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A 3D Scene Perception Method Based on Uncertainty Modeling

GAO Yi, WANG Zhongli, WANG Yingbo
(Beijing Jiaotong University, Beijing 100044, China)

Abstract: This paper aims to address limitations in multi-task scene perception, including the lack of system modeling
and analysis on the uncertainty in state estimation for tasks such as detection, tracking, mapping, and localization. The
scene perception task is divided into foreground and background perception tasks, where the former involves the detection
and tracking of foreground objects, and the latter focuses on robot localization and mapping tasks. To achieve multi-task
perception in complex scenes, both tasks are integrated within a dynamic Bayesian network framework. The multi-task scene
perception problem is modeled as a joint optimization and estimation problem of system state parameters. Bayesian posterior
probability estimation is employed to model the state of each system parameter. Starting with the point cloud measurement
noises from LiDAR sensors, the uncertainties in ground truth annotation and self-pose estimation in the object detection and
tracking network are analyzed, and uncertainty models for point cloud measurements and labels are constructed, along with
a tracking model based on prediction confidence. Additionally, the impact of localization errors on mapping uncertainty and
target tracking tasks is analyzed. An iterative extended Kalman filter is used to optimize the estimation of the pose’s maximum
posterior probability. The proposed method achieves scene perception in complex and large-scale dynamic environments.
Experimental results on the KITTI and UrbanNav datasets demonstrate its effectiveness in addressing the impact of dynamic
targets on environmental mapping in complex scenes, with high accuracy and robustness.
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Fig.1 Diagram of the multi-task probabilistic 3D scene perception system
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ARTTERH T —F AT FAST-LIO2 1O (1) i%
Ry JER/R 2SI, 7ERFHEOETHE LR IMU 1)
I A AT R B, I X IMU 0 34T AR
gy, 133 H 5w SRS B TIAE B R AR B P T
ZEE. ZREE SUCHN S — SRS, B
JR s K At T 7R T A — THI VG ) 2
W, AR AT A T A AT — T TRCZI K, LiDAR #7
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2 323§ (Experiment)

LIS A TE Ubuntu 18.04 A1 ROS F, fl{HL
B N—H 17 CPU. 16 GB WAFHIZE LA HLk.

BIRE N T YA T VE R E RO AR S 56
wEEVE, HIETRE KITTIP? FI UrbanNay 23
AR LT B MR, Hrh, KITTI #d %
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BT AEBINMEKT S 64 JAEOEE IEFH
1 (Velodyne HDL-64E) -~V FP 24 10 K4,
IMU f£/8#% (OxTS RT3003) “V-¥aFb424E 100 %
0. R FIZR ) GLENet 57 21460 5 2 v )
3 4EW)AR. UrbanNav FUH 452 75 & Hs I3 T = AR X
WER MBS, s BAT 2 mB sy
A HZ. FELRr, FERAEGREME
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KA SRR AR ST AT VPAl, AT B8 UE SR R
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FiNiets BT HIEERA AR EET
SLAM. H brfar il PR ER 1) AT 55 A3 45, N
ATV EIEERE, SIS RN 2 AN AT
VAl ENKEEETT I, KA EVO L HEX kg R
HEAT VAL, GHE QT 4 R — SOk I 4 Bk ik 22
(ATE) HISRVE & #— BUE AR L8R % (RPE)
2 Mabr. ATE BeW S LB 7R e AR 5, (BTG4
TNARGERRE X IR 52 %, RPE NIfEHE
S EH VT Al 5 e AE R I8 XS ) o8 A7 . RPE &
BLor M AH AR WL 2 R 1R 22 AR AL, BEBE VRN B A A
THTSER PERE. BRIGZ A1, SN T B A T Hb S iR 7
0L, TESEIG T B 25 SR AR A T 07 iR 2=
(RMSE), [FAIB iR ZBME (mean). R ZEHALEL
(median). #ZF M (SSE) L KIr#EZ (STD)
FIXT I, 38 22 A $8 bR 07 40 %) bR E B B
R SR S . TR A A e
(e Mo, T 356 B 8 o A HERA PR ) T i S5k
FR ARSI S R, SR A KITTI 208 4 1Vl F b
KA 2 HbRERER MR, 1X 22 4R b7 B 55 MOTA
(multiple object tracking accuracy) Fl = ¥ ER E 1
P (HOTA D, 2547 3 MERERZERIE: Rk,
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# 1 1E KITTI Odometry ¥E LT 751 LY ATE £55RXTEE (Bfz: m)

