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False label detection in hyperspectral image based on
low rank sparse and improved SAM

LIU Xuan', QU Shenming'”
(1. School of Software, Henan University, Kaifeng 475001, China; 2. Institute of Intelligence Networks System, Henan Universi-
ty, Kaifeng 475001, China)

Abstract: In order to solve the problem that reduction of the subsequent classification accuracy in the hyperspectral image
classification algorithm based on supervised learning due to the presence of noise labels in the training samples, a false label
detection algorithm based on low rank sparse representation and improved spectral angle mapping (SAM) was adopted. Firstly,
the signal subspace of hyperspectral image was predicted, and the original hyperspectral image was reconstructed and denoised
according to the predicted subspace. Next, the normalized spectral angle mapping algorithm was used to obtain the distance
information between each class of samples, and the spectral similarity between each class of samples was obtained. Then, the
density peak clustering algorithm was used to get the local density of each training sample. Support vector machine was used to
verify the results on two real datasets. The experimental results show that the overall accuracy is improved by 1.91% compared
with the advanced hierarchical structure of hyperspectral image false label detection algorithm. This result is helpful for
hyperspectral image classification.
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Fig. 1 Flow chart of LRS-NSAMDP algorithm
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Fig.2 KSC dataset

a—false color image b—ground object truth map c—mname of each species

water

€ | asphalt [l bitumen

‘meadows shadows

gravel

B trees
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B bare soil
B self-blocking bricks

Fig.3 PaviaU dataset

a—false color image b—ground object truth map c—mname of each species
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Table 1 Umber of false labels in each class detected by different detection algorithms under different uncertain samples

number of true labels and uncertain labels in each training sample

25T+3U 25T+5U 25T+7U 25T+9U 25+11U0
number of false labels detected in each class
[14]
different false bp 1.3 0.6 2 2 !
label detection K-sppl's] 1 1 1 1 1
algorithms LRS-NSAMDP 0 0.6 0.3 1.3 0.6
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5% ( Euclidean distance ,ED) (23] JEIEE BHUE (spec-
tral information divergence,SID)"**' 5 & % ( correla-
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Table 2 Classification performance of KSC dataset under the false labeles

detected by different distance measurement algorithms

classification by g 03 gAMI®) LRS-NSAMDP
accuracy
0A/% 88.70  87.63  89.17  89.46 89.74
AA/% 83.95  83.05  85.21  84.65 85.38
kappa  0.8739  0.8620 0.8790  0.8824  0.8854

3.4 AERREERNE XL LR

FEA SN S I R AR A I SRR AT X b, B
KA % SVM 2 1 DP %K 5k K-SDP A
B KECA 2" il HCEM k1" | A0 80y 1 5
SRS 3.2 W R A RIS N T IR S
IRAER A 2 T AT X e, BT S 80K I SCEk 44
ERIAS AL, 7E KSC B4R I iR B —25 25
ANEFRFEATN 5 AN A E FEAS 25 AN IE B AE A I 15
MARWEREA . 7E PaviaU BUE4E I, SCi R & —2%
50 AN IEFAAEA TN 10 AN E FEAS 50 AN IERFEAS N

20 MATEREA . BRTRIE, & 6 FEl 7 oyl s
THE KSC Bl 4E I 25 M IEBAEA N 5 AN FEA
1 PaviaU £dE 45 I 50 AN IESAFEASN 10 S ASHG E FE
AT BRI R PR AGI AL BEAL— R M) R, 3%
3 MR 4 RN TR Rl BR 2 R S 7E KSC Rl

a.*“*,( X

Feature classification map (25T+5U) obtained by different algo-
rithms in KSC dataset

a—SVM,0A:85.20% b—DP,0A.87.04% ¢—K-SDP,OA.:
86.41% d—KECA,OA:86. 72% e—HCEM, OA:87. 90%
{—LRS-NSAMDP,0A :88.51%

Feature classification map (50T+10U) obtained by different algo-

rithms in PaviaU dataset

a—SVM,0A:75.63% b—DP,0A:79.01% c¢—K-SDP, OA.
80.44% d—KECA, OA.81.43% e—HCEM, OA.82. 72%
f—LRS-NSAMDP, OA .83. 28%

Table 3 Classification accuracy under different false label algorithms on KSC dataset

