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Abstract: Herein, a feature extraction method based on fractional differentiation is proposed for the fea-
ture extraction and classification of hyperspectral images. Two-dimensional (2D) fractional differential
masks are designed to extract the pixel spatial fractional differential (SpaFD) feature of hyperspectral imag-
es, and a spectral - spatial joint criterion is proposed to select the differential mask order. To entirely uti-
lize the spatial and spectral features of hyperspectral images, the SpaFD feature is fused with the original
feature via a direct connection to obtain a mixed feature (SpaFD-Spe-Spa). The effectiveness of the

SpaFD-Spe-Spa feature is verified on a 3D convolutional neural network (3DCNN), 3DCNN after pixel
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spectrum dimensionality reduction using principal component analysis (3DCNNPCA ), and hybrid spectral
network (HybridSN). In the experiment, masks with sizes of 3X 3, 5X5, and 7X7 are used to perform
feature extraction. Experiments on four real hyperspectral image datasets reveal that the extracted SpaFD
and SpaFD-Spe-Spa features are effective in hyperspectral image classification, and the SpaFD-Spe-Spa
feature significantly improves classification accuracy. When compared with the original features in the Indi-
an Pines, Botswana, Pavia University, and Salinas datasets, the classification accuracy of the SpaFD fea-
ture is improved by 3.87%, 1.42%, 2.41%, and 2. 87% , respectively, whereas that of the SpaFD-Spe-
Spa feature is improved by 3.90%, 5.62%, 3.35%, and 5.18%, respectively, under optimal condi-
tions.

Key words: hyperspectral images classification; fractional differentiation; feature extraction; convolution-

al neural network
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SR R R R = R NG T
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Yoy A B RBOR .

4 SFILERL5 5

J 56 UE 1% 2 B9 SpaFD 4§ 1F 5 SpaFD-Spe-
Spa FAETE #4328 b A B0 IR BLAS TR R

RERCSOIRET e OB A I ol i [P |
3X 3, 5X 5T XT B 53 H W T o3 AR 4 URRAIE
H 5 IO R AE 5 4R R AE L R — E AN (LBP)
FAE LA ROK LBP B¢ A 5 546 R AR 15 8 Al 1
LBP-Spe-Spa f# ik 73 5| 7 3SDCNN, 3DCNN,, LA
L Hybrid SN 3 F o 25 A B | 33547 X%k L, I % 92 56
iR HATHT
4.1 MELEHESH
ARSCHIA 3 Fh I 25 B FH T RRAE 1) T B 2 B
K ) 5324, 0 R AN [ X 25 B0 8D | SRR AIE ) A L
PE o 3P 45 A A 3 5 2 SDCNN, SDCNNye, P
K HybridSN. 2 15325 5151 H T 3 Ff W) 45 4
R A5 BB RS 4 2 i i AR AR R BOH o
H, N RN, 23 90 22 7 B AR AE 1 4 85 LA X 3o
PCA B4k J5 FeAFE i 4E 50, C R M 25 50 8%, 1,
Conv M FC Al R A2 B RZ 5 %%
JZ, 0 Convd Fon iz )2 6 FUZ BAL T84 4
SR I 2

F1 —HMNERERENENZERTEE

Tab.1 Convolutional kernel size settings for three networks

o) 445 A5 1 11 Conv2 Conv3 Conv4 Convb FC6 FC7 FC8

3DCNN 5X5XN 7XTX3  3X3X3 — — NG — —
3DCNN,,  11X11XN, 5X5X7  3X3X5  3X3X3  3X3X3 J J N
HybridSN 25X 25X N, 3X3X7  3X3X5  3X3X3 3% 3 N N N

F2 =SHMEEENEHSERRE
Tab.2 Number of output feature maps for three network models

%) & 452 7 11 Conv2 Conv3 Conv4 Conv5 FC6 FC7 FC8

3DCNN 1 2 4 — — C — —
3DCNN,4 1 8 16 32 64 256 128 C
HybridSN 1 8 16 32 64 256 128 C

