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Abstract: Objective 3D human pose estimation is fundamental to understanding human behavior and aims to estimate 3D
joint points from images or videos. It is widely used in downstream tasks such as human-computer interaction, virtual fit-
ting, autonomous driving, and pose tracking. According to the number of cameras, 3D human pose estimation can be
divided into monocular 3D human pose estimation and multi-view 3D human pose estimation. The ill-posed problem caused
by occlusion and depth ambiguity means that estimating the 3D human joint points by monocular 3D human pose estimation
is difficult. However multi-view 3D human pose estimation can obtain the depth of each joint from multiple images, which
can overcome this problem. In most recent methods, the triangulation module is used to estimate the 3D joint positions by
leveraging their 2D counterparts measured in multiple images to 3D space. This module is usually used in a two-stage pro-
cedure: First, the 2D joint coordinates of the human on each view are estimated separately by using a 2D pose detector,
and then the 3D pose from multi-view 2D poses by applying triangulation. On this basis, some methods work with epipolar
geometry to fuse the human joint features to establish the correlation among multiple views, which can improve the accuracy
of 3D estimation. However, when the system performance is constrained by the effectiveness of the 2D estimation results,
improving the final 3D estimation accuracy further is difficult. Therefore, to extract human contextual information for more
effective 2D features, we construct a novel 3D pose estimation network to explore the correlation of the same joint among
multiple views and the correlation between neighbor joints in the single view. Method In this paper, we propose a 3D
human pose estimation method based on multi-view controllable fusion and joint correlation (CFJCNet) , which includes
three parts: a controllable multi-view fusion optimization module, a 2D pose refinement module, and a structural triangula-
tion module. First, a set of RGB images captured from multiple views are fed into the 2D detector to obtain the 2D heat-
maps, and then the adaptive weights of each heatmap are learned by a weight learning network with appearance information
and geometric information branches. On this basis, we construct a multi-view controlled fusion optimization module based
on epipolar geometry framework, which can analyze the estimation quality of joints in each camera view to influence the
fuse process. Specifically, it selectively utilizes the principles of epipolar geometry to fuse all views according to the
weights, thus ensuring that the low-quality estimation can benefit from auxiliary views while avoiding the introduction of
noise in high-quality heatmaps. Subsequently, a 2D pose refinement module composed of attention mechanisms and graph
convolution is applied. The attention mechanism enables the model to capture the global content by weight assignment,
while the graph convolutional network (GCN) can exploit local information by aggregating the features of the neighbor
nodes and instruct the topological structure information of the human skeleton. The network combining the attention and
GCN can not only learn human information better but also construct the interdependence between joint points in the single
view to refine 2D pose estimation results. Finally, structural triangulation is introduced with structural constraints of the
human body and human skeleton length in the process of 2D-to-3D inference to improve the accuracy of 3D pose estima-
tion. This paper adopts the pre-trained 2D backbone called simple baseline as the 2D detector to extract 2D heatmaps. The
threshold & = 0. 99 is used to determine the joint estimation quality, and the number of layers N = 3 is designed for 2D pose
refinement. Result We compare the performance of CFJCNet with that of state-of-the-art models on two public datasets,
namely, Human3. 6M and Total Capture, and a synthetic dataset called Occlusion-Person. The mean per joint position
error (MPJPE) is used as the evaluation metric, which measures the FEuclidean distance between the estimated 3D joint
positions and the ground truth. MPJPE can reflect the quality of the estimated 3D human poses, providing a more intuitive
representation of the performance of different methods. On the Human3. 6M dataset, the proposed method achieves an
additional error reduction of 2. 4 mm compared with the baseline Adafuse. Moreover, because our network introduces rich
priori knowledge and effectively constructs the connectivity of human joints, CFJCNet achieves at least a 10% improvement
compared with most methods that do not use the skinned multi-person linear (SMPL) model. Compared with learnable
human mesh triangulation (LMT) incorporating the SMPL model and volumetric triangulation, our method still achieves a
0.5 mm error reduction. On the Total Capture dataset, compared with the excellent baseline Adafuse, our method exhibits
a performance improvement of 2. 6%. On the Occlusion-Person dataset, the CFJCNet achieves optimal estimation for the
vast majority of joints, which improves performance by 19%. Furthermore, we compare the visualization results of 3D
human pose estimation between our method and the baseline Adafuse on the Human3. 6M dataset and the Total Capture