number of true samples anduncertain samples

class 25T+5U 25T+15U
SVM DP K-SDP KECA HCEM LRS-NSAMDP SVM DP K-SDP KECA HCEM LRS-NSAMDP

scrub 93.53 95.30 95.04 93.29 92.87 96. 44 96.11 95.73 95.30 93.38 87.79 96. 83
will-S 79.86 83.77 81.30 85.60  89.90 88.49 77.02  74.53  76.62 79.93  86.39 88.27
cabb-H 91.84 84.55 83.43 82.76 83.67 78.18 86.19 84.34 85.04 81.06 84.16 70. 89
cabb-0 58.72 64.64 64.31 62.60 61.99 65. 89 56.02 57.00 56.64 60.02 54.48 57.89
slash-P 51.88 61.92 62.86 62.45 63.28 58.04 57.14 57.82 57.34 56.72 75.00 51.57
broad 51.72  57.08 59.27 55.13 54.59 75.09 36.10 48.74 53.65 57.81 51.60 67.20
hardwood 56.83 70.00 64.99 66.96  65.14 84.38 53.19 65.48 66.03 60.36 64.65 76.47
graminoid 82.58 78.09 77.49 80.34 78.24 89.57 52.58 69.17 73.83 80.82 89.49 77.63
spartina 89.27 84.96 86.89 89.07 92.67 92.52 88.55 82.63 87.10 86.75 87.52 88. 94
cattail 80.85 92.55 88.93 94.48 100.00 90. 96 83.21 87.27 88.86 94.13 91.72 89.93
salt 86.72 87.33 91.52 92.60 94.29 94. 89 97.78 90.71 90.95 90.83  90.59 95.49
muld 83.62 90.24 94.40 93.48 84.92 91.45 82.76 87.10 85.11 92.81 84.88 93. 05
water 99.18 96.62 99.50 99.60 100.00 98.79 100.00 98.65 99.0 98.07 96.33 98. 87
O0A/ % 83.57 85.47 86.19 86.67 87.52 89.43 79.90 82.60 84.97 85.19 85.23 86. 49
AA/ % 77.43 80.54 80.76 81.42 81.66 84.98 74.36  76.86  79.35 79.44  80.35 81.00
kappa 0.8171 0.8381 0.8460 0.8514 0.8607 0. 8821 0.7766 0.8062 0.8325 0.8349 0.8345 0. 8493
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Table 4 Classification accuracy of PaviaU dataset with different false label algorithms
number of true samples anduncertain samples
class 50T+10U 50T+20U
SVM DpP K-SbP  KECA  HCEM LRS-NSAMDP SVM DP K-SDP  KECA  HCEM LRS-NSAMDP
asphalt 89.43 95.72 97.09 93.83 80.57 96. 25 88.69 89.63 92.52 95.94 95.82 96. 51
meadows 93.05 93.80 94.03 94.66 95.72 97.43 92.46  92.64 93.69 92.78 93.71 92.91
gravel 57.31 58.11 60.86 60.75 57.14 61. 38 56.47 56.90 57.10 65.44 58.16 67.37
trees 71.22  75.79  80.51 73.04  88.67 86. 84 67.07 70.52 72.58 81.67 78.59 89. 60
M-sheets 85.51 94.23 95.41 86.01 99.10 98. 35 84.50 88.67 89.40 81.22 86.05 81.48
B-soil 57.34 56.00 59.96 66.78 44.17 47.28 48.12  49.53 56.25 50.86  60.03 60. 64
bitumen 48.44  43.99 52.73 51.71 56. 16 58.94 46.09 40.77 48.89 67.86 70.43 68.52
self-Bricks 77.10 74.95 80.00 75.89 81.17 83.28 71.47 73.33  76.47 59.66  56.37 66. 26
shadows 83.26 74.66 95.89 88.34 83.01 93. 82 87.30 77.30 92.22 70.53 69.26 70.19
O0A/% 76.73  78.91 79.55 81.11 82.25 83.49 72.46  75.27 76.32 76.53 78.12 81.42
AA/ % 73.84 73.93 79.50 76.77 76.19 80. 40 71.96  73.70 75.93 74.00 74.27 77.05
kappa 0.7135 0.7187 0.7542 0.7577 0.7601 0.7783 0.6649 0.6772 0.6973 0.6982 0.7158 0.7551
PaviaU B4l 4E FFENLIZ AT 10 K5 SRS I1E 1) 40 254 100,
B HeH _— - SVM
HRAEE 6 AT A SCH 9 LRS-NSAMDP 53% z g DP
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Fig. 8 OA obtained by using different false label detection algorithms in dif-

