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Abstract

Land cover classification is an important tool for preventing natural disasters, collecting environmental
information, and monitoring natural resources. Hyperspectral imaging is widely used for this task thanks to
sufficient spectral information. However, the curse of dimensionality, spatiotemporal variability, and lack of
labeled data make it difficult to classify the land cover correctly. We propose a novel classification framework
for land cover classification of hyperspectral data based on convolutional neural networks. The proposed
framework naturally incorporates full spectral features with the information from neighboring pixels and
has advantages over existing methods that require additional feature extraction or pre-processing steps.
Empirical evaluation results show that the proposed framework provides good generalization power with
classification accuracies better than (or comparable to) the most advanced existing classifiers.
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A4 We ARl G ADA SAL olshs] As) UF AAE B =4 %o 2FA} 2
+Ae £72 AT Atk 2R F(hyperspectral) G4 3 FAo) Sl e A= WE] A
B2 EYHEL bR EX %o FRol O TR ARE NG5 22 4 et

5] F&gs ERole B 7 dHol drk AR, 2uApde] vlolE e m=
Atk A, AENA, A2d Hile] g FHE A 4T AR

Al WE/dol gty AR, 717 (labeled) Hlo]E19] %Fo] HAIT] A= o] Ut
A AFH 0134%% 538171 98] @2 Al 714 g5 sl AlRFo gt (Camps-Valls 5,
2014). o] WHEoAE 13 HloleE A (robust) 3l tFE7] $138F 2 %4 (dimensionality
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reduction) Y 574 FZ (feature selection) WH 5 Wo] ARES It} HIZd+= W
3l A5 # Y= A5 A7 (deep neural networks)S ©]-§3F o] FHT
0% A4We BR7) TA A0 A0 247) Bsdtel W) A9 22 B Baw o

A eren F74Q ARE FAAe] Welg 72 23 ek A2 ATl Chen 5 (2014)2 F
£ E A (principal component analysis; PCA)3} S EA T 7|9kt A& &<5(deep learning) &
NEe 2BY UL 59 54 98 ¥ a7l 4FH02 LU0, Chen 5 (0142 F3
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Q% 7% T4 97 e B Y, F 9L Ry Aun 22w v
mann machine) (Hinton, 2010), &% % = 21747 (LeCun
5, 1998), LENFHY} 2 A A LEQAFZY (Vincent 5, 2008) 5 E3sic). A& A8 U ES
= (deep belief network) (Hinton 5, 2006), 415 B=7F 14l (deep Boltzmann machine), J5 2L E<I
T ™ (stacked autoencoder), && 32 A7 LE T H (stacked denoising autoencoder) (Vincent 5,
2010), A& ALBFHA 2 EQFH(stacked convolutional autoencoder) (Masci 5, 2011)%} 242 tf
s i}

I F2W A AE PREL oPF L T2E P PAOR BEAAL 435 Aol e B
o AAIE 4B Goodfellow 5 (2016)9141 g 4 9tk o] =Rl ARFH AF P 94 &
Az stol 22Y 94 vlolEY BRE 98 435 72 7RV

. HE2M 218 LAY (convolutional neural network)

2.2
AE2H AADL LeCun 5 (1998)0] 2J8) AAE 3= 9= (feed-forward) AF AT I%F
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o, 53] 44 tole A4l Agst mygolrt. o]FelA HX,
% (receptive field)E Zte AEFH 58 AHESIo] AHES A4S o 2 ]
invariance) & VIEQZS] Fxo| utdsiA Hrh ABRA FolMe 71EF
o (moving average) ZHE ARgsto] WX & ZEle 282 uAy &
43 g AR H %% g AXA Atk 7 SolAE dolHE Z

° =
WAdes 255 3 ot dEFA AR 28 He 2 AR £ (max-pooling) (Yang F,
2009) ] 7Fg el A}»%%\:]— 29 Y 82 oA s HANEEN 22 948 dd" 39 99

