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m, ye[-54,54]m, ze[-5,3]m, 75555020k X i
Haei i Hbr . Zdasiisg R ng5 BEVFusion JEZE R HF
—3, M HATEARBENLAE . BERe . PSS RO AT
L, DARECRAE R ZE 3G A a et BURR e 5
B S LT3 s . P LA AR 4 803 ) i = oA ik
XTI NS 2 SRRSO, B ORZe i LSS PRI ik
WS B MG ERAE 5 M5 = BEV R AEAEZS 8] | A% X 55

3.3 KRR

R AE i B A2 R 5 2 I N B4 A A5 R R DR IE
O 58 AL AR A PR AT LA (8] 58S B2, 4 SCFE TransFusion
HE B g DL At 387 R 22 43 3 181 A SRy A0 B4 G
ik Lo YNGR, S =4ipri 4 3] BEV F- A ik
AR H, R RS LA HE A% A (8]0 ) G
(Ax, Ay, Az, w, I, b, 0, v, v,)o FfiJ57E LIDAR 2 bR R T
X TN A iR 5 BAE AT Hungarian —Xf—ICfd, BEG
LA (focal loss cost), BEV JL{af L1 X4 (BBox BEV-
L1 Cost) 5 =4k ToU U1/ (IoU3D Cost) #i i& IE A FEA .
RBIEXTS . #F BEV M4 1L Gaussian Focal Loss 115

T TA TR A, X2 ER AR LA Focal Loss 11555326
PR A, XoF VETE 2 A9 A5 3] LUINAL L1 353 17 458 2K Ao
Ok 3 308 T K 5/ IVASCEE LA il R M 7 ) s = 370l
FATBHFEARBIA 1, T A s Ao IR FNEF)
SR Lo UL L R, i “rhodrh” 5 e
FE” (b R @i S ) PrEOufe, MRt
mAP 5 NDS.
S S E
L = Ay Lim + AcisLets + Abox Loox 5 (16)

s Lyms BEV U IR B8 Lo AR )33
PR PREL, FH TS AR Lo N LT 51530
L2 BRI s Abins Actss Avox N = IR FUALEE R B, TF
Xof 2% S A [1,1,1,1,1,1,1,1,0.2,0.2] (Apoy = 0.25),
DA I AT B I A N o PR T . IE AR AR — — DL
Hungarian Assigner 3D 7E LiDAR 245 R T 52 i, Z¢H
Focal Loss Cost. BBox BEV-L1 Cost 55 IoU3D Cost #47
A R, MIMTEE SCES . BEV P UT SRR ES
JEZ S, BB E St B S U —2.

3.4 xfttidie

R RGAR PR A SE, SEEREAS nuScenes
HHEMRR, it ST br 5 AR R HE A 9 8 745
B, 7EAHLSZIE BEVFusion 54k & IS5, H NDS
5 mAP 735N 69.1% 5 64.3%. 7EAH R A7 A 1 5
YL E T, A mAP #ETF 2.8% . NDS 42 T+
1.7% (W45 1, 4% 2), FHIA L MEPFusion J5 ¥ 7 K Il
W e 5 255 BN RE ) T [ 85550 #0058 T YA S B 7t
Hp“cv” ., “TL” . “MT.” . “Ped.” F1 “T.C.” 435I
RAHE T4 . 4. BEFLSE . T ARIZCE,

7% 2 R4S BARZE A RIS B, A< 3C MEPFusion
T AE/NEER 52 28U BAr B R e g5 . MAT
T )5, Pde.. T.C.. Barrier 5 M.T.2r 5T}
1.0%. 5.7%. 3.0% 5 6.5%, FWTEZ Hn 5% HRE
PR s, AT NES RS S8 E A S e
AT TR S KIACH T H 5T, f Trailer

% 1 nuScenes MiX 5 £ 7] B AR N E 3L (12 %)

Table1 Comparison of detection performance across categories on the nuScenes test set (unit: %)

