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Abstract

A multispectral light detection and ranging (LiDAR) system can simultaneously and quickly collect
spectral intensity information and spatial geometric data of a large range of space objects, which
provides a new data source for the research of 3D point cloud classification, semantic segmentation
and object detection. However, due to the irregularly distributed property of multispectral point
cloud data and massive data volume, the extraction process of land cover is full of challenges. In this
paper, we propose an improved PointNet++ network architecture by embedding the Squeeze and
Excitation Bock (SE-Block) and a modified focal loss function into the PointNet++ network. Point-
Net++ network extracts local features from unevenly sampled points and represents local geometric-
al relationships among the points through multi-scale grouping. SE-Block is embedded into Point-
Net++ network, which explicitly models the interdependence between channels and adaptively re-
calibrates the feature response in terms of channels, emphasizing important channels and suppress-
ing useless channels that are not conducive to prediction, improving the saliency of features for bet-
ter point cloud classification. In addition, based on the improved network architecture, this article
utilizes the modified focal loss function to solve the problem of uneven distribution of categories
in multispectral LiDAR point cloud data. The improved PointNet++ network architecture proposed
in this paper has been evaluated on the Tobermory Port dataset and achieved an overall accuracy,
a mean Intersection over Union (mloU), an Fy-score, and a Kappa coefficient of 95.21%, 62.59%,
73.58% and 0.918, respectively. Comparative studies with five established deep neural network
models confirm that the improved PointNet++ network architecture proposed in this paper has good
performance in multispectral LiDAR point cloud classification tasks.
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WU HEE BOE T A RENS PO RO S L AR T 5 2., IF TR =2 i = 85, 7RI 702K
Mo SRR PRI AR 2 USSR T R[] [2]. T =gk AR SR B A
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R, eAh, BB SRR R, R T S 2OMEEOLE IR S m AR TR T 4 2k
AR R 0715, OA FE[22]9 45 T 10%, fE[19]+#Em T 3.8%. RN K& A[23]45 A £ tiE LIDAR
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PR EER .. FIARFFFAUER MS-LIDAR AR AL m AR ERAE, B P BCR e, FE
FREHKIGHO AN UTRFAE (I, SR AN 1 BE) SRR SR = 04T 4028 . A ARIB Ft C 2 N EEEDE
T 58 B AR ) R TR VR R Z I, AR SR BUIR R AR (5 B % S HERL H R s 5 P s AR 28, AT
SEIR AR 3 2. Li 25 A\ [25)18 F] GGM (Graph Geometric Moments) %5 AH & s 2w D s £E 1 J&5 38 ) LT 4544,
P T —MEIEZ G LIDAR iz R K SN 45 4444 . Briechle 25 A [26]F M PointNet++i&
FERPZE LS, 46 5T T ANLIBOE T 18 Ed A 2 i UG, S 2R RI B AR R4 T T 402 Shi 2 A [27]
SR AR AU B VAR T 22 RO 12338 - SIS ARIURRAE,  JR0TIX SO RFIEHEAT T Bk, 1531 T 20kik
LiDAR %4 (1) 22 RUZ A0 4k - SGiEHRiE. ttbml WL, REAE PFRIURTIERRAE = o bkt 5 LR,
E2 H RTE 8] 5 1 7 V2R T i S R I AR B A3 HUARAE, AR SR I s s S . TRk,
T AR R RS R R, ASORIR R B = 2B RO IR BT B RIIR ) T

FETURBE 2 21 07 08 i e RN 5 M A s (19 o, U B adtA7 4b 3 [28] [29] [30] [31] [32]. AL H,
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JUATE5 A6 52 2 1k S A e il e o 7 S 1, 49 B B R g IRV RHIE R IB AR . A4k, AR SCHE St (1 I 4%
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426 T N(45.24°N, 81.68°W). FTLIHH B PR ELIN 186 m, MBI, & 1 A SCHHE &£ it
FX I, %O AR AR, Kk, B RDCRIRE X o 38 i 2 s B DL R AR S A R IR
AT IX FE B RERN AR, FFE MM, LR, EERE. BELk, AKIEM—Lg )4

