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’Adaptive Calibration and Densification Network

(a) Raw Reflectance Image

(b) Compensated Reflectance Image Eﬂ:l

Depth image

Compensated Dense I
1 LlDAR reflectance i lmage LlDAR reflectance i 1mage I

(c) Raw Reflectance Image

(d) Compensated Reflectance Image

Dilated
Convolution

|

—_—— = ——— ~

Fig. 6. TR IR 'ﬁ%H*?*%H’JHﬁQ %M*’?*%TE—ﬁ*EI_J%%
ﬁﬁﬂﬁ’]%ﬁiiﬁ}%TE E2¢ I (b) HFEyEEEITHE)
#EF&E@WD’J@CI@@(&& & tit%éﬁﬂ:

1
1
: Dense depth image
1

|

I

I

1

| I
Compensated Dense !
1

I

I

1

I

: Dense LiDAR T clghts LiDAR reflectance image Method PSNR /SSIM + RMSE | MAE] Time (ms) |

I reflectance image IP-basic [40] 22.448 / 0.642 0.0672 0.0471 10.6 (CPU)
! Dynamic Compensation Module (DCM) PNCNN [42] 25.746 / 0.718  0.0537  0.0282 168 (GPU)
------------------------ Sparse-to-Dense [41]  26.277 / 0.724 ~ 0.0505  0.0272 69 (GPU)

Pig. 5. #ifinikiy LIDAR RAPR@Eaiesg. sHese e Fie g[j;;g(ovi(};dzgﬂ) 2264.62511 // 06.6379211 00.6651231 00.;)325’;16 263164?(§SIPJ);J)
VR LDENAFEBIL (AEM) i PRI IR MBELH, oo () arm 27.152 / 0.767  0.0492  0.0247 52 (GPU)

PARH T RIEIR RSS2SR (DCM),

SREGEREIRTIIATHRERL T HRAFA  SRPGRE S ARE T . X LEIFATE AR 4 th Bl S 136 8

PSR B IR U A, B4 Ly M
Dy BIEAENMER A KRG, XEHm AT
G AFM [ 9aidds-fRisan a5 ghrTAb 3, DA BUBR %%
RS REG Ly € RV FIREEG Dy € RITW gy
A, HA R SEHE S A2 L F1 Do
o WA, AT IHEBHTES RS RN, M
DCM SRAMZX LRI . MRS i 20985 LiDAR
%K@@L3€W“W DCM R ETHE2 T804S
AMERRL DA TSR G P TR S B 4R
P, [a] PR s 2 i EE
ML ER ARG RS . HADAS A U BB, B
WA A ReLU &m0 )2, EE—A-FH
2T IR . BRI E RN 3% 3 o AL ZHH
L O IRERECE R 2, DA OREER T8 2. fiides
HAG XN, iAo, EA RS
iy NAFPAIE 3 3 7 B G B U3 AT R EE. BESS, IV
P~ 3 x 3 BRI TR s B G, N T R
TG, AR TR : 1) TERmIDESFIRIDES
[ A —4 AFM g PAEEZ RS EE R 2) 250
T 37, SR EER I A, >k B AN B A
) 2% @%F%ﬁfﬁﬁ@ﬁﬁﬁi%u HZIZRIEE .
& W AR, T NRS-LiDAR Ay, fe4
FF 18] PR AR 2 P 2 S VA5 308 o e A i EL A A N3 . IeAh
HT st yEa g 2 REBEH HEEEAR, e
Jilf LiDAR SOSPEE AN 215 B AL R R 2 &%
Eﬁﬁ &1 ARG 22 RESSMEHIERI BE )T . RS E
P TR A R, XEARIRRKKIERME R, MRk
m#%&%E%ﬁMﬁ%m$ % [38], [39] BBk, K
Mﬁﬁﬁﬁ&%%$ﬂﬂﬁ%%ﬁaﬁﬂﬁézﬁﬁﬁ
HARTE, ATEFATIEAET TR 2 F
2 Bk 2 DA e/ IME UM T B AR 3 i Sz B, AT B s A
B2 REFFERIGRE JT. B, FRAT5IA AT ETH
M@mﬁ%%LTiﬁﬁfﬂﬂAhu,Mﬁ%ﬁﬁﬂ

