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HE

Ot BR (Hyperspectral Imaging, HSI) 3 7T ATERR A ML 22 1k B b AR SR, BRI E = RIR/E
BT, WA AR AFRRHEIE. A, MR ENARRANLSREEMHSIN A REE. 5
HSIAH L, BOETEEEHE (LIDAR)ZHSIF —MBIFHAA 7R, FANERET HEREEFREANFEMERNZ
WEFHEHE. EBOEEREIENBET, BIEHSIH RN B EMREREMNLSHE, A RERHA
BRI R RS . R4, RET R Z 53RN E = E (Digital Elevation Models, DEM)
HEEBR B HSI KR . BT EEMUUFLISE B M BOL E AN B EBUESE LT RRINERRH, X
FPi M DEMAME E 55 A HSIH 7 R R N98.16%, T UK FHSIEHREML % 3 B R EHREAN
96.3%. JH HEEBENIRT, HrimEM0.304/%2)0.150.
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Abstract

Hyperspectral imaging (HSI) allows data to be collected in narrow and continuous wavebands, and
even when the differences are small, different categories can be detected. However, spectral va-
riability and shadow effects can limit the classification of any hyperspectral image. Compared with
HSI, the LiDAR data is an excellent complement to HIS, because it provides both elevation informa-
tion and multiple returns of echoes from different objects. A procedure including pre-processing
and deep residual network classification is investigated for classification of HSI aided by the Li-
DAR data to solve the problem of identifying shaded objects and spectral variability. In addition,
Digital Elevation Models (DEM) derived from point cloud data can also improve the performance
of HSI classification. Experiments were performed on the MUUFL bay harbor hyperspectral and
LiDAR airborne data sets. The results show that 98.16% classification accuracy was achieved
when using two DEM raster layers combined with hyperspectral images, compared to 96.3% ac-
curacy using independent learning methods derived from only the HSI data set. As the accuracy
increased, the standard deviation decreased from 0.304 to 0.150. The former indicates that the
effect of spectral variability is mitigated.
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Results

Figure 1. The flow chart of 3D residual network for hyperspectral image classification aided by LiDAR data
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Table 1. The categories, quantities, and proportions of each label

1. BIRERIREA BERLLH)

25 Ko ER1
oA A 17,813 2491
A 23,246 3251
i 4270 5.97
A T 6882 9.63
e 1826 2.55
TE % 6687 9.35
K 466 0.65
jesiiny| 2233 3.12
jeisitlilg 6240 8.73
NG 1385 1.94
H R 183 0.26
itk 269 0.38

3.1. BHRE

NT FRBEESGZRB O SHOLE, RV T il 2 A B = ES . X
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I LASEZ B B N R AT X R — DS H 4

WIZRECHR P /N B MR A AR FE AL B o DRIIE, S o K/ 23 NS FE AR 52
WA BEAT 3T A, AR 20 ASEEREERATAE H, AR /N 2 80 E0 4 1, SRR M ELE E K,
RGBT LT, AEIA R 128 W p PR iR AF, Bt R K/NER] 256 I BOT IR T FE. St RNy 128
I, HEAAE MUUFL $ 46 B ] DA B s b 1) 70 KRS 1

) RAEHE R UOEAMRAE S ST L, 2 R EA D2 FRSCEEAE . LI, A

Table 2. Classification accuracy with different batch sizes

= 2. FREXR NS ANEE

Ei O 2 (%)
2 78.27
4 95.01
8 96.17
16 96.80
32 97.04
64 97.10
128 97.34
256 96.95
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19 0.0003 I, BERZE MUUFL B4R 42 &8 35 Ui 0 88 .

Table 3. Classification accuracy with different learning rates

3. AREFIRNTLEE

53] HPE(%)
0.01 90.13
0.003 93.27
0.001 94.92

0.0003 97.43

0.0001 97.08

0.00003 97.04

0.00001 94.32

0.000003 90.92

0.000001 81.69

M TR P 2 B B R, B FAE R AR 22 S i R v 125 1045 B 22 ST e ke 2R A .
B, BHUZH RN SRR IR RE . ARSI, AT ERUEB AR 3 % 3 3BT HY %)
11 % 11 R FEBIL RPN IIRHE S I PERE RN . 22 4 25 T BEERUL RN AL 40 FAE BE . R
FEsRIG A R AT LLESS Y, 57 x 7 ME, SRR MR KR & S B R RERIAR 7. I, fEHRAXT
MUUFL #4f SEHEAT 0 R SLIamt, RATH KN 7 x 7 AENBHERE KNS HUE, & 2 NEIGAERAL
R/ 128, 22150 0.0003, BRUEBAS KN 7XT W) 70 2645 RIE
Table 4. Classification accuracy with different convolution filter sizes

