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Abstract
3D object detection based on deep learning holds significant importance in cutting-edge fields such
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as autonomous driving and robotic navigation. However, the technology still faces multiple chal-
lenges, including high computational complexity when processing large-scale 3D data and difficul-
ties in small object detection, which severely restrict its further development and widespread ap-
plication. To address these limitations, this article provides a detailed introduction to commonly
used datasets like KITTI and NuScenes, along with a categorized analysis of 3D object detection
methods based on images, point clouds, and multi-sensor fusion. Image-based methods suffer from
limited depth information and lower detection accuracy, while point cloud-based approaches
demonstrate clear precision advantages by leveraging depth data. Multi-sensor fusion methods ex-
hibit superior detection performance, whereas Transformer-based and Graph Neural Network
(GNN) approaches drive technological breakthroughs through global context modeling and spatial
relationship reasoning. Through performance evaluation and comparison of mainstream models
on KITTI and NuScenes datasets, the study analyzes differences in detection accuracy and adapta-
bility to complex scenarios. The conclusion suggests that future research could focus on exploring
lightweight network architectures, dynamic multi-modal fusion strategies, and physics-aware en-
hancement techniques for small objects. By combining Transformer’s global modeling with GNN'’s
relational reasoning, breakthroughs may be achieved in real-time performance, complex scenario
adaptability, and small object detection accuracy for 3D object detection.
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Figure 1. Number of papers related to object detection from 2015~2024
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Table 1. Summary table of 3D object detection datasets
% 1.3D BirMBEE LR

il tE WRHE e PREMUEL 3D HEH & RATEEA LIRS A
KITTI 22 8 15K 200K 2012 RGB + #OLHEIE
nuScenes 1K 23 40K 1.4M 2020 RGB + ¥t EIL
H3D 160 8 27K 1.IM 2019 RGB + ot FHIA
Waymo 1K 4 200K 12M 2020 RGB + #OLHEIE
Lyft Level 5 366 9 46K 1.3M 2019 RGB + #OLHEIE
A*3D - 7 39K 230K 2019 RGB + ot FHIA
ApolloScape - 35 140K 70K 2019 RGB + #OLHEIE

2.1. KITTI ¥R g

KITTI ZE 5 (14 2)72 H sh 28 30375 N i SN SR DEAh 10 35 2 50E 45 . C % 64 J8IE LiDAR.
4 NG A GPS/IMU A& RS MR E, SEHH . & RIXAERSE 20 1M75 1 RGB B4, 3D #
HWEIE M = LI GPS AAFR[6]. ZBHEER 3D H Rk EE S 7481 sk IR K& . 7518 5K EUE A
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N EZ, HARE T 80256 MM, FEARFEAS IR IAIRIE DY “easy” “moderate” A1 “hard” =
Jo KITTI Hlademth ISl 1 3D AARG AR AR, VRO USRI IZE A ER AT PR AL

Figure 2. KITTI dataset
2. KITTI #i#E5%

2.2. NuScenes #iB&

NuScenes H#E (& 3)MBEEL KITTI Bk, 6 MNMERLM 32 LR A0 & 1A 78 P iU 57 n i %
£, BE 700 MR 150 NEIE S 150 NI 5[ 7]. 3D bRiEifEs 360 FEALET Y 23 A
5, 16 3D HARKIAT S, G0 2 LA A 20, R 10 2851 ZEEEEAE 1000 4
BB B S AR S 5, BRI ME WEEPIRES . KEEEME, 3D H
PRSI B R T AR T A R

Figure 3. NuScenes dataset

[&] 3. NuScenes #iiE&

2.3. Waymo ¥igE

Waymo Open Dataset (14| 4)& B2 FUE T ] Waymo 2 &) KA H 2072 M4 ([8]. B/ & 3000 4~
BIETE, £ 600,000 WK, 45 KL 2500 734N 3D MFHERT 2200 34N 2D I FHE. Waymo i&#&%ﬂﬁ
KEAF BB EHI7REE, N 3D HistllEEE S AR5 FIGATEE St 7A J1CF, A
THEBNSFEAE S PR R A T I PERE SR T

