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3D Small Object Detection Algorithm Based on Dynamic Feature Enhancement
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[ Abstract] In 3D object detection from point clouds, the inherent sparsity of Light Detection And Ranging (LIDAR) data
poses pronounced challenges for small objects. A small number of effective points lead to weak structural cues and blurry
boundaries; limited contextual awareness hinders spatial reasoning and semantic completion, causing localization bias; and
the difficulty of precise spatial localization, weak channel expressiveness, and background dominance constrain accuracy.
To mitigate the impact of the aforementioned issues on detection accuracy, a dynamic-aware 3D detector is proposed that
integrates dynamic feature extraction with feature-enhancement mapping, targeting two critical stages of small-object
detection: feature extraction and candidate generation. Specifically, a Dynamic Point Feature Prediction Network
(DPFPN) that adaptively predicts.and supplements sampling points to strengthen structural perception of small objects is
introduced. Subsequently, a Feature Enhancement Mapping Network (FEMN) is built that deeply fuses the original
features with those produced by the dynamic module to yield context-rich 2D feature maps, thereby compensating for
contextual deficiency and improving localization. Finally, a Point Cloud Feature Enhancement Network (PCFEN) module
is designed to sharpen focus on key small-object regions along both channel and spatial dimensions. Experiments on the
nuScenes dataset demonstrate that the proposed approach performs better than mainstream detectors. Relative to the
CenterPoint baseline, the mean Average Precision (mAP) increases from 56.1% to 59.4% and the Nuscenes Detection
Score (NDS) rises from 64.4 to 67.4.

[Key words]) Light Detection And Ranging (LiDAR); dynamic feature extraction; feature enhancement; multi-
scale features; object detection
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B B F/NERR SR, 205 L R A R S T
PR SRR S — IR g | A VR R W R R S A

XTECEE R B /I B bR mAP B I [ B %51 4 43 3
ke — W R B AT . 2R AR 5 R,
ARSCI AR B 3 X3 B R 25 ) 1 7 A Bk
P,

PCFEN £ 3 D)3 38 -25 8] Bk A 1 2 1L ok
s s I SO 23 (8] 1 A 4 J3E 14 38 15 2 R i R 36
AE . B o 4 B R BOW) s R AE , 4k
SIAMBESZEMEZ NI FMECFHERFREYS
S HEZS [A] X I, I 28 H /N B AR 26 7 BT S b Y
M LRI T /N B AR RHIE 9 2R3k, B 2K
HBTAT S BAT 4 388 HE AT /N B ARGR1IE 09 45 DU
Pk g

3 XBERSLMW

3.1 HiE&E

nuScenes $df & 41 & T I TURE I bk A
AT R AR 1 20 2 B G 5 A e e B A
& 1 000 DG5BT RRL 20 s, BB
4 28 hy f14E LiIDAR iz 1% Sk EMG 55 2 F %
B IR LSRRI T RN 3D HAstrid:, B A
FEVREAT N VAT Y 2B HE R 4 4
FEFEE RN AWM AITE 10 8 Hir, Bibm 4
140 J3A4~ 3D ARTEAE .,
3.2 KIGEE

AR S S5 g ] mmdetection3D H A A ) HE 22
H1 Py Torch R 2 > HEHLAA A SCSL 0 () i 4 34
1% K . Intel Core 17-14700F, NVIDIA A10, #{4-#H
¥k . Ubuntu 24. 04. 1 LTS, Cudall. 6 ji4<, f#i/H
nuScenes ¥ 35 £ 9 17 U0 2k A0 P03, I 4
AdamW AL B EAT I 5. B BRI IR T R A
1X10 " B FEDHAE A 0. 01 e ARk gk 40, X
BOY b Z Sl A IS R4 0 [ — 54 m, +-54 m ],
[—54 m,+54 m].[—5 m,+3 m]HN KX K/NH
(0.075 m,0. 075 m,0.2 m),
3.3 FMNERR

ST VE A R A B M R B 34 F 2R B
(mAP, P, )1 Nuscenes ¥l 5320 (NDS, Nyps)
YER VAL FEFR  Hod mAP AR

P, \(‘HD\ZZP“’J an

eCdeD

A mAP 5 2D HARK I b ok 5 9 (]
FE) mAP KL, BAE 3D HbrAe i, HiH BT
M1 b A RS AR 4RSI L (ToUD L T
PG TINS5 RS S BR H AR Z 8] B DL FERR . C 3R
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K P e R P E AP0 SR B R 25 .