L2 ARgHT

AE8EA AFTe AHE 4 BACA 7P S8 AHEE ﬁ% A7 g3olr}. LeCun 5
(1998)9] Bae ABEH 237} RUgk B2 2ol WA o7 W 29 pEE PAHC dx, 1
AAZ Qe AAGoIT). o] By 715 FF(weight sharing) S AMHE3te] siebu|go] &
7h Ao g Aol wgo] o]Fe] 2& ¥ HolErt Brielks AR A3 4L 2
2] A2] A X (graphical processing unit; GPU)E 53] {44 #HEsg& & Adot. £3], 20129 Ima-
geNet JJEF At A ABFA AATS AR B o] the AAAE AX L 5 2R3
Z_}—

Al Zﬂ%%ﬁ A7) Q717 FA o ® Soigdth. AlexNeto|2hal =2 o] %54 (Krizhevsky F,
2012)2 GPU 0434 & AR HESE B8 AEFA AAG 79 £ S By 2 23og)
== —:’-71-4 A diojEo] A8 o Ut olF AEFM ALY thFst " So] o] FofolA
g AREE M‘ﬂr

T3 GPUE &83 31 3A4Y £=& Fo17] I8 AFH A3 9 (rectified linear unit; ReLU)
(Nalr-»]— Hlnton 2010) } 4= 3“1 ﬁ%—?"ﬂ /‘\173”&9] A5E =017] 913 A48} (regularization)
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@ 2x2xK
K 2x2xB kernels
Input: 3x3xB K
3x3 patch
Convolution e Logistic
:: ax-pooling classifier
Full hyperspectral image Fully connected
(®) 2x2xK
Input: 3x3xB K+B
3x3 patch
o
°
°
Full hyperspectral image ™~
I

Full spectral data
of the center node

Figure 3.1. Structure of the convolutional neural network for hyperspectral image classification ((a) A simple
model comprised of a convolutional layer, a max-pooling layer, a fully-connected layer and a logistic regression
layer (HYPERCONV). (b) Full spectral information of the center pixel is also directly fed into the fully connected

layer (HYPERCONV.CF)).

Table 3.1. Number of parameters for training

HypERCONV HypPERCONV.CF
Convolution 4B+ 1)K 4B+ 1)K
Max-pooling None None
Fully connected (K+1)M (K+B+1)M
Logistic classifier (M +1)C (M +1)C

The number includes parameters for weight terms and bias terms.

P AHE FxolA B Alele] F1AA AT AL WA AL 1 AR Fo o3 &
HAoE ORolAAT, 28 AL T G4l Wal WA Be AMEY oo AuE AT 9
ool @ AfEY JRE Wl YAHOE B A3, Chen 5 (2014)9) W} 2ol ARG F
9 3o 283 WA 4 9409 QA ~A= JUE B0 A4W 293 dPoz Y & 9

z3)
Fal

o o2 St Brk ARE wEste] £33 54 B ohlel Ut A A=Y Just BE

2ol 7lelskA Bk old @ F2HL Figure 3.1(b)o] BAS o] Uk 2O o] RHS Hyppr-

Conv.CF&}t1 3}A}.



Hyperspectral CNN 863

o] Aol AlrE BYS FANE Pilol thel AFATh oI71A AFA) vholol s shetulele
22t 97) RYAS B Ase 2B G 2L )z AgHYon, ARTH, B, s=EE,
AUk & 4 G Boldl WY 5} AT YE Goodiilow T 0104 HAT + 9
th. 318004 Astsisol, HyrerCony RHS Tl 502 ool Atk 47 52 ez
= 12.3,4,5% eI o, 298 99 5. 74% A% A5 9 5, 94 94 %, 29lx
szEma B8] 2o tgHTh BBl 7 2 1 = 2,3,4,50] tial BgHE /EA FetulE 74
9 WY we oA e WO, wojoj wnm £ b0 2 Ve,

WO, WO s B9 s 27855, velel2 stehilg b3, b0 x 002 27|35 2]
SPh 8 AHelA HypsnConvE SR/ H4S AZEIIE BAst st A 5 Bz ol
AL WA JELA= DAL oA 52 AL the DA geow Bolsole U WD

th 22 AT wolz 22 S ARRStE. AT DAl E uiA g FoARE A F74A] &
4 7 } 781H (stochastic gradient descent)< S8l 32| H]-& ¥4(cost function)E ] A3}3c}
FEEZHE oA e 8 SAAREH 28 Z7HA] 72+ 59 S 282 Ade, ol v 59 9

