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End-to-end camera-LiDAR extrinsic calibration method
based on stereo camera depth estimation

Liu Qiuhua,Xu Xiaosu

(School of Instrument Science and Engineering, Southeast University, Nanjing 210096, China)

Abstract: Accurate and reliable extrinsic calibration of sensors is essential for achieving high-precision localization and navigation in
camera-LiDAR fusion systems. However, existing end-to-end camera-LiDAR calibration methods suffer from various limitations, such as
large model parameter sizes and mismatched cross-modal feature correlation computation. To address these issues, this article proposes a
novel joint calibration method based on stereo camera-estimated depth maps and initial LiDAR-projected depth maps. Specifically, the
SGBM algorithm is used to perform stereo matching and generate high-accuracy depth estimation maps. These maps, along with the
initial LIDAR depth projections, are fed into a lightweight deep neural network designed for multi-modal feature fusion, effectively
mitigating modality inconsistency. A correlation matching layer is then utilized to compute feature-level correspondences, and two
separate self-attention mechanisms are introduced to independently model rotational and translational extrinsic. Finally, an iterative
refinement training strategy is adopted to enhance calibration accuracy. Compared with the state-of-the-art method LCCNet, experimental
results on the KITTI Odometry dataset show that the proposed method achieves an average translation error of 0. 67 cm and an average
rotation error of 0. 09°, representing reductions of 59.64% and 72.73% , respectively. And it requires fewer model parameters. In
addition, real-world vehicle tests further demonstrate the effectiveness of the proposed method. When used as the initial extrinsic
calibration in the LVI-SAM system, the absolute trajectory root mean square error is reduced by 5.18% compared with LCCNet,
validating the accuracy and practical applicability of the method.
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Fig. 1 End-to-end camera-LiDAR external parameter

calibration comparison plot
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Fig.2 Depth estimation schematic of the binocular camera
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Fig.3 The overall architecture of the deep learning model
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Table 1 Five sets of rotational and translational

perturbation
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Fig. 4 Diagram of the correlation calculation network
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Fig.5 Diagram of the self-attention mechanism
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Fig.7 Visualization results of the proposed external parameter calibration method

3.2 iFfhiEtR

XFFAHHL-LiDAR ZhZ: (i i F1°F- 7% 2 80058 25 DE
BT AR PR 5 2, FRE A S M I 15 22 7T L3 i
TR TR S ¢, RSP BINSHME ¢, 2
[i] B RR L AR IR Bk, A= (9) iR,

E =t -t (9)

Fie BRDL B =, 3 B 7Y XY L Z Bl ) Y 4
PRz, UM BREFYE L = (E, + E, +
E,) /3,

XF T IR R (0 DA o S 8 B i A2 Sy R
1, RIS E,y . ME,,, TR AR HiR 2P
YIt§ MR = (E,, + E,,, +E,,)/3, HEARX0(10)
JIiR o

' Tp Ty
R];’e]ed Rg, S| T o Ty

Tsi T T3 10
E,, =0.=atan2(r, ,r,) (10

Epy =0, = atan2( = ry, ,A/r312 + r332 )
Ey =0, =atan2(rsy,,ry;)
3.3 KBWERRET

P 7 s 1 i 2 3 A S b 5 5 125 0 T AL A R
B 7 sy i g R a0t 5 RERE iR ZE bR E AR
TELEAR RSB 16 502 BE LT, I 3 3 S S 45 08
J7 35 AT LIS IE A A 105 R A AL -LiDAR 462 JF
HAUK] PP R B 151 1 77 2R A T 28, I T
RN

23 4T AR EVEAE KITTI Odometry $4iE4E 7 471
0 EmyiEan s R, s, itk Ehashh
(£20°,+1.5 m) TGO T, 40t 5 UGEAUR RS Fl
FHREDR 225314 :0. 67 em H10.09°,

s



220 % L FR ¥ K Fa6H

£ 3 AWREXE KITTI Odometry {#EE FHLIHER
Table 3 Experimental results of the proposed method on the KITTI Odometry dataset
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KM B BT RGB B4 5 5 ik I B AR
A AFAEREZS R VE T () A5, HL AR X I R A 73 5, &
BAUARETIA L . N T FF 4 11 b 58 TIF r 412 3801k A A 3
4 25t T 47 57E KITTI Odometry 2R 4EIF511 0 1Y
DR ZEHXT

