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Abstract: Objective In recent years, autonomous driving technology has developed rapidly, with its core goal being to
reduce the driver’s workload and enhance driving safety. In autonomous driving systems, 3D object detection serves as a
critical component of the environmental perception module, and its performance directly affects the accuracy and reliability
of subsequent path planning and decision-making. In current 3D object detection tasks, LiDAR-based methods have
become a research focus in both academia and industry because they can directly capture high-precision spatial geometric
information and exhibit strong robustness to environmental disturbances such as lighting changes and adverse weather condi-

tions. Among various LiDAR-based detection methods, pillar-based approaches have been widely applied in practical
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autonomous driving scenarios due to their superior computational efficiency and real-time performance. These methods
employ a unique pillarization process: the original unstructured point cloud data is first discretized into a series of regularly
arranged vertical pillars, and then the 3D pillar features are aggregated and projected onto a 2D plane to generate pseudo-
image representations. This transformation converts sparse and irregular 3D point clouds into structured 2D grid data,
enabling the use of mature 2D convolutional neural networks for efficient feature extraction and object detection, thereby
significantly reducing the computational complexity of 3D detection. However, during the process of mapping point clouds
to 2D pseudo-images, the unavoidable information compression and dimensionality reduction often lead to the loss of fine-
grained geometric details in 3D space. This issue is particularly severe in sparse point cloud regions or scenes containing
small objects. Moreover, in the feature extraction stage of pseudo-images, conventional 2D convolutional neural networks
are limited by their fixed local receptive fields and thus struggle to fully capture long-range dependencies and local fea-
tures, resulting in insufficient feature representation and further constraining detection performance. To address these chal-
lenges, this paper proposes a 3D object detection model with pseudo-image features enhanced by dynamic spatial global
attention. Method First, a dynamic spatial global attention mechanism is designed. This module generates sample-
adaptive convolutional kernels to achieve targeted modeling of local geometric structures. Meanwhile, a global self-
attention mechanism is introduced to enhance spatial feature interaction and long-range dependency modeling. The combi-
nation of local and global representations helps preserve more geometric details in pseudo-images, effectively mitigating
information loss during the pillarization process, and improves contextual awareness for small or occluded objects. Second,
an efficient multi-scale pseudo-image feature fusion network is constructed. The network adopts a three-stage hierarchical
feature extraction structure to balance fine-grained local details and high-level semantic information, and incorporates a fea-
ture pyramid network for multi-scale feature fusion. Specifically, during the feature fusion stage, a top-down upsampling
and lateral connection strategy is employed to unify features of different scales to the same resolution, followed by channel-
wise fusion. This effectively integrates shallow spatial details with deep semantic representations, enhancing the overall
representational capability of pseudo-image features and significantly improving their suitability for downstream 3D detec-
tion tasks. Finally, a dual perception dynamic upsampling module is proposed. Based on DySample, an edge-awareness
branch and a small-object saliency enhancement branch are introduced to collaboratively optimize the spatial detail recov-
ery during upsampling. This design improves the modeling performance for small objects and complex boundaries in 3D
object detection. Result To systematically evaluate the performance of the proposed method, comprehensive comparison
experiments were conducted on two public datasets, KITTI and DAIR-V2X-V. On the KITTI dataset, the proposed model
was compared with various representative 3D object detection methods, including both multi-modal and LiDAR-based
approaches. The compared methods include AVOD, F-PointNet, VeloFCN, SECOND, Associate-3Det, VoxelNet, Poin-
tRCNN, HS-Pillar, TANet, CenterPoint, VoxelNeXt, MAT-PointPillars, PointBi-FPN, XPillars and PointPillars. Experi-
mental results show that, compared with the baseline model PointPillars, the proposed method achieves AP improvements
for the car category of 1.31%, 2. 51%, and 2. 76% at easy, moderate, and hard difficulty levels, respectively; for pedes-
trian detection, the improvements are 6.96%, 6.07%, and 6.10%; and for cyclist detection, the improvements are
10. 62%, 10.33%, and 9. 81%. At the moderate difficulty level, the proposed algorithm achieves a mAP of 65.44%,
which is 6.3 percentage points higher than the baseline model. Similarly, on the DAIR-V2X-V test set, the proposed
method was compared with several representative 3D object detection methods, including Part-A2, SECOND, Poin-
tRCNN, and PointPillars. The experimental results indicate that, compared with the baseline PointPillars, the proposed
method improves AP for the car category by 0. 08%, 0.07%, and 0. 30% at easy, moderate, and hard difficulty levels,
respectively; for pedestrian detection, the improvements are 7. 81%, 6. 48%, and 6. 04%; and for cyclist detection, the
improvements are 7. 45%, 8.70%, and 8. 64%. The overall mAP for all categories reaches 44. 37%, which is 5. 09 per-
centage points higher than that of the baseline model. Conclusion To address the issues of geometric detail loss during the
pillar-based projection of point clouds into pseudo-images and insufficient modeling during pseudo-image feature extrac-
tion, this paper proposes a 3D object detection model with pseudo-image features enhanced by dynamic spatial global atten-
tion. First, a dynamic spatial global attention mechanism is introduced, which combines dynamic convolution kernel gen-

eration with a global self-attention mechanism to effectively improve the spatial representation capability of pseudo-image
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features. Second, an efficient multi-scale pseudo-image feature fusion network is designed to enhance the model s ability

to extract multi-scale features while preserving fine-grained local details and global semantic information. Finally, a dual-

perception dynamic upsampling module is proposed, which guides the sampling point distribution through a dual-path

design of edge awareness and small-object saliency enhancement, optimizing the upsampling process and improving spatial

detail recovery and detection performance. Experimental results on the KITTI and DAIR-V2X-V datasets demonstrate that

the proposed algorithm achieves superior detection performance. Ablation studies and visualization results further verify the

effectiveness of each module. Although the proposed method significantly improves detection accuracy, the dynamic spatial

global attention computation and multi-scale feature fusion mechanism result in relatively high model complexity and large

parameter size. Future work will explore lightweight model designs to further enhance the algorithm’ s real-time perfor-

mance and robustness, and to improve its applicability in diverse and complex scenarios.
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0 35l

il

BB R 2 2] 5 H Zh 2B B HEOR (Ku 45, 2018) 1)
P &, — 4 B AR KRR by PR 58I 2 e 1) 22
RS, B EAR TR AR AR 1 —Fh ak 2 Fhdi A
s W s P PR RO e NI, i AR
FRRI 5 o 5 2 1] B T 5 Y 28 8] A 2 (Wang 5%,
2016) . M TAEGH 4k HERKIN 7k, 2 TR
24 ) = 4k H PRI RE S B 7843 Hb 2 i EH B ) JLART
SEAE) 5 23 [A] 0 AR RRAE , B R S IR e G A 35 R A
SR Re R M E B R

