538 4555 1 1 BRI 2E 4 ( A SRB4AR) Vol. 38 No. 1
2015 4F 3 H JOURNAL OF NANJING NORMAL UNIVERSITY ( Natural Science Edition) Mar, 2015

He 15 AR R e ik PG 53 5805 1k
§ #.45 0W,REY

(R EUMERAETHFEAURL A SHOR 2B, 11958 R AL 210023)

(FEE] Ik, mGS RG22 80 T T Z 5, R 2 L8525 2 D7 R e DL s R L5287,
W SVM M2 M4 DRFATAE. S T $2 8 40 20 B 3 1 VR 1 6T M5 B 5 25 [alE B4 G sk b 740 25 A
P2 T U] A 43K 43 B4R B 19 23 [B1E BORAS B TE RS 6 10 40 28 25 5. 1 58RI A 4 /K e 45 3 MG IX kA5 L, 2K
JEARPE— A DX PR B A YRR AR T R IUAS [R) 18 SR W A5 2132 DX 38 b Bir A s 9 28001 A= SCHE W P45 43
SVM FER A8 57 2 78 XHZ O 5 A8 RO HEA T 360IE , SC 50 45 R R B2 A F Hoph— 2B [R) 28y k.

[RER] K, molk, B2

[FESZES]TP751 [ XEFREG A [ XEHS ]1001-4616(2015)01-0091-07

Hyperspectral Image Classification Method Based on Watershed

Shu Su,Yang Ming,Zhao Zhenkai

(School of Computer Science and Technology , Nanjing Normal University , Nanjing 210023, China)

Abstract : Hyperspectral image classification has attracted a great deal of attention. Many machine learning methods have
been applied in hyperspectral image classification, such as SVM, neural network and decision tree, etc. In order to in-
crease classification performances, people usually integrate of spatial information into the classification process. In this
paper ,we will present how to use spatial information obtained by watershed segmentation to obtain a more accurate classi-
fication results. We obtained the regional imformation by watershed segment and then adopted different strategies to get
the category of the points in an area according to the area whether it contains the training sample. SVM and the joint
sparse representation are used on two images to verify the effectiveness of the proposed method. Experimental results
show that our algorithm outperforming some other similar methods.
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Fig.1 Topographic representation of a one-band image Fig.2 Example of watershed transformation in dimension
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Fig.3 The process of classification
(a) the true classification include 3 classes; (b) the labeled instances which are randonly selected; (¢ ) the segmentation

results include 10 regions; (d) the result of step 2; () the result of step 3; (f) the result of step 4
222 HKMSEBREMGEATIES
B R 2R O Y B R FE /N s TE) AR 1 6, 3% P - b AR ) T ok 3R, U
FRBORE R S 2 — N B TR b 43 2 1 [ 2.
XF—MEERR T A e R™Y B B AR Y AL LS M A s SRIK, IX AR IHT BxM AR
X =[x,,x,,,x, | Fmnm, HHFHMATRRNT .
X=[x,,x,,-,x, ] =[AB, ,AB,, - ,AB\ ] =A[B, .B,,"- .By ] =AS, (2)
WAL B,y o PR HEIGTEE B F BRI
TS B HR 25 7 5 2 7 R A
S’ =argmin [| AS=X'[| j4z = || S .0, (3)
Horp 2 RIENESH, TP R 22 AR AR B B TERBOR AR Y, o 7 TRk (3) Tk A -
S’ =argmin | AS-X || ;+z* || S|, ;. (4)
SCL16] Y X 2 LASE s o o B 75 % N B BIT A s, 1 s B QB SOR /NS — B BRI X AR AR AS YN S0
FHHhE. TR P AR S S MR/ — B8R, RIS — RN 5 6, G124 2 B R 1 AR 35
B FTEL, R TS B R, AR SO 23 K 0 B8 — A DX A D — S HH LAY B, X2 K v — A
DX B A A I AR SO MR B LA SR A (4) S, 152008 '), TR 20 I i 5k 22
— 93 —



P US40 (A SRR R 55 38 BT 1 (2015 4F)

rm(X): || X_AmS,m ||F mzlaza'”’M’ (5>
Horpr 8" R m 7o B A" AHXS LAY ZR B K DI 8 T AT bR e o Bk 2 e/ N 2R
class(X)= argminrm(X). (6)

437K I ( SumBands . Sum4PCA \RCMG ) +JSR BVER AL AT .

ST H R KIS R AHR Y535 X 1 BT XSS 48 18, 15 B e 2L 1 o B 25 53

]2 HWEA KBRS CARCHE AR BARIC R ZERIME— 2T IR 3, w3 TP 5E 4.

