusion presents a key chal-
lenge for top-down HPE methods, where the reliance on detected bounding boxes extracted from the image leads to the crop-
ping of the target person’s region for keypoint prediction. However, in the presence of occlusion, these detection boxes
may include individuals other than the target person, thereby interfering with the accurate prediction of keypoints. This
issue is particularly problematic because the high feature similarity between the target person and the interfering individuals
prevents the model from distinguishing features effectively, thereby compromising the accuracy of keypoint predictions and
emphasizing the need to develop strategies for addressing feature confusion in occluded scenes. Navigating the intricacies
of inference becomes particularly challenging in the presence of substantial occlusion. The expansive coverage of occlusion
leads to the loss of valuable contextual and structural information that is essential for accurately predicting the occluded key-
points. Contextual cues and structural insights play pivotal roles in the inference process, and their absence impedes the
model’s ability to draw precise conclusions. The significant loss of contextual information also hampers the model’s capac-
ity to glean necessary details from adjacent keypoints, which is crucial for making informed predictions about occluded key-
points. This, in turn, results in the potential omission of keypoints or the emergence of anomalous pose estimations.
Besides, this paper systematically reviews representative methods since 2018. Based on the training data, model struc-
ture, and output results contained in neural networks, this paper categorizes methods into three types, namely, preprocess-
ing based on data augmentation, structural design based on feature discrimination, and result optimization based on human
body priors. Preprocessing based on data augmentation techniques, which generate data with occlusion, are employed to
augment training samples, compensate for the lack of annotated occluded data, and alleviate the performance degradation
of the model in the presence of occlusion. These techniques utilize synthetic methods to introduce occlusive elements and
simulate occlusion scenarios observed in real-world settings. Through these techniques, the model is exposed to a diverse
sel of samples featuring occlusion during the training process, thereby enhancing its robustness in complex environments.
This data augmentation strategy aids the model in understanding and adapting to occluded conditions for keypoint predic-
tion. By incorporating diverse occlusion patterns, the model can learn a broad range of scenarios, thus improving its gener-
alization ability in practical applications. This method not only helps enhance the model’ s performance in occluded scenes
but also provides comprehensive training to boost its adaptability to complex situations. Feature-discrimination-based meth-
ods utilize attention mechanisms and similar techniques to reduce interference features. By strengthening features associ-
ated with the target person and suppressing those related to non-target individuals, these methods effectively mitigate the
interference caused by feature confusion. These methods rely on mechanisms, such as attention, to selectively emphasize
relevant features, thereby allowing the model to focus on distinguishing the keypoint features of the target person from those
of interfering individuals. By enhancing the discriminative power of features belonging to the target individual, the model
becomes adept at navigating scenarios where feature confusion is prevalent. Methods based on human body structure priors
optimize occluded poses by leveraging prior knowledge of the human body structure. The use of human body structure pri-
ors is particularly effective in providing valuable information about the structural aspects of the human body. These priors
serve as constraints that improve the robustness of the model during the inference process. By incorporating these priors,
the model is further informed about the expected configuration of body parts, even in the presence of occlusion. This prior
knowledge helps guide the model’ s predictions and ensures that the estimated poses adhere closely to anatomically plau-
sible configurations. A comparative analysis is also conducted to highlight the strengths and limitations of each method in
handling occlusion. This paper also discusses the challenges inherent to occluded pose estimation and offers some direc-

tions for future research in this area.
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Fig. 1 Illustration of occlusion human pose estimation
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Fig. 3 Illustration of occlusion methods classification
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Fig. 4 llustration of the method of occlusion augmentation
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RSN R AP DL B I
PE o 5 B RE S A A5 b B 4 R B A O, OF AR
LRI 1) LS S A T

Wang % A (2021) 4 H T — P2 T 92 4] A 38 Lz
B 1E S M 3T B (semantic-aware transfer with
instance-adaptive parsing, STIP) J77% . STIP B 5
b SOBGIALR G R TR R RN FIRE S R
RE b PR B iR WP A5 RN 2L i MR 2 SR
AT it 1 a5 2 S B e R I ) [, L, b T
— TSI R S0 A LAY Rk e AT T 1 T AN R
JHEA B & S 8000 bR 1A 5, 102 30 28 42 iR 8
TS A Y 2B, LA B SCRRAC A R Y AR S 0
T SR figp 2R T 365 P R AR AR TR B TRl 1 5L
SRR BRI RS~ ~) SRS 45 S f51) 19 3 7 i B A ol A
TR BT G 3t PR 02 2 3 5 P RE RS TE MR ML AL T
BRI MR

