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Abstract: Objective The advancement of autonomous driving technology imposes stringent demands on precise environ-
mental perception. While pure vision-based Bird’s-Eye View (BEV) 3D object detection has garnered significant attention
due to its cost-effectiveness, it still confronts two major bottlenecks in dynamic traffic scenarios. Firstly, existing methods
often inadequately exploit temporal information when processing multi-frame images, leading to insufficient perception
capabilities for moving objects and occluded areas. Secondly, the prevalent fixed voxel sampling strategies struggle to

adapt to the variability of scene complexity, failing to balance computational efficiency in sparse scenes with detection accu-
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racy in dense, crowded environments. This paper aims to address these critical limitations by constructing an efficient and
robust pure vision-based 3D detection framework specifically designed for dynamic traffic conditions. Method This paper
proposes a novel framework for 3D object detection in dynamic traffic scenes, introducing two core technical innovations
that address key challenges in temporal modeling and computational efficiency. The Temporal Grouping Fusion Module
revolutionizes temporal feature integration by processing consecutive BEV features through a grouped architecture inspired
by Res2Net principles. This module partitions temporal sequences into multiple groups, where features within each group
are concatenated and compressed via shared 1X1 convolutions to generate compact representations. The breakthrough lies
in the residual connections established between groups, allowing subsequent groups to directly inform preceding ones
before applying shared 3x3 convolutions. This sophisticated design captures fine-grained temporal dependencies at local
levels while enabling comprehensive information propagation across the entire temporal sequence. The architecture signifi-
cantly enhances the model’s capacity to model complex dynamic interactions, particularly in handling scene transitions and
occlusion patterns, ‘while maintaining parameter efficiency through weight sharing across-all processing groups. Comple-
menting this, the Adaptive Voxel Feature Sampling Strategy introduces an intelligent sampling mechanism governed by a
comprehensive scene complexity assessment pipeline. The system begins by processing multi-view image features through a
meticulous normalization procedure involving clamping, rectification, and maximum-value normalization. It then computes
both global feature intensity (mean) and local texture complexity (standard deviation) statistics, which are intelligently
fused using optimized weighting coefficients. The framework incorporates temporal consistency through historical reference
integration and exponential moving average smoothing, producing robust complexity scores that reliably classify scenes into
'simple” or 'complex’ categories. This classification dynamically orchestrates the sampling strategy, seamlessly switching
between computationally efficient Fast-Ray transformations for straightforward scenarios and sophisticated deformable atten-
tion mechanisms for challenging environments. In the integrated framework, multi-camera images are used as input.
Surround-view images first pass through a backbone network to extract multi-scale 2D features, which are then fed into a
Feature Pyramid Network (FPN) and an Adaptive Voxel Feature Sampling Strategy respectively. In the Adaptive Voxel
Feature Sampling Strategy, a scoring function is employed to calculate the complexity of the current frame, thereby adap-
tively selecting the sampling method. Secondly, the outputs of the two branches are lifted from multi-view 2D perspective
features to the 3D space through geometric projection in the 2D-3D module to generate a BEV (Bird’s-Eye View) represen-
tation. Finally, after decoding by the Temporal Grouping Fusion Module and the 3D detection head, the final object detec-
tion results are obtained. The Adaptive Voxel Feature Sampling Strategy effectively balances the trade-off between detec-
tion accuracy and computational efficiency. In addition, the Temporal Grouping Fusion Module further enhances the
model’s stability in dynamic traffic environments and its perception capability for occluded objects. Result Extensive
experiments were conducted on the large-scale public autonomous driving dataset, nuScenes. The evaluation adheres to the
official nuScenes metrics, including mean Average Precision (mAP) and the comprehensive nuScenes Detection Score
(NDS). Under a lightweight configuration using ResNet-50 as the backbone network and an input resolution of 256x704,
our proposed method achieved a mAP of 36. 2% and an NDS of 49. 5%. This performance surpasses contemporary state-of-
the-art pure vision methods such as Fast-BEV (35.4% mAP, 48.7% NDS), and demonstrates substantial improvements
over other mainstream methods like BEVDet and BEVDepth. Under a higher-performance configuration employing a
ResNet-101 backbone and an input resolution of 900x1600, our method’s performance was further elevated, reaching
42. 9% mAP and 55. 8% NDS, ranking it among the top-performing approaches in the comparison. Ablation studies sys-
tematically validated the individual and collective contributions of the two core modules. Removing either module led to a
noticeable performance drop, confirming that both the temporal grouping fusion and the adaptive sampling strategy are piv-
otal to the overall success. Qualitative results from visualization further corroborated the quantitative findings, demonstrat-
ing that our method produces more complete detections and more accurately aligned 3D bounding boxes, particularly in
challenging scenarios involving occlusions and fast-moving objects, compared to the baseline model. Conclusion This
paper addresses two fundamental challenges in vision-based 3D object detection for dynamic traffic scenes: the effective uti-
lization of temporal information and the adaptive adjustment of feature sampling under varying scene complexities. To this