Method mAP Car Truck C.v. Bus T.L Barrier M.T. Bike Pde. T.C.
BEVFusion 64.3 87.0 59.7 25.9 73.5 432 68.2 70.1 58.6 86.3 71.9
Ours 67.1 88.7 63.4 28.7 75.7 42.8 71.2 76.4 58.3 87.3 77.6
Gain +2.8 +1.7 +3.7 +2.8 +2.2 -0.4 +3 +6.5 -0.3 +1.0 +5.7
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4% 2 nuScenes X & mAs FAGARAT L (2142 %)

Table 2 Comparison of fine-grained evaluation metrics on the nuScenes test set (unit: %)

Method NDS mATE mASE |, mAOE | mAVE, mMAAE
BEVFusion 69.1 28.4 25.5 31.7 26.5 18.6
Ours 70.8 28.1 25.1 30.3 25.3 18.3
Gain +1.7 -0.3 -0.4 -14 -1.2 -0.3

WA T Fe 2k (—0.4%), 1B Car. Truck 5 Bus 43 5l #2 7t
1.7%. 3.7% 5 2.2%, PRI HTERE I scilmin 50 /A A2 1k
X R SRR AR, O R P i T R
SHEER ., LiRR 85I F 2SR R xR
Y LA S5 e AR 55 R 2R A k% . SimPVT 764
ESEFEAN§c B o RCIWNITE % oY TV -5 AN £V A
HbrpyiE SCH S g, 17 N S8 EMrE e S
JR iR N S 8 i s SDMConv MK . 2 25
SR BN, SRR BRI 5 AN A S5 A LT S 5
GAFM 7£ BEV %5 0] 58 s A s B X 55 5 1 =5
FEEPY S5 B B 1T 55 B AR S T LR . A BSOS
A4 = i R, IR Sk, AERAIscHE T A
IRIEES =Vl &

SHEMRE RIS T, RN bR, T S
Pilgs NIRRTt SR B, RN IR S
MEEERAEAS 7 vk P ) 0 22

Ry B AT VEAS AR A DU A A BB, BR mAP 5
NDS #b, ZRSCHAE nuScenes ‘B 75 #EI WSk — 23R 45
FHARRE: FHEIEE mATE (m). K2 mASE (1-
IoU)., #[Hi%2 mAOE (rad). #J¥i{%# mAVE (m/s) 5
JRPEIRZE mAAE (1-acc), 5345 2k 1Y A0RLFE 48 roxt
H L7 2: MEPFusion 7 iR TR ZET0 ¥ 2 Bk, H
X B AR AR X S B A SRR P 5 ) 5 e R 2 T R Dy

[FIE, &Sk % MEPFusion 7EEHE/N HFRZ 5T
ARSI 25, ZASSCHE nuScenes SiEEE AMNE T LT IEES
Gy BRI DI AE SR . 2% 3 RIS R4 0~20 m
GERE). 20~30 m (P ) 5 30~50 m (GEiE) =X [H]
45053, MEPFusion 745 #E B By U — 8427, H
7E 55 Pk A 30~50 m i B4 fiE 2K 15 R e 1 4G,
mAP/NDS 43l #E T+ 1.4% F1 0.8% ., % Tl = F 5
ZEEHARR BN P R FRLL R o5 2 [l s A5 R 3R
o, HEZPEREAEIZ XA &R 1k, 1 MEPFusion {756
PREFRSE B, DAy A I B A 1 T LA
(1 E AR AT R M S 25 G B i

BEAN, e (i s RIS AR “m /N BAR” X — K
HAEIE, & 44 MR Bl AP, I3k B Pde. .
M.TAE M AE N EERFYE, Car. Truck /E KA H
PRARRIEA T L. SRR, TEEIEIX AN, /NRIEAG
VIR s o B, MUT.H AP i 26.2% 7+ 2 30.4%
(+4.2%), Pde A /MEFET; [FEF, KA HIRIMARER
FHTF (Car+1.2%, Truck+2.6%).