Wang SN (2022) M J& 45 8 T CID (contextual
instance decoupling) J7 &, F| HIHEFE 1, 3 F A
18 S AR AL Ok X 3 AN [R) A Z TR A RPAE . 2280
T2, e N B AR ARG IBCH bR A SEBIPRAE ,
M) P 388 T R SR B Y B AR A SEBIRRAE , I L
S AR
2.3 ETFAEERNERRULTE

NG A F2 5 AR A o AR 254G 1T
S ER RN, BEUS A R Y BB 7 o) A AR 254 1)
FE L DU B Z R IR o X P e g iRl
PR Y E A% B 3 A B O A S B L, DA
Heo RIS AT BT A e AR 23Sl T i R
ST 318

Qiu % A (2020) # H} T OPEC-Net (occluded
pose estimation and correction) . OPEC-Net 241 F] FH
P 2 B 22 ) 2% (graph convolution neural network ,
GONN) AR A A g8 by A7 2458, I AR S5 4 15 B
Kt fb s . OPEC-Net FI H— &% 51 219
#r 2L GCN BL Ht IGP-GCN (image guided progres-
sive) , LA 1] BR AR RS S A LSS 251, OF AAHEIRTAY
ARG TN A] WLOCH AL . % A% O AR
I, A BT SO B N4 [8) 24 SRR HE I A 4 1Y O
HERAE . BAMAORYE, ARG AR AL TG Z )Y
BEARLRAE R o Bl LS PIRAE 2% A 1GP-

GCN. IGP-GCN & IER R, S48 1 — Rl T
BRGS0 L A A TR IESCTT . BRikz
Hb RS ICAT I 5 — A B L RS HAH R R T
5o OPEC-Net [ 455 7 AR50 (5 B A B8
SRR X PIRPE SAREL AL HE | S a] O A 1) ¢
5. OPEC-Net B AT R0 Hb T30 55 24 5C 6 o 1 07
Pt v SR AN TR HERR 1 | 26 b PRI 55t
ARy TR A T .

Dai % A (2021) 42 1 T RSGNet, & 76 i 12 1 ]
B FOR MU RS [T, RSGNet 243 5 P
#841 , TRP (target-aware relation parser) Fll SGM (skel-
eton graph machine) . TRP FH F X} Bir 43 71 il 5 45 )
RF AT AL, T AR FRR S o 1S3 A0 A8 T
TEARKARE b i e B BA S8 A R4 1Y
AR SC T I AR AL (B, [a]— R P T A 5t
HETF) o SGM J2 — il B T i i IR R 1y L
5 R T B AR AR 2SR i AR
A E R TR RJE T TR
A ZRIE M4 H R RS AR AT H AR
B MAREERAY f R S Rl T B 4R 2 mT
DLFS B ik BRI B 37 5 b B9 PR . RSGNet REfS BT 4F
b Ao B 052 A 25 ) G 2R, RV 7E HAT P
FHH BT 7 5 v AL RE ARG S A Y 2225 1T