AR AR RETIRME T 208 2 RIS

ARG ISR SEH Optech AR A Titan £

LiDAR f£/&2% T 2015 4F 4 J1 REMF| . CHILE R T Huln 457 m ¥ B RAT, 2N 259 2 B/ . Titan
FEIRIR IR A FE+20°, 1ZHR S 625 kHz H Ik B B ARZA 40° 1347 M (FOV)igfT, il =M liE
SR LIDAR S = Bde, P48 S 3 2908 58 pts/m?. % 1 FRVEAIN 21 T BRI EE 240, Titan £ %1% LIDAR
fE R #4027 1550 nm (C1). 1064 nm (C2)1 532 nm (C3) =ANilil, 4MEiE s HIRFR h L0 /b (GEiE 1),
VT LLAMGEIE 2)FTR] W GCEE 3)k B, AR AR T 10 KMl EE, A R VE EIRL) 25 P A HL.

Table 1. Specifications of the Titan multispectral LIiDAR system

%< 1. Titan &3¢ LiDAR G 00MH&

ZH(HAT) c1 C2 c3
Bk (nm) 1550 1064 532
IEF @) 35 0 7
B SWIR NIR GREEN
HiZ ) +20 *20 +20
Jik e B 52 A 2 (KHZ) 50~300 50~300 50~300
FHIAIE (Hz) 210 210 210
AT EE(m) 1000~1100 1000~1100 1000~1100
P15 s A ER (m) 0.5 0.5 0.5
T35 /5% P (points/m?) 36 36 36
IMeters
1,000
Figure 1. Study area of the Tobermory Port dataset
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Figure 2. Preprocessing process of multispectral LIDAR data

& 2. Z3iE LIDAR BUIERITRALIEIS 52

221 BiEm4&

Titan Z 63l LiDAR 34 =AML (S =48, XF82 532 nm. 1024 nm A1 1550 nm = N0 %
K, NTRASFH =B R R I m s a0 ST, EA AL S S A IR R
R 2O S, A A I B R R A P A i I AR BB . T =N R AR
BOC AR B AR AT 7 1] (+3.5°, 07 +7°) & AAHIE, F 3O A I R AE B[R] — H AR AR 1) 5T REA 2 58
HAETER—MIE. Bk, APFFRH =4S MERERRERIATEBEENE, E=EAsF, 845
BB M A RANE RS H, B B A R EIEN 258 S a A ST, ATIAE 55 A A B
P AR B AR A, SR S B I LR PR T N AR AN B B AR S A BRI, B AR
s s EE RS HTRE, BEHERINZEE LIDAR 280008 AAR{E B A = A om B (15 2.
[XY.2,LRI,_ LRI, LRI, .

2.2.2. BUEFRE

R a s, 98 7T K26 LIDAR #E, RATARELES 526 LIDAR mz8didk
LR T 14 MACRMEINAXER, HAp NSRBI (RERS . T B KR @Y. HIER).
14 A XL 1017 A m 4o AR —FpAT W B 10753, BATL AR R A3 R 1R I R A0 ik X Jsk i
N AR 2 7T Fahbrid ©AT. A#F5TiEd CloudCompare ¥, F31iZ sibrid /NN FAMEE X
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2.3.1. MIZHEERER

