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Parameter Analysis for Super-Resolution Network Model Optimization
of LiDAR Intensity Image
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ABSTRACT

LiDAR is used in autonomous driving and various industrial fields to measure the size and
distance of an object. In addition, the sensor also provides intensity images based on the amount of
reflected light. This has a positive effect on sensor data processing by providing information on the
shape of the object. LIDAR guarantees higher performance as the resolution increases but at an
increased cost. These conditions also apply to LiDAR intensity images. Expensive equipment is
essential to acquire high-resolution LiDAR intensity images. This study developed artificial
intelligence to improve low-resolution LiDAR intensity images into high-resolution ones. Therefore,
this study performed parameter analysis for the optimal super-resolution neural network model. The
super-resolution algorithm was trained and verified using 2,500 LiDAR intensity images. As a result,
the resolution of the intensity images were improved. These results can be applied to the autonomous
(©) 2023. The Korea Institute of ~ driving field and help improve driving environment recognition and obstacle detection performance
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1. LiDAR EMIZIE H

Light Detection And Range (LIiDAR)= ¥ o] thd&Ee] HtAlE 0] Eole s A& iR o R AE ALkst
T AAE AT Roriz et al, 2021). AYE Altehe PO Ho| £55 sty ARES SAS =
W sbge] RS BAEHE WHol Ut LIDARE o 79 whgie}l £33 2 FAEo] glon, 5
FHol FAE e vRORE AT HolHE A4t 53] 324 LIDARE AWe] 208 & 4 i 34
A% FHuE o 47hA] 7hsdtth ol2ldt Ao g ) A& T8 BopollA B2 F8 S sk

o] E3etA AHEE I ATt (Li and Ibanez-Guzman, 2020).
ol21 g 32+ LIDARE WAL i JHE E3ekal It} (Ashraf et al., 2017). RHAF A=s 23
A QG2 RE BAtE] Fole s S om|3ith webA] BhAE ¥ S i AR et vARE]
F& =T} (Cheng et al., 2021). HHA}F 5 GAHS LIDARY ©]2]3 EA o7 whEoizl 23 94 dlolH
o] 22 I 2 Y 3 ARE AFSt A doldH Aol 342 aHE RAFH. 53
B dugEs 48T o ek BokollA dAwkARl 4% s 4o 4 ot (Tatoglu and Pochiraju,
2012). 3MA5F LIDAR WHAF 5 @7doll A 3k49] 4= 329l LiDAR A tlolEolA Hef o} e &
o] At thA] Zaf LIDARY s =7} whAL 4% Zlolt}. ol WAL A% 4
9 6}1%3—2— #o]7] $i4& LiDARY A EE Eookshe & ofulata o] Alxe] Hl§ F71E o]
gt 2 =AM Jd3ATS B3 =2 s EE 71X LIDAR WA A% G4 AT AlA e v&

<7k el 16% 5o AlA HolHE HEE & e TS AR Agstaat
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Zall st WAL S EE Eole tl BT AER 4 e dSshe JE3As dagFelth oY
= ©F (Huang et al., 2017), B3t EoF (Rasti et al., 2016), E& v‘f—ok ( et al., 2023) &
TheFRE kol A &85 9)\‘:]'. 23435l dUBEEL FFHOE GAFE o) F
2 21737 el up-sampling &H<+2] FF/oll
= = 731 H\iﬂﬂ up-sampling *2]-2 transposed convolution®] T} (Zeiler et al., 2010). °l= T4
T e o Aoz G AHEE =017 Yl kemel sizeE B3 Y ¥4 FF AEE A%
5 WA up-sampling ]2 Sub-pixel convolution®] T} (Shi et al., 2016). o= g Wake] LT A9 e
shute] AEE AR LDete] s st Hl ARSI
olg g 23|43} VHE EE FX2EY fAHE EokdAE &Ed] AT Joh 55 FAE Fx
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EA FAstE PlARE FEE BX s ol 831 Bae et al.(2021)2 3143t AW 2dS o] 83}
AFol A FAT= FE G SN EE =A Kim et al.(2023)2 %3143} 21743} generative adversarial
network®] 7H'd & 453 SRGAN (Ledig et al,, 2017) ©] &3t 7 FFo = &l A AFE &+
kATt ob&d] 23t 7HE of 2B E 27 FHAA DS HES BASE 944 AY dugE
o|= &FHo|t} (Shim, 2021; Shim and Song, 2020). 4E E©] Shim et al. (2022)2 O}AZE X7 HolA
Asks wARE S Tt R JAE] et 2Edst 7IHES A8kt olol Hste] Kang
and An(2020)-> ground penetrating radarg &3l 92 A9He] AE] FFES 2 A 7HOE AHEA Bole
WS A9 TE Chen et al(2020)2 &HF G742 A EE =0l © SRGANS 243191, Janssens et
alQ20)= A 5 SAE dotete ol 2a4stE AR 7l AWAT olAH zaldEe s
o] agt Fofol| thFetA HEdt] e e AHE HoFa 9lom, 22 WA LIDAR WAL
BAE FEAE HEo] BT ZoE HT

