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Abstract: Hyperspectral image classification comprises the classification of every pixel in an image by
applying the combination of hyperspectral data atlas and rich spectral information, which can be em-
ployed for achieving high-precision classification and automatic recognition of ground objects. Hyper-
spectral image classification plays an important role in earth observation. Based on the analysis of the
characteristics of hyperspectral images with respect to two aspects of general machine learning and
deep learning, the progress in associated research and comparison of the effects of pixel-level classifi-
cation of hyperspectral images are summarized and discussed in this study. The advantages and disad-
vantages of various algorithms were visually illustrated by comparing the corresponding results. Re-
search objectives and development prospects of hyperspectral image classification are analyzed with re-
spect to two aspects. Firstly, various algorithms need to be studied. A hyperspectral classification al-

gorithm can guarantee classification accuracy required for reducing the algorithm complexity by incor-
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porating multi-source remote sensing data with multi-feature and multi-scale composites. Such an al-

gorithm can improve the classification accuracy of a small sample of the classification model with few

parameters, and it can adapt to the intelligent and rapid development requirements of earth observa-

tion. Secondly, market applications need to be closely integrated. Practical applications of hyperspec-

tral images should be considered and efficient classification algorithms with marketable competency

should be investigated for enhancing the applicability of hyperspectral image classification in remote

sensing applications.

Key words: hyperspectral image; pixel-level classification; machine learning; deep learning
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Tab.1 Advantages and disadvantages of general supervised learning methods
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FEAEAY CNN 4328 ik,

(DFEFIEFFAE A CNN 2K vk, mobki
R EA F 5 g5 8 A RER AR NS — 5%
FHE A A D B B — 4 )t (R 2R, 1 2k T 2
TG AR BT T b P 2 0 B R TAE A A
TG R AE ) CNN 43 288 5 3 (2 4 3 28 — 2 |
GREARME N MWL A B — 4 G2 )=
B35 )2 55 2 I A S BRAE X — A A TS HRE 3
BEATRPAE 9 27 > A 2 B B 4f Ml DA J5E ik 335 R A
rh A o] TR 2RI » DT (50 15 455 78U 8 51 47 1 3R 5K (&
DO KA, R AR Oy RS B R T R AR Y
CNN 4336 J7 16 Af 1 1 46 BRA% | s Ak #5048 2 —
e, X5 — M) CNN J7 2 rb 45 BUR A6 Sk Y
TR PR R (H R R — B, Tk R
LR CNN J7 6 FF A & J2 0, Wi T8 47 29 19 5 0
TR AT AR W] W 05 R S0 (w4 7 AR L
A JTEAF B 1 43 28 T7 1 Mk L) 3R AT 85 v 1 43
P, W, CTFX T NAEIFAZL, 2015
AF Hu % AN i — A& B2 R Kb k)2
FIH 2 4 1 1 2 1Y) 0 208 A% 18 f 0 — 4k i A e A i
F743 2552016 4F Mei 25 AU 3l 3 — A& — 2
HHZ BatchNorm FIPH )2 2 %4 2 19— 4E CNN

3 AWK Pavia University Z3E B Il 25 g F0 i) &
Tab. 3 Number of training samples and test samples for

the Pavia University data set

Class Name Training Test
1 Asphalt 200 6 431
2 Meadows 200 18 449
3 Gravel 200 1899
4 Trees 200 2 864
5  Painted metal sheets 200 1145
6 Bare Soil 200 4 829
7 Bitumen 200 1130
8  Self-Blocking bricks 200 3 482
9 Shadows 200 747

Total 1 800 40 976

o8 2 5 7 ofe SR AT A v A T 1 R GG R A 26 K
R T dropout Al 2 % & 1F £k ¥ B w6 2L
(PReLwE N HOE R AL, S48 B T 1SR AE /9 J7 15
BAS T A SE B ROR  H AR DG 1R B A
A Ry — 1) A, S RE 2 IR O i R R A = )
fFE.

() T 2B A FRIEAY CNN 73 2805 35,
5 SAE.DBN %8 2 2 2] P 22 % 28 500k AU, ik
THEFRAE A CNN J7 2 [n] B R UG J2 — k5 A
BA KOG RGBS G — i, RA= &
WX A BR AT DA T @ 0 % R s il 1R S
] LAA R 4 ) b 5 3R ] i B &R Ok 42 5 20 2R K
JZ, HEF R A CNN R A R Z R I 2
SIEBRARRIE . RTS8 SRR IE S A L CNN
B U Lo 5 ) B8 M 0 i R IR LU
SPRRGRE . I R A5 RE B B Y 2 A
PR OB G I By S SRR L T 2 RS R
DU XoF 173X B MR 3R SRS B P e =
TR A R IE AR R TR 5 A 28 0 45 1 AL I A5 )
A A5S 280 0 B Jef 2 3K R D' 1 PTG OBHE 285 BO 1R
B EAR U R, H A& T 25 0BG R IE 0 7
A PR A [E 80, — ORI 46 s o6 R
17 48 PR £ IR R SRR R PR A .
11, Konstantinos Makantasis ¢ A48 H T —
Tl B T 25 I SRR AR Y CNIN ) 2%, B30 22 e 0%
JEL UG B4R JE AT R-PCA B4 4K 5 0 ATR IR R
N 5X5 X ¢ Cor EREYE R R ETE 4R BUE N
10 B 30) P45 Heday A piy 1 )28 46 BB 238 0] AT 2R
3XBMBE . LA 2 EHEZE M softmax JZ 1
&M 4% ; 5 Konstantinos Makantasis %5 AN
] 42 o Yue 25 AU BT R T A I90 2% 7% 0 R )22
2, B A KGR T 3 A T B
RAT K.