YRS, ﬁmAﬂﬂﬁﬂm%$%ﬁo

MR, LIDAR 38 & 2 832 3l = AR Z By 0 :
AR R . WA KT SN R ADER A o 8
BB R S0 Y SR AR AR B A — 2. G, MR

BRI S 8 1 5 M 6 R A R G EE R [30] o A [30]
[ e e
I(R,0,p) o P(R,,p) = n(R) L2 ()

Sop 1, FRROL A%, R RN LIDAR 811k
FIIE, o AU, p FoRmIKRI I, %
BB 1(R) 7D K

R e T
Hop rg @ BOCHM SRR, d mz@”gaﬂﬁk%kiEia&%®¢$
R FNER, D REH R, Sy A,
BT, n(R) B, (BEEE R KON, (80K

R HﬂLfg TERE 1.0. SRR (8) DA HAhAS &
w1,
4 AR,a,p)- R?
ICNIE*Cn(R)-pcosa’ ®)

Hep C B—A AR, T RERENRENT. L

PRI SRS 3RS -
FESEBRA A, FRATHCER 1 A JEEMI B o 52 4 ) AL TR 41
WEFTHSE, Y

L TN ey
T4 LiDAR [ GPREG AR BB AMELEE, b
pesk i R SR, Lkt B T A
g B R R (e (TR S DA S 2 .
%ﬁ%%%ﬁ%ﬁo%T%&ﬁ4%@,%¥@mT~
AL SR e o () A (Ld) rR, %
BT R ), HEE T EIMNYERE T,

éﬁkﬁﬁﬁ%ﬁmﬁﬁﬂ% ﬂ?ﬁ%%@,éRﬁ
AER AR, B, Fefi]
@%%ﬁ?ﬁﬁﬂl¥m_w§ﬁfp FHEAL, DAL

www.xueshuxiangzi.com



IP-basic

w

Fig. 7. EEWNMEINGRP, REER AR EGY S0 E M B . B ST SRR IP-basic [40] FERALKIEREAMIZ 454, B %k
. L4, Sparse-to-Dense [41] I pNCNN [42] FEFHH AL 4 R B 7 TR IR R A BRI . FRN1AY AFM J5RTEfR B I G S5 san T 7y
WFIH. AR R, MRREAE (B, AHFRRNEE) AR ERRFE N —8 (W BTN ).

Lo
271 (c) Best Case

(d) Sparse Reflectance Input (f) Sparse Reflectance Input

(e) Dense Reflectance Output

(g) Dense Reflectance Output
e

- - .

Fig. 8. (a)-(c) FEAT-HMIE L6 BA WL RS Nz 8h 23S
5 MR A TR ML R, Hop (b) 2R THRIFEL (PSNR = 25.75)
ifi (c) 27 T fighl (PSNR = 26.82); (d)-(g) h 2 3t8dadkh [45]
A ARG P 1 o S AL

AR, B
R+ B8R+ . AR
om) = @ Bngem( )
Sl o By A SR S B T B
D A 5.2 I T
Sy T AT A M, S B IR Lambert 4
(4] AL con(e) BEFTEL . 34 2 BEBCA A M
KAE AR Lo F50

Icom =

I

g(R) - cos(a) - K’ (10)
, Hid I, M ER R, 55 6 i I(R, o, p) #H
M k2 T2 R SR AR A A B e IR
222 S8 TERN Y, BREH TR TR
R EESTMEMEEMES S oL By AR K
, BEES R RIAGSA o #8i Dy $fik. SRIGRFIX L2500
T L SR (1) | (A7 BEREIEF TR M
FATHAT T RH) L5, PATPAL T4 5 A SR
Febk, EESMFTSERT LIDAR Sz 2% R 15 40 o K HAE ]
FAKE: I A1 4 ARG 0 H A 1 o 500 SR A R S o S G 2 i
FH B K L eR A Y Livox MID-360 #:47
9, ZHLEE AT 4 NVIDIA RTX 3090 GPU Fl Intel i7-
1165G7 CPU. SLinihiss T2 Migst, S AREPDEIA
(AR, BAR. %) FIkTierss, PAETm AL prid
HI