dataset to provide a more intuitive demonstration of the estimation performance. The qualitative experimental results on
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both datasets demonstrate that CFJCNet can use the prior constraints of skeleton length to correct unreasonable erroneous

poses. Conclusion We propose a multi-view 3D human pose estimation method CFJCNet, which is capable of constructing

human joint consistency between multiple views as well as intrinsic topological constraints on the human skeleton in the

respective views. The method achieves excellent 3D human pose estimation performance. Experimental results on the pub-

lic datasets show that CFJCNet has significant advantages in evaluation metrics over other advanced methods, demonstrat-

ing its superiority and generalization.

Key words: multi-view; 3D human pose estimation; joint point correlation; graph convolutional network (GCN) ; attention

mechanism; triangulation
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2o FIA QT AU AR R AR AL T R AR A
SEAAE B B O Z (R B AR B B R il 4R, — L[]
Forn A EGEBRITm AR TS . B, ARSI 4%
FE 0 DA 2 28 A5 AR AU v 4 BORIT 28 B 0 AR R A
JSNE=RY Ny

F = GeLU(MGCN (F™*, A)) (5)
A, A AARE R bR AL SR B, MGCN () R

¥ 1) 15 45 B (Zou 1 Tang, 2021) , GeLU(-) }9 GeLU
(Gaussian error linear unit) B 7% BREL, FO S LLH 48
RN CISWSESE TP Nt 20 I 11
B ML DR SO A R AE e S R A0
(Q) B (K) E (V) FIHT QKV e i 5 A 22 [) A 5%
P, DT RUAEBLEE R B 2 A, I it A R
TETC R B INALF- S FR A5 AR — 4E 2235 10 42 4
fE o PR, 7 2 ML AT LK — 4k RS R RAE A4 A 56
PR RO 2R (5 B, Bkl
FM = Au(F™ + E) (6)
o E g ARG AR L B R A () 223k TE
B P (Vaswani 25 ,2017) , FM R TE 2 I HL 2 >
1) 4B 2 RRHE
e, W SRR AR AN 4 SRR IE 15 A TR B R 2%
FFim L R — LR AL B S T TR A5 2 40
i —4e i ds . BARh
F™ = IN(MGCN ((F*~ + F*'),A)) (7)
X" = Liner(F™") (8)
Ao, F O i 20 Z4ERe AR X R AAR s ) 4k
5
2.4 SHEHMH=fFS
FH =8B TR 20 i —
Y DT R AR BRFRE R AR AL S R B TR L e ) —
YO AR, I 2R e AR B SRS
Wefl o HAER AL N
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B, KSR, AOE, BRE, BE, KR, FME
B& S M E =R G X T KR = 4 AR RS MA T

J
, min Eipw ©

K,y y,, oy, HEER =T 5. p, LA
¢ P g XTI EGE . P HILLIE ¢ A
Mo %, AR ¢ T35 g T 1Y —4EAR R

M (9) AT LUE X Fp % e 0 = A &) o3 i AL
o T AT S HERE Z AT AR [ S5 R
FAMAE KA IR e, i 4 Fs , A 3G
5 ALERI AL =54 (Chen %5, 2022) KB AL 5
PIAREL = FA o1 SR ERNAR ) 5 8% K AR W 2 2%
1 FEHE AT AR oI A AR ZE A () e B 1 . AR
R

Py, -x,

||yi_yq =L, (10)
A L, ARSE T i il g Z [ B8 B KB, BB

AL A s Xretine

PIRERRHL b s
"iéﬁi&mé_éﬁé};" '
'|.______ ___’__::E j

KA A, 7Edb BRSNS , 4kt = #l o3 9 H AR
Oy ST R e A A B SRt/ M IS 7 EE 4
WR2E . M B IR G, e RO, IS AHAR
SR R i g B =GR AR AR R AT L R L A A
LG R A m i b, o PUALIS RYHMERLIE RE

b= Gy (11)
mbinf(b):%bTAb—BTb+d (12)
st |6 =1L (13)

X, 6 e RV G, N 3878 T -3 A Z [l 45
fi] , D TTAE T AT B S5 R = AR AR AL o 05 A
A BB A b, A e RV Y &P IE @M,
BeR'MdeRIZEHE,s=1,---,J - 1 N HH#
T LT AR ERES