4. TRIERBKNNDFEBE

SN FNAN (%)
3x3 92.40
5x5 96.47
7x7 97.40
9x9 96.83

1= 11 96.63

Figure 2. The classification result diagram of the image
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M HST 45 2 6 R AE AT AHO' T A Bt A5 20 R AR AR 6L 55 8 A R RS B o TRAL B A
XA A RHE S SR A . BRI AA (21105 64 45 HST BEAT 8 Bk 33 AT FEAIR HSHE ( 4E
7399 DR B AN TRV B0 R e 3368 LAl SRBEAT 70 R IOTEREUN R 5 Fom. WTBLVE Y, B4R S Bs 4R S 7 28k
T RIYIZRI (] BIE L o (AR 40 I, 2SR EIFBCA BRI B M. Bk, RIESER KR,
IS T 40 AOEREBE T 5 Bt IR EE BAT RAE R & A1 732K

Table 5. Classification performance derived by using different dimension of spectral data

5. FIRATNEHERRERIRIS LR S R MR

i R TT (%) T3 FHEEE (%) VIZKIF [ (s)
1 6.94 94.70 5022
2 99.09 94.52 5044
3 99.66 94.57 6245
4 99.74 95.05 6267
5 99.79 95.51 7614
10 99.93 95.65 10,209
20 99.96 96.38 16,760
40 99.98 97.40 29,381
64 100 97.43 43,735

3.3. FfrRns

MUUFL #5424 T 0% B 1A i 2 2008 55 — R e g — Uk Rl et G 8 (an 4 3(a), 141 4(b)) o
XM MR LS T M T b s RS R, AN A AR Al A S B R B AT . R TR
P 3(a) 5 — Ik Bl B U A 3(b) e Ja — IR IR BE 5 40 ANl B AT RERL & 4h, I % 55— U a9 Al
B Ja — IR B 1 R E 22 B (] 3(c)m) 5 40 A6l BERFAE & 3547 7 202K I81E. T 6 Fir
N ARTEOG T IAAE B A B HSI 40 K8 B T IR ks FE A PR e 22 . Horbr, RIS Rl & 5 IR IR AR I
5138 R 68 AT I AR RO NG BE o [FIRF, SR A AN R & B 45 2 2 2R 4l an 1] 4(b), & 4(c)
B, 5 4 HSIAERU RGB RGBS 214322 .

50 50
100 100
150 150
200 200 55
250 250
300 S 300

50 100 150 200 50 100 150 200
(@) (b) (©)

Figure 3. (a) The first return image; (b) The last return image (c) The elevation information difference image between the
first return and the last return

& 3. (a) F—REEER; b) |RE—REKER; (o) F—RAEEMRE—AEKNSEREREES
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(b) | (©)

Figure 4. A classification map derived from spectral data (b) and hyperspectral fusion LiDAR data (c)
4. AEEIERIR(b)MS IR & BB EBIR (OB RN D KE

Table 6. Classification accuracy under feature fusion of 40 spectral bands and different elevation feature from LiDAR data

% 6. 40 MR E ST RSB EME I ERRIES LEE
AE R R i FRUEZE (%)
TR ER 97.40 0.30
Rl B — O ml 97.86 0.15
A B i — Ik I 97.84 0.15
FA T ORISR IR B 38 0 98.16 0.15
—unlabeled points
—trees
—mostly grass
mixed ground surface
dirt/sand
.- —road
of iod —water
20 —building shadow
250 —b}Jlldlngs
—sidewalk
300 yellow curb
20 4 80 10120‘140160200220 _CIOth panels

(a) (b)

Figure 5. (a) Display of RGB images generated by HSI; (b) Classification maps
5.(a) B/RE HSI A A HY RGB Blf%; (b) 5 %HbE

4. 578

ARSI = YE5k 22 PR ER R TR oL R 8 K il B HSTHEAT 733K . (R d 1 X6 HSTEAT AA F4E,
Gefif 7 A HST 23287k th TGS A2 57 PEAT B R AN AT BEIE KR 202K . £ MUUFL =it i RO o 1A K
8 EREAT Ty RS

ASCREE AL AA BRARUFEAT G B BUE . NSKIRE R AT IR Y, AU AA BERLEAT 4 T DL
= YRR ZE PR HST 70 KN RORRS R . AR IR b R B T TUAR IR . RO A S
GBI R LR R B — DR TR, 2 REE AT LT M) HST B RIS . REWAE, 2R
D B R R, SO E B ER A S SRS B S ek RS OGRS B R TANMY . ZRNE
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(B3 Kl RE S 15 B SE 4 1O 2> KRR . R SR S M A, ARvEZE AN 0.3 F#AIRE] 0.15, XAk
%] et TROE R IABE A B T WO AR R L, R T SRS BRI S . B HSI R —
LA R BA AR OGS E R, (HEN 0 EE B R E . FFE, T EAMEDCERARY
&, REENIERE AR, BA TR DU HOL S R BT X 7).

IRATTBTA 5250 A A BB R AR ZE M 2% SSRN BT HEsi b, & CHHENIZE[20] HSI
RPAE RIFHIVERE . JEIEXT HST AL H 8 Kt il & B BEAT U S AR 22 S SR = e, ff
UIE 1 9 2% 15 A0 B 22 8 IR i 1 A 55 I LA B BRI 72 SR BE

E&WE

TR B RS E AUSEER E (2016B030301008); K H AR 2 3E42(61701123); [ 5K 5 43 HBR M
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