H A, & T IR B 2% 2 1 =4k B ARk Jr i £ 2
A3 =2 BT EUR B 5 BT ROE R IR I vk
DL HETF 2 A 7

T K197 5 (Chen 48,2016 Li 25 ,2020) £
e H BN H ERAE B E A 4 R ki 5
T, o0 A TR A T 8 LA 5 5 A ) 5 S ke S 8]
SYEAS ] IR ARG R R L (A
RES) 32 JCIRAR AL GBEPY A SR 22152 22 (R g i), Je = A
JC R B s N R IDRG B I 2R B, X LA R F Bh
Y on) i B R S ER B R K

FETUHOC R IA 1Y B R S = P HE R 1 — 4
JUAATE B, B4 ks BE i S bt H 3 BE 1, © il
S S 7 Rl e SEs 2 N 52 PR N T IE ay € /TN
By ELA R BRI OO0 P 0 A1 25 0 A i e o (3R
85,2023) , Joik HAZ AL AT 2 M2 A TAE R
HRAE S = b7 KA AS TR %2805 vl i — 254l 4y
R BE T S T R I AR Ok (B Ot A
2021) . FETF Y795 L) PointNet(Charles %5,2017)
FAER, B R AR 25 2 2] JUATREAIE Ao UK B2

o SR, HE R S a P A AT A T
TRV FEREI, M LT J X 512 Fof A 2 5 g ) R RS
H2h2 385 . YudE A (2022) #2 H /) Point-BERT
Y 5 Bl 45 25 Transformer £5 44 , 5 3 158 1 XHC R
W 5 52 2% BN SCRYEERERE ) (H D Ik S AR B
R 1R AE IR 55 A o P AT £ X LG 2 S 5
BRI R ok TR A 5 1 R AR R s
5 Sy B A 2R A%, SR 5 AT 3D 45 AR AT AR AE 2
B, HLA T VoxelNet (Zhou Fl Tuzel , 2018) B K 51
AR R FRE 0 55 1 3D 45 B 22 9 24 (convolutional
neural networks, CNN) #F47H#iE2% 2 (H i F 8 =53
At , AR A DA TE R B SRR =B s
T R R T S AR TT RS o e I ), S 2k
BFFE F2 B IS D7 T e E  — 2 Bl = 4 IR R PR
()25 2 B3R ] 4 SECOND (sparsely embedded con-
volutional detection) (Yan %5 ,2018) 5] A Fi 5 45 XL LA
03 AN B s VoxelNeXt(Chen 45 ,2023) #E— 2B 0 T
TCARHE Y 2E AT B A AR 2%, i b T A I i e . 2
XK RAEFEAT B4t o AR 2 — 48 TP i bl
FGAFIE R 7, DT TG0 2D 4 R 28 1) 2% 4
THbHEHE BE . Ho |, PointPillars (Lang %5 ,2019) 33k
BE M 5 2853 Sy R T F WS S — 4R DR EIR
B S A 2D & AR AT AR AR IR, S TR B S R
JER R AP s WP E NSO T ag s e K5
{1 FAE fE /7 : CaDDN (Reading 25,2021 ) i 4 1R J& 43
A AL SR AL 1 45 [A] BT ; PillarNeXt (Li 45,2023 ) I
TEH R BEAT AR FFIE R 151 ASPP R KIRZ BT,
JEIE Sk AR i R RAR RS AN ARG T AT
R kG B R 8 RS T
& kR AHEE TR 0 O A AT I A O PR O,
oo AR WES Jy — e O KR A o B, AN ATk

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

B b 25 PR B 4 RN B 408 el ] 25 % = 42 ] v iy
AR JLAR AR B, X — ) M i i = 5/ RE H
o8- 2 /oS P OE B QX | SEEEER R S
1 G0 — A A5 R 28 ) 26552 BT JH: (8 2 1) Jm) P IR &2
5, e DL 7840 AR A 2 s () v OC B I BRI OC 2R
HURHRS ALl 454, SR IE R IA BE I A 22 L AT
21 X% /N RUEE H RIS 2 FHE R AR I PEE

HeT 2RISR B9 (Ku 55, 2018) BlS 0O
IR YA [ Z5 A8 05 B S EHR R i SCEORAE B A
BOAS T AME 2P S AR RE . (HIZ 2RIk %
SRS ) A B A o S I (] 20 AR i, B AL 45 1
Bk TR SHAETTEHROR, BAER G IR B0E 5 R
SRS BB R B AR 1k 7T RE S I R &8 A
S L T I 5Y Sparselnteraction (Xu 45,
2024) FEi i 5 | AR s 51 S LALAR T 35 5 AR L
Rl B SR, A REATI RO T RS RS ARG 7 OC K , HL
FIA T BN SE B ek | 3 A HAE B R & B
BEPE 5 B RCR I B G R B AT T I PR

25 LR TE H s 28 Bt SE i v et S R
JERMEEE TR YRS T | o ik T R 19 07 i AP e
(R JLART 45 25 0% S5 R R S ASE AE ) AN 2 () A, S A
NIEYT R, A A A A TR 4 R T
B 1) O R E 3D B ARSI A A, A SOy 2

DIRRAN T

D)4 — P 09 sl A48 18] 42 e T 2 L]
3 3ok A BURE A A A B S IR 1 A L 1 ey S 4
B [R5 5 42 Ry B T DAL, 0 5 25 TR 52
5 R AR AR RE

)V TR R E OB O R R AR Rl 9 2%, 7E
ST AL JBE Jmy PR AE A 42 SR i S [, >R FH A T
1] T 8 b SR 5 1] 3 e R AN () R A A
G5 — A E] S B 5 HEAT I E LRl A, DT A 50
BIRIZZ A 5 IR LRR .