4.2 IRERESH

S SR FH 44 LS Y OGS R B 4 L A
5] /& Indian Pines, Botswana, Pavia University 5
Salinas, H: H , Indian Pines & % KN~} & 145 X
145,416 2 3547 , 200 4> 't 15 3 B s Botswana [4]
B RSF R 1476 X256, 38 142849, 145461 1%
B ; Pavia University B2 R 5F 2 610X 340, 3£ 9
KWy, 103 45t 3% B BL 5 Salinas B Ry
512X 217,36 16 44y, 204 Ok e Br . L5
Hh BE AL BE A R RE AR 3%0,5% , 1096 18 )il 2k

FEAS R AE e A, I e 5 T o 25 1 F
) B KK B (Average Overall Accuracy, AOA)
5 %5 ¥ i 22 (Standard Deviation, SD) FH T 3 4
R B AR Ay S A R A A5 R/ b LK
PRt o

30 R A2 ) S HF ) AL (Support Vec-
tor Machine, SVM) , & /M If # (Minimum Dis-
tance, MD) , # % [1] 15 (Logistic Regression, [LR)
Oy JEARAE 2000 VIGRFEAE BL R, 10 AP 2 B30
TGS R R . 3T 2 43 28 A S 0 G 4E R AT 43
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Tab.3 Results of classical classifiers with 20% training samples (%)
== Indian Pines Botswana
SVM MD LR SVM MD LR
Spe-Spa 75.67+0.89 49.69+1.28 61.45+1.08 73.52+1.14 76.43+1.46 87.31+1.19
SpaFD;ys 74.21+0.46  47.874+1.63 57.70+£0.73  60.804+2.28 67.21+1.49 79.81+1.74
SpaFD-Spe-Spa;y; 75.27+0.46  48.1240.86  58.79+1.17 68.45+1.43 69.67+1.35 84.80+1.41
LLBP-Spe-Spa 70.4040.25 48.72+1.94 61.27+£1.39 68.24+1.02 76.004+0.97 85.65+1.43
] o Pavia University Salinas
Classifier
SVM MD LR SVM MD LR
Spe-Spa 79.75+0.07 59.674+0.45 77.91+0.75 82.68+0.78 75.56+0.45 85.01+1.24
SpaFD.ys 77.92+0.13  58.56+0.47  74.78+0.41  78.98+0.19 73.47+0.18 83.70+£0.85
SpaFD-Spe-Spa.; 79.82+0.15 58.70+£0.42  77.00+£0.55 81.51£0.65 73.13+£0.41 84.06+1.13
LBP-Spe-Spa 75.83+0.19 59.80+0.60 77.0740.65 70.94+0.23 74.504+0.34 83.62+1.23

RS AOA+SD

e, GRS ) I # A% — B, Spe-Spa ft FH A6
e 3B A LBP HRE 1943 245 5 o
LAl LBP J7 ik 25 SRR 25 A Lo B (A
B2z ILE LR X — 50T L E
i, SpaFD $EAE M T LBP. K FH SVM 432K 8%,
SpaFD-Spe-Spa 43 25 4% 5 ¥ ff T LBP-Spe-Spa,
1M 2k 4] MD il LR 43 25 &% i}, SpaFD-Spe-Spa X
FR o316 DL T B 43 2K 45 ] A 40 LBP-Spe-Spa., X
Al g J2& X A SpaFD-Spe-Spa T )6 it 4 (19 #E A 5
AR M ] 4, i MD R LR J&8 T2 k43 25 4% , B
DL EROR AN U 7 R FH A58 1) 5 R 50k % R BT
4k 2 ¥ SVM 43 26 2% 1 i & SpaFD-Spe-Spa.
SpaFD #l SpaFD-Spe-Spa (1 & fif: 1] AL F Ji
GR35, 3% 2 PO 7E 4 B SpaF D 25 BRI B, Ol