T3 R EITA AR IC CARICHEA B2,

FB4 SR EHEAT AR (4) KA B, R A (5) KT s 0T 520 5%
2RI (6) BRIk BT A i 2.

AIFES 16 | WANFTE TR T A B B SGHF AT i Ko, 0 B SC[ 16 ] Hr & XA~ AR
— MR EMBL RN, IR G — IR AX— A S 7028 A SCh @it B8 3 Z 5, HF N AR —&B 4 f 75

FOYR, HARUON—A I AT 555K — AR S 0 B 28 40, X A S E A T — e 26 AR S 16 ] RR M
DB AT ]

3 SEERai RS

R T BRI 5 I A R TR A BIAE P AN R A AT TSR, AEAE FH SVM RS2 T 43 )
5311 s AT b )5 4 A A A% i SVM A Fe A (8 X SVM-CK) MY Hirh SVM (9281
v, FC HEREH w # i 32 XBAES ] (C=1 024, y=2""). BKEMBFR R THZS%02=0.03,5
16 H FHE B J51: (SP, OMP ,SSP, SOMP ) 1 4%

3.1 AVIRIS Data Set:Indian Pines FRISLIG AR 54547
3.1.1 #3E 4 . AVIRIS Data Set:Indian Pines

G R AVIRIS 38 S8 2 FAFE G B AR 22 40 P VG 3038 A% B BE A AR Tt , P 145 %145 M5 2R A5
B, 25 R HER R 20 m BHEER 07 220 MR BE, B BR 20 AWK I BEE  ASCE FRI T 19 200 A>3 Btk
frocss. —I 16 12 IR MBS BEHLIIE 109% BIREANE RIS, HoflfE A maeeAs. % 1 sl
TR ) 43 FR B R 2R B RE AR B

%1 Indian Pines ARSI K £ H

Table 1 Class information of Indian Pines

class sample class sample class sample
1—Alfalfa 46 7T—CGrass-pasture-mowed 28 13—Wheat 205
2—Corn-notill 1428 8—Hay-windrowed 478 14—Woods 1265
3—Corn-mintill 830 9—-O0ats 20 15—BIldg-Grass-Tree-Drives 386
4—Corn 237 10—Soybean-notill 972 16—Stone-Steel-Towers 93
5—Grass-pasture 483 11—Soybean-mintill 2 455
6—Grass-trees 730 12—Soybean-clean 593
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Fig. 4 Indian Pines

(a) Ground truth; (b) Classification map for the SVM classification; ( ¢ ) Classification map for SumBands +SVM +
Majority ; ( d) Classification map for pre-classification+SVM+Majority
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Table 2 Classification accuracy in percentage of SVM based on watershed and others classifications for Indian Pines %
SVM+Majority Pre_classification+SVM+Majority (ours )
class SVM SVM-CK
SumBands Sum4PCA RCMG SumBands Sum4PCA RCMG
1 58.54 95.83 97.56 97.56 97.56 97.56 97.56 97.56
2 74.47 96.67 88.40 86.85 84.59 92.76 92.37 91.44
3 54.35 90.93 61.18 58.37 60.64 88.09 91.70 89.69
4 40.85 85.71 68.08 68.54 73.24 93.43 95.77 92.96
5 91.62 93.74 96.78 96.55 96.78 97.93 97.70 96.78
6 96.50 97.32 100 100 100 99.85 100 99.39
7 64.00 69.57 100 100 100 100 100 100
8 96.98 98.41 100 98.14 100 100 98.14 100
9 16.67 55.56 0 0 16.67 77.78 77.78 44.44
10 65.60 93.80 76.69 75.43 76.34 92.57 90.29 91.77
11 85.20 94.37 94.21 93.80 95.20 98.87 98.42 99.05
12 53.93 93.66 79.03 83.71 77.90 93.26 95.69 94.38
13 92.39 99.47 99.46 98.37 97.83 99.46 98.37 97.83
14 96.66 99.14 97.98 98.42 97.72 99.65 99.91 99.65
15 55.04 87.43 77.81 70.03 70.89 93.08 94.24 96.54
16 92.68 100 100 100 100 100 100 100
0A 78.33 94.86 88.23 87.50 87.63 96.03 96.11 95.94
AA 70.09 90.73 83.57 82.68 84.09 95.27 95.50 93.22
Kappa 75.07 94.10 86.46 85.60 85.76 95.46 95.55 95.36
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Table 3 Classificaion accuracy in percentage of sparse based on watershed and other classifications for Indian Pines %
class SVM-CK SP OMP SSpP SOMP SumBands+JSR Sum4PCA+JSR RCMG+JSR
1 95.83 68.75 68.75 89.58 85.42 97.56 97.56 97.56
2 96.67 74.65 65.97 95.04 94.88 91.67 92.37 91.67
3 90.93 63.20 60.67 92.93 94.93 92.24 91.43 92.50
4 85.71 40.00 38.57 85.24 91.43 96.24 95.77 96.71
5 93.74 89.04 89.49 92.17 89.49 97.70 97.70 94.94
6 97.32 95.98 95.24 98.81 98.51 99.54 100 99.70