3B TR IR B A R, R T %
ST /N B AR 0 R R GE B, Ak R
AR TS [ A 5 B AR IR BE o

1 REEFE

L1 BRHESR

SRR AL ARHESR AN 1 B o R DL
Ty =4Emi = A, e AL & HAR Y =4k
FERE SR I 25 5 R R X 2 45 4 T2 B2 phy AR RRAE 3
e 2 | 8l 35 25 ) 4 JRy i & I AL (dynamic spatial
global attention, DSGA ) . =54 2 RUEE Oh BHGRFAIE il

RES RS

: Q[ SHERSIEIRIR }Q[ AL }Q [ Rk R }{ AR }@{ e ]@

\

HEEP

© HEPHE @ Mk @ A

A M 4% (efficient multi-scale pseudo-image fea-
ture fusion network, EMPFN) | X & BN sl & R kR
% 3t (dual perception dynamic upsampling module,

T &5 R

KFE LA

7 sH
PR 'S l

sW

UGIBRER B

DuSample ) DA K FAEY B: H BRI 3k (single shot detec-
tor, SSD) (Liu 45,2016 411

BARTIS , 5 R IO i s A M 4%, 5 i
© h[E KR KL AR



=, HEE
NS = 8 2 FEE 1G58 8 08 B B AFE 3D B FRta il

SRR 2 P =48 5 = WS S B0 Ak i) — 4E £ 1]
B 3s , INTE T 5 22 9 5 B 5 1 L AL 2
TR HER b, i 2 Bl A s A] 4 ey v 2 ML) , 1 5 £
PG IE 9 25 R R RE ) 4 4 SR AR ¢ & o B
ER D= €N SEEER R SEl E DU N TN
JE R RRIESEAT Rl 5 58 5L, DT 58 3 ) 5 J2 A
B IRTHRAERINBE T o 358 , IR B 45 [oRAE
3 5 R P G O 55 /08 b 8 38 PR 5 ) XL
BEBETT, OUAE b RAE S R IR SR KSR, DA Sk
fe it B R R o B, EORAE IS O RRIE B
L SSD H b Sk, B2 N = 4k H b Y30 FHAE
R, S BRERR H =80 =4k H ARl

P 1 T S AR R R A HE 2

Fig. 1 The overall framework of the proposed

model

BxCx1x1 BxK2x1x1

1.2 BBFTEEF/EE NG

TE =4k B AR KA S5 w5 = B0t i 2ok A AR Ak
B S5 Ay 4 PR AR R AR ) 1o R o, R A P B LA 40
Y BN H AR AR H AR A I 1 RE 7 A=
T RERW LSS TR )k (Wang 55 ,2020)
3 H R FH 1] 22 450 1) 45 R B0 Ak 45 4R A L 2 )
K, B Az B Az B, AR P2 5 X3k B R SCfF 8 .
N

m

X TT RS —E R B W3 X, {E
F T i =2 X6 i A RRAE 14 G S A B = Ak
HAY /N F AR FEERE BRI, TR Tk A A5 A RS Ak
FE5R 5 SRR Z B RS R o ki — R R,

AN T 5 T4 AFRERY 30 25 84K J5 75 (Chen
2 ,2020) , 38 5 A AR BB U R T R

/\;ﬁ—]"

B o
Sigmoidifi 4

Bx1xHxW

BxCxHxW

415 %

Ol
N

®@ MR @ A

K2 shdsasiala)m i ol

Fig. 2 Dynamic spatial global attention

T34 58 /0 AR Y 2 325 M T 11 55 JR i 7 SR M e
SR, ST IEATIOR T2 B =) TR sl S TR, e = X
2 JR OO 2 0 AU . A R T

PEAT AR SCHE PR A =4 5 v SR 5 th B A
Sk

BEXE =4k F AR b R L 41 R P 5 4R
R SO B AE 3R AR T — Rl A s (]
4 Jay 1 & 1 WL (dynamic spatial global attention,
DSGA) , HE R ZE R I Pl 2 i 7 o 1A B s 3 25
GRS 2R AEREMIFEBO, BRI
A 2001 0 2 5 e RO A ) R, AT
8 B A B A 9 R R LA AE , TR bR
S AR T AT B R 5 (R B D L S
5 DI 42 SRy {5 R S L 8 O B /N H AR Y
N SCRHRE Ty, T BB TR AR B 2 S T Y

FeAE A G BE 1 o WA B9 Th B AR R AR N
F e RV o B itk KN, C Rid B4, H
W R HRAE B A 5 A58 . DSGA BB i Je % Helb 47 9
4 Ry {7 BB

F.,, = AvgPool(F), F,.,, = Mean(F) (1)
K, AvgPool (+) R 42 Jm P Ak 348 , H T 3R
WA AR LT SUE B F,,; Mean () 2R T 25 (A1 4
JESR I, Fﬁuiﬁkl—f{“ﬁ}:é’] SAJRFIEF ..,

BEJS KA mEFE RN F, AR — /\EEW
D 1Ix1 BFUZ 5 ReLlU S R AL 0 2 5 06 R
RS, LA B 385 R A B S5

K,, = Conv, (ReLU(Conv, ., (F, )] ). (2)
B B EREK,, 5, TR,

Sigmoid FH i PR ELARAT A3 (W] TE AL . i
© h[E KR KL AR

BiRiiBul



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

AR F IR AR F,S280 538 ERE 1 A &
oy HE G -
F,, = O'(ConV(Fman,Kdyn))@ F (3)
A, o () R Sigmoid LG PREL, © £I/R B TLR IR
Pio A PRI EAS A A A N S SRS B
F 5 B G AL DI, A R AL G A FRE S e J L AT 435
Fa EEAS ST 1 SRy PR o
TERAG R AR SR IE F o 05 S E2R H TR
FIAIL] SE IR B DX IRRRAE (A BRI B . oG, il
X F AT E AR A B A R R Q VB R KA
{HIEFE V.
Q=W,F,.K=WF, V=WF, (4)
K, Wy, Wi, W, 530l 3R 1 22 3 (1 AR 6 2880
FERE , FH TR AE WS (9 R 2 5 R 2 () A8 46t
B, TR IR T B A DG 1 R B D 4 Ry I
IR

T

A = Softmax( 0K
Jd.