C. LiDAR R4t % ho B 0yiF4&

N T PAL AR B A B AL N O PERE, FRATIHEAT T

FUREMIIN RSB OIS SR AT B0 5 Y A i) B0 1
BRI FTEGET CNN B RSkt T TXT I, 7

Sparse-to-Dense

TABLE II
T PRYEAASE DU A AR R PR B R B R

Env. Method Detected Loops True Positives False Positives

ISC [46] 53 32 (60 % ) 21 (40 % )
Env. 1 IRIS [18] 36 19 (53 % ) 17 (47 % )
Ours 73 70 (96 % ) 3(4%)
ISC [46] 88 59 (67 % ) 29 (33 % )
Env. 2 RIS [18] 96 72 (75 % ) 24 (25 % )
Ours 138 130 (98 % ) 8(2%)
ISC [46] 152 133 (88 % ) 19 (12 % )
Env. 3 IRIS [18] 162 78 (48 % ) 84 (52 % )
Ours 189 175 (93 % ) 14 (7%)

SIEFT T SR PRI B . ST A, A
B 55540 ) RS AT T R (W ).
BT, TR AR AR e (5 H (PSNR)., 4544
FIRIEREL (SSIM) . ¥ iR (RMSE) AR F¥4
SR (MAE) AR, [ A T S ) A
SRR, 1T 1 R 2 B A A R
SR DA, FRO1I% T ILASGEE Se sy, JIf
LA B )y BT LR [40)-[43] . BRAh, Fefilit
7T — I ERFFE DAMT 8 7 Rl ke (AFM) 5t
ﬁo%E%%T%E%%,ﬁ@ JR T AR
PEOE . B0 T YR A s 32 S M AT RO RN, 5530
TERE (ﬁ"i%}[ﬁ’ﬂ PSNR/SSIM, A% RMSE/MAE)O
(3R, T Marigold-de [43] J&—Fiok iR ESE AL
BT B REA Y B, TR G0 45959 FAURE
%5 F, FATURIHE R, o TR v
TENLEE IS Bh it R P A WS S T R R M B, e fi e
HLEE A3 R TR E 2 2 3 S R B (5
WIZR) AT TR, 455 PSNR (H (25.75-26.82)
SR T FRA T 7 A 3 W P A 3 20 5 T 0
Betk (PR ). oAb, FROTZEHN SO bR s T e
HLEE T 1 ST S5

AT A7 5 MM T 017 S e o SR 1
FACHE S, (BIRFRATIFE, ol Akt 5B 4 Ul
FIME A . SR, FROT7EA JLRngE [45) (%
HHEEAE) R TR AL, X T AE— 2 B E
el kR et sy, e § .

D. {4 5 b g i

1) ©IRAEARM - O TIRIERATERA R, Al
KT [2) Wk, B Livox MID-360 A& i

www.xueshuxiangzi.com



Path (daytime) :
Path (Nighttime) :

o' Matching Pairs:

(b) Camera (Nighttime)| (c¢) Point Cloud
Daytime

L |

Nighttime

(€) Feature Detection

Fig. 9. ISR A G RAEA R I ] 1 Z [BIHEATRT I, -

Sparse Reflectance Input

Dense Output

&

yoi

Sparse Depth Input

(d) Network Input/Output

Daytime

o

Nighttime
‘A e
(f) Matching Results

AHRERTEARIEEN, 5 MRTEM L (5K ) . JAIR 5 EIBIE L SE T B

RIS T R SRR VEIE , 7E R ERAL T R — B R

Lane Detection

RGB Image

Intensity Image

Fig. 10.  Toal: LIS RMMAFETS. P REATCRNIZ 5
B R JCHMAEAR RS E .

5 B A R R i T H R AR LiDAR AR 3 43
RSHEdE . Bk, (2] WUREE i EL ORB FHE
FEREF [47) , TR . X LR R G Wm N
LR, T AR, ERRBBERILE S, T
ORB #{iAFFVCHE, H{HH PnP RANSAC [48] #E47581IE
PARS IR B . FRATE = FOR RS R 64T 75806, o
AR [B) b BB 2 R AT (R ), e TR 4%
PR AR A B R AR TR AT I i AL RE T . A FTR
IR 7 (2] AN @R TEWEESIW, BT AL
B, FRATTRE AT B [0 BRAG I £5 SR 15 A R 2 ) O vk
BEATRTLE, U4 (18], [46] , iX4ETrvh @ BA A RIER B
T LiDAR A%k, 2 [ sPiogs e, FAa1m
DR AT v ik, RIVE BREE A I AR AL 45
TR AR AT FEPERE