£ 4 KITTI Odometry 5| 0 TARFEIRER
SHEDNT
Table 4 Analysis of errors and parameter sizes of

different methods under KITTI Odometry sequence 0

Fik E,/em Eg/(°) SRR/
CMRNet 2.38 0.59 11.11
LCCNet 1. 66 0.33 57. 11

AR 0. 67 0.09 23.68

H T DXQ-Net A FFIRACHD | R Xof H #0470 L 52 56
DL /N A R s v vbea B E 1 I i
CMRNet 45 T e/ S50 (11, 11 M) (HHFR8 R
AR BB T CMRNet A% AR G M A e |
IR FEGR I 2 2] ) 2 & TR ME RS B RO R 1A 5 =
FHAE S PG 2 FRAFE X OC 5 . LCCNet 3 32 A A
KAETHRABLE 7EMERE LT CMRNet, {E475 55 F i 42 53
Peo SR T E R A RGB EMGHE in T #5550 5 A £ 4
(RGB E&h 3 3, G B EACh 1 @) | [ i A
ANVG i [R]85 2 Ry I 184 58 7 7% B & LCCNet 25058 — it
MR, BRI RE 4 (£20°,£1.5 m) T,
LCCNet [P 7% % 25 FlJié 7% 152 22 43 5l 1 1.66 cm Fil
0.33°, 4355 T340 0. 99 em F1 0. 24°, Al WL,
I ECH F LG TR B S LiDAR 5% 22 R E 1
AN, AT AR TR () [ S MER P . A1, LCCNet
FZH RN 5710 M, TR BEEN S REH
23.68 M, A%l LCCNet BY—2, X155 TR FH R B 1A
Bds , AT LCCNet SR HRYAHHL RGB EIE, A B /DR
RIS R RAR UL, AT 48 H A HL-LiDAR ¥t %)
Ui AN SR E T IR AR AR S Uy T R I
B B TR0 BIE TR O TR AR A A R
3.4 4SMEIRENM 4R HRLSEIG

S B UE AT A RRIE B OB AE PR R 2 5 RRAE 3258
AE IR [RIET , L B i T RACR 5 RAF A 5538
B THRLSESS , 43 BT IR fE )5 1Y ResNet—18 45 7E 4 S 45
FEAES P RPERE RN, 26 5 440 T AR M 4 235 K 18 A AF
PRES B 1 T S g 45 2R

MFE 5 W LAE AL JE ) ResNet-18 7E5hShr e K
JE I 5 HRUE ResNet-18 L3 T 43T A 7K, [R] s 78 4 B A
] 5250 7 LT W LAk, A1) HE SRR A AR
30. 79% , SHCRI /D 13. 28% , FEARBEARAE 335 58 71 1Rl

x5 FHERIMEHBLINE R
Table 5 Comparison of ablation experiment results

of feature extraction networks

Tk E/em  Ep/(°)  ERUNE/ms  BHdE/M
J& ResNet-18 0. 69 0.12 35. 66 13.48
ik ResNet-18  0.67 0.09 23.68 11. 69
ResNet-50 0. 62 0.07 71.51 25.51
MobileNet 2.13 0.41 9.42 4.37

PETETE T ERCR, Bk 1 o PR AR AR 4 R g 1Y
A 501 ; ResNet-50 B 754G & T TR WA $2 7, (H 381 48
R, VEFRBT RIS N ZE 77. 51 ms, 1M MobileNet R45 H.4%
BE/NAORERI AR 5 B R B HE B (H i TR AR R A RE
NI, FEERER L BE TR, & g, 2 itk
Jit ResNet-18 7EAE B SRR Z [ AT T R 4P, 501k T
HCAE 3 I S b 25 8 AT 55 Hh s S Ok
3.5 HF(EIESE M4 IH RS I

hy A THT 95 UE R 3G 56 0 2 v A DGPTSR 5 i
BEIPURITESNZ: AT 55 b i PERE TTAR, B3t 1 BT X PR
T Rl S R AR S AR A A RO AT
T RGN, £ 6 45t T HMARMIILEE A,