Tab.1 Comparison of ATE results on all sequences in KITTI Odometry dataset (unit: m)

Ei=2in 00 01 02 04

05 06 07 08 09 10

¥IME 12.06 24.95 16.99 7.65
AR 11.18 26.32 18.02 8.15

4D-SLAM  RMSE 5.84 27.72 18.85 7.86

SFAF 6.14e+4 8.33e+5 3.67e+5 9029.34 3.44e+4 8041.84 612438 7.80e+4 1.00e+5

EZE 4.04 12.08 8.16 0.43

3.09 2.46 222 4.07 2.38 25.66
2.83 2.83 2.17 3.98 2.49 27.03
3.53 2.70 2.36 4.38 2.51 28.55
1.82e+5
1.70 1.13 0.80 1.61 0.79 5.21

YA 4.57 26.05 7.75 3.18

3.77 3.36 3.21 5.02 3.45 3.44

Hiigr 348 25.52 7.64 2.76 3.38 3.15 3.09 4.85 3.46 3.34
FAST-LIO2 RMSE  5.62 28.28 8.30 3.65 3.86 3.40 3.22 5.22 3.49 3.48
PR 1.43e+5 8.8le+5 3.21e+5 3600.55 4.12e+4 1.27e+4 1.14e+4 1.1le+5 1.94e+4 1.46e+4
bz 3.8 11.02 2.99 1.78 0.84 0.54 0.27 141 0.52 0.51
¥l 3.84 6.17 7.52 1.80 0.82 0.36 0.76 2.68 2.26 0.71
A EL 3.99 6.20 6.69 1.80 0.70 0.25 0.87 2.40 1.44 0.62
AXHZE  RMSE  4.07 6.42 8.14 1.80 1.02 0.47 0.82 3.05 2.86 0.82

SER AL 7.51e+4 4.53e+4 3.09¢+5 876.08 2858.11

FRfEZE 1.33 1.75 3.11 0.01

240.51 745.24 3.79e¢+4 1.30e+4 800.13
0.61 0.30 0.32 1.46 1.76 0.41

875 2R R RE /o

1) PRET B R K — Sk

2 VL TR M 2SS R T E
SLAM AL 7 28 fili v A P — B J7 i o 1 g
M, It 5200 ) 4D-SLAM. FAST-LIO2 %%
SR EAT XS e SR AR I B RSE iR Dy 1000 ms B0
TIK PR A R PR AR S B ARG Th. FERT
AR, A AR R EIBON 0.5 me AL
TR RMEN R KERRE N 4 2, BEK
R 8 TR AR R AL, AR R T A Y
0.01.
%2 KITTI Odometry ¥(#i 4 05 F 5 £ B34 5 ATE

A1 RPE XFLEAER (HAz: m)

Tab.2 Comparative results of ATE and RPE after removing
dynamic objects on sequence 05 in KITTI Odometry dataset

(unit: m)

PPfti4EdR  4D-SLAM  FAST-LIO2 A3 J5ik

ATE.mean 3.09 3.77 0.82
ATE.median 2.83 3.38 0.70
ATE.RMSE 3.53 3.86 1.02

ATE.SSE 3.44e+4 4.12e+4 2858.11

ATE.STD 1.70 0.84 0.61

RPE.mean 0.07 0.07 0.02
RPE.median 0.06 0.05 0.01
RPE.RMSE 0.08 0.15 0.04

RPE.SSE 4.70 73.89 4.22

RPE.STD 0.03 0.15 0.03

7E KITTI Odometry 04 4E BT E 751 1, 3 Fh
J7EH) ATE 25 RUEE 1 Pos. IWEE EF, WiE S
PRI 48R, AT A P8 B R AR
3, REVERB RIS T

3 FhJ7AAE KITTI 24 48 05 /541 L i) ATE
RPE PE4I0 LL &5 RNk 2 Fos, Bk B fgh
TEXF L g R 7. Bl 8 B, ATE 1 RPE # 4k %
PR ZE L BANE 9 Fir. 3 FOTEGT LR, A
J7E B R 2235 9 /N L*m%m%%% ATy
IRREE SR SR I EE QK JRESN A st A PhK
PEAE LN DR FRESE AL 2 Ak 1t