FiRgER R, MEPFusion A9 REY 25 1 dF 2k
U5 T3 2 K R PR A 1Y) SRR DTk, T 2 A A2 P B T ) B

#% 3 nuScenes 1iEE 36 5 B AR T IL (42 %)

Table 3 Comparison of detection performance across distance ranges on
the nuScenes validation set (unit: %)

%, mAOE 5 mAVE 73 llF#AIK 1.4% 1 1.2%, X FRART ethod 0-20m 20-30m 30-50 m
f Hh e REVE R &5 5 S RCE RE RS A 309 55 R L5 TR mAP  NDS  mAP  NDS  mAP  NDS
FHeXF EH4 7 B520 , MRTEE TRl 367 1923 [a] — 2 BEVFusion 77.8 77.2 61.0 67.4 304 460
;rilg @Uﬂiﬁiﬁ ; lﬂzﬁl\ , mATE. mASE Lﬁ mAAE E/‘J/J\ Ours 78.6 78.0 62.6 68.4 318 46.8
0T WA S 0 . RBE 5 U A A% BB B A Con 08 08 M6 n0 4 08
% 4 nuScenes BiE £ 38 H 5B A B AP b (£45: %)
Table 4 Comparison of category-wise ap across distance ranges on the nuScenes validation set (unit: %)
0-20m 20-30 m 30-50m
Method
Pde. M.T. Car Truck Pde. M.T. Car Truck Pde. M.T. Car Truck
BEVFusion 92.0 87.2 96.7 74.5 82.3 66.7 88.7 63.3 43.4 26.2 731 47.3
MEPFusion/Ours 92.4 89.9 96.7 79.3 83.5 68.8 88.8 63.5 43.7 30.4 74.3 49.9
AAP +0.4 +2.7 +0.0 +4.8 +1.2 +2.1 +0.1 +0.2 +0.3 +4.2 +1.2 +2.6
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P ny NYBERT YIS, AT5RE B BRI A 5 T
BURERE , B0UE T A SO iR AE L R /N B ARSIy 1 976 5%
PESRENE . 2RI T 2R RAE 5 X 5 W
SimPVT 5 icif/N H bR L5 55, SDMConv 42
TR G [T B LT &40, GAFM g sh X535 517]
Pl A I R R 67, DT AR A5 B RS £ ) A 245 T 4B
Hiz5

HE—2, BARSOTIE S AR B AR AR R =4
H ARSI 7 L R AT 0 B IEAG . 2% SICA T AL (C). 3
HeE s (L) 52435 (C+L) 7 IE7E nuScenes Y FF 45
51 A CECE 5 ME, % Validation 5 Test), H
FRESI, SHPLE X, 43X MEPFusion 5 ik 78
Test 8235 % 67.1% mAP Fl 70.8% NDS, AHXF %4 &AL
1) BEVDepth 4351|455 16.8% #110.8%; 1E Validation £
KF| 67.1% mAP Fl 70.9% NDS, HHRi% 4/ I 5 i #Y
BEVFormer 5051455 25.5% F1 19.2% . X 2 WA 1E{UHK AT
PG B UL ) RUBE 5 TR B AN L 8 Y AR 55 1)
% SRS AME G R BIR AL fif . SOG4
H., A< MEPFusion J5 ¥ 7E Test £, MEPFusion #H k.
TransFusion-L /57 1.6% mAP 1 0.6% NDS 1435 ; 7
Validation 2 , #H It TransFusion-L, A~ 3 J5 34058 T
2.0% mAP F1 0.8% NDS., Ui HITERIF = ot & J LTS g )
POKAHEREIS, 3 R A A S L] R S X 5L
il , MEPFusion 7£J7 [1] 5 gk 11 bk — 20 R 4i iR 22
SR 4a%t ., MEPFusion 7F 5 BEVFusion {434 7]