ferent training sets
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Table 5 Detection performance of false labels for the proposed method on two datasets

dataset KSC PaviaU
total uncertain samples 6x13 9% 13 12x13 10x9 15x9 20x9
DP 7.4 6.8 5.7 21.7 21.1 20.7
undetected false
K-SDP 6.1 5.4 4.8 20.4 18.2 17.8
samples
LRS-NSAMDP 5.6 4.4 3.8 17.6 15.8 14. 1

ffE, EOCHIRA I ATk A A I % T AN 1 S A
AFHLL T DP A K-SDP A0 I 2K I A8 AN o
ABA D AEWIAF R AG I PERE DU, 59R 2t AR
M 22 10 S PR A R R A B i Y, (12) 2R
JHTR] F A 20 P B (EL DR PR KL, T2 R BT B2 S EOICIE
YA R AN | 25 B s SRR 30 ) R A A A i ol
RGLRZE, WO ARB RS SAM SR i Ok
TEARBLEE R HDETE (5 B, AE R A rh I 8 A
PR AR R 2 E A5 R X Bl ARG RE , Al LR
IR 3 IO R 14 A L R SR PR R BB S A A 2 (] Y 2
A]_E R SR B AR RS R 22, 53— 7, WA
for DR E NI 2 B B NLIR 22 , T DL i e ek
SEEIE AU B A T foe /N Ao R A a LR s 2
WEPLER 22, (HIEBENLIRZZ IR A n] LURESR Y

4 & &

FERIE G R I T B DR AR 2 G B 2 4G 31
TRERAE I 22 1 R 2270 JAS B R R 1AL, 32 1
Tl TR B R AN A i 141 B9 o i
PUMRERARSE 7 RAE . SRR = G R ARk Al
r 2R T IR — ARG A ] PR A SOL g A A
JBE o BT BSREA T LB R AR A A I Rk 5Bk
TR G R B IR A R R AR T B Ap; 1Y
RN TR RAR R H A2/, SRR RR ], S E
JeRE BBRAR AT I AL L, AR SE R & T 0 2B

& % x
[1] ZHANG L, WEI W, ZHANG Y N, et al. Cluster sparsity field: An

internal hyperspectral imagery prior for reconstruction[ J]. Interna-
tional Journal of Computer Vision, 2018, 126(8) ; 797-821.

[2] LIShT, HAO Q N, GAO G H, et al. The effect of ground truth on
performance evaluation of hyperspectral image classification [ J .
IEEE Transactions on Geoence & Remote Sensing, 2018, 56 (12) .
7195-7206.

[3] PARK B, LU R F. Hyperspectral imaging technology in food and ag-
riculture[ M]. New York,USA: Springer, 2015 305-331.

[4] RUITENBEEK F, DEBBA P, MEER F D, et al. Mapping white mi-
cas and their absorption wavelengths using hyperspectral band ratios
[J]. Remote Sensing of Environment, 2006, 102(3/4) ;211-222.

[5] HUYF, ZHANG Q L, ZHANG Y Z, et al. A deep convolution neu-

ral network method for land cover mapping: A case study of Qin-

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

huangdao, China[ J]. Remote Sensing, 2018, 10(12) :2053.
GUAN Sh H, YANG G, LI H, et al. Hyperspectral image classifica-
tion based on 3-D convolutional recurrent neural network [ J]. Laser
Technology, 2020, 44(4) . 485-491(in Chinese).
ZHANG X G, GAOZ Y, JIAO L C, et al. Multifeature hyperspectral
image classification with local and nonlocal spatial information via
markov random field in semantic space[J]. IEEE Transactions on
Geoence & Remote Sensing, 2018, 56(3) ; 1409-1424.
FANGLY, HENJ, LISh T, et al. A new spatial-spectral feature
extraction method for hyperspectral images using local covariance ma-
trix representation [ J ]. IEEE Transactions on Geoence & Remote
Sensing, 2018, 56(6) : 3534-3546.
LU Zh W, FU Zh Y, XIANG T, et al. Learning from weak and noisy
labels for semantic segmentation[ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2016, 39(3) ; 486-500.