Kan 25 A (2022) A0 AR ZEASAE AR B i iz
Z ] E T A 2 2 ST R IR 5 Z A 2 PR 2 R A G
PERSCBE R Z ] A 25 IR S o X2 N 5 4 A DG
A LA i N2 Ak i P D e
I, 32 H T SCIO (self-constrained inference optimiza-
tion) 77k o BRI, SCIO AR A A A= Wy 45 1 ¢
S AR . FEREAN N, R R — 2P o)
IS TR BIV i A B Y BEAS OCHE s AR A5
1) 23 BRE A CAn AN B IR A I 55 SR LA B
T, DBl A Ay 2 v AR R OB A A H e T
Jid 55 X L0 D] i DA Ay AR B A R SR B AT o R
B3R T —A H IR AN — SR UE R 2%, %
ERAE B s AR Z AL AT I 1) S ) 000 RS
il S EAEA AT R, T S e B i 25 R
YRR o 7T TN 10 28 G 2R RE A% R T , DU 56 E ) 2%
AT LA AT [ 2 25 F0000 ) MERA M S TR . TEHEWT
W B, BT LISk dE 5 00 A A B G B A S A
AR AT ROl , LA AR B e A B A3
YA RAE S AR R, AT 0 2 P vy 1 AR S
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Geng 55 N (2023 ) Ay B8R T i By 1A 535 ) A
P 1] e BRI BART i AR RoR AR HIREAE S
B Tk = B R SCT Z [A) O G R, 3T
NSRS THE R . I, Geng % A (2023) #2
H—Fh g5 ¥ b 78 J7 3%, F-OM PCT (pose as composi-
tional tokens) , § TEARZR G Z B MK C &2 . PCT
i M A B Rk R om — A, BB IC AR
KD EAE TAHEARBOCT ) 7450 . X5
B AR 8 LA AY A 52 0/ N B AR 1 22, O
HR AT — D0 2R 5 . BRI, PCT
) T — Ao ds 1T G B M A BRI Y
Fl o BRI, TS I R0 0 A A 1 246 ok A 3 26
PRiC R s34, et P R e AL B, 452K,
PCTAE— G OL T, S IA T LA L, BE A% 52 B T 4
B IR 5 19 LSS TR R [ I 7 4 1 B AY 5 B0
I ATRE B AR T R A S B P R A
1ERY

Kan %5 A (2023) 32 1 B SCAT (self-correctable
and adaptable inference ) /& SCIO f ZEfH, Y H [7]—41F
H o Kan 55 A (2023) 00 257~ 19 P 45 5 = RAE T
IR 25 IR A 2R 18R A5 B0 O 4 A 57 Y
D3RR AR SI2 I 21 TE P00 5% 22 B RE ), IX 8 1 iz 4k
PEREAYREAR . PRI, $2 1 SCALRfigf ke ) 258 F30 1)
ZACHEPR AR . TRk U6, SCATAE SCIO Hh F i — 5
UE R 26 f JL Al 880 1 — > B 4, T 4t SR ke
S8 stk i AT 5 IR AT UL, B R4
FH R 191 5% 56 1E 90 2%, LA e 36 9 245 E % e o J 152 10
2RI BUTHE BORANE T A R R A R . 2O AR
BORAZALRE ST , I A S THE 55 T BA R
APERESR T, TGS HE 15 S5 HAT BUm A B R

3 RFMEES NMEESM TR R R
xf b

F2FNHE T 2018 4F LISK AR FME P AR IEZS
i 715 5, DA JGX 22 5 3 4E MSCOCO . OCHuman
CrowdPose 11 MSCOCO-RE %4l 4 - it SF k5 5 1y
i (mean average precision,mAP) ., mAP g% 1] 5 i
M SRR I T RS AR TR
REVEMY .

1)MSCOCO ¥4 4 L % MSCOCO-RE #i 4/ 45 44

AT o T MSCOCO $ds 550 Uk, B o i A 5
B R B B0, A7 A/ (R OB i . R 2 1 25
AT, TR T AL B A X T RE A 1R
THA B, fe KT 775 RC T A%, mAP $2 7+ T
0. 5%, 25 F 3% B JL T H 4 34 1 i Ab #E 1 Jr vk HURE
Tl A % i 124 T A R A PRI M o PR AR X 4 B 254
W AR A 1S ) A B 5 o HoA PR
P BTN B e KA T STIP J7 v 4%,
mAPFETH T 1. 2%, 3% Fe B L T HREAE X 43 1) 25 44 15
T IL REAE 2 Ml P Ty R PR BE N I . R K
SEs N as R I AE A i T S T B 1
AE, AR RMIRT . fe RIETH R 77k SCAL T 45,
mAPFETF T 5. 1% Z5REH], ILT AR 125
PRI 5 BB AT R it N AR A A LTI 14 ) ey o
IPERE TR .