(a) 4D-SLAM %3

(c) R Tji%
K7 3 Fh5iETE LEREIAMIA)E K KITTI Odometry 235 4E

05 551 L ) B A P R
Fig.7 Overall mapping effect of the 3 methods on sequence 05

in KITTI Odometry dataset after removing dynamic objects
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Fig.8 Trajectory comparison results of the 3 methods on sequence 05 in KITTI Odometry dataset after removing dynamic objects
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Fig.9 Error comparison results of the three methods on sequence 05 in KITTI Odometry dataset after removing dynamic objects
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T seR g e #E L KD (K-dimensional) 1 75 3K
KD W48 2 40T s (I A1 2 28 29 O(mlogn), FH
mAEYEE, nEmaER R . M2, TR
A 2 i BT PP A AR TH R SR AR FE IR O(1), AT
WA T ik St v, HR 75 BN A A
SEIHARE R 0 Ai. B 12 EEEE T A 1 5 FAST-
LIO2 J5¥%:4E KITTI 05 /751 LR 47 i (). 25 &
B, TR S S AP TR 2 AT 7 B BT
B A],  {E73 3 AR A5 I AT LA 25 Bl o v 1 5

HAH. [, OUAe pr g n A R T A L2 Y 10 ms,
FEAT DL R SRR, FREE R, BE
RER IR EN, 4R AR Hh B A R th 2 IR O
DAL TR TF4H B 2 BT g .

2) H bR BRIER S 56

HFH 2 AL 55 BRI T7 7 b i H AR I 5 R R A e
£ KITTI () 3D H Frfer Il AN e ER Bt £ Bt AT a0
VIR IR I PR R S5, LAUE A O/ MOT S A) HE 1
PEANRTEENE. Wl 13 Fros,  mT RO 0 A
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N
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Fig.10 Detail comparison before and after removing dynamic objects in HK-Deep-Urban dataset

11 HK-Medium-Urban ¥4 £ 23 B2 AP0 AR5 BO4H 1% L

Fig.11 Detail comparison before and after removing dynamic objects in HK-Medium-Urban dataset
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Fig.12 Mapping time analysis on the proposed method on sequence 05 in KITTI Odometry dataset and its comparison
with FAST-LIO2 algorithm
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Fig.13 Object detection and tracking results

. AT A BEHATEMNGE, RN
172 BARERES, T LU H AR 70 BE ID PUAR B AS
A WA, AT DLSEBURS I PR . AR S B B
[, 4D-SLAM F1 CenterTube %32 5% F J& ¢ o1 () Bk
AL E ; A SCBEE R TNRECRN 12, ¥R
KITIIRELHR 20

IS K GLENet fr 2% B, AREERER
UESE B 47 A 5L ER BRI 1) MOTA $R #5712 31| 84.64%,
Lt 4D-SLAM HE M ERER 45 Fm Y 11.54%, 2
BIMJ2E, 4D-SLAM 5k ERESRER R git 75—
LR, T AR SC 7 VTSR 2 i [ I i (1 B ) 8
5 CenterTube 512V MitL, A J7i:H) HOTA f&45
WEH 7.7%. FTEFEMZE, X CenterTube 5
LR REAE 2 5 TR I H AR AR I 2, 76 KITTI
MOT $ 48 5 o 1) 45 #4038 B8 37 350 F0 B bR is sl A4
B—Rgs s, MHRREAHEER. R3IBRTA

7R 4D-SLAM LA & CenterTube i 7E KBt T
br ERIGei 5, ARSI RN H— E B PR RE AR bk
PEo BbAk, XTT IDSW XA EER bR, AT EN
. HERE, IDSW HUE (300 VAL 25 R AHXY
PGB E K. X —BHERBERN, ER A
BRI, DARAERHE R A HE RN I
T, ARSI R S AR B B OB, ARt T
ToOl PR ER R AME 2 MUz (Al A R PR B, AT DR EFF
SRAE MERERRE T, RPN AR K AR R
# 3 KITTIMOT Car WiA5E L% B ARERERSS RXTLL

Tab.3 Comparison of multi-object tracking performance on
KITTI MOT Car test dataset