end, we propose a unified and efficient framework integrating a Temporal Grouping Fusion Module and an Adaptive Voxel
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Feature Sampling Strategy. The proposed temporal grouping design enables fine-grained feature interaction and multi-scale
information propagation across consecutive BEV representations, ensuring consistent spatiotemporal perception even in
complex and occluded environments. Meanwhile, the adaptive sampling mechanism dynamically aligns computational
effort with scene complexity, thereby achieving a more balanced trade-off between efficiency and accuracy. Comprehensive
experiments conducted on the nuScenes benchmark confirm the superior generalization and robustness of our framework.
The proposed approach not only surpasses existing pure vision-based methods in both mAP and NDS but also demonstrates
remarkable scalability across different backbone architectures and resolutions. More importantly, it maintains real-time
inference capability, showing great promise for deployment in resource-constrained autonomous driving systems. Beyond
quantitative results, qualitative visualization further illustrates the framework s ability to preserve object integrity, refine
3D box alignment, and maintain temporal consistency during rapid motion or heavy occlusion. In future work, we plan to
enhance the framework by introducing region-aware adaptive mechanisms and shorter temporal fusion pipelines for low-
latency applications. Moreover, integrating self-supervised temporal learning and multi-modal knowledge distillation could
further improve the robusiness and cross-domain adaptability of the system. Ultimately, this research provides a feasible,
scalable, and cost-effective perception paradigm, contributing to the broader goal of realizing safe, intelligent, and human-
centered autonomous driving technology.

Key words: 3D Object Detection; Bird’s-Eye View; Temporal Fusion; Adaptive Sampling; Dynamic Traffic Scenario
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Table 1 Pseudo—Code of the Adaptive Voxel Sampling
Strategy
L PGSR AUy
1 Input: Current image features Fi, Fa, F3, Fa, F5, Fe; historical EMA
values Hy, H», H3

2 Result: Final smoothed complexity value Cgma

3 for each feature map F; do
4 Clamp F; within quantile range (5%—95%)
5 Apply ReLU and normalize to [0,1]
6 Calculate complexity C; = a - mean(F;) + 3 - std(F;)
7 end for
8 Compute overall complexity of current frame Cg,, by fusing C; ~ C¢
9 Fuse with historical EMA values and apply EMA smoothing:
10 Cpma(?) =7 Cour(r) + (1 =) - Cemalr = 1)
11 return Cgma

3 L8 I

3.1 KT
3011 BudlEdE
AN SCHE nuScenes BUHE£E (Caesar %, 2020) b
X EE AT T2 9Tl . nuScenes J&—
N ZRESEARAE S T 1000 SR A 5, RAE
WA —BROLT A ANPGRS M A2
K TR IR, IF LA 2Hz B AT AR o AR SOy
B PEAG T nuScenes B T FEARMA R GLFE T4

JEXE (mAP) F- 1V #£ 1% 2 (mean average transla-
tion error, mATE) V-2 ] 1% 2% (mean average scale
error, mASE) - )5 [i] 1% 22 (mean average orienta-
tion error, mAOE) | °F ¥ 3 i {% 22 (mean average
velocity error, mAVE) | - JE PR 1R 22 (mean average
attribute error, mAAE) , DA X B Z¢ 1Y nuScenes £ 15
43(NDS) .
3.1.2 YIZRAnTy