FOODY G M. The effect of mis-labeled training data on the accuracy
of supervised image classification by SVM[ C]// 2015 IEEE Interna-
tional Geoscience and Remote Sensing Symposium (IGARSS). New
York, USA: IEEE, 2015 4987-4990.

KANG X D, DUAN P H, XIANG X L, et al. Detection and correc-
tion of mislabeled training samples for hyperspectral image classifica-
tion[ J]. IEEE Transactions on Geoence & Remote Sensing, 2018,
56(10) : 5673-5686.

TU B, ZHOU Ch L, KUANG W L, et al. Hyperspectral imagery
noisy label detection by spectral angle local outlier factor[ J]. IEEE
Geoscience and Remote Sensing Letters, 2018, 15(9) ; 1417-1421.
ALEX R, LAIO A. Clustering by fast search and find of density
peaks[ J]. Science, 2014, 344(6191) ;1492-1496.

TU B, ZHANG X F, KANG X D, et al. Density peak-based noisy
label detection for hyperspectral image classification [ J]. IEEE
Transactions on Geoence & Remote Sensing, 2019, 57(3) . 1573-
1584.

TU B, ZHANG X F, KANG X D, et al. Spatial density peak cluste-
ring for hyperspectral image classification with noisy labels [ J].
IEEE Transactions on Geoscience and Remote Sensing, 2019, 57
(7): 5085-5097.

TU B, ZHANG Ch L, PENG ], et al. Kernel entropy component a-
nalysis-based robust hyperspectral image supervised classification
[J]. Remote Sensing, 2019, 11(23) . 2823.

Z0U Zh X, SHI Zh W. Quadratic constrained energy minimization
for hyperspectral target detection[ C]//2015 IEEE International Ge-
oscience and Remote Sensing Symposium (IGARSS). New York,
USA: IEEE, 2015 4979-4982.

ZHANG Y F, XIE B B, SUN J, et al. A hybrid sparsity and con-
strained energy minimization detector for hyperspectral images[ C]//
2017 IEEE International Geoscience and Remote Sensing Symposium
(IGARSS). New York, USA: IEEE, 2017 1137-1140.

TU B, ZHOU Ch L, LIAO X L, et al. Hierarchical structure-based

noisy labels detection for hyperspectral image classification [ J].



816

Wt HOKR

2022 4F 11 H

[20]

[23]

IEEE Journal of Selected Topics in Applied Earth Observations and
Remote Sensing, 2020, 13 2183-2199.

KIM S J, KOH K, LUSTIG M, et al. An interior-point method for
large-scale & 1-regularized least squares[ J]. IEEE Journal of Se-
lected Topics in Signal Processing, 2007, 1(4) ; 606-617.
BIOUCAS-DIAS J M, NASCIMENTO J M. Hyperspectral subspace
identification[ J ].
Sensing, 2008, 46(8) : 2435-2445.

KRUSE F A, LEFKOFF A B, BOARDMAN J W, et al. The spec-
tral image processing system ( SIPS) ; Software for integrated analysis
of AVIRIS data[ J]. Remote Sensing of Environment, 1993, 44(2/
3) . 145-163.

CUI M S, PRASAD S. Class-dependent sparse representation classi-

IEEE Transactions on Geoscience and Remote

[24]

[25]

[26]

fier for robust hyperspectral image classification[ J]. IEEE Transac-
tions on Geoscience & Remote Sensing, 2015, 53(5) : 2683-2695.
SU H J, SHENG Y H. Orthogonal projection divergence-based hy-
perspectral band selection[ J]. Spectroscopy and Spectral Analysis,
2011, 31(5): 1309-1313(in Chinese).

TU B, YANG X C, LIN Y, et al. Hyperspectral image classifica-
tion via superpixel correlation coefficient representation[ J]. IEEE
Journal of Selected Topics in Applied Earth Observations and Remote
Sensing, 2018, 11(11): 4113-4127.

MELGANI F, BRUZZONE L. Classification of hyperspectral remote
sensing images with support vector machines[ J]. IEEE Transactions
on Geoscience and Remote Sensing, 2004, 42(8) . 1778-1790.