ZEL =M EI SRR
L®: E’%"‘i‘{:fﬁ}]% FEOT RIS

?H‘iﬁ ;ﬁl/%iuﬁ |

s | REEHEESY

UL“‘#’J%&ﬁ
KKT;&U:W@

L ory=6b X
: \

---------------- A

RS eS
TIESLIAE

Fc:kﬁi?r’

K4 ghirfk =i b

Fig. 4  Structural triangulation module

Karush-Kuhn-Tucker(KKT) 25445 Hi 43 HTH8 2R
bl e I Eee i 1< P (DG RIS N2 4 i A A | P e )
HHKEAES LO ST E KRR L2 R
IF ARG I AL . PR, Fe BB K2
W SCA (step constraint algorithm ) 75 L fb K fif oL 7

WA L5 LZ A AT, th 2R = Ao Mgt
b TR , R RAF R LR b, R AHRATE R

L= Sty S Sy (14)
X ke NRYETL N AEL K a A B

o) H g = 1ay = 00 LR b0 EgE
TR A BB ARG T LY W55 k2D
(R 43 B o BT 40 AT LA SR — A8 B 2 o S5

14 *W%jﬁlﬁﬂﬁﬂiﬁﬁ’% H1 b SRATH 3 K
8 B o) iR b, E— 2D AR AT A N Y B B B AR S
LE VAT —AD0# m L, R, 25 NPk
fERAFILACHE 6 TFARIE y = 67'b WiHfEAT 2] = 4k
AT AR A = NS
LR LRTIR , BIA A B ZRES R 5 8] B B
KARg A, gk )5 i) 4 AR B S Sad 2581k =
FA 1 23 REAS S B HE D MR 1 = 4E N PR AT

=

3 X I

3.1 HIREMTLIRE
Human3. 6M 1 #5 £E (Tonescu 25 ,2014) 324 T
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—NEA AN AL 5 SRR 360 TR A
B, 11 A 2 CE TR AT 15 PR [ AT 16 3l
BRI . A SCRIS1,S5,56,57,S83X 5 44 X 4
AR G PRI B S IR, SO R ST IR 44 X 42 A AH 5K
PR AE Rl it 2

Total Capture 0% 4 (Trumble 55,2017 ) /7 ) £
B 8 AR T RL A FAZ Sk Fr i it . AR A AT
545 E S 5L PS4 B B K1 AL
o 5 A ZIRF IIETT T Freestyle, ROM ., Walking
Acting il Running % 5 7% 2l , H G4 SfEEE 31K,
B bn ' i RS iR E R SNE . FR RIS, A SC
(VI 5 4 Fh X642 ST, 82, S3 1975 8 ROMI 2 3, Free-
stylel 2, Walkingl 3, Acting] 2 #1 Runningl KM{Z 54
AL, MR AE I % 42 S1,82, 83,54, S5 197 8 Free-
style3, Acting3, Walking2 Fa) 1 o

Occlusion-Person 0 J& £E Fy & W B 4 5 (Zhang
45,2021) B3t T 9O FIRI IR 5, th B4 13l
AN [R) IR 22 i A AR AE CMU Motion Capture 54542
GRS IR SN T A A [R] AT S 33 [ sk e A A4 AsE
RIS BUD e R TS AR PP A 03 G . AN
S5 AR B 457 HCE 9 8 Bk Frdn sk . iz Kl 4R
ST 15 AR O = HE S HAE, JF BB
AR TR TR AR

AR SR P34 06719 1% 25 MPIPE Ay 5256 (19T
fhie b, AT I =4 5CT A bR 5 BAE G AR bR 2
B A DR QB 2 267 . MPJPE 25 SR RE RS TEAN — 4k A4k

BAMAGTH BT, NIMTRESS 50 b Jre 2R | Lh 345
T 5 2 P BE
3.2 ZWEE

R SR H M 25 %) Simple Baseline (Xiao 45,
2018) 1y — ARG A% LA SR H " AR A Horp, G
Jo R BT e = 0. 99, 4 S5 AR AL A B g A B
JREUN =3, TEM 28 FAARUNZrrb, A SCR AT Adam
e BT U2, AR K 30, B h 27 ~T %4 0. 000 1,
TEE 1015 A AU SR LLO. 1Y L3527 >
3.3 ZWHER
3.3.1 Human3.6M /505645

R T RIASOrAE = RS A bk
At , 7E A IS Human3. 6M 5 JLFPAEHE s (state-
of-the-art, SOTA) HEAT L 50 LA, Z5 R AR 1 s .