% RandLA-Net [341/1 5 &, FAERH T — P& & &zt mURFEF K Biln &l s (FPS-KNN) IAE A A i 7
%, EITET A MR R S B e, DRUEJE MG st R — S R AR I, M AR AT & 1 22 D 28
N i RGP ZRREARFIMRRE A . FPS-KNN AE 5 FAE AR R85 J2 7 v 245 AR 28 0 2 Py i N\ 85 T sk, X
Rk, ¥ 3 Won T FPS-KNN J7iE MR A TAERFE . AT 4 N T B 2 XOh i 4
S={p, Pl p =Y.z, f)}, Hx. y z AbRE, fARHER R, WP, BREMS. W T4
50, WATE S —AAHE U8 SUE VPl e B ef 8E SA— W E (-1, DZIME, 53— ASH
MR, IXHUE XN RUES, s SRS, FATIE — A R T A a, 7E S, PRI k AN EaE AR, kBRI
BRI R A SNk E (B0 W SRR FEARAL S 4096 A, T k FMERCE D 4096), FEM s AR HORE
MRTR T a AL K AR SRy, BT UL K AR SRAE N AR, IR TR s R MR s
P AR Bt R SR, 5 RV S T H A RSP S a MEE R, B A a MEN N — MRl A
RIS ER e A5 iR a mMﬁ% HABom B 1 s a fE N T —MEEARIIFF 5 &
JERGHHAER, KERTEGENR, ‘i, MESIAERMBEAR, HRATEER, Wk
SrEE PR RUEBURE . XFER LANG E %a¢ﬁﬁﬁilmﬁﬁm#$,ﬁ%#ﬁTuE%%A
PR EE A W 2, [FI, FRATAT LB AR 5 R IR s AL S 7R — SR AR, X ERE R E e
B, HAVEF B — AR A ES. X TESMON A, RATEFEWN &2 MFRSE N

M550 ! 1064’ 532 )

B A TRIRRAE
BIL R FEH e =
Jids _ T F,
/ Ak b K &R

Figure 3. Flow chart of sample generation method based on FPS-KNN

3. ETF FPS-KNN #A%E 75 AR R iEE

23.2. {BAEERSIHHI(SE-Block)

SE-Block £ I3 - B2 i FE 45 R0 B -0 2 0 4 o AU A 2 1A 5% FR 0 A7 R,
JFRBEB RO, AT BI04 7 URHE 0 MO AL, 7 4y SE-Block f75 2181, bkt X MK
B XOMHIHAR, W H < C BRI (W FoR N, HY FRNRIE, R MIlil ),
W H xC R MR R, Fy BB, F, (0,) 2RI, F, (2 W) Zomiiit 2.
BT AR B RRIE F, KR X BRI U b, SAE AL U T R4
Fuo (Ug) o B AT 22 IRV HO A, B3k 2R P30T 4 P03 LRI A A 0 4
e PR 1 AN BRI 5 A A AR R BP9, 0 R H A S5\
BRI ﬁﬁ%&%ﬁﬁ&gum,@ﬁﬁ%“%ﬁﬂﬂ%*%ﬂﬂﬂ SR A A B R
WA B HON IR R 1 x 1 x C AN AN M AT + 505 T 1 o, 4 e
AT, R B XA TR %
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Figure 4. Schematic diagram of SE-Block model
[ 4. SE-Block 1R & REE
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Z otk LIDAR w5z B0 285 o A AN 5, Bt B NI SRR UG, X PG B T IR M2
BN ES, RiTSEESGERE, SERALE . KT B R ICREE, & IR
ANEGNEAE P IR RS, Mg tERe. A — R R EENE, ARVEEYIGEN . fE R
bR % (focal loss function) 5 75 ff U AN ) /. &2 — AN Bh A4 A 22 @Ak, I8 — AN sh &40
W7, AT ABASBRR I GRILFE A 5 X A BEA AU E, AT K 2O B SR AR TE TS S0 X A O REA, HAT &
I BT EUG SRR R A, AR F =4S A B . A B  eR R s SUB BB IE, S

FL(p,)=-a (1-p,) log(p,) 1)
Hor, —log(p,) A SRR, o, AT IF G M8 B R BIALE RE. ELAR o T LASPE I £ M1 1 o 22
P, AR BEIX (A B 2SS 0 R R A, R, BATTIX BB R R T (1-p,) - Hb, y hRES
B, p NBEEMAS LIRS . RS B T SN R SCTE A E S A s
FEEBURRET, o ZHEEWT:
al{a y=1 @)

1-a otherwise

FE SR RO B SRABUE R HL o NIEEME, TN SHOEHE,  thn] DL A SR A4 [35] 0k
BEE. R, 26U LIDAR w2 3l AP ISR 70 A AR ANE 2, AL E PR AT I R 0 5R 88 1 R a1 A
TVE RS2 A K DB RS BOR . [FI, S EOTEER 24500 T ek