2) ZaE#eim o LiDAR S S 2 BG4 o A 35 1 g
PERY 22 S48 7R T R0 G AR T 5 1 I 2 1 2 ) i o 20
FU o 3l AT F AT 2 A R S R 8, TR
FEF B S AR B PR R S R A TSI T
e EE R (WL L] ). ZETERINPA LaneATT [49]
VENFELARAL AT . %A AAE TuSimple Hdhidk [50] Ll
g5, IERNNESESE LT TH0E, ZEdESES 1,300
skYNZR . 300 SKREGUE PG AT 200 Sk EB A, &
ik ER R 2 E S UL T MABEE T ResNet-34
HTMZ [B1] o K RE e B A AN D B AR = A
R IEATIEA R BRI MR R AT 93.3 % &
96.1 % ZIa], mMiiEk% (FDR) fEAEZR (FNR)

PREFIERARIAKT, FI9{E 510 6.08 % 71 6.22 %, 42R
R T BAVIT iR B, Rl E ARG 5%
BT RGEHER R AEE R (1 1), PR R AL

%o

FEK I AR, FATTIA T — A5 B k1 X S
—AHERL, TG 2R U AR A LIDAR S
BB, ke 1 3ol B, e JEE SR AR SIS 3 IR A 26 S A
Wk ARRAY TARRFRR R IR 7 ¥R B AT 1Y
LiDAR /8%, PABCAESE I RE -5 4R it 2 [ U7
A FRATIE B PR SO R I BOR iR S S
IR R AR PR 55 T LR AR

REFERENCES

[1] Patrick Pfreundschuh et al. Coin-lio: Complementary
intensity-augmented lidar inertial odometry. In ICRA, pages
1730-1737, 2024.

[2] Tixiao Shan et al. Robust place recognition using an imaging
lidar. In ICRA, pages 54695475, 2021.

[3] Jan Wietrzykowski and Piotr Skrzypczynski. Descriptive
power of lidar intensity images for loop closing. In IROS, pages
79-85, 2021.

[4] Luca Di Giammarino et al. Visual place recognition using lidar
intensity. In JROS, pages 4382-4389, 2021.

[5] Yanfeng Zhang et al. Ri-lio: Reflectivity image assisted tightly-
coupled lidar-inertial odometry. IEEE RA-L, 8(3):1802-1809,
2023.

[6] Wengiang Du and Giovanni Beltrame. Real-time slam with
lidar intensity. In ICRA, pages 4164-4170, 2023.

[7] Mohammad Aldibaja et al. Intensity-based localization on
snow-wet roads. IEEE TII, 13(5):2369-2378, 2017.

[8] Christophe Reymann and Simon Lacroix. Improving lidar
classification using intensities. In IROS, pages 5122-5128,
2015.

[9] Kasi Viswanath et al. Reflectivity is all you need!: Advancing
lidar segmentation. arXiv preprint, 2024.

[10] Alberto Hata and Denis Wolf. Road marking detection using
lidar intensity. In IT'SC, pages 584-589, 2014.

[11] Xiaolu Li et al. Lidar intensity correction for road marking
detection. Optics and Lasers in Engineering, 160:107240,
2023.

[12] Weichen Dai et al. Lidar intensity completion: Fully exploiting
sensor messages. Sensors, 22(19):7533, 2022.

[13] Li Li et al. Durlar: High-fidelity lidar dataset for autonomous
driving. In 8DV, pages 12271237, 2021.

[14] Charles R Qi et al. Pointnet: Deep learning on point sets for
3d classification and segmentation. In CVPR, pages 652—660,
2017.

[15] Wei Xu et al. Fast-lio2: Fast direct lidar-inertial odometry.
IEEE T-RO, 38(4):2053-2073, 2022.

www.xueshuxiangzi.com



[16]

(17]

(18]

(19]

20]

(21]

[22]
23]
[24]
[25]
[26]
[27]
28]
[29]
[30]
[31]
[32]

(33]

(34]
(35]
(36]

37]

(38]

(39]
(40]
41]
42]

(43]

[44]
(45]

[46]

[47]

David Wisth et al. Vilens: Visual, inertial, lidar, and leg odom-
etry for all-terrain legged robots. IEEE T-RO, 39(1):309-326,
2022.