. LIDAR ¥4} 25 o] z& A3t AW 2d 223}

1. LiDAR HH} Z= H4

B =wolA AHgS LIDAR WA % 9732 <Fig. 153 2tk ook e WAt Zw 94 A5 9
3 ARg-gE AlA 9] mEl SOSLabAke] MLX-1200]t}. ©] AAE o] &3le] 148y HY7} 0|58 9L 3
It 1Y I e AR e FAAOIH oy Y9 e It EET Y Fd 7714
o2 HolHE AAste SGHolEE TEHATE o] AMe IFAEHS FAOE WA UFoT A=
UREA QL WA o] o} hmete} o] Ml 9 WAL FA St S4 Wlolth 1 BE 317 w3 &
¥ ek 2 wgko 2 FRET 27 12003 350t o] & Fal EYE NkAL A= G Z71E 192%569]
3, 37HA AEE et WA AR G4 F 256188 FRENN, o) THEY HAFEoE TR
2 LT =5 %

<Fig. 1> LIDAR intensity images

Vol.22 No.5(2023. 10) The Journal of The Korea Institute of Intelligent Transport Systems 139



LIDAR Bt Z dato| Zofatat e 22 23S 9F oi2iolg =4

2. LiDAR H} 2z HA9| =alials} shis 72

za43t ¢ Ee G4 FAHEE Eole A4 mdo|t) o]¥T
<Fig. 2>9} 2t} 85oll B3 HolH e YEMHR) 30l 43t 41
$X o] HR 949 @7 S Huto g2 oA =77} 96 x J
SRNET?] ¢ o2 AMg3ghth SRNETS 932 Qg E 9749 2715 a2 sguA =
= Aotk o|gA 95 Ayt 23 43HSR) Fldoltt. 234 R
7} #4385 =5 SRNETY] 7HaAE 7324l8ke Zlolt) o]& F3] HR 973°] LR ¥4
H ARE BEdshe 750l ET o] B 7]5o] $AEEHE AFE HolE AE
I AT AFE QAL 384 x 1128 Z7|7F AAL SA0 A= =S sFAET

Lleage . HDD
[96)(28]

SRuneT| x2]

—- D

Reduced operation by half HR image
[192 x 56 ]
<Fig. 2> Leaming structure for super-resolution

3. Zofjatst MAY ZHO| 2|

B AFoM 23S ) AHE3E AW =€S RCAN (Zhang et al, 2018), SAN (Dai et al.,, 2019),
HAN (Niu et al., 2020)©] T}, RCAN-2 residual channel attention block-& AF&3}4] deep featureE FZ3}FTh 9]
blockS channel W32 2 attention mechanism (Vaswani et al., 2017)2 283}tk o}&2] o] blockg oz ¥
A2 A4sty AlATe] E&FoE FHHEE short skip connections AME3FHTE o]¥A WEAZ
residual groupS THAl o2 ¥ AEZ }LE3}3L long skip connections 123} residual in residual®] ===
ato] NAW T2E 945 SANE 7|22 02 RCANT FARE 25 7M. &A% 2Fo] 42 long
skip connectionS 7§A1%F Aol At} SANL residual group®] W2 o2 ALg2 w] 3}ute] skip connectionS
t)A15}ked share-source skip connection A QF3FATE 3L RCANS F47 & HY (receptive field)2] K
TS THREAIEE SANE Hl 44 gk HE A 8ste] 8 998 Wole IS A85td oS e B
a8 AASFHTE HANS 2+ residual groupol| A THEOJ A= feature groupS -8 layer attention module
< Atk o] A7 Bdl2 o] M residual groupo] YHEEFE AR OE ou]E HIL T feature
7} FEHAYE Aol Atstd] HAFEAT o3 featureS layer attention module®| A 733l 944 £ &
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LIDAR HHAL Z G40