# 5 nuScenes k=% B ARA P AL 3T £

BHESME R, T Test/Validation 43 51 52 3+2.8%/+
1.9% mAP 5+1.7%/+1.2% NDS (4T}, FF7E Validation
HUA5 4 K e NDS (70.9%). [FBF, #H H GraphAlign .,
LIFT, MVP %35 ] 7 3%, Test ££ 7 mAP I 4 7l 45
Fe+0.6%. +2.0%. +0.7%, NDS 7r/Mig5HE; £F Validation
££5 MVP [ mAP Jf 515 — (67.1%), 1M NDS J& & {ii
(70.9%), FRZERUI, TEARIE A NER T,
PERLAXT 5 505 B AME AT 350 A 5

L, ARSONETERE . JOR S GBEZ M SE
PEVAs, ARSI T 1) 52 4 35 s i TR ) M S5
Wil FEAREMH AR AT T, 43 MEPFusion J7
DAHB IR ATE SR8 R 5 G . eSS
SCELREIEE T, JEH, IS SimPVT s®iE A5
SDMConv 5 JLA[ 358 5 GAFM SR A Bh A% 5743 T
W ELAH BAMEE, AR/ H bR TR 55 . R 301
JUfTiR AL . BSREEXT M 22 R, i RIS .
PE 552 =75 5 N O = R RS e M 5 TR T

3.5 HEALIE

h R GEVEAS T HE A S 2 25 S U RIRLON , AR
nuScenes I FF IR HIAR fE AOTHAISCES . hkk AR T,
Prpk it sl, AR UIZAoRNS . Bdmidng . Ol s
SR 3k 4 5 FL2k BEVFusion ff5F— 2, 5245 5 4n
26 R . BEATEMN A L HUS 64.3% mAP., 69.1%
NDS. 6.8 f/s. 39.80 M 2%, " L1531, SimPVT,

(E4z: %)

Table 5 Comparison of 3D object detection performance on the nuScenes dataset (unit: %)

Test Validation
Method Modality

mAP NDS mAP NDS
BEVDet C 422 48.2 39.3 472
BEVFormer C 48.1 56.9 41.6 51.7
BEVDepth c 50.3 60.0 35.1 475

PointPillars L 30.5 45.3 - -
CenterPoint L 58.0 65.5 50.3 60.2
TransFusion-L L 65.5 70.2 65.1 70.1

PointPainting” c+L 46.4 58.1 - -
MVP c+L 66.4 70.5 67.1 70.8

LIFT™ c+L 65.1 70.2 - -
mmFusion’”” c+L - - 65.4 69.8
GraphAlign™” c+L 66.5 70.6 62.8 68.5
BEVFusion c+L 64.3 69.1 65.2 69.7
Ours c+L 67.1 70.8 67.1 70.9
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% 6 & nuScenes MK E Loyl ek R I T2

Table 6 Comparison of ablation study results on the nuScenes test set

Method SimPVT SDMConv GAFM mAP/% NDS/% FPS/% Params/M
Bevfusion - - - 64.3 69.1 6.8 39.80