Jiarong Lin et al. R3live: A robust, real-time, rgb-colored,
lidar-inertial-visual tightly-coupled state estimation. In ICRA,
pages 10672-10678, 2022.

Ying Wang et al. Lidar iris for loop-closure detection. In TROS,
pages 5769-5775, 2020.

Wei Gao et al. Active loop closure for osm-guided robotic
mapping in large-scale urban environments. In IROS, pages
12302-12309, 2024.
Jonas Uhrig et al.
11-20, 2017.
Fangchang Ma and Sertac Karaman. Sparse-to-dense: Depth
prediction from sparse samples. In ICRA, pages 4796-4803,
2018.

Jiaxiong Qiu et al. Deeplidar: Depth prediction for sparse
lidar. In CVPR, pages 3313-3322, 2019.

Kaiyue Lu et al. Depth completion via auxiliary image
reconstruction. In CVPR, pages 11306-11315, 2020.
Qingyang Yu et al. Grayscale and normal guided depth
completion. In ICIP, pages 979-983, 2021.

Tian Yu Liu et al. Monitored distillation for depth completion.
In ECCYV, pages 35-53, 2022.

Xingxing Zuo et al. Codevio: Visual-inertial odometry with
dense depth. In TCRA, pages 14382—-14388, 2021.

Mingle Zhao et al. Dit-slam: Dense visual-inertial slam with
implicit depth. Sensors, 22(9):3389, 2022.

Guangkai Xu et al. Towards domain-agnostic depth comple-
tion. Machine Intelligence Research, 21(4):652-669, 2024.
Jin-Hwi Park et al. Depth prompting for sensor-agnostic depth
estimation. In CVPR, pages 9859-9869, 2024.

Wei Fang et al. Intensity correction of terrestrial laser scanning
data. IEEE TGRS, 53(2):942-951, 2014.

Huajie Wu et al. Moving event detection from lidar point
streams. Nature Communications, 15(1):345, 2024.

Ashish Vaswani et al. Attention is all you need. NeurIPS, 30,
2017.

Syed Waqas Zamir et al. Restormer: Transformer for high-
resolution image restoration. In CVPR, pages 5728-5739,
2022.

Jingyun Liang et al. Swinir: Image restoration using swin
transformer. In ICCV, pages 1833—1844, 2021.

Jonathan Ho et al. Denoising diffusion probabilistic models.
NeurIPS, 33:6840—-6851, 2020.

Xin Li et al. Diffusion models for image restoration and
enhancement: A survey. arXiv preprint, 2023.

Olaf Ronneberger et al. U-net: Convolutional networks for
biomedical image segmentation. In MICCAI, pages 234-241,
2015.

Liang-Chieh Chen et al. Deeplab: Semantic image segmenta-
tion with deep nets and crfs. IEEE TPAMI, 40(4):834-848,
2017.

Shu Kong et al. Recurrent scene parsing with perspective
understanding in the loop. In CVPR, pages 956-965, 2018.
Jason Ku et al. In defense of classical image processing for
depth completion. In CRV, pages 1622, 2018.

Fangchang Ma et al. Self-supervised sparse-to-dense depth
completion. In JCRA, pages 3288-3295, 2019.

Abdelrahman FEldesokey et al. Uncertainty-aware cnns for
depth completion. In CVPR, pages 12014-12023, 2020.
Massimiliano Viola et al. Marigold-dc: Zero-shot monocu-
lar depth completion with guided diffusion. arXiv preprint
arXiv:2412.13389, 2024.

Sanna Kaasalainen et al. Incidence angle effects on laser
scanner intensity. Remote Sensing, 3(10):2207-2221, 2011.
Yanbo Wang et al. Sfpnet: Sparse focal point network for lidar
segmentation. In ECCV, 2024.

Han Wang et al. Intensity scan context: Coding intensity and
geometry relations for loop closure detection. In ICRA, pages
20952101, 2020.

Ethan Rublee et al. Orb: Alternative to sift or surf. In ICCYV,
pages 2564-2571, 2011.