Goz ABUT o0S 18H B, 5 |- 1AA 29 2> 90 S ABFA (=22 b

A B WD WD — (WD) e o a W = (WD Wz o

i,7,b

Fold 2x 2 x B x KA 7538 7ML b0 = (b, b)) = ol Xl K7Re] wpololag 2t
o o] 39 9gL oW —( (,1])17) =1,2,3;j=1,2,3;b=1,..,B = —roixl% 3x 3x B x99 7S zt=t}.
uelA o] Fo] 2862 ¢ (Z]k)z 1,2.j=1,2:k=1,...,. k= JEP = o, 1 gt
2 B
2 2,k) (1 (2
EJ’)C = tanh Z ZWZ(’ i’ b“hﬁz/ L4 —1b T by (3.1)
i/ j'=1b=1
2 Follrt
AN 28 2o 2 2O K9 AES /A, Z7he
(3) _ (2)
T T 85, Tk (3-2)
2 Folxtk
g F( =42 ¢d d4502 K x M A9 7153 W = (W,(:,g)mﬁ Mik=1,.., k2 M
o wholoi 2 b0 = (40, . b)) E et olo] thgHE 24 Vsl muA ARe
K
o0t (S0 0 ) = 69
k=1

=

e
vk 34 B W YYOR AT o] 32 KA tA K + BAAY 9492 AAn, 7 4
KN

K
% = tanh (Z (4) <3) + Z (4>£IJ§12) + b$§>

©® gy,
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20 — o (W<5>x<4> + b(s)) (3.4)
Atk &, (0(2)e = e /(L0_, e*)0lth 2”& Qo] B4 98 557 o g2 45

o (5)
{ = argmax «,

1<c<C

3
P A T B 292 A9 ASEE 918 B5E et Zol FojAE Az A £4
1=}

meld, 27] N

28 i
& P4 (35)0 U APH 99 g5

N C
J(xgl)’,,.,xg);yl,,..,ij):f %)ZZl{yi:c}log(xﬁ)). (3.6)

=1 c=1

.

slgtn &L 8532 ZAF 5P (stochastic gradient descent)S ©]§3lo] A gslA ) o] W
AL TR BES RASYR Hol L2 27 L9 WA (bateh) 02 LRerh. 2t A9 tjct uE B
(3.6)2] ZAAH(gradient)= ofgioll AHE WpHoz AXNSH, selueE < £ (learning rate) n&
AN %, 08 setE (WP p0)E 22 Aojgia s, ok Ag wet setuHE B4l
sHA "t

0(t+1) =g _ nVeJ (:1:(}2) e 713(.11),) s yj(t) Sy yj(t)) s (37)

J1 7, 1 L

7A t= 1,...,Tol2, T B2 WAje] Solch. TAS) £E ATe 3 W4 Ads B4e e
o= (epoch) ]2k S0, o] AL v]e] AN £ BT MR ol ¥ BEH A B L

VEEL HlolE s2oA WHdlelr] 419 GPUS 283 Extd oz A4e 4 9t

AT} FVE)ELe vpA e Z0E R Z74x) Zvich A2 ¥ 2 (chain rule) S o] §3te] AALE Aabet
th o8 Sof, A azEwa BE 2 = 5)oAx 2P = M whlal) 48 3714 m =
1,..

o ME A c=1,...,C0) 3

S ARSI o]9) o], & AF 2uZoNE 2P = 3K wWa® 4 pM g ojsi

sw _ 9] _ ZC W®s® | tanh’ (22
Zm
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AR D AEFA oM AU A9y A8 F2E 27 a8t 99 nist A4l 4
< ¥4& 4 9Jon, THEANO (Bergstra %, 2010)8} 22 A5 5 d7|X ol e o|AE As22 A
Absl| ok
A A dueEL duEE 122 8oF% 4= 9t}

Algorithm 1 Training HYPERCONV

Require: input data x1, training label Y, number of filters for CNN K, number of hidden units in
the fully connected neural network layer M, learning rate 7, batch size m, number of batches
T, training epochs te, total number of classes C'

: initialize weight matrices W; randomly, biases b; as zeros

: for every training epoch do

fortinl...7T do

Feedforward step: compute :cj?t)) - (,) through (3.1)—(3.4).
1

@

Compute the cost J for the t** batch as (3.6)
6: Backpropagation step: update parameters from top layer to the bottom with learning rate
n following (3.7)—(3.9)
end for
8: end for