El V) - - 65.5 69.7 6.6 37.03

E2 - v ) 64.6 69.5 6.9 39.08

E3 v - v 65.4 69.8 6.9 36.31

E4 N v - 66.2 70.0 7.0 37.03
E5/Ours v v ) 67.1 70.8 6.8 36.31

SDMConv 5 GAFM 7EA I & T HREREW ARMERER  AENINACR S, Miiskik BEV 25 ] B J LA 45 F f

i, e = H A RIS el

B, MWIREHUL A, UEHREIR ETIFBIA TS
HE I E1 (SimPVT) EIALEE mAP/NDS 27+ & 65.5%/
69.7%, Tt 1.2% F1 0.6%, [FH}5ERI 2506 R 2
37.03 M, i EIAME, SEENTEELHET
SimPVT £ 1 H B iismfbrett, RUTE SR04 R
B 5 I P EE AR A RS AE T LF- AN BRUAR SR 7T A i 4
AR S S8 T HAR, BRI SRR G, AT
DI 3] = & B AN 42 . Hi—, B2 (SDMConv+GAFM)
TEA B AR 4y X B HT 42 T, o mAP/NDS 42 7 &
64.6%/69.5%, FHHBHEZE 39.08 M, UL ETEHI#
TG B 1 25 149 T LA 220 0 5 ) 90 55 %o B R S AR il &
PR IEMAER; H ., E3 (SimPVT+GAFM) [) mAP/
NDS i5 %l 65.4%/69.8%, &t 1.1% F10.7%, SHHk—
HRER 3631 M, /R IR ST 5 Z AR BLAR
H:=, E4 ¥ SimPVT 5 SDMConv 4541, PEAREIR TH
£ 66.2%/70.0%, HEFHEEIETZ 7.0 FPS, [FHFZ%k
YE4F 37.03 M, HTTE “HERE—RE—S80 =484 FE
Rt . BE, RS IIEIE T, ES
TELRFF 6.8 /s SERT R [RIES, B 67.1% mAP 5 70.8%
NDS i fEgs 5, X I IE T +2.8% FI+1.7%. S5
M2 3631 M, HIELWY) 8.8%., (HGTERAYIE, E3
5 E5 280w (Params) ff 5 —2(, F£ B L1 SDMConv
BHARER RGBS ABIMISEOTE . s 7 5
7, SDMConv /EHF BEV iz JLfal RA4SAE I, H
SRR 6.71x107° GFLOPs #4% 1.34x10° GFLOPs,
# b 1 Bl 6.71x107° GFLOPs; % 1 4 38 i 8] {2 i
3.5x10° ms 34 & 3.8x10° ms, VI 3x10° ms, &
GFLOPs 5 B He i BEAE SR A7 76 /N T, (A B Ak
T2 10 °"GFLOPs 2%, X 4 {4 S Asf 3 B % I8 1) 5
Wi AT BR . B EEL Y, SDMConv i i 5 A 25 [0] 4
FEVITIBLE], LGRS F A R X i = Wi 53 A 1)

fEJ1. L5k F, SDMConv fEARIE IS EE HTHE T,
DARTHR 135355 I SEA AN B (2 25 1 SR AE S M BB £
A B TR IR S 2 T S S A
AT BT H T4 S kR 4t
Table 7 Statistics of computational overhead and inference latency of
different modules

Module Params/M GFLOPs Inference time/ms
Conv 2.7x10° 6.71x10° 3.5x107
SDMConv 2.7x10° 1.34x10°° 3.8x107

Zi 1, SimPVT TR Ib b L4 )m—8tk S
A X I P, SDMConv T 7] 7 i 5w FE 3 S 42 T
S JUTYEA AT 3, GAFM WIZE BEV 25 [A] SC B
RS T 5 HANEH.; = HTERCR SR YR T B ]
Gr—RI X FF—n] BN (W RER 25, AR S RO
TN SRR R T, B R R e S
PR o X WA SCAYSS A TR DR Ar S Ik i ] e HL A8
DL SRR SR TERE

3.6 AIfLLS 1R

R EVEAS BT R A R, B 5~15] 8 25 H B Al
Y B S ge s T AL XSt . A7 ¥4 BEVFusion
B AR A4 B HRS, A 20 A ER S A )
BEV i = LA 8 g 2 [l A0 Pl 3 0t Xk, (8 T e S i
S5 U] [ 2 [ A 7 —— X L R L o X R B AR SRS
W25 55 LiDAR UFE4E AH B EHIE, PERESR AR IR TR
TR AR ZSNT F 5 U SRR 08, TR i AL e P 5
[ SIS

HAE, I AR E T E s hogeE] (W E S),
BRI EAR I IR/ N S AP A AL By L B 6 5 Bk
SR, AR SO AR A ) R Xk 4A 3 S 38 1 M AE I
TRRFE R E I m ATt , E2 4 B PAL , HEMR ST B
ST, S BEV s 1Y % R LGS B R
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Fig. 5 Visualization of object detection results in an urban daytime arterial road environment

Trailer

Barrier

Motor. Bicycle Ped. T.C.