FS ol b etk AFHOE oY AFEL AW T2 UloA EHo} or] Q= feature?} F
Z=57] 93 o2 HhAaH

o5 FEZH O R attention mechanism®| ¥ EFES AHEITH . FAEF A4 AR FAHR AT B
do] Ee FA4H9 dAie B F43tE EA AEE FEITE Motk o] B AEE F4H Ak
of HE5= kernele] Z7]0l W} Wshs 58 FYo] FFE WA HArh 58 9L G4 dolA B
Zh= BB g9 718 1yt B AR fFEAS A% ol oY I ALHE 43 A
b @99 Hulzt A7) AAA ol 93 vX7] dZolth. AR Mol A attention mechanism©]
g 7 Bt Uit YHORRE o]ojx] 2 HEE N oE EY ALE FET F Itk o|HY ¢
Y FHOERE Bt} §8% EA ARE FZ2E 7+ o HZ 9 attention networkE ©] &3 A7 &

238t e gae ot 1B 37}

TE =0|= upsample REZ TAE Aok A
Z 0.2 o| backbone RES A& 719 residual grouplZ FAE ] Aok ESH 9] residual groupe THA]
of2] 719 residual block®.Z o] FAX Y}, T2 0 2 Z+7+9] residual blockoll+= channel attention network”} 12
Holgith o] F2E AV RS uf 47]9] tebr]E o &J3) backbone EEC] AAE F UTh o] 5L 27 A
29 % (n_feats), residual group®] < (n_resgroups), residual block®] <* (n_resblocks), attention network®] i@
72 W& (reduction)©| k. YRHA 0= AW REo] = QYO 7 ALEHE tlolH TR SA wet
AREY B =RdAE o] & TFHOE 123t LiDAR WA = G749 SIEEE Fo17] s A
o] steulElE AlRbetazt gt

Za 33 AW Rds Fdsy] Y= SR G4 HR B2 o] ztolE& UetlE A7 glojokst
ot B AFAME o]y AXER LI loss (LSR)E AFE3IH oM, o]= Eq. ()9 2] FHrh HR( - )}
SR(* )& ZH7F HR 9743} SR ¥49] 34 k& yebdth 1283 N2 AA| gk4e] /45 7zl 493

o T ATt HHEAHQ] Aol 5 ou]gith B A A o] ARE £ T2 AMEEI] HR ¥
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83 49| FerEE 2ASHA WHESAT o8 AR S
TE H]i’j} Ao srHE AAsHAT
B =EoA 2 AATe] deS BUeh7] 84+ peak signal-to-noise ratio (PSNR)F} structural
similarity index map (SSIM)E AHE-3IATE PSNR2 41571 71 4= & Hdl Az tigh Zs-9f HE g
U G okl A =& s G sl e &4 AEE Brlel] 93 5208 ARSIt
PSNR-2 Eq. )9} Zo] A1, &9+= dAE [db]& AM&sth £80] &4 §lo] 83| BdErE 52
FE 7RI E4o) gl 939 A 2271 00] H7| wiEo] PSNRE AlLFE A gheth B =&dAE SR
4743 HR %972 mean square error (LMSE)S ©]-83}%] PSNRS =43} th