T2 AT A3 2 R AIG L HL R B 2 2RV I 4 oy
X AN RE R EE SpaF D HRAE (14 # 5 1 SDCNN 1]
Xf SpaFD Hl SpaFD-Spe-Spa 4 25 [] 45 1iF 7 47 it
— 2 WY VR BE AR AR $R BT 43 26, T3S 45 B0 4iE SpaF D
FiIE A M

2% 4~ £ 6 & Indian Pines % 5 4 4 9 78
3% ,5% F10% YIZRAEA T I 43 K85 R o IR
Spe-Spa, LBP, LBP-Spe-Spa ¥ i , A [d] ] <} Y
53 BB I8 oy 5 B B Y SpaF D ¢ i Al SpaFD-
Spe-Spa F#1E 19 AOA ¥4 A W) £2 B /Y 2 & L 138
B 2R 1 23 B0 43 5 1R 3% 5 ) R AIE RE 3 548 Ml
Yl sl s & . 1 H SpaFD-Spe-Spa F§ fiF H
SpaFD FEAE ) AOA B &, Ui B JR 46 FR AE 5
SpaFD FRAEIR & J5 55 HoA A 50 Pk o 38 i % b Al

%4 Indian Pines IIEEE3I% NEHEARATH S ELER

Tab.4 Classification results of Indian Pines under 3% training samples

-y 3DCNN 3DCNN,, HybridSN
AOA(%)+SD(%) AOA(%)+SD(%) AOA(%)+SD(%)

Spe-Spa 73.9145.02 82.7141.04 86.65+1.10
LBP 60. 584433 71.204+2. 11 75.524+1.02
LBP-Spe-Spa 71.7542. 64 76.3641.05 80.4640. 88
SpaFD,y, 77.7841.56 84.104-0. 62 87.8140.73
SpaFD-Spe-Spa,y 77.8142.29 85.804-0.59 88.94+0. 67
SpaFD,y; 74.624-2.87 83.484-0.85 87.624-0.86
SpaFD-Spe-Spagy 75.444-2. 64 86.11+1.22 88.8940. 83
SpaFD,., 74.4443. 64 82.9740.62 87.3040.71
SpaFD-Spe-Spa;y; 74.834+2.93 85.5940. 80 88.5240.73
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Tab.5 Classification results of Indian Pines under 5% training samples
o 3DCNN 3DCNN,¢y HybridSN
AOA(%%)E=SD(%) AOA(%)E=SD(%) AOA(%)E=SD(%)
Spe-Spa 83.78+1.73 89.61+0.57 92.87+0.98
LBP 72.44+1.89 78.55+1.03 82.71%0.96
LBP-Spe-Spa 79.52+1.46 83.41+0.89 85.33%0.71
SpaF Dy, 84.47+1.13 90.75+0.77 93.444+0.86
SpaFD-Spe-Spa,y; 84.79+1.22 92.04+0.44 94.34+0.55
SpaFD;ys 84.43+1.96 89.92+0.52 93.46+0.72
SpaFD-Spe-Spa;y; 84.69+1.75 90.42+0.41 94.50+0. 64
SpaFD,y, 83.87+1.01 89.96+0. 64 93.39%0.78
SpaFD-Spe-Spa;y; 85.05+1.14 92.32+0. 38 94.31%0.59
%6 Indian Pines BIIEEE10% IS HEXTHI LR
Tab. 6 Classification results of Indian Pines under 10% training samples
Vodel 3DCNN 3DCNN,y HybridSN
AOA(%)£SD(%) AOA(%)£SD(%) AOA(%)£=SD(%)
Spe-Spa 88.93+0.88 93.76+0.68 97.99+0.45
LBP 79.03+0.92 83.63+0.97 87.76+0.50
LBP-Spe-Spa 84.89+1.01 88.73+0.54 89.9840. 39
SpaF Dy 89.3540.77 93.87+0.24 98.12+0. 37
SpaFD-Spe-Spa,y; 89.49+0.85 95.35+0.35 98.86=+0. 40
SpaFDsys 89.43+0.85 94.174+0.41 98.30+0. 35
SpaFD-Spe-Spa.y; 89.50+1.17 95.08+0. 21 99.01+0.42
SpaFD;y, 88.97+0.92 93.99+0. 23 98.15+0.37
SpaFD-Spe-Spa;y; 89.39+0.70 95.3240. 28 98.89+0.41
1, Spe-Spa $# ik H SpaFD 4§ 4k 5 SpaFD-Spe- R 7~ 90 LI & B, Botswana 5 ¥% 4 7¢