A S5 IR AE 4 5K 4090GPU )l 25 20 4~ epoch.,
K H AdamW AL, B 467 2T RN Te-3, AU HLHE
P E R 1e-20 2 > 2R 4% fd1 F “ Poly LR S % 1%
AR 2T 5, FRAERT 1000 YA 4 “ warmup”
MG HEAT IR . Ry T PR UEXT L SE 56 1 AP AR S
Y5 R FH -4 73 21 >R FE (class-balanced grouping and
sampling, CBGS) Il Z55e0% (Zhu 4, 2019) . BRE
A B 150 B 5 D) S 06 15 R O A A RS  256%
704, H T M4 ResNet50 T 47 .
3.2 S5EAMFTEHITEMEIIL

N 2 Fron , 7E ResNet 50 T M 4% b, AR SCH ik
TE nuScenes 35 iiE 45 [ BUA5 T 36.2% [ mAP Fl
49.5% Yy NDS, ¥ fIi F LST-BEV (NDSO0. 484,
mAPO. 321) %5 J5 ¥k o 7E ResNet101 B TR 4% F, A
SCHT U T 0. 558 19 NDS 110, 429 1 mAP, 4% %g
T BEVCon , MambaBEV. 1 BEVFormer-small-QAF2D
AR TR mAPHINDS B3 T+ UE T A 18 DA
FRHERAE MG (A RO . 2R a1 %) Z2 i 15
FRUESEATESY (I — Ak A IS S EMA -3, f
B REHERA PP S S R n S AT, R 3h 25 43 T
TR, B R T 7E2 T 2 2 B B 3757 T B AR 7
e BE B AN 7K P

FOR TR X BT, AR SO 7 R TE mAVE
FEbR T BIR B TR KT (5351 0. 355 #10.328) ,
T BEVCon M Fast-BEV S 7 . mAVE %4
T bR I REAR SR T I I 53 2 R S A 25, A
e 2o 5 A I A S AL B AL, A5 R b 5 1 X 3
I Y e B AR RE g, DTS2 B0 1 SRS 1 1Y 3
TR ARSI P RE Y 4 T
3.3 HEXW

Sy HAR 3BT T 1] 3 75 28 38 3 52 1 3D H b ki
HEZR A BT ) M RE R B, AR SC LA nuScenes £ 4

R SIS SR T I
Je 4 28 il A5 B A ke G A Y R A7 4 M T
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Table 2 Comparison Experiments with Mainstream Methods

A IV TR TR 25 1 e I 4

LN
o & AP NDS
Tk S ER BT &g mT WATE|  mASEL mAOEL mAVEL mAAEL
%)
256%
BEVDet — 2022 ResNet50 75064 0.286 0.724 0.278 0.590 0.873 0.247 0.372
256X
BEVDepth AAAI 2023 ResNet50 704 0.351 0.639 0.267 0.479 0.428 0.198 0.475
256X
Fast—-BEV NeurIlPS 2023 ResNet50 704 0.354 0.656 0.281 0.384 0.361 0.217 0.487
256X
LST-BEV — 2025 ResNet50 704 0.362 — — — — — 0.484
256X
A ResNet50 704 0.362 0.671 0.288 0.391 0.355 0.226 0.495
900x
FCOS3D ICCV 2021 ResNetlO1 1600 0.321 0.754 0.260 0.486 1.331 0.158 0.395
900x
PETR ECCV 2022 ResNetl01 1600 0.370 0.711 0.264 0.383 0.865 0.201 0.442
900x
BEVFormer ECCV 2022 ResNetl01 1600 0.416 0.673 0.274 0.372 0.394 0.198 0.517
900x
Fast—-BEV NeurIPS 2023 ResNet101 1600 0.413 0.584 0.279 0.311 0.329 0.206 0.535
BEVFE — 736X
lli;X?;D — 2024 ResNetlOl 00 0397 0703 0274 0369 0404 0213  0.502
small—
900x
MambaBEV — 2025 ResNetl01 1600 0.410 0.688 0.275 0.375 0.423 0.203 0.508
900x
BEVCon — 2025 ResNetl01 1600 0.424 0.674 0.274 0.357 0.354 0.183 0.528
900x
AR ResNet101 1600 0.429 0.566 0.281 0.344 0.328 0.215 0.558
0.40 | 055] |
0.33 i 0%l
026 fz 4R 04 2=0.711 /R Z'zi s Y :0-:5
vio B 03] B/RBRBBA=053| o | BRBRBAK057
0.12 & 0.2 # 0.2
oo # ﬁo.r 0.13]
0.05{
%o 02 0.4 056 08 10 00 02 04 06 08 1.0
MUE Y IE
(a) afIB (b) A (c) y((a)aFIB; (b) A5 (c)y)
El6 o B LAy 5 EAEFRE XS N 1Y B 7R b 2R 5L
Fig. 6 Pearson correlation coefficients between a, B, A, y and the ground truth labels
o