PSNR = 10log(
LMSE

T HAZ SSIM2 Abgo] AFES ulekE o) AlZHE shd apo] g fALEE H7eH] 919 A& (Shim
et al, 2022). SSIMS HR 9747 SR %4+ 7] Luminance (I), Contrast (C), Structure (S)E H w3t} SSIM
I, C, S HO= o] i, HFHORE Eq. 3¢+ 2ol BoHth I+ Eq. @ 2ol 7 ¥4 119 ¥l
€ ¥t AT pHR9F pSRE Z247+2] HR 9747 SR G749 A& 9w gt C= Eq. ()¢ 2ol 7 4
2 7o) tiul|E mlasks A #Eoh oHRS} 0SRE 7—}7‘9] HR 9743 SR gAe] #4ke 7HE|ith o2 S+
Eq. (6% Z°] HR 9437 SR |49 #+24 A3 S vl Zlolth oHR,SRE 7 B3¢ F&4hs Uehd
. Eog 181 Cl, €2, 183l C3& Eq. () 2ol 47# Axkell a3l oh43l A4t

SSIM = IIX"E X5 x CIXHE, X5 5 SIXHE, X5 oo Eq. (3)

[[XHR XS[q _ 2/~LI~IB/J’A5R+ 01
HH1?+ M512+ @

20 1750 gp+ Ck
C[XHR, XSIq =K Hr 52}2 et es Eq. (5)
UHR+USR+ 02

onr.seT Cs

S[XHR’ XS[q e . (6)
ourose T Cs H

C = (0.01)27 C, = (0.03)2’ Cy = CV2/2 .......................................................................... Eq. (7)

z3)43t A4 g M2 5Y 5SS vud Zde= <Table 1> 2T} HANS| 7% n_feats,
n_resgroups, n_tesblocks, reduction®] 27} 32, 5, 10, 8¥ w <5 A= AR o]H 3 delu|E S0l |

5, 10, 8Ktk ZrolA A FEH FHEJ L, o8 FAo B A5 SSIMF PSNRE UERsTE o] £ /‘3*‘8—
< FuE7F 6 ZolA WA MR} FahEts AoE Sty Ao g dEv} 16, 5, 10, 8Y # 7}
= 4% 9027%9 2948dBS 7| SIS o]k e AT SANS xaFE AR AEAS
ol = FARSHA UEstth S eV 64, 7, 14, 12 W <5 A= FEA FUAT, o|RBT} Fold o)

142 QTSR =27 223, M52(20234 109)



LIDAR Bt Z dato| Zofatat e 22 23S 9F oi2iolg =4

FE sty ARt 123 HAN 59skAl gatr ot ZHastaA Bd Aes Hastl H3loh
AztA o g vlgbulE7} 32, 7, 14, 102 w] SSIMZ PSNR-S 217t 91.70%9} 30.48dBS 7] &3ty o2
RCANS 43S wl= FY3 Ao Yehds S IAsATh ot gtebv| 7] 64, 7, 14, 1294 2o] 7}
A 2 s JHd u aaksignh AgA o g gebvEg) 32, 7, 14, 129 ® 91.73%2) SSIM# 30.51dB9
PSNR<S 7] &3t o2 2l HwsigS o, /M 52 5 AsS Eith

RCAN©| AMEE &= wtetolE] o] 2AF-E 64, 10, 20, 16°]th. o123 getn|E|E 12 2 83te] LiDAR
WAL 5 ol A48 S sy Adte DaksiAl ®th <Table 1>9] 2o w2 RCAN©] LiDAR
AP RE FFoR FEE o 5 0}71 g gt HE 23R JEEA] Zolof gty weba] 7]E8] &3

g3t daElEe adE A8 AF w2 A 7R A % T ok o7 ol = UF H|oJE
A3t geuel s Aol sl £ =FoAE LiDAR ¥ ZE el A3 gdehue s o8 48e
3l AlFstA.
2 =wolA AR 23 darElFe] s B7F S holdout etk o] W2 HolH 7 Al
A ar} FiA Agetr] b2l 24 Aol thek dwdE Asfst= °J 2 g3 olH e He