AR A SCRAT N BEFEZE L AA T2 BSR4 2
1) AP WA AR 18 small-mAP, H T &/ H
PRk G .
3.4 3ttbikEe

1£ nuScenes $ig 5 B AR SO LS N =
Yk H kiR 0y ik 2 A7 X H SE 8, X L Bk A 4
WYSIWYGYY ., PointPillars"'™,  CVCNet'?! |
PointPainting"*’ , PMPNet-**! | SSN** | CBGS™* 1)
% CenterPoint"*! |

SCEGEE RN 1w, it 5 1) A TE mAP
A NDS b5 S T B 2T, R T oot &
BAERE R IR L AU AR, sk pr
7~ U JE B9 BR 7E mAP FINDS A8 b5 L3
FLE W4 CenterPoint, Hit mAP M 56. 1 WA=
59. 4% ,NDS M 64. 40 $ETFF 2 67. 404, 43 Bl 48 T+
T 3.3 H1 3.0 H 43 s 7 B BOHE Bk A R R M g
Fril b B . AN, 7R/ B AR A (B
N VEEFE 4 . A AT 45 RN 288 HE) R b L ek ik
T .

(1—min(1 ,Pm»rp))} (18)

F 1 FREHEETE nuScenes HHEE FHIIBIREITLL
Table 1 Comparison of metric values for different

algorithms on nuScenes dataset

ik WERY  mAP/% A NDS 4
WYSIWYGHY CVPR 35.0 41.9
PointPillars™%] CVPR 40.1 55.0
CVCNetH?] CVPR 55.3 64. 4
PointPainting"*" CVPR 46. 4 58.1
PMPNet:?! ECCV 45,4 53.1
SSNEZ ECCV 46.3 56. 9
CBGS? arXiv 52.8 63.3
CenterPoint?] CVPR 56.1 64. 4

Ours — 59.4 67.4

% 2 frn . 5 CenterPoint A1 He, e B35 4T
AR mAP M 84. 5% 4T 85. 8%, BEFE 42K
S mAP M 54, 00042 FHZ 61. 1%, AAT 251N
35. 1204 Tk 4 45. 006, sl HESE BN 66. 7 04T+ =
70.5% . AT NVEEFEA . AT 4 RIS HE B AR/
FRAEAE A s SR BURRAF B 075 32 BRI A A9 R AE
15 B REURIGEN W RHEAS BN B LSBT
HEBR Y E ARG . BT B A R Bl 2 s R AE A J )
LRI 3 5o AL S Do) 288 gk ke 17 /0N s AE AR AIE R B

FAEAE B E IR B, R AR 2 RRAE 3 A ) 2%
(PCFEN)#&F+ 73835 X0 /IN H AR R B g

R2 AREEEEERLGNIERELE

Table 2 Detection performance comparison of different algorithms on various objects %
GAZS " R4 INBE i 4 Jiti T 44 (PN FEFC A EEFES rdiikiia i o
WYSIWYGHH 79,1 30. 4 16,6 40. 1 7.1 65. 0 18.2 0.1 28.8 34.7
PointPillars" 1) 68. 4 23.0 28. 2 23.4 4.1 59.7 27.5 1.1 30. 8 38.9
PointPainting' ) 77.9 35.8 36.2 37.3 15.8 73.3 41.5 24.1 62.4 60. 2
CVCNetl 82.7 46. 1 46. 6 49.4 22.6 79. 8 59. 1 31.4 65. 6 69. 6
PMPNet! 2! 79.7 33.6 47.1 43.1 18.1 76. 5 40,7 7.9 58.8 48. 8
SSNE2] 80. 7 37.5 39.9 43.9 14. 6 72.3 43.7 20. 1 54.2 56. 3
CBGS- 81.1 48.5 54.9 42.9 10.5 80. 1 51.5 22.3 70.9 65.7
CenterPointt ¥ 84.2 53.1 68.0 33.3 13.0 84.5 54.0 35.1 66. 7 69.9
Ours 85.0 57.6 69.8 36.4 17.9 85.8 61.1 45.0 70. 5 65. 3