MSCOCO-RE 4i 5 A T MSCOCO i 4 4 1
JT LA B AR P OC B AT, K 2B W Ak
EEUNIIPS =

%2577 1 MSCOCO-RE B8 45 v i 1 RE AR &L
T MSCOCO $#4E £ ¥4 T B, Ui Bl MSCOCO-RE
P VE A I8 $ 0 G B T Il DL SR, e e B T
MSCOCO-RE Zi4fa £ H b i A9 2 45 DG B A 1) A 24
Mo #8328k TR B AL B ) O AR
MSCOCO-RE %45 45 i 48 7t s b, S KA T+ 5 vk
RC(RP.ASDA) fT 15, mAP $2 7+ 7 0. 2%, it B %k
it 35 ) 104 35 T A S P A 0 B S L 4R
FHAE W AR TR AE X 0 10 45 My BT 7 B E
MSCOCO-RE Zt4la £ rh & TH W I o e R AR T il U7 ik
STIP fr i, mAP 2T+ T 1%, 136 B 56 T4 1F X 43 Y
WIRIN A 2R S e LTI S RPN N A SRS
ek 7 2 FE MSCOCO-RE %045 48 42 75 o W W, ¢
KIETHH PCT FifS , mAPHETF T 5. 1%, WHIFEET A
RSEI8 I 25 SR T TR ANGE B NS T+
5 [m) L, [) B A58 A — M n) AT, LA 0 Y
Btk

2)OCHuman £048 5 45 501 . %FF OCHuman
B, B N5 AN Z A fE R R ESHIY,
(EREA T AN B R 1~34 . R 2%
AIAL, JE TR B B #5727 OCHuman (4
P ETHIL, FR PRI OA J7 iR T, mAP $ T}
1. 6%, Z5 5 LT Hm G T ) WAL By i AE
N5 NS5 O P EE 4 v, SR TSR
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F2 KREEHAGESEHEZRS

Table 2 Summary of representative occluded human pose estimation algorithms

mAP/%
e Backbone B RSHHg &R
MSCOCO  OCHuman CrowdPose MSCOCO-RE
HRNet-W32 256 x 192 74.4 60.7 71.7 71.3
Baseline HRNet(Sun%%,2019) 76.3
HRNet-W48 384 x 288 75,5t 64.8 73.9 73.0
OA(Huang%¥,2020) HRNet-W32 256 x 192 74.7 62.3 73.5 71.4
KM (Ke%5,2018) HRNet-W32 256 x 192 74.6 61.2 73.4 71.2
Bysrg RC(Ke%%,2018) HRNet-W32 256 X192 74.9 61.5 73.3 71.5
RP(Ke%:,2018) HRNet-W32 256 x 192 74.8 61.5 73.3 71.5
ASDA (Bin%,2020) HRNet-W32 256 %192 74.8 61.8 73.5 71.5
) OAS-Net(Zhou%,2020) HRNet-W32 256 x 192 75.0 * * *
FEAF X 43
STIP(Wang%%,2021) HRNet-W32 256 x 192 75.6 64.2 74.1 72.3
OPEC-Net(Qiu%§,2020) ResNet-101 256 x 192 73.9' * 70.6 *
RSGNet(Dai 5%,2021) HRNet-W32 256 X192 75.7 64.1 73.6 72.3
PR
ARE SCIO(Kan%#,2022) HRNet-W48 384 x 288 79.5 * * *
PCT(Geng%5,2023) Swin-Huge 256 x 256 78.3 70.2 * 76.4
SCAI(Kan%,2023) HRNet-W48 384 x 288 80.6' * * *

O AR 2581 iR Al 45

=T FIR TR T RN AR TR B R TC I PR . MSCOCO — A2+, TepRic i L (E

S MSCOCO vol2017 b By TIN5 5 3 7 A% ¢ B9 %UE J MSCOCO test-dev 2017 _F BT ZE 5, MSCOCO test-dev 2017 5 MSCOCO
val2017 A6 B, T 5 A R, — ¢ [R]— 55280 7E MSCOCO val2017 b B PEREZE 5 T MSCOCO test-dev2017 LTk