A, d, S K BORFIELERE , FHAE 4 N 5 PAAR,
TENGR o % R e, BT RE NS il R i
R Z A AHRAOC 2, SE B4 Jy i SO . e, 1%
FE R I 45 2R 5 (A VAR e A5 31 4 Ry 1 i
FHIE -

) (5)

F, =AV (6)

KA R A R TR ARIE 5 )R LR SUE A,

K 2 JZ BN T RRE AR e, I 5] A sk 25 2 2 LA
BRI S 1k -

F, =MLP(F, +F, )+F (7)

AP i — IR G A MR 2181, I TR B R A
AR JEUG T SR B, TR R R iR 1k
ARTCHR Y DSGA FE B i 2 25 A5 42 Ry A
VER IR FIAL e =2 H ARG AL 55 RS2 1
SRy LA 41 B i 5 4Ry bR SCEBE S — . B
A B 8 I R A B, SR T H s DX A 4
TRAERE ST, e B e AL B/ H AR FIEERS H BRI, A 2L
G T e T S BRI E R RR, B
FETE T XE/N B AR LA RAAE A OR B R D 5 T 4R B I
T T AL VO i S S B AR R ] B SO MR 4
SR TR HARAY R SCRARE ) o X R X 4R
R s (4 I )8 DSG A BB AE & % = 4k b 5t
Hh LA TR R S S E RS E L RE T, DR T =

4 H AR v RE SR AL A R R T 5
1.3 SREREMEGFERS M

DG RAE 3 B0 R FHAE TS T R
W28 BEAE 1207 R BE R BCR G il = R4 E R
{EAE AL B R 5 2= B A U B G AR A R AT T 1 51
AR, 52 RT AP B A BR N2 BRI AL H.
AR BEAE R AR OB 5 42 )5y bR SRy TR B
B s RN, 2200 KA 5 S B0 G S By
JURTAIT (R B R . X SERI B EM G R = 5/ H s
st IR, 5 B IERIAA T 51 XfE
SNBSS (i) T, SR S v A DU 5 A

BEXF B OA TR, AR SC 32 52 o AL R 4% Efficient-
FormerV2 (Li 4§, 2023) W Jii % , 45 & P RS 09 76 i
P 5 U] S5 AR R S A A B T — s 2 R
£ SR ARAE Bl I 4% (efficient multi-scale pseudo-
image feature fusion network, EMPFN) , & {4 2% 4 41
K3 FT7 o 32 P 268 A IRE AR U 7 T 38 a0 1 ) R
FEES AR SRRy 2 ROZ RS |, M — > B Py
RE PR YRR AE $2 ARG . BRI L Efficient-
FormerV2 Ji >k I DU B Bt B SRAE S0 (LG 1/4 .1/
8.1/16 Al 1/32) , 78 A SR B AT 55 TS T R4 2L
o SR IZAMTEAL BN EHSAFAE RS, R 2T
RRE SR LT AN Wi 2% o it , AR SCR I =By
BeR RAESSH (R LG B o 172,174 5 1/8) | &
P AR 52 2 A [T BsF, A 450 o T JLART 455 1Y)
TR TEFEREER, V)RR LARE
PRI LR - HER A FRE S Al . S — 2, S Ty
H P 1] JZ2 R A0, AR S SRR AR 4 - B )
2R ARG AR Gl B TR T Y E R S R )
B AR R G RS — AR ) 53 HF R 301 738 3 il
B LA R — > B[] A 97 £ 0 2 0 s () 4055 5
B2 5 1 Y R YA RRE R, DT 42 T i TH A5
TR 22 RUEE HAREN S A RE T o

JIr i EMPFN [ 2% 32 2 Al e i e | = B
JE AR S IS AR LA S 22 RUBEFRRAE R B L] =3
SrE . ZAEAIE T F R B RRESR IS A
o] T % 22 RUBE Rl B AR L BE A 280t e 50 Jmy 40 4017
& Jmif Lo SHBIRITAWT

DR R AEAEER o 1 M 26 i AJZ R TP
K2 ibrEBER, IF4s G0 —1k 5 GELU #E
BRI, XA AR R BEA TR0 25 SRAE K HON 5 aR 25
() Bt S 2 BE AR 25 ] o ISR 24 25 (8] 40 P

© h[E KR KL AR



=, HEE
NS = 8 2 FEE 1G58 8 08 B B AFE 3D B FRta il

(I, ST RECR B I B S A5 HA 1R R, e SR A 4R
IR HERS SE BRI LRRAAIE

2) JR A . R — 5 T BUER R AR R
PEAT R R AE AR I, FLAS R 1A 3(b) 7R o iR
o 1x1 4 AT I T 4R YRS R4, ORI
3x3 R BE R] 1 2 R Ry B 48 ek A i A B BB LA e
fik o BRI S B 5% 22 38 A B T AR I R ad
i, Hit B b e e R i AL A RTER T, se il e
DhEHR T % | i S AR EE LA 45 5, 5 A AR
Xt Jey A A R I E

3) JRiR-A R, H = B I A L2
FUNTEL 3 () Firm o I BAE 35 BLZE A0 S A B i A
i ek AER NS I GBS, 5 RS
BURTRIAE 5 42 Rty SR PR . e A Y
FEDR IS Jr 30 J LAy 235 4 S 1) ) FF, A 4l 12 a
PR B AR R A AR O 28, DT 582 T 0o B2 2 37 33t A
AEAEAERE ST

4) T RAEEBH ., S — S B2 5 R i
M A I E 3 () o Z e & S b ik
FRAERYEER I i AR AR I R AL T R
RS H A N Hb IR B 15 B 5 IR, G SR R AE
I T8 S22k G B RAE T BE 20 15 2,
3 E B RPN [}

5) 2 RBEFRFIERL GBI o ZALHIKE 25 B B
(AR 138 2o i 4 FR AR A 1 SR A 2 AH [R] 25 (] 3 3
R Wl A A R AT PR IR R 1x1 B FHOE K
FRIERL A SRedE . @i 0750, B 5 i RHE K RE
% [ L 28 1 2 R IR 179 1955 25 (] 43 B 5 IR 2 R Y
SRIE RINAE 1 N IS SR B IIAT: 55 $ b B 58
& T E SR RRIERIR

ZEA UL BT A SO ) EMPEN 45
PIEUR SRS BRI T — R i i ey . iz M 4%
W =B RS ZRERAG A PLE G, S
TIUTA AR B 5 4R BT SO A RO

S o )
PLEER l © BEHHE:

-
IXLER G0 é
( Gel._u;,%g ) IXUEB O — )
[3x39maim — | ( Gei-“"%f“’ﬁ )
Giwﬁﬁ ) [3x39§§{ﬁf n—e |
1x1%*lu ) ( (el s )
@ 1x1#§%ﬂl<ﬂm—m
) J?
(b) JREpmin (c) JRik-4 Rt

Softmaxifi 5

{ IX1R it —f)/
T

&, fir B 44

Talking head

(d) FREBR

((a) Efficient multi-scale pseudo-image feature fusion network ; (b) Local module; (¢) Local-global module; (d)Subsample module )
K3 w2 RUE Dh R AE il 5 190 245