M AT LA A SO IR B2 Adafuse 847
MPJPE 23 19. 5 mm BYFER I, 528 T 2. 4 mm AR 22
WAL, X6 LS B v H B A BT 828 AR TR AR
BiA 1. 4~4. 1 mm BEEEMPERRIRT . ST T34
b N A B 78 R R R = A ) 2 19 LMT (learnable
human mesh triangulation) 7772 A [t , A SC 7 322 8% 12
ZEREAR T 0.5 mm, H T3 BUAAR X BEAIG, 55 25 PR
B HBA SN 1 HAb & 28051
FHEG AR SO R REAT 270 10% 3T, JFH T
ARG T A5 ARSI R AR i
TR SRR NTEIR R L S A SO R4S &

%1 CFJCNet 5% 75 7% % Human3. 6M ${#E & L 89 HERE LB
Table 1 Comparisons of the CFJCNet with the SOTA methods on the Human3. 6M dataset

/mm
I Dir Disc Eat Greet Phone Photo Pose Purch Sit SitD Smoke Wait WalkD Walk WalkT “F34
Adafuse(Zhang %7,2021) 17.8 19.5 17.6 20.7 19.3 16.8 18.9 20.2 257 20.1 192 20.5 172 20.5 173 19.5

CrossView(Qiu 5%,2019) 24.0 26.7 23.2 243 2438

Multi-view PPT

S 21.8 26.5 21.0 224 23.7
(Ma %,2022)

22.8 24.1 28.6 32.1 269 31.0 256 250 281 244 262

23.1 232 279 30.7 246 26.7 233 212 253 226 244

HT(Wan %,2023) 19.5 209 19.5 183 21.1 20.0 17.9 21.3 239 30.1 21.6 199 189 228 195 2I.1
ST(Chen %#,2022) 17.4 19.7 15.6 17.5 19.6 18.8 17.0 20.2 21.9 26.7 193 189 179 206 187 194
Epipolar transformer o B _ _ _ o _ B _ B _ 19.0
(He 5%,2020)

LMT(Chun %%,2023) - - - - - - - - - - - - - - 176
CFJCNet(430) 16.4 17.0 135 18.7 169 149 175 179 22.7 168 17.2 18.6 149 17.6 155 17.1

T L R RIZ AR B TR A5 BEAAL RALES R, - R B EE R P B IREs R o
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B, KSR, AOE, BRE, BE, KR, FME
B& S M E =R G X T KR = 4 AR RS MA T

Z LR Rl A DL 3 015 BT REHE— 2D AL A 23S
i ph 45 5 . JU & £ X Disc . Eat, Phone | Purch
SitD  Walk 4847 4 {5 3l , th T CFJCNet RE % 18 1E T-
i T i S AR AL B R R A T, O Rk — 2D D Y
R SE I, DRI, D 26 1 RE A AE W] AL B, (B
TE Sit , Pose Fll Greet 55 2 54t 11 I, W28 HU S T Ik
DE a5 WA AR 2 45 2 TR T X 28 22 285 i)
B A3 0T AR 4 0L b AR BT A T B 2O R
M, 2 E RS LS To sk R, Sl 23 3 BU8% 5
AOAH B0, AT S R A T BT & 00 T B . A ECHE
AR Y 15 Bl % 256 b 43 A, CRICNet At 1 200 %
NELE
3.3.2 Total Capture I 455

Ry Y UE B AR SO 8, T G AR OG

PERY =2 AR SAG TR A BSR4 Totalcap-
ture L HEAT T YIS 500, MR8 LR 45 R an 3k 2
Re MR LK B, CFICNet 75 32 IR0 42 1) 45 il
15 6 S b B s T B SE g s R RS
T EAEaR Al

TESZIR 25 v | SR CrossView BV TEXT 4 S4.|
S5 1 FS3 17 gl L RE fc i, (B T HAR X0 B 4% il
17 AT ROCR Y3 2% o A, AdaDeepFuse 5. 12 il
GeoFuse 575 #5521 401 4% 8 4% IMU (inertial
measurement unit) FEA340 B F B, A SCO7 ik AE kb
IMU {5 B 24 F IR BE 8 45 AdaDeepFuse H.3% -
P45 3. 8 mm, AHXT Baseline F3 3275 2. 6%, SCEG
45K W], CFICNet 7EA [R1 B4R 4 Al TP RE Y
TIIF -