DOI: 10.12677/jisp.2025.142017 176 & 555 Ak #


https://doi.org/10.12677/jisp.2025.142017

AR %

Figure 4. Waymo dataset
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Figure 5. The overall framework of existing 3D object detection methods
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Table 2. Comparison of 3D object detection methods in different modes
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R HAEAR B AN

3.1. ETERH 3D BFREN75E

BT B0 3D H AR 772 3 K RGB KGN & SO B[S B, DA H bR 3D 14 FHiE .
I B H EUE 775, W Mono3D[10], 1 J64E K 3D IEHE, IFAEENE UEE . LN CRHERF Tt
PITEARAFAE, 8 I B A AR AE HE1T V43, B 5 Fast RCNN ZEATA7 L [31 VA DL Ak FHAE . SR,
FITERABAAZSE R, HF HoA T 1w A B R A R R R RIENE, SO I sk Bk e,
RN T — &5 7% . DeepStereoOP @Il A RGB KU 5IRE(E B2 3D HbsA MM A8
[11]; 3DVP J5iRH 3D A £ 8, 454 RGB {fi. 3D FARAERL RS, LU/ ME 3D HER ) 2D i
552D A 45 5 2 1A AR 2 SR AAS I R [ 12]; SubCNN 5] N F2RHIME BA I IR R, Haia2 RE
KB &7 B AR T/ B AR IR IR 71[13].

IAER, VFZEFRN RITIE K B 2D LA AT 3D Hbskill. 140, 2D-driven3D Hbrtsill /7
REET T TAEUI 22 2 80 2% LLTR 3D 21 5402 MonoDIS IR 2D Al 3D I35 2% () il i Az 4, Jf:
GIN W B BAS I VR DA s RS FE[14]. 4R, Pseudo-LiDAR J5 {238 i T 1 B 9 s #8542 i 3D
Mz, RHBIREAAREL U SR ENRGEE. RN, BTFRES B FERS AR e, X7
TEAE S 37 5 R G5 IR BE T RIS AT 52 35 K 5
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W28 54T HARA . 9140, LMNet KRBT ERE, J4E 00 BRI FCN 2T B BUs I, 1% 757
AR PSRRI AE, (EASIKS BEHCIR[15]; BirdNet i#iid BEV #4525 M. Faster R-CNN {#it 3D i 7
HE; 52 YOLO Ji /K, Complex-YOLO ¥ si =525 BEV 1, SRJ5 18 FH BP0 BEAEHE il TPk 1) =4 il 57t
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B AR RAERITIEAE PointNet+HE 8 T M4, FEEUA SUAE SC B SCR-IE. R, 7EAE T
PIEE BB, B8N 7 —AN ToU Mt 4> Ll AT fa kb3, dE— 4w 17 BAsA iS5 . 4R, 251 3D B
M7 AN B i, A B KRR 37 I A7 7E RS
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JEHt 3D HERI R ANALFR[ 18] M SHRL & WIAERT I ZE R it &, an— 280755070 i AT BB = 1
R, FRLAPE AR RS R ERHE A R Z X BT ACH, G0 MV3D MIHIRER G T R RS
FRE. (HIXEERE T )l & I AR d B b 2 Z R T AE B 19], D HERN R 2, H
LiDAR x5z M B P BR 1) 17 5 R