B 6 £ 438 IRFE B AR N £ R T AR

Fig. 6 Visualization of object detection results in complex traffic environments

PG FEAF 25T SimPVT % C 5 DI b 9 58 Ak L 1
PP A e B B AR E O PR BEJC, - [R)INE SDMConv X Fi
G5 A ZE R B LA B S8, TR T 1 s i
SR H bR A 15— B

Hk, 2 Atpdde . NZRS R Sy A bsdf
FERYBR /T T (WA 6), B2k 5 5) Hh R AR |
BTSRRI A R, A SO A i 4240 57
BRSO R S IERR e, P S s
feEpmE—EG Kk st 4o . KA B
GRS 2588, PR SDMConv 752 RS 5
Z FbR T 0T X /20 K LT &5 4 B s B 3 5

GAFM WSS A 41 i e

AN, SR UE A A TR RMIC R EE 5 B R R A%
PRIE T T A GE ST, BR TR edh, ASClE—25
TE nuScenes J0 UEE [ #4 A Night 5 Rain 5 7 & 5
PR, R4 T TEI X SE T mAP. NDS fiR 22 57 fif
FePR AR UE G e . Hor, Night FEEME 602 MFEA,
Rain FHEALF 1088 MHEAS

TER MR REEE S S TR (LR 7 5535 8),
SRIOG . GEATHZE SRR 5 i kA i AR A S
MEMRIERS . M2 T, AR SO AR RN AL B i R AR
JEAE WA DB O X 200 . BB A5 OG5 H AR 2Lk iy
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Fig. 7 Visualization of object detection results in a nighttime arterial road environment

Trailer

Car Truck CV. Bus
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Fig. 8 Visualization of object detection results in a rainy weather environment

IFi] B AE (A7 BEV H TS i R XoF 5 s 5 1EL 445 440 B 4 1) J L
faf [l . Hit—3%, 7% 8 W/RAR U IATE Night 4 -
mAP/NDS 73 B2 T1+2.09%/+0.8%, HZIiREHEFREEIA
TR, FRLEAICIEE SR TR N e TG AR e
PSR . Hlles EEOR A SIimPVT 9 a3
il GAFM BB A7 81145, (i fl G 25 SR e s 5 i
FRHU,

s, FEBAM SR (WK 8 57 9), WAL S
T S 23 6 UG RT L BE R R S i s R A, IF
PR AR AR b, I IR REAAR ) ) 5 R A

R JRUBGE o A ST 12 7 P 1A Xk 7 408 24 o T A O AE 1R
RUBE S — 3P, I 32 BOGR MR H AR A3
IR, 7 0 — P RY], ASCHIEAE Rain 74 L
mAP/NDS J3 31142 T++2.3%/+0.8%, H.3# ¥ /@ P45 iR 2%
TR A BEA, 1 BH T R T S B0 R A 5 5 = 4 sh
LA R ) R

wJa, ZRAES~E 8 BRTAAEXT L5 3 8~3 9 1Y
FHRERER, ASOTEME/NEbR . EIERE . Ry
L% 7 8] /BF RR 3 T AR R E T 00 R, #7%8 BEVFusion
JRESIL AL BT R ) NG R L SRR A e 5 R A B
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Table 8 Quantitative robustness evaluation results on the night subset of the nuScenes validation set (unit: %)

Method mAP NDST mATE( mASE, mAOE mAVE mAAE
BEVFusion 37.8 43.6 48.9 45.1 43.1 57.3 61.1
Ours 39.8 44.4 47.6 44.5 42.8 57.0 60.7
Gain +2.0 +0.8 -13 -0.6 -0.3 -0.3 -0.4
49 nuScenes IiE% Rain T &M Z ML R (12 %)
Table 9 Quantitative robustness evaluation results on the rain subset of the nuScenes validation Set (unit: %)
Method mAP NDST mATE mASE, mAOE mAVE mAAE
BEVFusion 64.7 70.0 29.5 26.9 331 20.0 13.8
Ours 67.0 70.8 29.2 26.8 331 19.6 12.7
Gain +2.3 +0.8 -0.3 -0.1 0 -0.4 -1.1
Ny s
PR, S T IR TR S AR F R 5k S5 TR