Spa FFAE 1 SD 76 K 2 80 i~ 3K, & BB 4F
TR 88O A AP R e vE . o R B
Gy B 7 LA 3SDCNN B A 1 45 51 o8 1], 244
T Indian Pines 3% J 5% 5 43 % B 13 43 #E #5542
HURRAE () 43 2 25

(c) SpaFD-Spe-Spa

(b) SpaFD

7 Indian Pines ¥4 555 7 ¥ B il 20 #6452 £5 SO AiE
3DCNN #7345 2R

Fig. 7 Classification maps of Indian Pines using 3SDCNN

(a) Spe-Spa

under 5X5 fractional differential mask for feature

extraction
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F7 BotswanaHIEEEIR NEHEARATHFTELER

Tab.7 Classification results of Botswana dataset under 3% training samples

Model 3DCNN 3DCNN,¢ o HybridSN
AOA(%)+SD(%) AOA(%)+SD(%) AOA(%)+SD(%)
Spe-Spa 87.33+0.95 90.694+0. 83 93.01+1.13
LBP 68.21+1.01 80.32+1.31 83.79+1.25
LBP-Spe-Spa 76.5540.96 84.65+0.98 88.46+0.99
SpaF Dy, 87.85+0.94 92.11+1.49 94.08+0.98
SpaFD-Spe-Spa;y 87.97+0.87 96.29+0.97 94.82+0. 64
SpaFD;y 87.89+1.19 91.79+0.69 94.11+1.05
SpaFD-Spe-Spa,y; 88.04+0.71 96.31+0. 68 95.01+0.57
SpaF Dy, 88.01=x1.54 92.08=+1. 31 93.85+1.03
SpaFD-Spe-Spa;; 88.07+0. 89 96.01+0.81 94.90=+0. 67
#8 BotswanaBIEEESL IIGHEARATHHEER
Tab.8 Classification results of Botswana dataset under 5% training samples
Model 3DCNN 3DCNN, HybridSN
AOA (%) +SD( %) AOA(%)+SD( %) AOA(%)+SD(%)
Spe-Spa 90.7741.68 91.90+1.50 94.05+1.16
LBP 71.36+1.43 82.98+1.46 85.01%0.89
LBP-Spe-Spa 83.49+0.97 86.02=0. 88 89.32=+0.92
SpaFDyy, 91.73+1.01 92.64+1.44 95.0241.01
SpaFD-Spe-Spasy; 92.10+0.97 95.98+0.62 97.90+0.76
SpaFD.ys 91.82+0.90 92.34+1.79 94.98+1.05
SpaFD-Spe-Spa.y; 92.08+0.49 96.21+0.73 97.77+0.80
SpaF Dy, 91.24+1.41 91.92+0.77 95.11+1.22
SpaFD-Spe-Spa;y; 92.18+0.98 95.99+0. 39 98.05+0. 94
#9 BotswanaHIBEE10% NEHEATHHEER
Tab.9 Classification results of Botswana dataset under 10% training samples
Viodel 3DCNN 3DCNNyes HybridSN
AOA(%)£SD(%) AOA(%)£SD(%) AOA(%)£SD(%)
Spe-Spa 93.35+2.76 97.77%0.49 98.89=+0. 38
LBP 79.88+1.36 85.46+0.51 88.13+0.47
LBP-Spe-Spa 86.25+0.97 90.04=+0. 37 92.22+0. 36
SpaFDyys 94.97+0.79 97.82+0.45 99.00+0. 31
SpaFD-Spe-Spay 95.09+0. 89 99.35+0.22 99.61+0.25
SpaFD.ys 94.53+0.63 97.90+0. 38 98.98+0. 29
SpaFD-Spe-Spay; 94.89+0. 59 99.30+0. 29 99.50+0. 21
SpaF D,y 94.46+0.73 97.80=+0. 27 99.02+0. 25