F6 FHEEEMKIHBMSIEERITE
Table 6 Comparison of ablation experiment results of

feature enhancement networks

i k,/cm Eg/(°) S/ M
[ERe =k Ik 1.24 0.23 23. 66
ARJCHE 5 1. 11 0.19 22.58
ABIFSEI 0.67 0.09 23.68

W 6 AT LIE H, 7E A R L sk 5] AR R
S HCE R 23.66 M, PR 250 1.24 cm, JEFL IR 22N
0. 23°, KWRAE A TR LT BB A Rl & R FRiE 2
] A BB AR G 2R BT T RRAE R AR RE 7, {0y T X
KIUEFAE EI AT AR & AT A, e ok T AR 4%
TR 2 B SRR SRR A DG T AR R B i
FES B0 N 22,58 MR 220 111 em, JigfhiR 2
0. 19°, %A E 2 F T 15 R RRAE 22 [a] i AH G
RENS A AT R A e A IE SR IRE 77, TR k4
T HIEBE WG AT A 28050 23. 68 M,
FRLIRZE R 0. 67 em, HEFEIRZE N 0.09°, 5 Bl fli I
R I AU SR OGP TSR A B AR L, 76 7 B8 1 22 A e
W2 LIS T B ERT, X R AR ML RIS
PEVTRBI 45 & BEOE A R AN, PE— A0 B THE Y ) 4%
PERE,
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Fig. 10 Real vehicle test bench
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Fig. 11 Diagram of real vehicle test effect
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Table 7 Results of the real-vehicle evaluation

SEF8/cm e/ (°)
A B B2

E, X Y VA Ey Roll Pitch Yaw

SHE 38.46 12.07 32.16 8. 86 1.77 0.91 1.38 0. 66

(£20°,£1.5 m) E 32.39 6.22 36. 39 9.95 0.76 0. 74 0. 86 0.59
b2 24.47 14.73 10. 43 7.03 0. 84 0.52 1.23 0.28

A 10. 40 3.52 3.26 5.35 0.55 0.35 1.19 0.22

(£10°,£1.0 m) TE 9.35 2.12 2.65 2.69 0.45 0.28 1.03 0.18
b2 7.83 2.64 3.40 4.72 0.50 0.21 0.92 0. 20

FHME 4.15 2.09 4.65 2.75 0.31 0.23 0.24 0.10

(£5°,£0.5 m) TiE 3.71 2.29 6.13 2.75 0.25 0.12 0.11 0.10
bRz 2.99 0.58 3.53 2.64 0.27 0.20 0. 30 0.07

FHME 2.31 0.85 1.34 1. 04 0.19 0.11 0.10 0.08

(£2°,£0.2 m) TE 2.01 0.18 1.12 1.17 0.17 0.16 0.10 0.11
b2 1.38 1.17 1.18 0.70 0.14 0. 0852 0.08 0. 06

S 1.43 0.76 1.02 0.65 0.12 0. 06 0.09 0.03

(£1°,£0.1 m) HE 1.31 1.02 0.27 0.26 0.10 0. 06 0.02 0. 04
brifE 2 0.99 0. 67 1.34 0.78 0.09 0.01 0.13 0.02
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Fig. 12

Error convergence curves of end-to-end extrinsic

parameters calibration method
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Table 8 Results of the real-vehicle evaluation

Fk WAL E,/cm Eg/(°)
AW E (£20°,+1.5 m) 1.43 0.12
LCCNet (£20°,+1.5 m) 2.58 0.34
CMRNet (£20°,+1.5 m) 4.17 0. 63

4.3 EHEBlIRINSIREF IEBRERIESL L

Ry B E S B 3 Sh S AR 5E T 125 8 92 HIVE AR R 8
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iR 2 (absolute trajectoryerror, ATE) 377 #1% 2 (root
mean square error, RMSE) % KR 2 (max) | 1R 2
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Fig. 13 LVI-SAM trajectory comparison based on extrinsic

parameters of different calibration algorithms
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Table 9 Comparison of absolute trajectory errors among

algorithms (m)
XTI CMRNet LCCNet A3
RIRE 1. 034 0.927 0.819
SRR 2 0.313 0.280 0. 269
By HiRZE 0. 340 0.328 0.311
5 4 ®
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