B3] S|A kfold 23} HAES Z L34k 2 AToME k& 52 319, F 439 F/HEe 49
skt olwf ARSg RS RCANO|IL IHehv|ElE B9 40| 7H &2 32, 7, 14, 129} W48k 64, 7,
14, 122 3}T} o] S 717 RCAN_329} RCAN_64Z ] % 6]—;25{1:}, =93 A3 AT Hr} dhale 2 L35t
Fom HEAHo=Z 53] Ay AF}= <Table 2>9 £t} 4 RCAN 329 wzt 7S A3 Ao w=d
LiDAR WA} = 4749 5 A5 AZ FAG o=z = 1‘%} o]of] Wkl RCAN_642] w2l A3 A9
M ks AU BY Aol d43] AtEs Aol BAHIL o]#d Hoz mFo] By u)
tlole] £x9 WY 9} FHsA 233 AW 2o J%ﬂ}ﬂlEi AL fARE A4S Bt B4
gl H R gro] AAW WAFsHA ol Z&dste] a5 AA dvt mEbA B AFolAe AT gt
HE]7} LIDAR WAL A5 g7de] zaldst daggdd 7 Agsite As & E}.

Jl

<Table 1> Restoration performance

Parameters Performance
Model n_feats n_resgroups n_resblocks reduction SSIM [%] PSNR [dB]
16 4 8 6 89.87 29.27
HAN 16 5 10 8 90.27 29.48
32 5 10 8 Not converged
16 5 10 8 90.16 29.44
32 5 10 8 91.43 30.26
SAN 32 6 12 10 91.57 30.38
32 7 14 12 91.70 30.48
64 7 14 12 Not converged
16 4 8 6 89.84 29.31
16 5 10 8 90.27 29.47
RCAN 32 5 10 8 91.54 30.32
32 6 12 10 91.65 30.42
32 7 14 12 91.73 30.51
64 7 14 12 Not converged
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<Table 2> K-fold cross validation results for RCAN

K-fold
Model Performance
1 2 3 4 5
SSIM [%] 91.73 91.65 91.73 91.39 91.59
RCAN_32
PSNR [dB] 30.51 30.30 30.51 30.39 30.48
SSIM [% 34.13 34.16 69.83
RCAN_64 (%] Not Not
PSNR [dB] converged 14.83 14.82 23.99 converged

3. ZofAls Ha} AN 24

B =2l e d1EF F T A% ol /M 52 292 RCANO|th o] RdS 54 dlo]Ed
2 g3l A& Ay} FAE <Fig 3>3 2ol Hlwstth <Fig. 3>2 )9+ b)E 242 A8 B 23
L1 FE THA D] 2715 24 7% ATk <Fg 3@>olAe A8 BIPEE A8 A9 A= AATE
sHA = Aol YT ol sl <Fig. 3(b)>¢}F o] zadstE A83 A G4 537 99 S 2ot
ﬁ%é}ﬂl 12225 A\ Ak 7=‘J+ A}a«l qf*" ‘“Eﬂo}ﬂl 54 o =3 **‘I‘o}ﬂl Sy # it} LIDAR7}

Hl°lE19l '5%‘33 %%“\174 0131L —eril«l %—J_U}FJ%— XilJo—OhJ} f&ﬁ}.

(a) Bilinear interpolation (b) Super resolution

<Fig. 3> Up-scaled LIDAR intensity image

23438 4l BY A5 dNEE =ole vlgrol wet ZElth Niu et al.(2020)9] A3 2o
S 28] =Y u B AL 39.62dBS] PSNR7FA| 7Fs3att) o2 gk WA LiDAR WHAF 7}
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5 9o A8% AN BFE EF A% Y odA7 Ae AT Btk BY Ao ¥24F
AA M=) LIDARS) FAE A5 S 74 5 ATk ol Avkel AHER Be e 4 e a5
g Yol & gtk ol¥W WL Telstel B 452 /K 24 4B% mde o 97} e
@ Aotk

IV. Conclusion

LIDARE ThF 449 @4l 4 233 AH5E AAZA el Agsh 2718 390s =
5 /B4 Itk o Bak ohleh LIDARE thYO.ZRE wAbElo] Sohot Hef o }%zi
Pge AZV ST WA FE L AR FAH YL AFHT BIS 3
B 1 ROl oleldh ool 94 1ok ARIA S A5l 2848 47
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