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The Study on Spatial Classification of Riverine Environment
using UAV Hyperspectral Image
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Abstract  High-resolution images using remote sensing (RS) is importance to secure for spatial classification
depending on the characteristics of the complex and various factors that make up the river environment. The purpose
of this study is to evaluate the accuracy of the classification results and to suggest the possibility of applying the
high resolution hyperspectral images obtained by using the drone to perform spatial classification. Hyperspectral
images obtained from study area were reduced the dimensionality with PCA and MNF transformation to remove
effects of noise. Spatial classification was performed by supervised classifications such as MLC(Maximum Likelihood
Classification), SVM(Support Vector Machine) and SAM(Spectral Angle Mapping). In overall, the highest
classification accuracy was showed when the MLC supervised classification was used by MNF transformed image.
However, it was confirmed that the misclassification was mainly found in the boundary of some classes including
water body and the shadowing area. The results of this study can be used as basic data for remote sensing using
drone and hyperspectral sensor, and it is expected that it can be applied to a wider range of river environments
through the development of additional algorithms.
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Table 1. Specification of sensor and drone
Image Specification of sensor
Wavelength range 400-1000 nm
Spatial bands 640
Spectral bands 270
Scan mode Push-broom
Lens 17 mm, FOV15.9°
Output 16 bit
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Fig. 2. Hyperspectral cube
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Nohe Ao SR T4l £ Aol mal  HE 2¥% Gl A gol ol wEeln B o
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Aalaa AEEFIIES H8a9 SVME Zel2 ks wefshe #A o] HuE 2 7]
AEEFE FPe] A% FHAE(raining data)et AlSHEF duE]EE 7INoR dhH[16], SAMS FHE
2R A AT WS 0% FEAR(cfrence o) AHET 7 @ B 24 WH Aole] wg
data)v 7t &7 FUAEE XS F 9 AA Hlaste] 7H 22 A5 g ol SeAE &R}
of REHET HAUAR FEIQOM, BF Adl & /PHIHIT]. olF A1HE WEAE o] AFHS
FEFE v 9 A9 Jog A A ZEAE FHEAREE B2 BRAEYEE 9 7 Ao 2%
o Ul Felat SHAe T B4 BAe AR o] TiHom AgHR glom, X ey
F52 melstgon], £9 L wede] gk 44 & SVM /e 4% 43 AYPNS A8shan,
(2, 58, Pz, Aot 95 =B, P E7F A FRAEd EREAHY vuE
27, 222 5) F 147 242 AQAANTable  BF oABAe) A%E @ AASFE FH AL
2). B7F skaArh
Table 2. Information classes and sample data
Class Pixel count 3. 243 9 B9
Training data Reference data
Herbal_land 453 1041 REANEE BE NEQ70 NS Ees 253
Herbal_submerged 526 1060 143} MNF 2 PCA #91% 27 Moz Waly oahs
N 1o - o dges Al 1 271§ Agstel WrkeRE MLO
Woody_emerged 339 619 A8 Al BE s 4 o] BVl B9-E AlQlsta,
Sand land 308 84 207H4) 9] B AE ddoR skglon, A7H= Table
Sand_submerged 575 1040 33 Zrh
Gravel 387 600
Tile type 312 467 Table 3. Overall classification accuracies of 14
Plastic type 285 550 classifications by three classifiers (OA:
Fabric type 382 924 overall accuracy)
Timber type 280 378 Classifier MLC SVM SAM
Steel type 335 500 Input bands | OA | Kappa | OA | Kappa | OA | Kappa
Concrete type 352 759 All | 270 - - | 9451 | 0940 | 82.26 | 0.807
5 | 9229 | 0916 | 91.94 | 0.912 | 85.02 | 0.837
SHAENEAN ] Zojro] 2 FELRS AHon MNF | 10 | 95.17 | 0.948 | 9428 | 0.938 | 87.66 | 0.866
55W(MLC: Maximum Likelihood Classification), 7 20 | 96.19 | 0.959 | 96.10 | 0.958 | 88.04 | 0.870
AW (SVM: Support VectorMaching), 28754 5 | 90.78 | 0.900 | 90.67 | 0.898 | 80.71 | 0.790
PCA | 10 | 90.64 | 0.898 | 90.93 | 0.901 | 80.98 | 0.793
(SAM; Spectral AngleMapper) Al 5] 77 20 | 9039 | 0.896 | 91.19 | 0.904 | 80.96 | 0.793
(classifien) & #4833t
MLCE= &&0 71Zst] 2 k4 s 7M=& &S 31 2FAZ=27]m
7 FY AR Sdske 2A4ES A8ske e o o aash olael BE 7
2 M) 99 ASHE AERR duezods), o oA MNP AESAIING A8 94 v 2
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636