I3 — o BT R Bl b AT S iR A
EVEAT 4RI, B, Yang 2 AP — A XGE
T CNN A 5 A 380 T8 53 51 D' 35 1l A 2
2 S)RHE AR I B AR ) B R A T A B &
AR R N R B oy AR O 3 KA R AIE s Xu 45
N R T 0 SE A b SR T — A X 5 05 B
BEAT AR B0 43 32, 12043 3R O B 3k (light
detection and ranging) FUHE 5 5 4 E R A 0T L6
&4 (visual image) 35 5 J5 B 25 1] w5 20 B 30k
PRAR GG R A H] o BER AN L S e A
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Q10 23 TG BE A RPAE HEA TRFAE AL Li 3 A0
PR =4 CNN H 3 =3 (8] STy 5 X5 19 Jit
AR DTS B P o) T2 R AE L TR X B IR 2
o PEAT AL AT AL 38 5 Zhang 25 AU 58 5 4 IR 06
eIk EG S Z AL IX A B (B4 BT A 2R
DL K Jr i X350 SR 05 B % A X s — AN R
FEICN 25 FEATRRAE 77 2T S5 I R AT Aol DX sl o 2
BRSPS P N TR B TN [ cS C e =S i e e i (18
PRI, T A TR R Y 4 28 7 ik IR I R T
e G A B3 (5 B 2 [ S, (75 S B3 Y
I A 18 T8 g b 2 AF 30U 19 5 A5 82D It I Bk
PN 2 m R 2 R T e & w2k
K
4 BHEMHAExILE 5

ST SN W M R I A SR A 25 L AR SOH
TE Pavia University 505 b 032 2% 55 v 09 1k g 3
L, Pavia University £0H8 8 & 78 [= 700 Jm bF
il 18 B3 22 2R G A% 15 X (Reflective Optics
System Imaging Spectrometer sensor, ROSIS-3)
KA T RORMAYE N R S — D g5 %
FU 35 K /N R 610 X 340, %5 0] 43 HF Rk 8] T

1.3 m, P KB A 0. 43~0. 86 pm, & 3LAT 115
AETER B, Hob A 12 I B s T R A
T AL AT R X 12 BB R E AT 103
A B B . 6 &7~ T Pavia University 3
P B th R (oG L B8 iz 8 e S 9 RN TR Y
i P B L AR YR ST 36 R IS Ml ) A A A B L T B
200 MERINRAE R AOPE B I 4E . 3R 3
R T AR EEY Pavia University 3088 09 Y1 2k 5
D4R 1) ELAARI 0, A% 70 30 19 0 00, 2 i AR R R
AN Ta] B P 2 5 O VLA T 7O . O 1 B8
M 8RR L&A SRR I 45, A S0 g iR T
7 K-NN,ELM, SVM, SRC,JSRC,NLW-JSRC,
MFASR,CNN,CNN-PPF, TB-CNN % & Jf: ji [£]
853 J 515 1E Pavia University 88 % 347 I
HIUE., 38 4 B T &1 IL7E Pavia Universi-
ty Bdn By 288 R, xRy T AR AR ol 2
BRI COA) F 85 B (AA) F1 Kappa R AL,
MR 4 TR, SVM Bk 2 AL GepLa = > Bk v kit
e OGS BB 3 28 3R BRI 1 L 3R A5 25 T B X /R
A AR AL 75 B AR BRGE T . A LU AR B PL AR
2GR FEITIE BT A I A R AR I R R s ) 2R
JrEFIEE T ONN B &L B 85 BA 3
YNGR N A

£ 4 BEXEITF Pavia University IBERNHLER

Tab. 4 Comparison of the classification accuracy among several algorithms using the Pavia University data set (%)

Class K-NN ELM SVM SRC JSRC NLW-JSRC MFASR CNN  CNN-PPF TB-CNN
1 76.07 68. 89 80. 77 61.16 81. 36 83. 80 99. 61 95. 66 97.31 94.71
2 91.86 80.53 84.15 79.52 95.03 93.77 97.18 93.92 95. 24 98.78
3 82.78 82.25 78.41 70. 98 99.21 99.42 99.63 87.47 93.21 96. 68
4 87.67 94. 31 95.71 90. 33 93.72 97. 66 97.42 98. 36 97.63 99.27
5 99.74 99. 65 99. 83 99. 56 99.91 99. 48 99.91 100. 00 100. 00 100. 00
6 53.43 80. 95 83.14 71.59 99.15 89.79 99.71 94. 14 99. 48 99. 34
7 85.93 91.77 92.92 85. 49 98. 85 99.73 99. 82 98. 05 96. 37 99. 47
8 54. 88 65.19 81.56 72.43 95. 35 97.42 99. 28 91. 38 93.11 99. 40
9 96.52 32.53 99.73 98. 80 56.22 90. 63 100. 00 99. 60 99. 60 99. 87
OA 81.14 78. 46 84.78 76.54 93.03 92. 84 98. 37 94. 40 96. 20 98. 27
AA 81.14 77.34 88. 47 81.09 90. 98 94. 63 99.17 95. 40 96. 88 98.61
Kappa  74.48 71.99 80. 06 69.41 90. 73 90. 46 97. 81 92.54 94. 93 97.68
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Fig. 6 Classification results of Pavia University data for each algorithm
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