© HE K%K

Z

S

WAL



10

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

S
3.3.1 AR SRR R AL SR I fE

BET 2.2 [ 3 A SRR SR AR SRS, AR SOR R
M GA KA X P SERIE LS BUERIE . o
5 BYER 5 A% B B JE 5 S H, o T 4
JRIRFHE 2 5 JR) R 3 2 e X e A I AR BE VT 0 1 BT
PR L . S RAE 137 SRR BT A B AR B0E K
T 1R 22 BB 32 1 Wi 2 S0 A0 46 i M
G SENYLE T BB i 2 XA ) £ 45
FREE B DR DR A R sl A PR S P g 137, 5 HLR
ARG PP TP B i | A PR B S S O
FREVEIrBAE . ZHy AR v 3 R S 8 i
e VE T L RE % TEAT ROIE BR 52 2% BE V170 78 I 7] 4E B2
A v AR Bl ] A sl PR e T T R B
X 7 S U B SR IS L DT R T 5 B R 20 i
SRS RS LMD

A S nuScenes B4k 46 1 ELAEAR 2 FIX 1 2
By 2 Ok H 5B R R b 2 #L (pearson correlation
coefficient, PCC) , PCC B Ui B 9 2 22 [] 114 4 5G4
AR, AT o BA Fily BYZERE . BLARHL, Anlsl 6
(a) fr7m , 388 J7 o F1 B BYSRUAEL , I TH550 H X LAY PCC,
T AR T L FE ol 0.676,8 0 0.324 B, e K
PCC 2 0. 44; [f] FE M, Q&1 6(b) , () BT, 2 A

vam 0

40 4“0
EEE Y WYY

40 40
RIRFEE & & &

0.711 B, % K PCC 4 0.53; 24 y 2 0.45 B}, it K
PCCH0. 57, idat 2 /RMHIC R BRI S 80k #F
T FERE IS A A A A S8 5 B RR Z [H] 1Y G
AHOCHE , DT Ay 52 30 v S 4008 1Y BRI T ]
FEMGETHKE

MR 3 PR, A LS (Liu 5, 2024) B
8 A 3 5 2 4% % 1 4k (dynamic scenario complexity
quantification, DSCQ)J7 13 % 5 5 58 52 8 BRI (1,
T 53058 BCAE AN 5 P f A KU TPAl B 431 4%
FEDC P A U 1 )2 ] (Lo 45, 20125 Zwart 55,
2025; Lu &5, 2025) , K [ 5 B By o0 o 07
25% MBI , 1% 43 558 5 %) nuScenes £ 5 #6177
W GETT ARG o A R B A 2R R
WA X JR], $5 52 2% B 7E 0-25% B X [] 8 5 o ] B
X R RORE R ACES S E R SCEAT D
F BR 0 5 5 58 2% B A 25%-100% FY X 18] 3% & Ky 52 2%
Yisto SR B R BOE NI 5L A 3 R FE ) 14
PR T IR

AR 3 R SRAE AR 4 3 i S 0 45 R N 3R
4R o T BB Y, S B A A AR A 3 R A
1) 37 3 O, AR S 30 18 T 35 AN W] 3 25 28 3
Yrsefs B UG8

BT 4,5 T MEH ResNet5S0 8, 5| A A

FEERERH

FEFREEEX

0
20 xm) < 20 X(m)

40 40
SACRFE & & &

K7 ST ESREE SR R A5 K

Fig. 7 Voxel information map translation with different sampling strategies in various scenario
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Table 3 Experiment on the Setting of Complexity Thresh-

old
SR BEVE SR AR
0-25% 0.3542 (L7
25-100% 0.6012 /37755

®4 BENRFHMIRBER
Table 4 Results of Ablation Study on Adaptive Sampling

FREE AIERNCREE B R mAP NDS

N — ResNet50 0.354 0.487
— N ResNet50 0.359 0.492
v — ResNet101  0.413 0.535
— N ResNetl01  0.421 0.543