AR SRR E AR T /N BFRFFIE SR IBOR 78
G320 B AR BEAR A IR R, R, X/ B A5
(ARG B TH RSO B A B . BEAh , 78 K HFRZEH R
TR VARG b e Tk R R R B
M 2 PR IRE LM mAP M 84. 2042 T+ &2
85. 0%, RAEKBIM 53. 1% T E 57. 6%, A58k
M 68. 0% 4 TH = 69. 8%, Hi A2 I M 33. 3%0 4%
FhE 36. 4%, X FH T A ety AN ALFE /N
H A 2 O3 A E K B AR 1 PR RE
TRGERN TR,

R T BRI AR T AT R AR SCHE nuScenes
BPn A 5 R MK AT TR LSS, ANk 3 .
SCIGFE bR 35 T Y F 3 Translation # 2
(mATE) BEFH R 322 (mASE) {7 )3
]2 25 (mAOE) | #4H F #3722 (mAVE) | ¥
(BT 25 010 38 3 4% 22 (mAEE) %5 224N 2k B 415 22 1F
fli s DA RIIE - 2494 BE (mAP) il Nuscenes £l 43
B (NDS) I CHEPEBEFE bR . MSEBR 25 RO L 15
RIYEZ A A dE br L3A B0 . b, mAP )
56. 1YO3RTFE 59. 4% (+3. 3 A3 - NDS M 64. 6
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PETFZ 67, 4(+3.0), FH T 4 A B R UK A B
B, BE A EIRZE (mATE) M 0. 28 FF
0. 27, IR A AV IR BN R TERG B 05 = =
£ fig 1A B AR H A A3 18] 07 B Al A0 e e ks
mAOE M 0. 33 FEZE 0. 27, Ui R 7E H b5 )7 1)

T ARG RE W S Y s T AR 6 A [ £
T RR IR A SRR XS BR 9 /N H bR 0 A G B 5
mAVE M 0. 28 FREZ 0. 24, e 7 #8715 5 H
Pt B AT ) BE ) A4 5L B2 T T xS A H AR Y
TR E .

x3 RUFESELFENMERLE

Table 3 Performance comparison between the proposed method and the baseline method

Fk mATE y mASE y mAOE y mAVE y mAAE mAP/ % 4 NDS 4
baseline 0.28 0. 25 0. 33 0..28 0.18 56.1 64. 6
Ours 0.27 0. 25 0. 27 0. 24 0.18 59. 4 67. 4

3.5 NBmERAXS S

R T R GV AL A ST R XN H bR B R I B
71 . 7E nuScenes [ 5 U1 4F SR AR M A8 7 3k AT X
I, {0 % SASAMY . 3DSSD | PVT-SSD™
SSNH# PointPainting[m . CenterPoint""* PL J% 4 3C
Jik. it 4 A/NERRZES] BV T N VEFEE . B
T4 2B AP, IF DL AR B4E R small-
mAP, PERE X b 45 A 4 Fron, AR A
small-mAP | 3k 2 65. 4. %0, A 88 24 /i 5 o 5k £k

CenterPoint™"* 1 60. 12T+ T 5.3 H4 & AT
NCEEFEM . A AT 45 R0 2258 HE /N BbR e | A 1
= AP, 43 Bk 85, 8%, 61. 1%, 45. 0% F0I
70.5% .5 HoAth AR F E O M L AR SO
smallmAP 4> 4] & SASAMY | 3DSSD'*! | PVT-
SSD* | SSN'*1_PointPainting™* | CenterPoint-'"*! #
F+T 26.5.28.9.8.4,17.8,15.1.5.3 [0, 1F
AR b ASSCHE N I B AAORS FE AR T X 226
/N H PRI R AR E

R 4 AREFETE nuScenes EHiESE/NBir LRI EREXTLE

Table 4 . Performance comparison of different methods on nuScenes dataset small targets %

ik (PN FEFGAE FAT7E A3 A small-mAP
SASAPT 69. 1 39. 6 16.9 29.9 38.9
3DSSDI 70. 2 36.0 8.6 31.1 36.5
PVT-SSD-# 79.8 53.4 38. 2 56. 6 57.0
SSNE# 72.3 43.7 20. 1 54.2 47.6
PointPainting?*! 73.3 41.5 24.1 62.4 50. 3
CenterPoint!*) 84. 5 54.0 35.1 66.7 60. 1
Ours 85.8 61.1 45.0 70.5 65. 4