7 69.57 21.74 21.74 73.91 91.30 100 100 100
8 98.41 99.09 97.05 99.55 99.55 100 100 100
9 55.56 61.11 33.33 0 0 77.78 77.78 33.33
10 93.80 70.72 68.20 88.98 89.44 95.66 94.86 92.23
11 94.37 77.94 75.96 97.34 97.34 99.37 98.87 98.96
12 93.66 61.23 54.53 86.59 88.22 85.96 98.31 85.39
13 99.47 100 100 99.47 100 99.46 98.37 98.91
14 99.14 95.62 92.87 98.88 99.14 99.65 99.65 99.65
15 87.43 48.25 41.23 97.37 99.12 88.76 90.20 94.81
16 100 92.94 94.12 85.88 96.47 100 100 100
0A 94.86 78.10 74.78 94.79 95.28 96.07 96.68 95.66
AA 90.73 72.52 68.61 86.36 88.45 95.10 95.81 92.27
Kappa 94.10 74.90 71.20 94.00 94.60 95.52 96.21 95.05
F4 PUMEINRERE
Table 4 Class informations and number of
train and test samples in PU
class train test
1—Asphalt 548 6 083
2—Meadows 540 18 109
3—CGravel 392 1707
4—Trees 524 2 540
5—Painted metal sheets 265 1 089
6—Bare Soil 532 4 677
7—Bitumen 375 955
8—Self-Blocking Bricks 514 3 166 B 5 PURIHERES
9—Shadows 231 716 Fig. 5 Groundtruth of PU
#*5 SVM 59KIEEEMA ERITEEFTETE PUKILIKEIRE LS XBE
Table 5 Classification accuracy in percentage of SVM based on watershed and other classifications for PU %
SVM+Majority Pre_classification+SVM+Majority ( ours )
class SVM SVM-CK
SumBands Sum4PCA RCMG SumBands Sum4PCA RCMG
1 85.80 79.85 95.79 95.15 95.96 97.35 97.40 97.17
2 88.40 84.86 94.51 94.34 94.65 96.06 96.44 96.18
3 75.16 81.87 86.64 87.23 83.95 98.18 98.30 97.36
4 97.24 96.36 98.62 98.50 98.43 99.13 99.17 98.74
5 100 99.37 100 100 100 100 99.81 99.91
6 87.21 93.55 98.29 98.42 98.38 99.40 99.67 99.60
7 91.10 90.21 99.90 100 98.64 99.90 100 98.64
8 86.74 92.81 98.90 99.18 98.71 99.40 99.21 99.37
9 99.44 95.35 98.74 98.60 98.74 98.74 98.60 98.74
0A 88.31 87.18 95.79 95.67 95.71 97.47 97.67 97.42
AA 90.12 90.47 96.82 96.83 96.38 98.69 98.74 98.41
Kappa 84.33 83.30 94.30 94.14 94.20 96.57 96.84 96.50
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Table 6 Classification accuracy in percentage of sparse based on watershed and other classification for PU %
class SVM-CK Sp oMP SSp SOMP SumBands+JSR Sum4PCA+]JSR RCMG+JSR
1 79.85 69.70 68.07 69.59 59.33 97.99 98.39 97.83
2 84.86 67.69 67.07 72.31 78.15 97.54 97.44 97.19
3 81.87 67.11 65.45 74.10 83.53 98.48 98.71 97.60
4 96.36 97.46 97.32 95.33 96.91 99.57 99.65 99.53
5 99.37 99.82 99.73 99.73 99.46 100 99.81 99.91
6 93.55 75.79 73.29 86.72 77.41 99.49 99.38 99.67
7 90.21 88.79 87.26 90.32 98.57 99.69 99.79 98.43
8 92.81 84.96 81.90 90.46 89.09 98.55 97.95 98.55
9 95.35 93.58 94.72 90.94 91.95 98.88 98.74 98.88

0A 87.18 74.45 73.27 78.39 79.00 98.24 98.20 98.00
AA 90.47 82.77 81.65 85.50 86.04 98.91 98.87 98.62
Kappa 83.30 67.50 66.10 72.40 0.728 97.60 97.55 97.28
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