Sparsity invariant cnns. In 3DV, pages

(48]

[49]

(50]

[51]

Martin A Fischler and Robert C Bolles. Random sample
consensus: a paradigm for model fitting with applications to
image analysis and automated cartography. Communications
of the ACM, 1981.

Lucas Tabelini et al. Keep your eyes on the lane: Real-time
attention-guided lane detection. In CVPR, pages 294-302,
2021.

Tusimple lane detection challenge.
TuSimple/tusimple-benchmark, 2017.
Kaiming He et al. Deep residual learning for image recognition.
In CVPR, pages 770-778, 2016.

https://github.com/

www.xueshuxiangzi.com


https://github.com/TuSimple/tusimple-benchmark
https://github.com/TuSimple/tusimple-benchmark

Super LiDAR Reflectance for Robotic Perception

Supplementary Material

wiE 27 foR, R, TR AL AR
5, LiDAR SEHBRIHN SR SA P A . A5 Pr
PErb, BEXTAR AR P Rl e 2 R g, b g

HIA R A g A, DAUAEANT S PR
FHRR. RSP AP SH fREss

e R ﬁa,m ATTAME TS, ]
— IR I SRR — 8 (L (b)), AgE L1 (a)
AR, ﬁ%?%A%ﬁ&ﬁ% . JeAh, kT IRIER
TIHAMERIE LI B (KT 10 2K) FrofackE, %47
ST T TRl e AR L EE BRI A R A, DAL
RIEJERIZEE, W 1 R, ZEREm, RATEMLTy

%ﬁgﬂ%%Tﬁ~%%E%ﬁﬁ%ﬁ%§Tﬁ%%ﬁ
2tk

(a) Raw Measured Intensity Point Cloud

(b) Compensated Intensity Point Cloud

Fig. 11. X TR—xg (L GEMEEAIE), RN SR hTHERE
B BOU A B (BAFIRSUNRE) . AMEZIE, Rz
(] — A G119 S S 3 PR — BURTE RN

Combined Distance and Angle Compensation [Dlstance > 10)

120 I |

= 100

&

g

£

=

i

T B8O

S

<

o .

.
§ hd | 4
10 15 20

40 ® Original Measured Intensity
o Dist
Dlstanc

nce + Angle Compensated Intensity

Fig. 12, SUMHARTEAN RIS b 85 6 m R 5UR T &5
S T B BB A b, Tk R M R RO,

TE%J BT .

Dense Reflectance Outpu

Sparse Reflectance Inpu

|
2 7 *
g

Fig. 13.  AJERLE [45] LR ARIGEEE ERINE 454

IV. *hFEsEs
A e AE B aginix

E Qe E!7ﬁ@ﬁi&ﬁﬁ*4&%ﬁ%%%ﬂ
AR T E R AR (I SRR , 1%
ﬂ%ﬁ—%%ﬁ&Mﬁ@%aw%ﬁ,mgﬁfﬁao

B. MR F AT ECE R F a9 #R

Ewh%@Tﬁ%ﬁ,ﬁTﬁ%ﬁ%5W$$ﬁ%
YRR AT AT B, Foq s P S i L T (6 B B

10 SRR R4 AT B LS5 5. e [ A

B, 5 Wi A SIS LEERES 10 WU AR, 1M b
ik A EEFEA DR E. X2 R i B i
TR, SRS B BT . (A
VRO, LA 0150 T A AR S 1T
B HK 10 Wi ALE ﬁﬁ EEAE, T2 THLE
JGEZN AR AR RS M S S R .
ABCHRAVE S g e L B

C. WLE ANk ZxT B E AR Fvh)

KT IRATR ¥ B AE LA Nz shad B2 i BT 55
M55, FATEAT T35, PATEASZEAR [H) 37 5t S A [ MLES
ALV%&@% 28Il R (R ERAS A SR AT 55

IR AERNE M s, FEE LS, S8 TR

www.xueshuxiangzi.com



(a) 1-frame

Input

Densification Results

-

(c) 10-frame
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TABLE III
FIRARRBHEFRXT 1 Wi, 5 WiFn 10 i SR A A3 5 SR R
AT E R
Frames Input PSNR  SSIM RMSE MAE
1-frame 22.303 0.350  0.0802 0.058
5-frame 27.142  0.757  0.0503  0.0263
10-frame 27.239 0.762 0.0496 0.0256
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TABLE IV
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