s
<
et
o
oo
(e
Py
M
o
of
o
1o
o
2
of
)
am
oX
M
Ju
re
-

Classifier
MLC
" SYM

SAM

60

40

Accuracy (%)

Al270  MNF5  MNF10  MNF20  PCAS  PCA10  PCA20
Bands

Fig. 4. Overall classification accuracy of different subsets

PCA 7IHE 2838 495 49 5719 = o) &
T 99% ol/de] RS Xt ol METL A
255 1R Zva ey 9 Gake) AA W
£5 249 490} PCAZ A88 o BRAT
=7 A em vl yehsten, gk e Aib= e e,
PCA W3 W= X3 el 25 Ashed] 938 S0, E=E
% % 998 HolZth PCA W ol HE AA A5 S S
A G4 DI S 9 L Aol st Il RO e 9 nd i
o™ PCA 20 7] W= gAo] SVM &7 71HS 483 SAM classifier)
B ILI%E 7MY =& AGRS A0T 5 99l
UbH MNFS 4-8-3F 942 5 PCA 3 94)o Table 4. Producer and user accuracies for each class
Be Ayt = BE AgrZ gehyon el using MNF 20 components (OA: overall accuracy)
Hat fhgkel EE& MNF = 58 wo] 2AEes (OA:M 91‘6(.:19%) (OA:SZé\.Am%)
25 AEEsk S718h MNF 20 7] W 9] 7 Clas ot | v e | e
$olt= 9 Qdabe] A WES BET PREC O e A | A | A | Ace
AZEE YelWon, MLC 7|Hez BF 3 A Herbal land 99.23 96.36 99.33 96.37
96.19%94 7]'Xo]' w0 %i_%._ Xé ;,EEE‘ oé—% _}r_ 9»19)\4]:]‘ Herbal submerged 98.96 96.42 98.87 93.91
Herbal dried 99.04 99.42 100.00 99.05
Woody land 98.02 99.50 97.77 98.26
3.2 %%%%7]% Woody emerged 97.90 99.02 94.83 100.00
Fig. 5¢ A¥9EFA71HS 483 94 5 Ag=r) 7} Sand_land 98.09 94.01 99.49 93.86
2 =7 YERd MNF 20 W= 99232 7]Hko s MLC, Sand_submerged 96.25 99.60 95.38 98.80
SVM, SAM /1.” 7]_;(] %%7] ;gl"g.oﬂ [q,_‘ej T":_L‘l‘:ﬁ" 7&34___22_ Gravel 99.83 97.24 98.67 99.50
H]ﬂ@‘_}_— Ziolq‘ Tile type 71.73 96.54 64.03 92.86
_ e Plastic type 92.73 79.44 96.36 77.26
SAM 7]%% %%%_7:“ %}:94 %A]'EOH [q’ﬂ- %%7 T Fabric type 100.00 100.00 99.89 100.00
EEQ o U] T":}%L % ﬂiﬂ— E%-o] L}-E}]d— }itd’ MLCS)} Timber type 89.68 98.26 97.88 96.35
SVM 712 5 AE=rt A =& #ts UER Steel type 97.40 86.65 94.20 98.13
THMLC: 96.19%, SVM: 96.10%). Concrete type 92.36 100.00 93.41 99.44
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