Fig. 3 Efficient multi-scale pseudo-image feature fusion network
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iE P R AT A7 303 FOASER] -5 R A i) 1 AN 2 9 [ 3
B2 T =4 H ARG 52 2 7 5N B £
SRS o S, A Sede U B Bl A FoRAE
% He (dual perception dynamic upsampling module,
DuSample) , HE5RUNE 4 7R o IZAHAE DySample
(Liu 5,2023) FAili -, B1 % =4k 55 = B A U 22
SR GUGAEH o TR BN s R I G 0 3
/N FBR I 35 V3 56 X0 S, D Rl Ak R i ad
i b B 23 (8] 2019 YK A2 BE 0, DT i 325 2 THSE U XS /)
R AAR M 52 2 S it e . BRI , B
AFHIER X e ROV Jeil i SR s A i) ih
% ik -

e (X), 0, € REY (8)
A, X Ron 10 5 19 DO R R AR, LR RE ¢ CHoW
3o g R B TE L 51 (1) AR AR ML 4
Vs g 5 s 730 e 78 H MERAE A R /N L SR AR AT
B R g5 AR A HY R R b 4> TR] AL Bk 1

BEALE XY gs® A RAE SIS AL T2 (o, ) A2 HR
w#s -

Shy B ARk /N RUBE B SR BE 1, O 22 it
RS g P 3 50 R 0 583 i 7 ) R, A SC B/ H AR
B PG R ) 52, i B BT Sigmoid P PREUE AL
BEEN T o, 51 SRR SC /N H AR X, Rk
ﬁﬁ‘:’:

a=o(f,. (X)), ael[01]"*" (9)
£ (1) 2N i PRI o B o (+) H Sig-
moid BLTE PRET , o % S 0 F PR T

Bl J , 1) FH 3 M DR X B e R A 7 IR o, 45 21

PR A A% B
0=a0,, (10)

K, 0 RS E RS I IR A EE G RN H AR
DX A R R M (AR B8 [ 3 1 SR AR T OC A
IR ERT S NINIEE S RS = SN s RE 7 PN

TEAS ) H RS i 0 S5, B 5 A5 MR AR R A%
G AR, A= B EA JUAR] R ) R SR

(R AE B 0, AR RS i, HLAE T 2057 30K $=6+0 (11)
VR SRR AE 1]
B = o o ! —
EHENE _ o e T +
S| B | sigmoidst ' =
29 RH AR
H H B EH ;
| ‘ s 0 | S
W 2952 W 208 sW 29 5""1 *
: -() Ly
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wf ¢ I_‘ W
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@ Sigmoidifi#
BRI LI K
P4 WEBAZNS FRFEA
Fig. 4  Dual perception dynamic upsampling module
AP, COPRUERAE RIS , S JF 2 RAE R o M, =o(f,. (X)) (13)

He , FIH grid_sample 58 B8N FRAE
X, = grid_sample(X,S) (12)
A, X W ERFE S B R IEEL, grid_sample(+) R7n
BET R RUE G I HECRIFERAE
Nk — L SR G A R B DR B ek G bR
FERE R b i G 201 1P T RN 8 A Sigmoid
W PR BUE GRS AT I B M

£, () RGN IE SR BOCE B4 . R T
SR FANE T M R S B RRAE ] X, 2T
B A5 B B A R+

X'=X,.01+M,) (14)
Kb, © RIRBEICR M, ZBAETE AR WIR 5 4G 45
TES3 A BT BT, 55 BT 301 25 K s DX 3l i) B o) 12
Ak
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i F AR XU B EIALH] , DuSample 5 HH 15 /)N
FI b 35k 0 SO i B e b A7 3 L 98 A 39 5ik X
IINRUBE L 09 2 (1] SRR 5 I I I8 i % B 23 32
XSRS AT ZE A HE 5, 3R T LA 2401 (9K 5 T
o BT ST R A B 22 4 I 5
FLARERTE TRAERIERADNRE ) , 25 26 1
B s T =4k BRI A PERE

2 ZLEMERDH

2.1 EWigE
2.1.1 Bl

RS BEHKITTI (Karlsruhe Institute of

Technology and Toyota Technological Institute at
Chicago) BE 4 (Geiger %,2012) 5 DAIR-V2X-V %
PEdk (Yu 55, 2022) #EAT SR, APPAG B4R D5 IR AE A
] A 872 3l 5 B9 = 4E H AR PERE

KITTI 304 4E (Geiger 25 ,2012) py £ [E - /R i &
JEH T2 e A H b SE RS Be k& 2 2, o 25
YR | 2 R RN R B A 2 M LS Bl

ARSI 7481 AU RAEA TN 7518 4~ i
FEAS B REAR 605 ) 20 R AR M R S O R ik
5 B B HARTE o AR SCHKHE Chen 45 A (2017) 1Y
Bt 3] o3 g #7481 AU ZRAEA E— 25 %) 4
T2 FEAR BN ZREE RN 3769 A RIS UESE , T
BRI 25 5 PPAl 2 5 T80 43 58 . KITTI SR 3
B FEA SR AT NGRATH AR5, IFKR
5 3D H bp /AN L B 5 e AR R R o) Sl R
(easy) . ' %% (moderate) 5 K ME (hard) = 4~ X &
£/

DAIR-V2X-V ¥ 45 % (Yu 45, 2022) th 1 J&
Apollo W BA5 35 B RAFHR G A AT, B A8 SCRE 42 B 0
[ PRGN A = 4ERONAT S . 2806 468 T DAIR-
V2X KM I 2072 BRI 48 69 7 s B0 38 o0, 0%
22325 Wi EMG IR 5 22325 WAk 2 8t , R4 4t 2D
5 3D I FHERR AR B IR PRI I 10 2,
SRR KITTL E0HE 4 19 2 01— Bk, A5 0k I
RN T A I B =254 (rieyclist) (EEFE 4
(motorcyclist) F1F#E 4= (barrowlist) 4t — I AW 174
(cyelist) 51, R ZALAR B 4" AT N7 F B AT
BRI H AR R R bR A% X
KITTT 8046 5 5 bR i 2, URE T 20006 3 ORI 22

VEM bR . A A 2458 (2024) 98
153 759 K 15627 WLELAT 52 B bn T 1 & K A
BRI 1 He R S IR R A
A3 A PRI 25 5 P BEVTA
2.1.2 iFMHRR

AR SCHE IR KITTLE J7 VA AR , DLV YR

(average precision, AP) 1 A A6 I P GE (Y DAk 5
PR (Cordts 55,2016) . HARTI 4 T 4251, 10U
(Intersection over Union) [ {E %~ 0. 7, XF F47 A Hl
W4T E 2, 10U BHBE N 0. 5. AP RIHHETH
IR [E] (0,1] R I3A R 40 4 RAF AR

Hats kAT .