Ak, —edik il ERAC B R 46 R AT IR R I RHIER S o F-PointNet 454 2D farill 45 5
SREUAR I AEEZS (8], FFRIA PointNet++3E1T 3D HARKEMI[20]; PointFusion @& RGB EHUZHATF R £
ZRHIE, S TRTERE . BhAk, 3D-CVF $ A B 25 (AR A il 5 S, DAY 5 22 A5 B I EL M
EPNet JUIFH—FER a2k, $&m BAR e 50 KA E . IXEIENA R A ERE 1 R = B
FHIERLE RBENES, A 3D BARKIIEOR M K FRIEN TG T, HES)368 12 U3 A W 7] 7 & 2
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ILAER, FET Transformer (1) 3D H bREGII 77 V208 ik 33 = A WL 00 4 J5 B R SCEEBERE /g, W9 T
G5 PR REMI S . 140, BEVFormer i@id %% 3] 4 — ] BEV #%7r, FIH4% Transformer &%
AL BRI B E 8, ER AR RBH ; BEVFusion GIFM MK 2 BUSRHES —TEHL =1
BEV FoR7F[E, @ik iiik BEV WAL A, ek TR0 e b (R3S #2211 ]; T 1S-Fusion $2
T S-S MRS AL, BT R S Bl A (HSF) B SZ 6 5] S5t & (IGF) i, 2 B A Al kL
FERI 5 LR SO BAMSEHI R 25 R, (RS 53 s e 2 M 28 B, AT 3R AT B 3& A S 491k
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TR T RRIERE 140, Point-GNN & 8] 5 423 48 KA E ZhRCHERLH, 8 % 8 = RFETTAR,
BERRT RS AR, BOHHHES IR SVP M RAE, IRALZ TR IS5 R [23]; DCGNN 5] N8 IR A L1k
R, G562 A0 GNN 2288, [R5 i AU AR A1 5 2R s mUAR G R, SEILRALR B v RAAS 0 [ 2415
HetGNN-3D #4% Fi Rl SOt T8 5 KE S, 81 23 B A% 25 RS B0 5% 2 T sk L A% Ik
f s, TR ARG R, T &R (25]. REETVEME T A o IR B 2 B3 B 7] 1 S8 B4R
HAE, I E SRR REMRE N, REAE SR s AR IR, 9 A S B BRI R A 18 R T R
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4.1.1. 3ZFHEE(I0V)
P T YA 5 3 S ) B S R L A TRNAE R B SEAE SE R A, IoU fHoN 1 BB LE &,
ToU N 0. ToU FEEIT 1, FRBABLRTRM A H AR B AR T RRERG, B B0 MR 5 F b ) 5 LR

4.1.2. FHEE(AP)

A ERRTEAE A B N IR E R A RIRAPUEAR B FTA B HARMIEE 1, KRR
TUH WAy B FR RS I 55 b BIE & T B AR LB . AP 3B 6 AR 3 [ 28 SAS B (5 Bt H B, AT iR
RULEAS RIS ME FE R B PE R, AP (BB Ry, ASEZR AR A 4528 i SR IR H 0

4.1.3. nuScenes BEEFHRIEHR

O TFRERZE(ATE) . PPAETINE 3D Wik oair B 5 Sk oA B W ZEF2 5, ATE (i
/N, RS H AR A B P T R v

@ ¥ REERZ(ASE) . & TINAAA R S B SE RSP ZE R, AN, BT H BRI/ )40
AT o

@ P77 iR ZE(AVE) o SRS AR 1) 77 18] 5 FLSE 07 M) () 22 5%, FH T PPAAS AL AR J7 1) 0000 ) 4
warE.
@B R ZE(AAE) . 0 TRINAIAA 0 J& 1 (ln v WAE . i BPIRESSE) 5 FL @ P A (iR 22 3E 470t
B, AAE BN, BRI R AT B S D

BNuScenes il 7 H(NDS): XE—ANRETE R, B LA B S 0 B ARG . 4R R 5%
K2, SMERAE 2R AR INAES LA RI, NDSEBR, EWEBA /£ nuScenes HHE4E
PR B

XL FEAR AN ) 4 FE DA AR R M 8, A B T B NS 0 TR B LE 3D H ARGl A (B, A A it
R AL B RS HET7 7]

4.2. FEHEEMERERIEL 34
AL T —R51 3D HARGI I EAE 2 K H AR BRI AER . 26 3 o KITTL MR AR AV J7 20
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o, S AR & 72 AN ) H PR ZETE =P FE v s 59— 3% 4 23 nuScenes ML RTHT /7
AR, F mAP. NDS 28 K% HArkS .