J1. BEEXIRAIE S S BEV _E B LI 5 R A& 45
BME#, SRS (mAP/NDS 271 £ —2%,
B UET SimPVT i X H) %] . SDMConv JL fi] # 5 5

GAFM 400 35 5 T4 B BRI
4 % i

FEXT 245 3D H bRk G5 U B AZ R .
2 Wb DA S 5 A AR X 5 AR A OB ), AR
$2& 11/ MEPFusion J7 A 8058 1L T 2 BEARHE Y R I8
H5ZERT), BERA TR ES RS EE. 7E
nuScenes £ 5 b B SC SIS UE TIZMESL O MbE L
mAP 5 NDS #§ #5 #H # F BEVFusion 28 43 5| $#2 7+ T
2.8% 5 1.7%., #—LIHMBITEIE R, S BRHAEE L
1L JUfrI 2 pe i 5 B RS X 55 7 T B A s s 3 25, I
3H L P Rl Rl G 2D TR R . A SO VE R A
A 3D BAUE S5 MR EE Rl G 5 e AR L T AT AT L
ﬂiﬂéifﬁﬂﬂimf’?? MEPFusion 7EMR I KA. T
PEE /N B ARKLIN A5 52 37 5 T sl i e SRRk, Jf i
*%ﬁﬁﬁﬁﬁL%ﬁﬁﬁ%E’]?‘i%iﬁgﬁm, DIz
R 3D BB TESC PR A s B g 58 s E R g
Bz R H

e ik
ZEIH . LB SEA, WIS EE; XIME. .
PSR SCHEM, IsCB; EA . R TRAE .

FlzE s
JITA A 7 B ORI £ e
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Abstract

Objective: Multimodal three-dimensional object detection combines camera semantics with LIDAR geometry and plays a central role in
autonomous driving perception. Yet performance often degrades in complex traffic due to unstable semantics, sparse geometry, and cross-
modal misalignment. Camera features become unreliable under glare, low illumination, motion blur, and cluttered backgrounds,
introducing uncertainty into bird’s-eye-view (BEV) projection. LiDAR point clouds are sparse at long range or in adverse weather,
weakening local geometry and causing boundary blur and missed small objects. In BEV fusion, misalignment between modalities
introduces conflicting cues and redundant responses, reducing confidence and accuracy. This study proposes an efficient BEV detector that
enhances camera semantics, stabilizes sparse geometry, and achieves adaptive cross-modal fusion for improved accuracy and robustness
without excessive computational cost.

Methods: The proposed framework, MEPFusion (multi-layer perception enhancement and gated alignment fusion), improves camera
semantics, stabilizes sparse-geometry modeling, and enables gated alignment fusion in BEV space. For camera encoding, SimPVT
enhances global context and salient-region representation with low overhead. A pyramid vision transformer backbone extracts multi-scale
features to capture global and local dependencies. A parameter-free saliency reweighting unit amplifies target-related activations and
suppresses background distraction, improving semantic separability. To reduce computation, the highest-resolution stage is removed while
preserving three-scale outputs for projection. Features are lifted to BEV space via a lift—splat—shoot transformation supervised by depth
estimation, stabilizing the depth distribution and reducing projection noise to improve spatial consistency. This camera branch aims to
provide more reliable semantics under appearance variations, reducing texture-induced false positives and improving recall for visually
small instances.