1

AP - EEVG(()»O.OZS,-“,]_())P(T‘) (15)

A, r FRoR A WECRHA 10, 0.025,0.05, -,
1.0}, P(r) 7R 43 1Ry r IS AR B

Shy 4 TR VPA B TR () e (ARG D 1 i, A SCatE— 2
T T 4 AE W AR XE B SR 90T 1 F- 200G B P4E
(mean average precision, mAP) , /F N ZE G 1A F8 45
JFE A 64 KITTI A DATR-V2X-V 58 4 24 5% 1 3R
PEAN R AR, XA [ B SR 9T 1 45 2 313 H3A AP, IF
DL mAP A 5 B R A VERE
2.1.3 SEEOMR M SHILE

AR S HE T OpenPCDet (Nikolovski 45, 2021)
3D HARK I HESL , 78 Ubuntu 24. 04 ¥E/E R 48 F ot
W REAFSE A BB 2XNVIDIA GeForce RTX 4090
GPU (¥ & . 17 24 GB) 5 Intel Xeon Silver 4310
CPU. %4 ¥F 85 40 4F Python 3.8, CUDA 11.8 X
PyTorch 2. 0. 0, ] 6% 248 # F T PyTorch HE 244 73,
IR Adam PiAbdeEd7om Bum il Zk . FirA YIZRAT:
e GPU FHUAT. FZINGS T Al
KNG A 4, IG5k JE 3 A 80 58 , KL £ 08 1 0.°01, 41
H2 ) 0,003,888 0.9, Ykt #Hr, 52]
FARIEFREA BT [ 38 5 R

TE R = P BRI B, A SO s S i vy 2 =
A J7 1 23 B BR ) A [0, 69.12]m . [ -39. 68, 39. 68 ]
m.[-3.0, 1.0]m. S @RI NIERE IEERNE
EHH(0.16, 0. 16, 4)m, PMER N R L AT 32
AR5 BT S R A 1R AR 23 R R A U R B B
B 16000,
2.2 EWERS5HH

S VAl BT 4R B EE B PR BE , AR SCHE KITTL S5

[

2
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DAIR-V2X-V ARG X T 280 300 =
Yt H BRI I
2.2.1 KITTIHIE 4 525 457

TE KITTI A48 48 b A SCH e A A 5 Z2 i AL
AR =2 5 BRI T 2 2T 6T L e 5 A
A DL K T O I AR ik o X He O s A A
AVOD (Ku % , 2018) . F-PointNet (Qi 5§ , 2018) .
VeloFCN (Li % ,2016) . SECOND (Yan 4, 2018) .
Associate-3Det (Du £ , 2020) . VoxelNet (Zhou #il
Tuzel, 2018) . PointRCNN (Shi % , 2019) . HS-Pillar
(Fu %5 ,2021) . TANet (Liu %, 2020) . CenterPoint
(Yin % ,2021) . VoxelNeXt (Chen %5 ,2023) . MAT-
PointPillars (Yao 4§ , 2025) . PointBi-FPN (A 4§ ,
2024) . XPillars (Zhang & 2025) Fil PointPiHars(Lang
25,2019) % 15 PR FRMEAAL, S0 25 S Nk 1 s .

AT DLVE W AR SOt B s A s ) 4 R T T 0 3
558 1) PR RS AR AIE 3D H BRI 5 i A A 1 oAt Ty vk
FEVRG: AT RT3 =6 D0 28 50 AN [ e g 4 2
YR R A PERRR TE . 5 SR B PointPil-
lars AHE , D\ 3D #0 A SEAT VA, AX SOy e 75 fay 50
5 DR HE = A B 4 T 95 4 28 ) AP 43 il 4 T
1.31%.2. 51% 1 2. 76%; 7E47T A KL W 43 1] 12 Tt
6.96%.6.07% F1 6. 10%; [F1FFEH , 7555 47 25 Al vh
Iy BRI 10. 62%.10. 33% F1 9. 81%., HAKI 5 ,
ARSI EAE =A BRI 33 90 Hh 5 e (4 R A
/R SN ¥ e VINE R 7 el b € AT
o EPEMEREE SRR ARSI R AIA Y mAP i
3| 65. 44% , WEAAIET 6. 3N H 41 . B EiR
GBI AR SO A A 2 200 M T Y
B 74 F B0 b ik i pE e, L - e /N E
B v SR NS, FE A BE T TR SR A
B
2.2.2 DAIR-V2X-V G5 50645 11

TE DAIR-V2X-V MR 4E | A SCR i s A
Z R B R =2 5 ARk 5 ik i AT 3 L, 4
& Part-A2 (Shi %, 2020) . SECOND , PointRCNN F/I
PointPillars S5 77 v , SEEG 45 R 4046 2 s .

FLUE AR SCHE 0 8h 35 4 ] 4 Jm R 0 3
588 1) PR EGCRRAIE 3D H Ak U 7 15 7F DAIR-V2X-V
PnAE L RFERI L Sk RE . IR AT
NG = AR S0 A SO 3 ¥ A T i
T R E AR RS B2 o o ZEVR S B T

B e S5 PR HE A e AR ST 1 AP 43 i) B2 T
0.08%.0. 07% 1 0. 30% ; FEAT A A M rfr 43 531 2 Tt
7. 81%.6. 48% H1 6. 04%; 7E 54 74 K I v 43 il $2 7

7.45%.8. 70% 1 8. 64%. SMAKF , AR LIk
TE DAIR-V2X-V Zdi 4 LAY mAP ik 5] 44. 37%, 33
RAHIETE 5. 09N E 40 . ZSLEREE RR I A

FT R A AAE KITTIE G4 IS T 38458
A, 7E DAIR-V2X-V £ 48 48 - WA e 0 i 119 3
FAE , i — 2B BE T AR A AT Rt
2.2.3 RIS B A b

St — 2 K A A T R A S R AR Ty
T4 B8, S SCFE KITTIEC S i 4l o8
5 PointPillars . SECOND . PointRCNN £ HybridPillars
(Huang %5, 2024) X &4 3D HARKL I Iy 15 4T B
NS B R FIAG RS & — A4 R TT 25
GIHT, SRR EE RN 3 PR