PRIk, BATE Al BT 7B %07 BRAR AR 20) h BCE BEAT TH S DRSSO
BUEE R B2 0 e KB S 1 20 EE AR B Bk T 3R, DA /DB 1948 . tanh BRBUH TXALE

BEATIH— 1L
et —e™
“T e ©
H,
1
max(P) 3
¢ =|—5 | t=123N Q)
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Hep, NRRFBEEL BLPR, BERENFAN A DL, o £ EHBE, c Konsh t DA
BUE . E080m 1 AR R0k B B0 B RaA i R s :

G _aG
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2.3.4. BUER) PointNet++

AWFFL IR BT PointNet ++228K49[29], RN T 8 = = I HLE L SE-Block,  F DA £l i) 772U
JF K PointNet++ (W& 5)LAH#E4T £ 1% LIDAR M. BELR(xy,z) &K =AU E
(LRI, LRI, LRI, )N D256 LIDAR b HEA EHA RSO PointNet++M2 30k, %
ZRHe) 7 2 b 4R Rl A5 (set abstraction module) FIURFEA 1 15 (feature propagation module)ZH /. 1415
BEMRER T R — MRS S, BT S, SRS SR LA N x C AR M N B A N,
AT RSN, xC L RE, Hop s C NMEEMRHER &, XERREaE TR LI XEE. Wi 5
fion, EEMEGEE AR )2 (sampling layer). —~44H )2 (grouping layer) fll—ANEE R ALV & ) 2
(channel feature attention layer)ZH . & %%, KAEZIEER FPS HILERE Ny A S AE N R XS 5 O
ERTT R, 5N BB0E SON {X, %+, X, } » i3 FPS iﬁ%*ﬁ‘ﬁ—iﬁ‘]?%{Xil,xiz,---,xim} , T % A
P HRANE, Eﬁﬁé{xh,xiz,-.-,xﬁfl}B%iiﬁ‘]ﬁ(%ﬁ%ﬂﬁﬁ%%ﬁiﬁ)o a5, 2=l BRE Bk
(ball query algorithm)## 2% Ny B0 J& Bl ) “AHRE” mR A IEAH B 1) R X 4o 6 TR B0y, B BR AR
WS, PLATESS AR M BRAAE H R BI AT AR AR 5, G B ARAD SR R T K, A e P B
MUERE K AN SRR X8, SEEREE M A E 2 J5, £ LIDAR fSa3HE O N RS Ny AN S
e, BN SEAE KNSR C A EM. Ml —H S E RN N xCxK o BfifE, FAT#ELEER
TR B 7 ARk X e Jy 38 X SR A A BT AN R B R R R . T —AN A, BATEN 2 )2 A48
(Multi-Layer Perceptrons, MLPs)#HUHAFAE, FEfm it SE-Block 5 i . 5 S238 3E 17 47 ) A 3 2 (1) 18 5E .
BART, 7E SE-Block i F2 (1] 2 W2 (i 5)), 1 e B RIMAL 2R R 40 Ny Rl s AN IEIE, AR5
PN MLP JZH0 sigmoid pRECR TS IBIE AR, JEHED 0 2 1, AUEMR, BEMELE. &5,
BoR BAEREAEE N EEEE . B E R 0 R EANRRAE RO 0, o R R X I RV
712 WSO BE B 2 BRI AT R B, (B2, BT EEMRHER S 2 AR ES, FUHAT SRR
YECAVC L S B B R P RS o BRI B T — il IR AR DUT 2 B4R IE R, A3k
AR KN N, xC, o AT 4452 2] BIRRHIE ICRAE U 38 2 S5 06 i, FRATE I R A% SRS P (1 s B

set abstractionl
Sampling & Grouping Channel Feature Attention

e | nr
sigmoi
Input + K % C Ci o,
- . D) I K 1 — — QP K c
’ share 1
- N N | N, N N
1 N N , |
~< R d —{ — c, 1 C, ! N
RN short connection Q.\\B /
~ & 7
~ N
~ &7