&2 CFJCNet 5% #7747 Total Capture #{#E5% AU IERELLEL
Table 2 Comparisons of the CFJCNet with SOTA methods on the Total Capture dataset

/mm
AN (S1, 82, S3) SANF (34, S5)
Jrik IMUs St
w2 A2 FS3 w2 A2 FS3

Adafuse(Zhang % ,2021) - 7.2 10.8 18.5 228 266 429 192
CrossView(Qiu %£,2019) - 19.0 28.0 21.0 320 540 330 310
LWCDR (Remelli 45,2020) - 10.6 163 30.4 270 342 65.0 275
MTF-Transformer(Shuai %5 ,2023) - 13.9 18.1 29.2 292 356 495 270
GeoFuse(Zhang %5 ,2020) v 143 17.5 25.9 239 2738 493 24.6
AdaDeepFuse( Bao % ,2023) vV 10.2 13.7 26.3 217 2638 492 225
CFJCNet(A30) - 8.7 122 18.0 225 26.2 358  18.7

VE IR F RIS TR S IR A5 I b RS 3, R R, = Fom AR

3.3.3  Occlusion-Person | )45

J Y SRS P CFJCNet T8 X 45 386 14 5 5 B £
flHPERE A 7E — > B R AR 2 10 B LB s 4R
AT T 28, 5 RN 3 PR . IR g5 ]

WIS I, S SOOIk n] DAAR G s 48 52 TR Dy JlE 44 25 )
TR BB DAL T, AT IR R A A TH45 2R 5 T
TR BY AT, %Ikl S AN
B IE , BURAG T ROCR 2t — 20 4T, 3471k

%3 CFJCNet 55E# 7757 Occlusion—Person #{#E & R RE L%
Table 3 Comparisons of the CFJCNet with the SOTA methods on the Occlusion—Person dataset

/mm
. Root  Belly  Neck Hip Knee  Ankle  Shlder  Elbow  Wrist
Jrik Ty
WERPR 14.3% 13.7%  7.6%  23.0% 25.0% 23.5% 168%  253% 21.7%
Adafuse(Zhang 55 ,2021) 7.2 10.6 11.6 11.7 13.8 15.7 14.2 9.9 14.4 12.6
CFJCNet(430) 6.7 10.1 9.0 9.2 12.0 12.2 10.3 10.5 12.1 10.2

T L P SRR 25 8 B A2 2R
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FHEL X F 48 A 43 SR n] DL e A i, 76 3k
LA L ERERR T T 19%.
3.3.4 DR SRS

T HR5E CFJCNet W 28 75 AN [ 5 MR 58 B2 A1
fig, A FKF Human3. 6M A9 038 55 947 T 56 52 13 3
B DL SR SE PR 9 0 RS AL, K IR LR B s VI 2k 1)
CFJCNet #1328 0 26 76 i M 4 b 0E4 T PR BRIt
ZERMFEAPR ., G, BRI SEAS T 1) AL R Ok
S JEHEAT T 50% 1R BE A HI U, 55 Baseline A1 b,
CFJCNet /) 3254k 11 ¥ B8 MPJPE 2t #F T 2. 87 mm;
HE— 205 58 5 2D 80%, It Bf CFJCNet 1 AE 4%
Baseline BUPERESCHE T 3. 28 mm, R, 7E ARG IR
SREERZIE N, AR SO M T IR vk B A
T

%4 7£Human3. 6M £{#E4&E FRISL BB L 500G

Table 4 Light comparison experiments on
Human3. 6M dataset

MPJPE/mm
Irik — - — -
TS EHI 50% s I 80%
Baseline 23.38 32.55
CFJCNet 20.51 29.27

3.4 HRLSEIG

R T BRI DL K 2R AL = A A s A
£ CFJCNet WA R , 4715 X0 32 S [R) B B kA 7
THEREVPAN , TN 5 PR

B E, S5 1 7E Baseline 1) 22 90 [ il G ik 72 H ik
T T 2 JLARTAE 22 1Y 22 40 1T AT 458 il 5 A A A