9: return 6

4. A

]

4.1. HI0|E] 2Y

Aot HHE /\] 7] fEiA = Ay SFAHE A2 28F dHolHE AR o doHE
n= 2§ g% 3 (National Aeronautics and Space Administration; NASA)Q &% % 7}
AlZA /A LA JaF B33A (Airborne Visible/Infrared Imaging Spectrometer; AVIRIS)E ©]-&3}
19963 39 236l &3 tlo]lolth. AVIRIS 7]17]& 400nmolA] 2500nm71=] 2] 5Hg o A of| A
10nm 7+F o7 2247) ¥Wi=o] ¥WiAE AR E £F3t) o] HolEHE 512 x 614FA =7)0|n, F7F
AT E 18uHolth. Eo] F4EE 3P 993 A% o] 32-¥](signal-to-noise ratio; SNR)7} 2
3 49 ALY 17670 M=) JRIF FIRH] oy o] EFol ARSIt A 314,368 (=
512 x 614)7§2] ZA = 52117ko] BEE5lo] glon, BER il Table 4.13} Zo] & 13329 EX|
B EO 7 o]FojA ). Z M= WAE £F2 A AAld 2AH FF3H lth. Chen 5 (2014)3
HSEHA, 7187 FAES (28 AW (S A (BH2E ) = 6:2:22 ook &, 2
o] = HAE AAY 60%E +H JE, 20%E A3 A, 283 UHAE H2E Jo g Fgich

o 2 Jg
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Table 4.1. Land cover classes and numbers of pixels in KSC dataset

Class no. Class name Training set Validation set Test set

1 Scrub 467 153 132

2 Willow swamp 140 50 49

3 Cabbage palm hammock 147 60 47

4 Cabbage palm / Oak hammock 149 49 49

5 Slash pine 87 33 41

6 Oak / Broadleaf hammock 129 52 46

7 Hardwood swamp 61 26 17

8 Graminoid marsh 256 88 84

9 Spartina marsh 318 87 110

10 Cattail marsh 275 70 57

11 Salt marsh 250 82 82

12 Mud flats 288 97 113

13 Water 553 173 193

Total 3120 1020 1020
4.2, M9 =t
2E 132 slo]#(Python)ol| 7]¥ket A& sk glo]H# 2]l THEANO (Bergstra 5, 2010) A
0.60 7|xkste] -TL?ﬂﬂo‘E} THEANO % ’1‘:‘% 5 S84 AF vehtbe ik wids 1A 49
3t HAS)sh= 752 Aledttt. 8% FE=+= https://github.com/kose-y/HyperConvell 5715 o
tt. B¥L Nvidia GTX 780 GPU7} 101'73}% Intel Core i7-4790K @ 4.00GHz CPU9|A] &3}
t}. GPUE 3GBS] WRe)E A7 Qom A 722 A=At $8 S5 o= 0012 24
97, SEA A4 ool £ oS S 20,0008 2 sheich. WA 27) L 60el ek,
4.3. 27 ds
ARRH AY 5 K9 B A2 2YFe) k= 5 ML o goR WA 4% 49 53
sttt ZF By 7 A=t A3 XZF2 Table 4.20] FolA Utk HyperConve] BIE+=
Helol 5

0.9765-0.9873 WMo Sojzkom, HyPERCONV.CF2] AT = 0.9843-0.9873 HY o] So]7}4 Hy-
PERCONVET} 2k7F =9it}. ok RdoA H 1o A= 5 0.9873°] A2 HyPERCONV.CF 7}
A AASE ) A5 o A2 S A9 T A0S ASAAG. Sl HreeCowv.CE}
og] (K, M) 27l sl d&=A o] AFE=E 43t 3,000H7 o F71A 9] s FA-L Figure
4.19] TOiZ% At} o] %3 HyPERCONV.CF2] 7<4§1‘: =7} HyPERCONVETE A HAE = AS &
ATk T ALY A ~dHEY HRE 24US0 PR Y& Ao /7o LA A
=HA 3= 2oz Helth