SpaFD-Spe-Spa,y; 94.84+0.60 99.49+0. 14 99.87+0.11
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Fig. 8 Classification maps of Botswana using 3DCNN un-
der 5X5 fractional differential mask for feature ex-

traction
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Fig.9 Classification maps of Pavia University using

3DCNN under 5X5 fractional differential mask

(b) SpakFD (c) SpaFD-Spe-Spa

for feature extraction

A BT 3 U B 43 B A i B AR 3R 2 ) R
fiE7E M) 43 25 1 in g s LR FaoE o SpaFD-
Spe-Spa 45 fiIF A [t SpaFD 4% 1F (9 AOA T & , i3
W] R I FRAE 5 SpaFD FRAETR & /5 72 #b W) 73 26 1
HLAHE G A 0 . 2R N RE AR I SR
SpaFD 4% fiF Fl SpaFD-Spe-Spa F:1iF 41 Lt i 1A 4
TIF 76 09 43 2 1 1 3% A0 T 4, 33 10k FH A /R AR
YNGR 55 18 T $2 U B 5 AR 240 1 B 46 AR
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R, 45 1T Salinas R 55 4 BB 13 4 8
% IR AIF 1 3 2 25 01

%10 Pavia University IIBEEE3I% NI GHEATHSLEER

Tab. 10 Classification results of Pavia University under 3% training samples

—_p 3DCNN 3DCNN,, HybridSN
AOA(%)+SD(%) AOA(%)+SD(%) AOA(%)+SD(%)