SPMTRI AN, KITTI B4 b, 36T BG40 Mono3D. Deep3DBox K BRIAE (S B, ks BEAK,
“easy” MERE T IR IIREFE 2 AL E. BT S BB AL W VoxelNet. PointPillars, R E(E B
THREEE,  “easy” MESE N 70%.

nuScenes AL, BRAMEREZE R E . BT HOCHEIER PointPillar, mAP 2 30.5%, NDS N
45.3%. CenterPoint ft1L )5, mAP F+Z 60.3%, NDS i% 67.3%. RGB+ 0t % ARl A 1) BEVFusion 1 IS-
Fusion £, Bi#H mAP i 70.2%, NDS A 72.9%; J&# mAP A 73.0%, NDS it 75.2%. W] W24
JRASALA N B 3558 3D HARK ZOCHEE, el S IRBIRTE 443 5 I e o

Table 3. Performance comparison of 3D object detection models on the KITTI test set (average accuracy %)

3. KITTL WA & £ 3D BArNAR B BELL AR (PR %)

"% TN B EATEMA
T &M

Vi H X Vi H X Vi il b3

Mono3D RGB 2.53 231 231 - - - - - -

Deep3DBox RGB 584 409  3.83 - - - - - -
OFT-Net RGB 328 250 227 1.06 1.11 1.06 043 0.43 0.43

MonoPair RGB 13.04 9.99 8.75 - - - - - -

VoxelNet BOGEIL 7747 6511 5773 - - - - - -
PointPillars WOLEE 82.58 7432 6899 5145 4192 3889 77.10 5865 51.92
PointRCNN BWOLEIE 86.96  75.64 7070 4798 3937 3601 7496 5882 52.53

MV3D  RGB+ WUGEIE 7497  63.63  54.00 - - - - - -

AVOD  RGB+ #ot&HEik  83.07 7176 6573 5046 4227 39.04 63.76  50.55 4493
F-PointNet RGB+ BOtEHZE 8219 6979 6059 5053 4215 3808 7227 56.12  49.01

3D-CVF  RGB+ #otiEik 8920  80.05  73.11 - - - - - -

Table 4. Performance comparison of 3D object detection models on the NuScenes test set (%)

%% 4. NuScenes R & £ 3D BAR4&EMER M GEELE(%)

L A WG EEFE BT e i
ARG L7/ S B HE

PointPillar  #JtFiA 305 453 684 23.0 4.1 282 234 389 274 1.1 597 308

Tk Bist mAP NDS K%E k& 4

CenterPoint  WOtHIE 603 673 852 535 200 636 560 71.1 595 307 846 784

... RGB+ #
FusionPainting Sk 663 704 863 585 277 668 594 702 712 517 875 842
[E2]

. _ + N
PointAugment- RGB + Bl (oo 10 er5 573 080 652 607 726 743 509 879 836

ing ik
+ 3
BEVFusion RgﬁBﬁgﬁ 702 729 886 60.1 393 698 638 80.0 741 510 892 865
[E2]
+ 3
IS-Fusion RgﬁBﬁgﬁ 73.0 752 883 627 384 749 673 781 824 595 893 892
[E2]
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R THEATOR TEORBRAR . 3D BARIE TS sA S, SHEINHERE R A, (5L T 3D BRI
e LI A2 SEI I R [26] RIECR A —SEARALBENE, iRt TRESE, DDIRTCIAE i it S A M
Il . FESEBRSL Y, G E S SR 5, S A AL AR R AR K R B, e S BRI 7 SRR
SRS W™ ¥ =P KtV VAL

5.2. /) EIARHOHS T iE) =R

/NHARE 3D s h A AR, B ARSI TP S N RRE AN, AU RO . AR AR R A
AMMEF TSR, /N H AR AR I SE IR HE[27] . 2 s MM R PR AR/ B AR i) R s O b, MEDAR I
RHRFAE; WS TP/ BFR Ok dll, SRR R . thsh, BUARIRERSZET . R PRHRE /15
T3 T AT BEAFAEAN AL, XN FFR FRIASIUDRS FEEAN 74 (0] 3 IR, Te it a2 SR B B 75 3K

6. BESKRKHERE
6.1. B4

AT HIRAMZRIR |5 TR 211 3D HAsR AR, PE4I44 7 KITTI. NuScenes. Waymo
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