LR R S S AR AR VT ROR R R ok
%Fﬁc

T N AR ARAERAL G AR mAP M 35. 4§27 =
35.9,NDS M 48.7 $2TF 5 49. 2; H W 4 B el
ResNet101 [, 51 A H S R R FFIERFE G, B
mAP M 41. 34T & 42. 1,NDS )\ 53. 52T %2 54. 3,
SEERAE L F U, [ A AR F R IR SR SR ] A A0
e sh S35 2278 e, R IS5 A o ) SRS B

B 7 8 AN 5 N SRR R SR AR 2R 5 2
K7 T I T AN R AR SR I 7R (8 5 5 5 4 5
R ZFEAS B 225 . Hod 3D 25 [A] AR 28 0 1 (2
B EHAR R 2D 5 B By gs . it
XPAS 7 100 B €0 0 4 0 8T B b s, A0 2 3 5
7T B T RV RAS 0 23 550 Ay T BRR A S A AR
T B AR AT B, DA SRAE SR 2 A X {179 21 2 2%
RZ G B A vl L AR AT BACR IR, B faf
Yy 5e B 8 HORFE W] AR AR UEAS B 58 B iR T R
BARAE T E A B A6 O
W eyt ARG son B L rhia) Sk fif SR A
Tl IR I b, SRAE SR i ELRAT 5 B2 A HELAI
FREGEEZ A MNE JERFERIE AR E T R
R 05 2% EUR AR A& 15 B8 i
i R SRCR ARG . BRI S AR R R T RS
R FRR AR IR R R RIIL T L2 5 MfER
Ze Yy AR ARG B E ) B F LT 24k
R EOWATERIE T H & W AR R FRIE R A R A B2
2238 3D H ARSI ) A 3RS

‘
BEV#if l

it
& [ LR )
‘ B s i
« = «
I8 fi RIS 2 R A B

Fig. 8 Schematic Diagrams of Simple and Complex Sampling

SZFRE

BEV4HE

SRy T k5 BAIE [ 35 R R AR SR W 1 A AR An
Pl 8 (14 SR AE S ST 7S, PSR A SR W 3 3 T B A
RS T SR A MU R T A S R Sk
FAT AR TR R AL 0 A B A VE SIS T I
FRAR T AR . SCEG S5 R [ 38 I R AL H S
FERS BE 5115 P88 2 18] ST S04 B0 AN A 5 4n
Fe 5 TR AT LT Al A [ A SRR B
I, VA B G T BACR B AE mAP AN NDS $8 Ar_L 4T
ICF 8 ZRAE (B AE CPU b 3 H AE R |- fi BR
PR T 2R

F£5 PHRNRERES EXIRER

Table 4 Experimental Results of Separately Detecting Dif-
ferent Sampling Methods

AT FACRAE  EACREE mAP NDS CPU(ms)
N - 0.354 0.487 7.0
- J 0.369 0.497 1078

TE I P RS 2 B w2 2R

x6 MESEMEARSEIKELER
Table 6 Experimental Results of Different Groups

/in Temporal Grouping Fusion

it %R Gy RN mAP NDS
4 1 0.352 0.480
4 2 0.357 0.489
4 3 0.355 0.482

LR R B S IR A2 2R A
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3.3.2 Wprdim G mi

Iy R/INRGE T AL A BEV B0, T 1R
TEAS 7] 43 20 RS /IN TR 45 SR 19 5 1), A SO ) 49
ZH il G AR R A /NS BRI A T T S
WE. AN 6 s, 7E 48 FHiECH 4 iy 56l 1, 4351
PEAT T — Wi —2H PR —2H . = i — 20 A SR L
G T — 27 SR s BRUAS T e fE 1 e (0. 357
mAP, 0.489 NDS) . SZEGE5HF B “Wili—41" 193k
W5 13 0% 70 ot i S B P A o JR sz T 2 (1) A 3] -

RT HESEMSERMAR T EILL
Table 7 Comparison between the Temporal Grouping
/Fusion Module and Different Methods