3.6 HERLIG

MR A LT T 1.3.6.5.7. 7.3, 3 43 1. 45

R T SRS SRR T ) 2 (DPFPND RFAIE
Hasm e R 2% (FEMN) F1 5 2 34 58 [ 4% (PCFEN)
XTIy B ARSI BE A5 , 7E nuScenes F4 4 1 X}
/NEFRIAT N EEFEZE L AT 4 LSS HE A T il S
55, FeE R AL CenterPoint, SCERZ5 RNk 5 fF
TNe FENIA S = RHERS 8 & ) (PCFEN) J5 , Bl
XIAT N EEFE A AAT 45 S S8 A Py e T80 5R  S1) 4
F+T0.5.1.3.1.6.0. 1 4 5, 45 LI 05 = FFAE
Ha 5 W 25 (PCFEN) RE % £ T+ 55 80 1) )= 35 4 8 42 B
AE T (AR /N B A X 52 B4 A6 00 365 SR A5 /)N s g
Tt AERI A Sh 2 SRR S0 ) 2% (DPEPND
FIVERIE 14 5 e B5f I 2% (FEMND IS, 455 250 75 b 33 65 2
BAEFR B AT /N BARRHIE KRR )y AR T 8
$ETF. BRI N VEEFEE L B AT DL RS E A R

W] DPFPN 3 o 30 25 0 5 #1907 8 REfS HF

ST HBARTHE /N AR BORFAE A5 S 17 FEMN 3

Rl S AR AR R A6 R AE - PE— 2P 3 5 T BE AR /)N

FARFFAE A IR BE J7 » (EAG BTN /Iy H A5 AR A

JERMEEE ST, AEF A PCFEN,DPFPN LIk

FEMN3AMRBRZ J5 » BRI AT AV EEFE 4 A AT
xS ARAFEENBFEN EHMERELLE

Table 5 Performance comparison of different methods

on small object detection %
i GEN FEFEA SEFK S L
baseline 84.5 54.0 35.1 66. 7
+PCFEN 85.0 55.3 36. 7 66. 6
+DPFPN+FEMN 85.8 60. 5 42.8 70.0
Ours 85.8 61.1 45.0 70.5
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PETT A Bk
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LR W 45, BN A S R AR B R W 4%
(PCFEN) | g 25 s AiE 70 B 4% (DPEPN) 1 4#AiE
Ht g e Bt 90 8% (FEMIND X4 50 f) mAP Fll NDS 4§
Pk AT T PE A, 5 m A PCFEN B}, mAP M
56. 1Y% 3T+ 2 56. 9%, NDS M 64. 4 # T+ % 65. 2,
F0] PCFEN 3 i3 &5 £ 3 16 12 (8] 2 ML . 3
5 T AR A B A, 2 B B R R R PR R 0 SR T
ARKMYERE . 7E[R B A DPFPN fil FEMN )5 ,
mAP #E— T E 59. 0%, NDS #FF % 66. 9,
A DPFPN 18 3l 2% T 5C 8 o5 (0 07 B4 BEf% B 4>
T B AR ARRIESS B 1 FEMN 3 i TR EE il
NAFHERF LR RRAE , S — 20 HoR TR AL H ARde
(RE Sz

6 REMEHRIER AR

Table 6 Impact of different modules on model performance

) £ 452 75 mAP/ % 4 NDS A

baseline 56. 1 64. 4
baseline+PCFEN 56.9 65.2
baseline+DPFPN-+FEMN 59.0 66. 9
Ours 59.4 67. 4

55 A B i 2GE CenterPoint AU 7E
mAP I NDS 403k 8] T 59.4 6167, 4, 5T
FEL M AR TE T 3.3 T4 SN 3.0, X EH,
AR 9 25 BB TR A ik R/ N B A G UK P 45 )
B R ERCR, e A T B ik i A R A
Pk,

oD RS 7 A TIes i b1 Rl |1 R E = WA I N L RN &
FREEF T I B L AR SO IR 000 354 FR 45
5 £ R B PCFEN-MS #4771 filt %F ke 52
5. LSRR 7 PR, WA R LIE . £
RGBT R g L3 S A 2 7t (HAE
/N BARZENAT N EEFE L« AT A RN A3 A AR
K BE L ATAS B AR SCHR HH PR S R S

x7 AESHREHRENBREN _ EREEEEE

Table 7 Performance comparison of different convolutional

structures on small object detection %
i mAP  fr AN BEREHE AfTHE
ZRE 58.7 85.0 55.3 36.7 66. 6
R 59. 4 85.8 61.1 45.0 70.5
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Fig.7 Visualization of point cloud feature

(a)CenterPoint

enhancement network
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