%5 7£Human3. 6M HEE LHE RIS
Table 5 Ablation study on the Human3. 6M dataset

TEZIE e s =

S e e M
Baseline - - - 19.54
LH 1 % - - 19.36
S 2 - % - 19.37
LK 3 - - % 17.35
S 4 vV - % 17.23
FHS - % % 17.10
CFJCNet % % v 17.09

TR, - R AR

Yo, ERBHOE AR, HAE 7 ] M 4545
ARG FCE AT 1R ERAL I G, AT X T 4%
RATTEA IR T A R A 3 o, 7 B g Jo
OGPl S B S LA AL T Baseline 52
BT 018 mm (YR ZE /D o AESLE 2 BN T
LTS AR, DI i AR RG22 TRl Y Y
TEBR R AN FRIE IE T AR A 3 (A%
2 19. 54 mm FRES]19.37 mm, SLH3MBIAT
S5 R Ak = A 51 53 LA BCEE Baseline H A 4G5k = A 1)
R R TS AT I PN NIV S N EUSEAT 52N
B HL LS, 7E Baseline [ 2EAE FA5 3] T 2. 19 mm
IVERESE T, Bl S, O T 56Tk 2B BRI G 4
(A R S 4 7R S5 AR Ak = A 8 0 i A S
T A EZ RS A, RS THRZEE— 2D
FEAR T 0. 12 mm. 250 5 MRS F 4k — F &) o3 1) ik
filt BT AR S A B, iU A5 R 25 A
17.35 mm FFEF 171 mm. HeJa, BEA 3B
CFJCNet SC8 T 17. 09 mm (e A TR

3.5 AL

g T RO M JE I AR SO s Al T ROCR L T
Human3. 6M %4 4 Fl Total Capture 5854 F AT T
AT EE R ot . B 5 R 6 430 o 1 1> £ i
B R B ASAGTT RT AL .

F &1 5 HT AN s 461 ] L, B2 5 Al T i Ak
BB T LSS /R EAAAE W] A i
AR SCT5 125 T A B B2 i 25 40 2 o, il 2ot 4
NS T & I S o e A I e
A, CFJCNet f& 1E T Baseline XJ P H i #1 42
JEPAG T 0 A7 i 2 R £ Rl 22, S B T B AR v Y
fliit o B e T W, FE A 4R human3. 6M |, A SCT7
2T LA IR BN T, AT HRAS 5 052 3D 235 AH I
MR TERCR . [RIRE, Pl 6 B T CFICNet 7E 4504 4R
Total Capture [ XF 5 1R A LS MIBIERE T . TEW
AR R E PSR A R R W] T CFJCNet BERS
F i 2RI IEA & PR RSB

4 4 &

ARSCER T —N s Z LA AT F i & AT A
KN = e ARG T, Al A 9 T 4
Rl A DAL 2D S5 A AU B DAl b, 5T T 45
e =S o, PAs 7T 9 3D N AL S A Tk
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(a) Elf& (b) B (c) Adafuse (d) CFICNet

K5 Human3. 6M A9 P45 3R
Fig. 5 Qualitative results on the Human3. 6M dataset( (a)images; (b)ground truth; (¢)Adafuse; (d) CFJCNet)

(a) &% (b) B (¢) Adafuse (d) CFJCNet

Kl 6  Total Capture I & PELE
Fig. 6 Qualitative results on the Total Capture dataset( (a)images; (b)ground truth; (¢)Adafuse; (d)CFJCNet)
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Ao EZ LIRS ATl ok A AR B AT B
PEAG S DT el 75 = 400 180 v 9 A1 5 G 1 Ak T RE A N
SR DRI 45 105 DA T, [ ke 1 i T
T PR AN R AR Rl T S B0 — AR 34
TRAE IR o T 2D 575 41 AL AT He I 58 1) 181 45 BRI A:
B IR A IeE DL, Bl 0 4 B o o) A OG
TN FERE R AR 2D AN AL Bl
A =) oy R R 295, S T 3D A
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Total Capture 54 iR 4 Occlusion-Person 19 52
A5 R AR T HA Z RSt Jr v , CFICNet 78
PEAAE bn A7 AE DA S IE W] T CFICNet {10
PEFIZ A
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TE 22O vh S A A 7 B P I, 22 L IRT R A A
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