For LiDAR encoding, raw point clouds are voxelized and processed through a SECOND-style sparse convolution backbone. Standard
sparse convolutions are replaced with spatial density-modulated convolution (SDMConv) to address equal-weight aggregation in sparse
regions. SDMConv injects a position-dependent density prior into convolution responses via multiplicative modulation, producing a center-
enhanced and periphery-decayed pattern within the receptive field. The modulation mitigates feature dilution and preserves boundary cues
and shape continuity, especially in long-range or partially occluded areas, without increasing parameter count. The resulting sparse 3D
features are compressed along height to produce LiDAR BEV features. In practice, SDMConv acts as a plug-in operator that strengthens
local geometry when point evidence is weak, benefiting thin structures and small obstacles that are easily under-sampled.

Cross-modal fusion occurs in BEV space through a gated alignment fusion module (GAFM) designed to suppress misalignment while
maintaining complementarity. Each modality undergoes channel recalibration to emphasize discriminative channels. A residual mutual-
guidance path performs bidirectional correction: LiDAR features refine camera BEV features in geometry-sensitive regions, while camera
semantics complement LiDAR features where geometric evidence is weak. Spatial gates are predicted for each BEV cell and normalized
via softmax to assign adaptive fusion weights, allowing the more reliable modality to dominate locally while reducing inconsistent
responses. The fused BEV features are decoded by a multi-scale neck and a transformer-based detection head to produce 3D bounding
boxes and attributes. This strategy improves optimization stability and encourages reliability-aware weighting rather than uniform mixing.

Results and Discussions: Extensive experiments on the nuScenes benchmark demonstrate the effectiveness of MEPFusion. With six
cameras and one LiDAR input, MEPFusion achieves 67.1% mAP and 70.8% NDS, surpassing the BEVFusion baseline by 2.8% and 1.7%,

Foundation item: National Natural Science Foundation of China (62463011), Sub-project of the National Key R&D Program of China (2023YFB4302104-
2), and Jiangxi Provincial Natural Science Foundation, General Program (20224BAB202025)
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respectively. Regression errors in translation, scale, orientation, velocity, and attribute are reduced, confirming improved spatial alignment
and motion estimation. Category-level analysis shows notable gains for small or geometry-sensitive objects (e.g., traffic cones, barriers,
motorcycles, and pedestrians) while maintaining improvements for major vehicle classes. These trends align with module contributions:
SimPVT strengthens semantics in cluttered scenes, SDMConv alleviates sparsity-induced degradation, and GAFM reduces cross-modal
interference through adaptive gating and complementary fusion. Qualitative inspection suggests fewer duplicated boxes and cleaner spatial
responses in crowded regions, consistent with suppressing redundant activations caused by misalignment.

Distance-stratified evaluation further verifies consistent improvements across near, mid, and far ranges. The far range, where point sparsity
and scale ambiguity are most severe, still achieves clear gains, highlighting the benefits of density-aware encoding and local gating.
Robustness tests under adverse conditions also validate generalization. On the night subset, MEPFusion improves mAP and NDS while
reducing error terms, indicating stable semantics and selective fusion under low illumination and glare. On the rain subset, performance
again improves, confirming resilience to reduced contrast and weaker LiDAR returns. Ablation studies reveal both independent and
synergistic effects: SimPVT alone enhances accuracy with fewer parameters; SDMConv and GAFM each bring additional gains;
combining all three yields the best overall performance. Efficiency analysis shows SDMConv introduces minimal overhead, and the full
model maintains comparable throughput with reduced total parameters, indicating a favorable accuracy—efficiency trade-off for on-vehicle
inference.

Conclusions: In summary, MEPFusion integrates semantic enhancement, sparse-geometry reinforcement, and gated alignment fusion
within a unified BEV framework. The method achieves higher accuracy, improved regression stability, and consistent robustness across
distance and environmental variations while retaining deployment-friendly efficiency. Stable semantics before view transformation, density-
modulated LiDAR encoding, and adaptive BEV fusion jointly mitigate misalignment and suppress redundant noise. MEPFusion thus offers
an effective and reliable multimodal perception solution for urban autonomous driving.

Keywords: autonomous driving; multimodal fusion; BEV representation; multi-layer perception enhancement; gated alignment fusion
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