L Ve FREAe
N - - 0.361 0.481
- N - 0.360 0.488
- - N 0.357 0.489

TE IR IR R & 9 e R4 2R

T B IR I R o3 2H Rl R R A AR L AR ST
53 5 StreamPETR £ ) 4% 3% AL ] 5 BEVFormer
WP B R MU HE T L SE g . R 7 P, B
SRS o3 41 il A BLHRTE mAP B AKX T StreamPETR
(AR AL RE L L AELRAE NDSHE b7 k%] T 0. 489,
Y1t T StreamPETR A1 BEVFormer. NDS & —/~%2
AERE M ZR-GHEAR , A BB IEN] T B ¥ 23 2 Rl S R
FERFHE Py Az SRS RIS 248 1k 57 J7 TH B A7 38 A 1
FIPEH . BRILZ A, anlE 9 s , #i4fE nuScenes B 7
FEAEAY AT DLEFRZEKE nuScenes B BIEAE R4 A U4
TAE, L 0-40% (FU ™ HL i H4) 1] 80-100% (fLFRIL
SPICHERY) o R TP b P ACH 1R BT ik i i
IAERI A 300, SEEEE R, 78 0-40% /™ B 4 X
(], IR 20 il 5 B LR A 3] 1 56% B9 0] A L
F BEVFormer 1) 50% F11 StreamPETR 1) 54% , 57~ 53| &
TET 6 MFI2AF o i o SRS REGIE 1 FP 2320
il AT AE ™ B P L BT R

RSO I 53 2 il A 18 Rl S 4 4 R
R8N, WA FE UL , SRS 5340

il 5 AL 1) T 8 e B, AR S 0 e MU 25 02 3 H
i B 3 5 1) 238 18 S EoHR

BT 8, H T ML ResNetS0 B, 51 AH T
SN R mAP M 35, 4 2712 35.7,NDS )

85 ,
— . EWE
80 — WFHRE oy
W____

< B 1] B R R it
<
270
B
E 65
Ra

60 welr s

55

50

45

0-40% 40%-60% 60%6-80% 80%-100%
AL

9 T RSO AN ] 7 12 1 4 ] 5 S0
Fig. 9 Experiment on the Recall Rate of the Temporal Group-
ing Fusion Module Compared with Different Methods

*8 MENEMAHMER
Table 8 Results of Ablation on Temporal Grouped Fusion

fAisRPrEE BHPRLS B T4 mAP NDS
v — ResNet50 0.354 0.487
— J ResNet50 0.357 0.489
N — ResNet101 0.413 0.535
— J ResNet101 0.420 0.541

T L F AR & SRS e, N FRR, —Fom ok
Ko

48. THETFZ 48. 95 B T 455404 ResNet 101 i, 45
A mAP M 41.3 3£ 7 % 42.0,NDS M 53. 5 27+ &
54. 1. SEERZ5 SRRV P /e Rl S A Re g i — 20

o ABER6E Bl A H bR R0 A P A 0
e o
Sk T S WA R S B A Tl A R 1) A R
A SCHE IR I —BOhE GBS R A B 34
FEAR RN L LB AR AL B X FL 056 . SCR 25 R (B 10) 2%
B < AR A T R T  fB7 BAPEEZ , B3 o0 A Rl B AR B
FER P — S0 PR A ] R IR B i 2
TP, T B HLAE 22 Wi 7 R i 2R A v B TSR 1
MRS EERERET .

25, R T B UER o 2 Rl A AR R Y R
AR SCNS LT AN [R5 Rl A5 52 A 0 R 2 At 8 A ) 48
RS R WA 11 iR, LR R . fEAFE
BEV F#E R /N(K1 . K2.K3 K4) T, in A B3 532 fil
BRHIF AT A ZHER .
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Fig. 10 Comparison of ablation experiments on the temporal grouping fusion module

ms

6257“ K1:80x16>44—80%<128x128 K3:80>32>88—~80x128x128
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1259 BEVDet
MatrixVT
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Fig. 11  Comparison of latency for the temporal grouping fusion
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Fig. 12 The visualization of the method in this paper and the baseline model on the nuScenes dataset
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Fig. 13 Visualization results of panoramic images
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