9 Aol 7Pt £ B AERA F9 5 FHY 75X E Figure 4.20] eI 19
2 vl MY FFdoR oA e, 472 2 x 2 37|19 FHY ZF AAE vErdn 7 99
176 x K7} B2 o20)A Qov), 7 B2 sje) uﬂc, 7 e sy FE Ao gt
Bt A FH = A 7FeA Abolol] =2 23384 A4 dA7E e ov)gitt. =3, @A 7t
2 EFHE 45 38 990 25l Zast JHE ¢ %-‘?5}71] 21 Q)S-& ou]gitt. wetA Al bd
Byo] uje B35 2823 oA ES & el 54 Aes & T Ak

[e]

<8 AE ALY & Kol A o&H

N

&
2 o d
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Table 4.2. Accuracies of HYPERCONV and HYPERCONV.CF models with various K and M values

K M Test accuracy Training time (min)
100 100 0.9843 254.23
100 80 0.9833 254.11
100 60 0.9824 254.15
100 40 0.9873 255.56
80 80 0.9765 203.31
HypERCONV
80 60 0.9843 202.35
80 40 0.9843 202.95
60 60 0.9843 157.83
60 40 0.9853 157.48
40 40 0.9863 111.89
100 100 0.9853 264.65
100 80 0.9863 268.56
100 60 0.9843 265.93
100 40 0.9853 270.51
HyPERCONY.CF 80 80 0.9873 219.54
80 60 0.9863 215.58
80 40 0.9873 213.57
60 60 0.9873 162.24
60 40 0.9843 161.89
40 40 0.9863 113.66

2 M = 40,60,80,100 25 260X}

. TR A Kol dia] A Agxer sl

K7}—r°17<% °‘° Hﬂ Oﬁfﬂ el Mol tigk &3 A7k Xpol+ 3% otk HyPERCONV.CFO] &7

A7+ HypPERCONVHE} HFAo g 47% o 22 Agrh Table 4.2¢] JERY T3 A7+ AR

d HAe 49 Al Ve, SlExfE oA, stetvlg A4 9, 253 HAR 9 BRE
iy

m r{ov

N
Iy
a
]

weDto| bl

odg

.

= [
o &

E] WAl (support vector machine)2 2833 A4S 53 EX] & EF EA A o] FHoi
RolE Zloz d&A ) (Melgani®} Lorenzo, 2004; Gualtieri®} Chettri, 2000). kA A
0 S (2014)2 Ao o] BA] A% gl e P2 A e EANHE
USI3IE. BT ARE A7) Al o) WU POAE B A= A0
3x3 275 AF LEITANY YO E AESIUTHPCA-SAE). HEo,
A 2HEY HRE ABZH ARFE 53] 249 3 x 3 AT} ojoj&
£ X3 t S ARS8 THPCA-CENTERFEED-SAE). _4.7‘ LEJIIHE &)
£ FZE o]&3to] M| A (fine-tuning) 3= WAl o2 0.98762] A&
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g —— 100_40
ﬁ o - —— B0 B0
g S
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1 1 1 I
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(a) HYPERCONV
100 - K_M
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b
—— B0_40
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B0~ S 40 40
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Figure 4.1. Learning curve of the models for (a) HYPERCONV (b) HYPERCONV.CF up to 3000 epochs.
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(a) HyPERCONV model with K = 100, M = (b) HYPERCONV.CF model with
40 K =80, M =80

Figure 4.2. Visualized filter weights of the first convolutional layer of (a) HyPERCONV model with K = 100,
M = 40, and (b) HYPERCONV.CF model with K = 80, M = 80. The intensity of each pixel represents the absolute
value of the weight.

Table 4.3. Accuracies of various land cover classification methods. The methods that used full spectral data
of the central pixel along with spatial information were the best. Our CNN-based method could attain accuracy
similar to PCA-based approach of Chen et al. (2014), but the proposed structure requires less training time.

Methods Accuracy
linear SVM (Chen et al., 2014) 0.9552
logistic regression 0.9137
SAE (Chen et al., 2014) 0.9673
PCA-SAE (Chen et al., 2014) 0.9776
PCA-centerfeed-SAE (Chen et al., 2014) 0.9876
HyPERCONV 0.9873
HyperConv.CF 0.9873

£} (Chen 5 2014, Figure 10). o] Z2golA &5 22 AFEIE 50,000 o] % 5 FAsHe o) 22
X £ A7} “PCA-centerfeed-SAE"E o
39 AF LEJAITE AgPonz
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