~ o conv K &7
N & S/
Plg ~ NI
o, N, \,\Q /
¢ B
R o / l
oy~ 4
< » set abstraction2
~
~
~
~
Sa
® Martix mulytiplicaion v,
@ concatenate —
M Cy C,
N : the number of points
3 . i Cs C N,
K : the number of neighboring points N N
1
. . . Per-point
C : the dimensions of featurres(optional) f: a’; ::'; N N
feature propagation2 feature propagationl

Figure 5. Flow chart of the improved PointNet++ network architecture
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IOBCRARIR AT 1A, AR5 0 R SR B2 A 470 LU (KRR AEAT L3R SR 2 BT (0 U RS AR AT R . 5 Rofs
UBAF LA ZEAELT MLP ) Unit PointNet Fiderr, I B — S 3L 2 1) 58 4 5 2 A ReLU 25K 50 6
N RERHER . BE LR, IR ARG R AR, SRS SR RS X hRsE .

3. K5
31 SHiRE

AT e BRRE 55 %0(N) Batch size. learning rate. decay rate. max epoch L optimizer 252
By HIv B A 4096, 8. 0.001. 10°*. 200 LA A Adam.

FoAA 5 Bk DA e — I R4y 1 14 AN XX Sk (area_1-area_14), H: o area_1- area_10 1E Al ikt
A, area_11- area_14 /E A A IEAEAS

3.2. B{FMEE

WATEIFEAN 5 B DR &P Y area_14 AE NN X IR T 7 R E R TR . 18 6 SR T
HEH PointNet++IE AL 7EFEAA 5% Lt I 3R 42 area_14 1 143 JSMIALE B B SThRi A it L 1, 7 8 s Pl
Ty BIRER T o R EE R ORI = A X TR AT IR 7 . nfs] 6 or2REE R PR, SR SSHIER
TERAEARLL, REHSNE KA POARFER) A 22K BARKAIRE ISR T H R
BRI RS BN T M. I 7 FRRTRAE Y, (d)AI(EIX PN X, 870 B TE B A DR Hh 70 S 3R,
FHOX — PG JE T B YIZRRE AR TIAL B b i) 73 SO R AR 7 38 2R X BEAR GE R RS, 20 LA AL
Mg S B e R LT 2R . BeAh, M) XARAHE R I, — LR s B R 7 AR B, DA —
AL FEITERI AR AU P @E A A A, X AT RE F T AN 00 2 8] (R 4 ARk = B B PR B P

N T BBV AR SO BRI 43 28R ), BAH R T 4 RIRE R RE, W 2 Fran, ARSI 4% 4
WTETE R, . JAY. B, KR BIR. BRI RN T T 70%0 OA. Rel & AR
IR NS EE S =, 405N 97.55%F1 96.10% . S HIF 7T X I A & 1R A L g 28 0, (B SOl B IE R
EE R R R A, SIS FRINZOD R 5 X A FEARRIALE, o B O PRI SR AR AR B HE X A AR AR, AT
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Figure 6. Comparison chart of land cover classification test results of the improved PointNet++ network architecture on
area_14 of the Tobermory Port dataset: Left-hand picture is the real marked ground object in the test area; Right-hand pic-
ture is the test visualization results of the improved PointNet++

[& 6. Bi#thy PointNet++iE B AEFE(I R B O BB EE area_14 Xig A5 ZEMIN AR ELE . Z£ BN X 5 A9

EFREHY), GE AR PointNet++EINR AT L5 R
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Figure 7. (a), (c) and (e) are the actual labeled feature details of area_14; (b), (d) and (f) are the detailed classification results
of the improved PointNet++ model
7.(a) (c)F(e) 7 area_14 BB SEARE MM AATIE; (b)\ (d)F(F)FARER] PointNet++EBIE) AT 53 K45 R E

12 THIH T PointNet ++ 1 73 G5 SRR HE R - A4 2 P 3 BOZE RN EE R, et () PointNet++
RIAETE R 115 T R 2.06%) H 733845 R BT 1 20%, FEZESM) s (15 T A i) 2.10%) ) 73 3845 5 B
FETHT 20%, EH LS PTE R 0.42%) 70 K45 R EARTH T 14%.