MOTA /%1 HOTA /%t IDSW | FPS7
CenterTube 81.56 67.76 737 8.1
4D-SLAM 73.1 N/A N/A 25
ARITT 84.64 75.46 30 14.3
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# 4 KITTI Odometry 54 L )5 Bl BT S B ML ET 5 19 ATE XF LG (A7 m)
Tab.4 Comparison of ATE with or without foreground perception module on KITTI Odometry dataset (unit: m)

HfH iz % RMSE Rl prRifEZE
agdl
woMOT wMOT woMOT wMOT woMOT wMOT woMOT wMOT woMOT wMOT
00 4.67 3.84 4.20 3.99 532 4.07 1.29¢+5 7.51e+4 2.56 1.33
01 5.65 6.17 5.55 6.20 5.87 6.42 3.79¢+4 4.53e+4 1.59 1.75
02 22.49 7.52 15.96 6,69 39.30 8.14 7.20e+6  3.09¢+5 32.23 3.11
04 1.85 1.80 1.85 1.80 1.85 1.80 932.36 876.08 0.01 0.01
05 0.97 0.82 0.83 0.70 1.20 1.02 4003.23  2858.11 0.71 0.61
06 1.02 0.36 0.90 0.25 1.09 0.47 1301.65 240.51 0.38 0.30
07 0.80 0.76 0.82 0.87 0.84 0.82 783.85 745.24 0.27 0.32
08 2.59 2.68 2.36 2.40 2.93 3.05 3.50e+4 3.79e+4 1.38 1.46
09 3.76 2.26 241 1.44 4.72 2.86 3.54e+4 1.30e+4 2.85 1.76
10 1.02 0.71 1.07 0.62 1.10 0.82 1454.27 800.13 0.42 0.41

3) {HRL LG

DVRAIE AT SR 57 SLAM IRIR2I,  SEIRAE
KITTI Odometry $(45E Fr A /541 b, X5 e A5t
A (WMOT) MIAS A FTHT ST (woMOT) i fif
BEREAT 7L VP Al PPAG TR bR R B X P iR 2=
(ATE).

R AGRRY], RAASERN, #R2 G
DL B A TH RS BE 0T AN 8 AT SR . X
RIS TR R 223 5OR UL, ZAE 55 AL
BL T A AR TSI, [ AR ol s RS R A — B
PEAB A+ 7> A,

N BIE 2 A 55 W) [R) X B AE 55 ) 18] (2 i, 4
KITTI Odometry 44 F x5 -5 AN 8 F A s 80
I AT 2 AT 55 Wb [R] 5 BT 55 1RO~ 2 AT I [R)
XFEESESS. AR 5 fos, ZARS R AN TR
PR BB TRI T4, (E AN 55 1 S IRk e AT s 1 22
Ko
5 KITTI Odometry $i# 5 b 2455 B[R] 18] T4 23 #r (14

WLEgE R (B2 ms)
Tab.5 Comparison results of multitask collaboration time
overhead analysis on KITTI Odometry dataset (unit: ms)

I sEE AT PR
SESARE 26.45 61.52 68.77
FrUEZE 9.87 8.10 14.63

NIRRT 5 B AT SR BRI FEM,  AE KITTI
MOT #iif b AT LUEL. LBRT SRS, 1l
SEREARHOR B B LS HAEE N, 3T AL
B S5RWEK 6 PFin, BT FEEBRE, B
S8 HOTA “Ef5 5 THCE NI EE R, (H AT R ER IR

] IDSW RELM 30 K32 225, X i s/
SEKERMK S ARE R, e SRS ITHEL
AHERERE, SRR SRS,

# 6 KITTI MOT Car $iESE |20 R FIREH ) ERER R e B
Tab.6 Comparison of tracking performance of perception-only
modules on KITTI MOT Car validation dataset

MOTA /%1 HOTA /%1 IDSW/|
RS 84.64 75.46 30
AR RN 88.81 77.8 225

3 %512 (Conclusion)

0 2 R i 2 AL S5 A A, BT
A DU 2 H beka i, PRER. EALAEEEL
M FEAFAES G — 1 JF MR AL T AESE R,
ST A 44 37 s G B B R AR A DA e Ak oH )
At M. A FT ST S TAT 5 IR SR
H ARSCHT B ST S EE, EF5 LIDAR
I Mg B RN, B TR 22 SR 2 B S e LA E
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