% 3 AT, A 4B R o 5 A S 2s R &R
TR s 2 RO MG R AIE Rl 1) 246 o XS 2 ek
HIBhAS FoREERL L, ZERIRS B RS T —2 427t
UGN 2 00 W A BN, A PR R A 2 B T 4
FHA BT B, (R 345 F8 0 Wl 2 A B 2 3l A7 5
() S B A I 2SR o AR TIT F, ASE TR 7 S ORG24 b
(A TRV B, 3138 T 5 4 FRASCR I A R AE T S R
AT b BT ARG I 1 B A S PR Y S PR 2R
2.3 HELKIG

SRR G B sh 745 23 [ 4 Jey i i ST sk
JUBE O FEGERAE il A 9 25 | LA S WU SR 3h 2485 1R
FERTHO B bR M e /R AR SOF IR T — &R 5
TH Al S5, AR G0 VP4 5 A5 R X A58 0 1 i 1Y) BT Ak
520G L) PointPillars A R ZR ALY | XN [a] AR AR R4 T T
PR, 43 900 4 Baseline fEE7R A I B AR G p5
AL D A1 AR ECASC L) o 78 KITTI Sk AE | A
3D i & (bird’s eye view, BEV) F1-F4 5 [a] A7 L
i (average orientation similarity, AOS) =~ £ F
FPECI o pr, LI EE a3k 4 3% 5 FIEk 6 R

WL 4—F8 6 W SL G 45 B n] ) & P1, Baseline
TR 1 R AR XS #2559 , H: mAP 845 4E 3D .BEV F
AOS =B AT 2l i 59. 14%. 66.88% Fi
67.58%. A2 MR A ffi FH Z2 ROl RS RAE
Al 2 B i T N 4%, 78 3D ALA T mAP $2 7+
1. 73% , ForP AT A A B S T 0o B3 B0 T
%2 N RAE RS S FERFIE S O T 1 PL A, A
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Table 1 AP comparison of different algorithms on the KITTI dataset

\ - AP, (%) AP, (%) AP, (%)
WiRiS s — - — . | ™ - — mAP(%)
(e A rh & R e S rhag PRI e (A Hh4E R
K5+
AVOD s 8307 7176 6573 36.10 2786 2576 5719 4208 3829 0 4723
. K5+

F-PointNet ©,” 8120 7039 62.19 5121 4489 4023 7196 5677 5039 5735
VeloFCN  fizs 1520  13.66 1598 N/A N/A N/A N/A N/A N/A N/A
SECOND  fizs 8644 7697  73.39 4747 4047 3626 8128 6349 5929 6031
Associate -
3];“2“0“6 S 8599 7740 70.53 N/A N/A N/A N/A N/A N/A N/A

e
VoxelNet — fiz 7747 6511 5773 3948 3369  31.50 6122 4836 4437  49.05
PointRCNN  fiz  85.13 7459  68.79 5346 4786  43.30 7473 6245 5631  61.63
HS-Pillar iz 8605 7566  72.79 4460 4076  37.53 N/A N/A N/A N/A
TANet A7 8539 7694 69.82 5487 4853 4461 8048 6140 5889  62.29
CenterPoint ffi7 8693  77.04 7550 4930 47.02  44.40 80.42 6154 5885  61.87
VoxelNeXt  fizs 8388 7558 7077 4746 3997 3743 7818 6174  54.68 - 59.10
MAT- -

S A NA N/A N/A N/A N/A N/A 83.03 6638 5807 ~ N/A
PointPillars
PointBi- O
. S 8628 7674 73.86 5187 4486 4112 7546 6113 5018  60.91
XPillars sZE 8772 7624 73.8 5455 4747 4274 8024  66.18 6203  63.30
PointPillars  ffi7 8652 | 7575 7274 5007 4391  39.13 7430 5776  53.84  59.14
Ours s 8783 - 7826  175.50 5703 4998 4523 8492  68.09  63.65 6544

T IR AR R IR 25 S R AR I S5 L, “N/A” R I M OCER

&2 DAIR-V2X-VHIEE FARE LK APIILL
Table 2 AP comparison of different algorithms on the DAIR-V2X-V dataset

N AP, (%) AP et %) AP, (%)
ik S ” - u . = ™ - mAP(%)
IS Hp 45 TR #E 177 rp &5 IR] X (A & R ¥
Part-A2 MZE 6618 5545 51.52 37.29 3469  34.12 3534 3427 3205 4147
SECOND Sz 169.04 5737 54.62 38.69  35.62 3547 40.81 3826  36.05 4375
PointRCNN HZ 69.19 5522 50.09 3445  28.04 2657 3484 2837 2653  37.21
PointPillars MZE 6936 5760 54.68 32.67 3038 3041 33.86  29.87 27.88  39.28
Ours ST 6944 5767 5498 4048 36.86 36.45 4131 3857 3652 4437

TE R TR R A S e A 45 3R, “N/A " RoR B K

BB IMAZh A= B e FRE B PLE L s A ER ak 4.37% 19 mAP4ET:, [FIH5 AOS #LA T 1A X
B S 2 R B L — B 5 T TR MEREAT AR AP $27F 3. 21%, UE WAL AE AR AL A
RE , 2 WIZ ML LA 25 [ R A A7 T A 0 o A8 AR A D7 1o SR 5 R i Jo 2 D i ) A b o AR
B COR AR BN S5 LoRAEAEE, 2 3D LA A BRI C A8 m T H AR PR BE , 78 70 Sl 1
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Table3 Model comparisons in terms of detection accu-

racy, parameter size, and inference speed

P S

Jrik /fq‘ﬁ *ﬁfflff mAP(%)
PointPillars 4.8 42.06 59.14
SECOND 5.4 27.87 60.31
PointRCNN 4.0 10.00 61.83
HybridPillars 7.1 21.83 N/A
Ours 5.9 29.10 65.44

BRI VER . BH D[R] B A T AL B A Y
C W Fh W% , 78 3D . BEV 1 AOS ¥/ F ) mAP 43
WA LR HETE 5. 36% . 4. 70% F1 6.37%., HEALE
(ARS8 MR A B AT C = Fh SR Mg B4 17
I P [ AR S T S PR R AR T . R
BRI LG A8 E 78 3D #4804 A7 A1 T %
TE=AMEEGN B AP Y945 0 548 T 2K mAP ik
F] 65. 44%, B I LT 6. 30%; 7 BEV F1 AOS il
R, mAP 23 B4R T2 72, 50% F1 74. 43%, TR
HARPERE