Table 2. Confusion matrix of the improved PointNet++ model classification results
= 2. HUAY PointNet ++iR 8! 4> R EE R YR IETEE

) 18 8 pEcik| b i K HLI2k
B % 28,090 1376 9753 146 0 0
jEisiiky) 728 32,158 1013 6121 0 140
ity 7478 2294 233,853 9239 6201 3
A 113 14,113 8997 1,090,550 52 4064
K 44 0 17,254 20 426,906 0
)2k 0 143 24 2153 0 5701
OA (%) 71.36 80.07 90.27 97.55 96.10 71.08

Table 3. Confusion matrix of the PointNet++ model classification results

7= 3. PointNet ++{R B4 K EER AR B M

el B HH it i} UN HLI4k

i 20,057 38 19,082 174 14 0
B 1654 24,136 5981 8284 0 105

By 7570 805 230,358 10,198 10,137 0
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£
AR 3018 13,030 9442 1,089,742 49 2608
7K 188 0 14905 78 429,053 0
EEyAE5 2 110 33 3297 0 4579
OA (%) 50.95 60.10 88.92 97.48 96.58 57.09

3.3. LbEseLg

N T AT HPPAGASCEER) PointNet++ [0 2% 5L & R IEAA Rt ACSOR L S Al R A AR
VA R 22 P 28 A R 3E4T 1 LA, A04% PointNet [28]. PointNet++ [29]. DGCNN [30]. GACNet [31]#1 RSCNN
[32]c /A IX AR RYLE f 2 4 FRITE S BT TS 1 AR BOTERE , (H AT R AR A & S 2R I T b B AE
FIRHRE 2061 LIDAR iz BTN RItt, ASCEHL T FaR TSRS, JFAEFBAA 5 BLHE 1 30
e BT 702K . SIS IR P RSO E B0 ASCHGART PointNet++5 7Y 55 FLAt 1A X 2% 48
R 2 B LU A Rk 4 B
Table 4. Comparison of land-cover classification results of the improved PointNet++ model with other five models (Point-

Net, DGCNN, RSCNN, GACNet and Our Model) in the Tobermory Port dataset
= 4. A PointNet ++#8 8 5 H i 7 N8R (PointNet, DGCNN, RSCNN. GACNet. Our Model)#E Tobermory

AXBE A 57 KEERELER

T OA (%) mloU (%) F;-score (%) Kappa

PointNet 85.54 46.72 58.99 0.780
PointNet++ 94.19 61.08 71.53 0.901
DGCNN 95.19 60.85 72.35 0.918
RSCNN 94.48 61.24 72.82 0.905
GACNEet 92.7 58.06 69.95 0.899

Our Model 95.21 62.59 73.58 0.918

Wi 4 fon, FATEGER PointNet++HAA ] T OA (95.21%). mloU (62.59%)F1 Fyi-score (73.58%)
M AERSE, 1 DGCNN 7 Kappa 2% FEUS 7 # PS5 . 5 PointNet ++4H L, FRATBAMERER T
BERS, OAERE T 1%LL L, Fi-score #£7F 7T 2%, JLH 2 mloU HIRE £ 62.59%.

4, 4Eip

Z i LIDAR iz BB IR At T U E B M 2B B, AT . TEARR T+, St T
IRIE S I ROTIEAE 2 )60 LIDAR s Bl H IR, TEFRAASE L DA bl 45 & foize RURAE R K
BT AT 2 (FPS-KNN) RE A A B 7 VE3R1S 1 Al ERREAS s BB I Il 2 I L% Squeeze and Excitation
Bock (SE-Block)ifk A\ % PointNet++H5 88 b, W17 5 18] 25 258 18 HAM AR T T it o P s, 328 m 1 4#1IE
MR &5, RSO SR R EOR A FE 2 O3 LIDAR Rz EdE A SR AR el . S8
FW, AR R 0 48 SRR SRAS I AR UETF E (OA) « mloU. Fy-score Al Kappa £ 514 95.21%. 62.59%.
73.58%711 0.918. b4, 5 HETCA I TR S A I LR SR SE, AR TEE 26 LIDAR
AR ) o R R I T SRR T RE
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