B TR X 43 10 25 84 152 1 77 75 #E OCHuman 04 4
T THEOR , B R R Tl vk STIP JIrs , mAP $2 7
T 3.5%. SEREW], HTRE X 3 450 & i 5
2 AU P 30 1 MSCOCO # i 4 47 B
BT NS N E SN O™ 5 A PR
OCHuman 7 B 4= T, 6 B 0 28 7 vk RE A A sk
P NS R BRI R, T A RSE IR 12
RACAC T ¥ e 3 KTk 4R T R oK e KR T
PCT 7 i fs , mAPHR T T 9. 5%, 45 R KW, BT
NARSEI B 25 A T 1%, 78 TG P R A, B
B

3) CrowdPose B LS R 73 o % T CrowdPose
B, B th N5 N Z e 22y, B
MEALERZHNGEFTEINL B R 2195,
SR RN JE T O BG4 Ak B 7 1 #E CrowdPose
Kot g R PERE I i EE T, R KT OA FiASDA
Jif% , mAPHETE T 1. 8%, L THFIEX 345 1T
Ji EAE CrwodPose Bl 4R TP PERE RN W42 T . e K4R

Fh e STIP J5 ¥E i 45, mAP $2 T+ T 2. 4%, HF Ak
Je U0 1 245 AL AL 7 i, #E CrowdPose B HE % I H A
0 S 42 T, B K T) i RSGNet T 15, mAP #2711
2. 0%.

gi bk T RE RS A At BT E R
B2 P FEAS B BG4, 1) 40 OCHuman F1 Crowd-
Pose 554 42 A R BT, GRS A 254 T Y
T X 3 44 IR B4 1 B T 7E MSCOCO LA & MSCOCO-
RE X JS B OCHE s 5/ i 85l 4R v I R 1Y
$ETt o FETRHE X A3 I S5 1 )5 R MSCOCO |
MSCOCO-RE ,OCHuman Fil CrowdPose {4 5 P fE 3%
AAEE ST, UL I 28 7 1 AN (N RE A% fife e a4 1)
L, 34 BE A A R NAR LSS A T — )L, f51] 4n
HAE 5 EARNRERSE . BT AR R 45
AT e 3 2R i h R IR F5 , R Aok
WREZ W Ik, I AR BORBE T, ot
T KT S8 4 7] A0 I — e P ) R g 8 B AT AR 1)
2Tt
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72 2 AR 5 A A5 50 A vl T A A4 A
I AE 45 K Y A 2 1) MSCOCO : i Ji 78 MSCOCO
val2017 5 4 | HA 56. 4%mAP 59 AWK I #5846
I 45 . 2) OCHuman: Ground Truth Test 5 ] E .
3) 7E CrowdPose test 2L 4E I H A 71. 0%mAP A f&
K M 2% A& W BT 15 . 4) MSCOCO-RE: fifi Jil 18
MSCOCO val2017 %4 4 1 H A5 56. 4%mAP [ A%
RGN 8 A6 DU T A5

BEAh , 2 2 (AR R M D vk R AR BE TR [6) I U6
TR, FEA NI D) IETIFUE MMpose
(MMPose Contributors, 2020) 5 B, I 5 A0 45 5048
BT RAME IR, 2D)RTIREERMELZ ., F25
ALFERAE X 0 LA R NARZEA e 50 0 i o AN TRIAESE
X SIZ UG 45 TR W JBE 22 B /N, B2 i v 8 AT

YIZRARREANT

1)MSCOCO. A SL90 47 train2017 F AT
25, FF3AE HRNet (Sun %5, 2019 ) $ AR I HE 1 25
JEE RIS B R kg [ K L, BRIV B LGk 4 18 3.
FEAR AR AT TR Xo) S s M A TR B, 4 L Ay [
RSF R 256 x 19245 % (R OPEC-Net i 320 x 256 1%
F)o BrTEARR T Iriksh, ATk SR F R AL
P Ba T R, W BEALE S ([-45°,45° 1) B ALAA K
([0.5,1.5]), LA R BE Al Sp B )45 . i ok
¥ ¥ f# F§ Adam (adaptive moment estimation opti-
mizer) AL % o FE A 2% 2] R E N 5 x 107, 7B
170 YR 55 200 YK Iy B o 43 51 B A 5 % 107 Fl S %
107, AR SCRF AR B 210 1K .

2) OCHuman, 3% 48 A 0y I 25 9 46, T
MSCOCO FH AR e, A

3)CrowdPose, LG IITE CrowdPose Y| 24 |33k
Tk, Havig &5 MSCOCo —3 .