TH S 56 DA 22 48 i TE B T A4 S L A A
RME . BhASZS W4 JmvE L L E sk 2 ROy &
PQRRAIE il B D 28 DL BOW BRI B 2 b RAFRIH 53 5]

AZS (AR AR HR ORI R AR A A = A S5 2 1 42
FHEAIVERE | H P R] T A A i A MG 2 75 A [R) 1
LA HEJE S S0 1 3 IS B 2 FE A e T
ARSI A R
2.4 AIMUERES

R ELULSGIE T 18 sh 25 25 1) 42 Jey {7 B4 ik i £
UG 3D B AR A5 Y (1445 R0PE S5 e #epE , A SC
FE KITTI 5 DAIR-V2X-V $di 8 [ 4370 e By 4~
g5 B AR SO vk 5 SEHER R PointPillars (1446 )
SGERIEAT AT AARRT L, G5 R AN S S 6 s . Kl
KGR, S FHER R IR AR
TN, B OFRRGATH ; B BRI, I HERR 1R s
K, = FATEAR U H bR 1 R A 1R

H L 5 L 6 R Ab 45 5 ol S0, AR SCRT R O ik 7
ZRhPRERME S T R B B T iR m A
SHEEERA 5 , JBAR PointPillars 58725 AR IR
BONRE AR, i I R S . IR 5 5 I
] W, F8 7 REE A AL P AT AR TR G B AR A
N E e R—55 =R, £ Hin % £ X7
TERB O R INAS . A2 R AR SRR TE ik
TREE B SE R b U H AR A R T T H IR, 7
BT s SimEs s~ RS 2 ™
AR . WS s —FoR , B s 3 e 3 i 2
B s BRI 5 1] 5 S = v, OB I

#F4  KITTIHHESE FHARSEL 3D M TR RS

Table 4 The detection accuracy of ablation experiments from a 3D perspective on the KITTI dataset

ZR

ROl ;A W
)32 R =b A
R AP (%) AP (%) AP, (%) AP
ik RGN = ) £
FEOE T w (%)
A R Ok
%) 2% 7 (i 4 Y o k { C o k '
Wi A I Wi A EIE W A I
Baseline x X 8652 7575 7274 5007 4391 39.13 7430 57.76 53.84 -59.14
A A N, x x 8701 7600 73.16 5128 4394 3959  79.06 62.67 5845 60.87
i B x J x 8727 7175 7465 5196 4560 4125  77.68 62.09 57.82 6181
AL C X X V8694 77.00 73.18 55.43  47.67 43.20 81.25 65.85 61.38 63.51
KA D x J V8731 7819 7543  56.13 4898 4392 8344 6634 61.67 64.50
EEIE NS N N V8783 7826 7550  57.03 4998 4523 8492 68.09 63.65 6544

VU RIR SR, X FOR ARG AR

55 I T BB IR A B 47 5 1 6 s v
RAMRIBEEAR N IRGR IR o ATl i 4

SO 20 R AE A OR B 5 LR SCRITRE ), il g 2
DA, JETHRRI A R A PR o 78 H AR 1 A 15
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Table5 The detection accuracy of ablation experiments from a BEV perspective on the KITTI dataset

ZR

ROl A WE
o 2SI
. FS—H% N APM.(%) APpt}(lrsllain(%) APW\N(%) mAP
7k e R
FROE = (%)
A EE bR
S % (i 4 . e 4 v e 4 '
fas A ENE (T G S I 5D (T A e S /5
Baseline X X X 91.20 87.76 85.12 57.08 50.75 46.21 78.57 62.13 579 66.88
R A N X X 9145 87.50 85.01 57.64 5022 46.06 85.67 68.59 63.9 68.77
FH B X N X 91.80 88.03 86.66 5822 51.96 47.96 81.46 66.38 61.86 68.79
FET C X X J 91.70 87.77 85.19 61.85 5443 50.22 87.40 71.15 6622 71.12
BRI D x N V9214 88.05 8531 6223 5528 5132 8640 7140 66.72 71.58
FRA E(AX0) N N v 92.28 88.37 85.50 63.40 56.15 51.71 88.93 7297 68.13 72.50
TR AZRE R, X FR ARG AR
F6 KITTIHEE LRI AOSHL A TG NEE
Table6 The detection accuracy of ablation experiments from a AOS perspective on the KITTI dataset
ZRC
R ;E OWE
ST
. Fglf% . APM.(%) APpt-lw.di..(%) APWW(%) mAP
WIRZS NGRS I
FEOE g (%)
R EE OBXR
W]ﬁ% jj # fozars Par + Pezars A 4 i St L s
i hAE R i A RN Wi A R
Baseline X X 9523 9131 88.45 4738 42.65 39.67 83.65 68.78 65.06 67.58
R A N X X 95.09 91.27 88.58 51.10 4583 42.88 88.19 73.23 68.84 70.11
iR B X J X 95.36 91.82 - 90.33 56.81 52.29 49.03 85.14 72.17 68.48 72.09
iR C X v 95.11 91.22 = 89.63 51.02 45.64 42.88 87.32 74.17 69.46 70.34
R D X N N 9528 91.71 90.28 60.34 53.09 50.16 89.88 77.06 72.39 73.95
PRI B(ASC) N N J 95.57 91.82 90.36 61.57 54.16 51.76 90.16 7730 72.63 74.43
TR AZB R, X" FR ARG A
AT J 0 1 A AR T AE (B S B I AFAEAS 2 . AIELS
G SR e R A BRI A 3 & it

WA AT AR R 22 . MIHZ T AR SCOR L R
L LAY T ] RE

g5 LTI A SR 3 25 8 6] 42 R T 0 M ik

4 D PR AIE 3D s G 00 455 750 RE A% A 25k 2% it
J5it

BERAE SR 2 b 55t T BOTRRG: L 1 AG 5 0 1) i 3O
22 [, R ARG 1 RE A 3 B $ T

BN i SRR AL S 2 D PRt 5 S 2L
A TLAT AR5 2%, LA KO PR AR £ B BOE AR A
P B TR) AT, 4 HH — T s 2 ) 4 S T T 1 i A Ty
FUERAE 3D FARAZINAEL . B 5 4R il T —Fhahas
23 ) A R T R LE A5 S S B IR E LS 2 R
AR IIHLH A BRI D8 BRI 19 25 1] K A fE
T30 O BT 82 ROEE D IRUBRHE Rl (9 2%, 7
SHE BT KL 2 Ja) PR T0E 42 SRy 1 SRR ) B, 36 i A Y
Xt 22 ROERAE R SR ICRE T o B, B2 10U JRUA
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