Spe-Spa 88.5143.47 97.8840.29 98.4240.52
LBP 76.73+3.58 83.2840.40 87.5640.58
LBP-Spe-Spa 80.6140.89 85.0140. 33 90.3140.55
SpaFD,y, 90.7741.09 98.0040. 25 98.560. 36
SpaFD-Spe-Spa,y 91.46+0. 64 98.264-0. 36 98.884-0. 26
SpaFD.y; 90.924-0. 61 97.964-0. 30 98.674-0.43
SpaFD-Spe-Spa,y; 91.86+0.73 98.27-+0. 45 98.9340. 25
SpaFD.y; 90.90=+1. 49 98.0440. 52 98.6940. 45
SpaFD-Spe-Spa,y.; 91.7540.58 98.2540.43 99.01+0. 37
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Tab. 11 Classification results of Pavia University under 5% training samples
o 3DCNN 3DCNN,¢y HybridSN
AOA(%)+SD(%) AOA(%)+SD(%) AOA(%)+SD(%)
Spe-Spa 92.71+0.91 98.47+0.25 99.08+0. 15
LBP 83.32+0.95 87.12+0.29 91.71+0.33
LBP-Spe-Spa 86.41+0.63 89.90+0. 31 92.89+0. 16
SpaF Dy, 93.46+0.49 98.89+0.12 99.14+0. 20
SpaFD-Spe-Spa,y 93.83=0.35 98.97+0. 30 99.35+0.13
SpaFD;ys 93.06=0. 84 98.49+0. 24 99.17+0.21
SpaFD-Spe-Spa.y; 93.90+0. 42 98.79+0. 22 99.44+0.10
SpaFD,y, 92.88+1.20 98.75+0.28 99.184+0. 20
SpaFD-Spe-Spa;y; 93.19+1.01 99.06+0. 10 99.46+0.11
12 Pavia University liEE 10% I EHEATH S ELER
Tab.12 Classification results of Pavia University under 10% training samples
T 3DCNN 3DCNN,y HybridSN
AOA(X%)+SD(%) AOA(%)+SD(%) AOA(%)£SD(%)
Spe-Spa 94.8240.56 99.45+0. 11 99.70+0.08
LBP 86.51+0.54 90.46+0.15 93.01+0.11
LBP-Spe-Spa 89.44+0.42 91.68+0. 10 94.97+0.08
SpaFDyy, 95.0640. 25 99.5440.11 99.73%0.10
SpaFD-Spe-Spagy 95.32=0. 33 99.60+0. 12 99.79+0.07
SpaFDsys 94.91+1.01 99.49+0.08 99.74+0.08
SpaFD-Spe-Spa. 95.1940.45 99.56+0.04 99.81+0.11
SpaFD,y, 94.8140.28 99.50+0.19 99.73+0.07
SpaFD-Spe-Spa;; 94.9740.54 99.50+0.05 99.80+0.06
F13 Salinas MIBEEE3I% NEHATHHLER
Tab. 13 Classification results of Salinas dataset under 3% training samples
Model 3DCNN 3DCNN, HybridSN
AOA(%)£SD(%) AOA(%)£SD(%) AOA(%)£SD(%)
Spe-Spa 89.86+1.63 97.17+0.48 99.71+0.18
LBP 81.28+1.55 88.32+0.50 90.12+0.15
LBP-Spe-Spa 85.96+1.46 89.85+0.41 91.35%0.10
SpaFDyy, 91.83+1.67 97.95+0.45 99.73%0. 20
SpaFD-Spe-Spasy; 94.11+1.64 98.48+0.45 99.744+0.09
SpaFD.ys 90.25+1.58 97.80+0. 32 99.75+0. 14
SpaFD-Spe-Spa.y; 92.66+1.54 98.32+0. 36 99.79+0.08
SpaF D,y 90.75+1.91 97.24+0.25 99.75+0.18
SpaFD-Spe-Spa;y; 93.34+1.61 97.99+0. 22 99.77+0.06
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Tab. 14 Classification results of the Salinas dataset under 5% training samples
. 3DCNN 3DCNN,¢y HybridSN
AOA(%%)E=SD(%) AOA(%)E=SD(%) AOA(%)£SD(%)
Spe-Spa 90.81+1.20 97.96+0. 30 99.80+0.09
LBP 82.864-1.43 89.9340. 35 91.8440.10
LBP-Spe-Spa 86.7540. 88 90.7240. 24 93.4440.07
SpaFDyyy 93.1741.56 98.45+0. 32 99.83+0.09
SpaFD-Spe-Spay 95.99+0. 48 98.95+0. 26 99.88+0.07
SpaFDsy 91.40+2.03 98.60+0. 35 99.85+0.11
SpaFD-Spe-Spa.y; 95.3440.94 99.02+0. 22 99.89+0.07
SpaFD,y, 92.48+0.97 98.58+0. 38 99.83+0. 14
SpaFD-Spe-Spa;y; 95.15+0.89 99.00+0. 28 99.87+0.10
R15 SalinasBBEE10% JIGHEATHIRER
Tab. 15 Classification results of Salinas dataset under 10% training samples
odel 3DCNN 3DCNN,cs HybridSN
AOA(%)+SD(%) AOA(%)£SD(%) AOA(%)£SD(%)
Spe-Spa 92.55+0.97 99.60+0.12 99.95+0. 04
LBP 85.27+1.02 94.43+0.24 95.214+0.09
LBP-Spe-Spa 89.46+0.50 95.01+0. 14 96.63+0.05
SpaF D,y 95.42+1.01 99.64+0.25 99.95+0.09
SpaFD-Spe-Spasy; 96.79+0.28 99.71+0.15 99.974+0.05
SpaFDsys 93.76+1.11 99.6140. 27 99.9640. 03
SpaFD-Spe-Spa;y; 96.61+0.46 99.6540.17 99.97+0. 04
SpaFD;y- 93.8242.40 99.60=+0. 36 99.94+0.10
SpaFD-Spe-Spa;y; 96.72+0.40 99.62+0. 20 99.96=+0.06
5 & »
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Fig. 10 Classification maps of Salinas using 3DCNN un-

(b) SpaFD (c) SpaFD-Spe-Spa

der 5X5 fractional differential mask for feature

extraction
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