4)MSCOCO-RE. ZBHE A WA B Hs 4, T
MSCOCO BRI GREE R, FHM

DR AN F

SRICA T T 772K, Sk AT .

1)MSCOCO., 7E MSCOCO val2017 %5 4 gk 17
WA, I ff FH 78 MSCOCO val2017 08 45 - B A
56. 4%mAP [ N 47 K65 0 25 A6 0 iy 75 G 000 ATE 22 47 )
T2, AR S I 0 AT L PEIAGORT B 7 1 PR T AR A 1Y
PR P2 A R & HARIRE . AR5 R
P v S5 g M) 07 5 K v ) 1, =2 T ) T ) S 1/4
A T AR FR

2)OCHuman, *H OCHuman Ground Truth Test
R IMHEREA T, HAv B 5 MSCOCO — 2,

3)CrowdPose, 7ECrowdPose test 84 i1 1)
ik, Id F7E CrowdPose test AR FHA 71. 0%mAP
(89 N G 00 G O e A5G DU HE R A7 I I, A i
5 MSCOCO —%L.,

4 % iE

VER—Fh NARZEZS T HOR , AR AT
19T AL SR (BT Tk 56 4 FE SE BRI FH oK o
FEBEPIIE B E , AL AL TR BE A W] 3 b b 25
IR WA ST RN E IR R A ] . EEALITIL
AN S ] A A DG

IDUNN AN (b2 e €/ LSS Y A i €T NN
B, W PIRRVE RO i = AT SR P RS A
T AT UR A ) s
FHXFTA: 15000 288 A 1 P AR A (HSEBRAE L T,
TS JHE P 1) R AR A B A5 A A0 LS 1 O
M SEG 25 AL RE A ), 561 B B AL By ik
OB IEAINTU . B, AR TS 3 ) ek
K E—AMEAEER NS, BT R G),
Y K Z SRR NI E , L S i
S Al ) — 2 S e D B Y R SN A B 0 S P 5
B, XA AT A B PR A AN T VR Bl ) 2 )
PR RO A 4558 TR, 1724
FI P T2 T 4 R Diffusion A AT 2 U AT LLAE H %
SRR Z —  HR KW RE Ty, BB AL i InfF & &
SR REA . IRECAT DA A XA B 45 AR
I 2 e fi% 2 > B N4 BRA M B, M A= O A5
FLAEBLAREAS

2) PR T ARAEIRVE M, P AEAS )1
T PR EE IR AR A o A I Y T VA A
FRAETR A [ 1 HUAS T — 2 iy a2k e (R S P 1
L™ A R A R IO AT R 2 Hh A K Y R R
ES TS R /0 A U 1 P W I 41 D= =1 =l NN
PERBMRAR AR . Ja &L, nl LI IR T B A Ak
FERT I R IR X 53 ANARAE BT il Lok H
P N TR o358 5 57 R, 38 3 12 ik v DA —
AR B 7 P Ty 2k 3 5 H bR Y
R,

3)EPYIE AL T NS R 5 QB ), 7E 5L
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TEOLT , AR AT REIE & SRR RS . Tk
P, S AR ARZE (5 AR B2 585
MR B A S AR R X . PR, Y
27 Ry G WU AT i F oS I e 3 e A 7 )
MNEZERFE R o YRT4e FHR o 7 AR 5 T ARG
PRI GCN #4784 . K43 19 GON i H el
FRABEB I S 5 B AR B E ol , N IS
%*ﬁ%ﬁ‘ TASTI A, DA IR 1T e 2 Hh I IR 8 1)

J T B A TR T GON SR A 35 B K B e o
ﬁ%ﬂéﬁ#%

R HRTA — 25 2 Ok i e i P R L2
AT A HE L, AHR AR BT 0 I RS A T T
e, DR 7 A X AT R o 1T A e AR A A
T A SR n) R EL AT S AN, AN BE IS AT A
RS AG T AR WG T B 5, [R] A RE A5 4 i
MNRZ AT BRI E . BRI, A BRI P A
ST REIE I 5 | T 22 N 53, DU A 32 40 4k
1 2 el A = X — 2
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