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Hyperspectral On-Board Classification Algorithm Based on
Multiscale Feature Extraction
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Abstract Current hyperspectral classification algorithms cannot satisfy the requirements of high accuracy and low energy
consumption of on-board classification simultaneously. A hyperspectral on-board classification algorithm based on
multiscale spatial feature extraction is proposed to solve this problem. The proposed algorithm can significantly reduce the
computational costs of the algorithm while maintaining high classification accuracy. Local maximum filtering is used to
extract the texture features of hyperspectral images. The multiscale filtering results are combined with the spatial
correlation of remote-sensing images to obtain joint local-global spatial features. After the spatial and spectral features are
fused, the random forest is used for classification. The algorithm only includes integer comparison and addition operations
and does not use high overhead operations, such as multiplication and exponentiation, in mainstream hyperspectral
classification algorithms. Experimental results on Indian Pines, Pavia University, and HyRANK image datasets show that
the algorithm’s classification accuracy loss is within 2.4% compared with the highest-level classification algorithm. In
addition, the proposed algorithm achieves high classification accuracy in cross-scene classification. The energy consumed
in the classification process is reduced to less than 1/10000 compared with the on-board classification algorithm. Compared
with existing algorithms, this algorithm is more suitable for on-board classification tasks and can effectively reduce the
computational overhead and energy consumption during the on-board classification process while maintaining high
classification accuracy.

Key words image processing; hyperspectral image; on-board classification; multiscale spatial feature; computational
energy cost optimization
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maximum filtering process
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Fig. 1 Spatial feature extraction method based on multiscale local maximum
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Table 1  Statistics of operation type and number of operations of different algorithms
. Number of operations
Algorithm -
Exp Mul Add Cmp
M kM +2M rM -+
SVM
M : number of support vectors
Spectral algorithm (4 : number of RF N DN
features, /: number of classes) D average depth of trees, N: number of trees
k—qg+1)qgl k—q+1)qgl
CNNID (k—q+1)g .( g )q
¢: number of values in each filter
One-stage spatial-spectral algorithm
. Each
(K: kernel size, . 2 2
. convolution K- X Cy, X Cy K XC;yXCyy
C,,: number of input channels,
. layer
C,..: number of output channels)
N k'p+ DN
LBP-RF L -
p: number of points in LBP, D/N: same as RF
Mul(PCA)  Add(PCA)+N  >S,”+ DN
Two-stage spatial-spectral algorithm EMP-RE T
(%' number of features) ) Mul(PCA) ,Add(PCA): number of Mul/Add in PCA, S,: size of each
structuring element, m: number of structuring elements, D/N: same as RF
N 2+ 1)+ DI
. (2r0n+ 1) + DN

7 max

: radius of the largest filter, D/N: same as RF
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Table 2 Classification results on Indian Pines dataset

unit: %

Spectral algorithm

Two-stage spatial-spectral

One-stage spatial-spectral algorithm

Class algorithm
SVM RF  CNNID CNN2D  HybridSN A’S’K-ResNet LBP-RF  EMP-RF  MF-RF
Alfalfa 81.82 100.00 87.50  100.00 80.49 100. 00 95.24 97.83 91. 84
Corn-notil 78.91 73.58 73.38 90. 24 95.10 97.78 82.34 94.76 95.49
Corn-mintill 80.69 75.93 75.30 90. 85 99. 46 98. 69 88.00 95.17 94.72
Corn 63.14 59.60 79.31 87.98 93.90 96. 27 74.05 83.87 93.81
Grass-pasture 92.83 88.70 91.39 93.95 98.16 99.31 97.17 94.00 96. 21
Grass-trees 85.24 82.98 94.59 93.98 99. 24 99. 44 88.18 97.90 95.45
Grass-pasture-mowed 83.87 100.00  95.00  100.00 100. 00 92.22 90. 00 100. 00 89. 66
Hay-windrowed 92.59 86.34 93.25 98.73 99.53 99.32 94.43 100. 00 97.95
Oats 100.00 100.00 100. 00 90.91 61.11 84.65 100. 00 100. 00 100. 00
Soybean-notill 80.05 72.25 82.65 91.12 98.17 97.56 92.16 92.94 95.96
Soybean-mintill 77.97 73.37 69.97 94.80 99.05 99.13 86. 45 94. 68 96.16
Soybean-clean 77.26 66.60 85.78 92.58 90. 26 98.10 87.74 89. 64 92.95
Wheat 90.13 90.91 94.34 95.71 95.14 99. 20 100. 00 100. 00 98.51
Woods 93.25 93.06 93.31 96. 48 99.47 99.29 99. 37 99.21 99.61
Buildings-Grass-Trees-Drives  73.82 58.43  71.70 96. 21 95.97 98. 00 97.49 94.33 98.21
Stone-Steel-Towers 98.77 98.75 100.00 78.38 90. 48 96. 30 92. 86 97.89 98.78
OA 82.34 77.62 80.11 93.43 97.44 98.57 89. 66 95.15 96. 26
AA 84.39 82.53 86.72 93.24 93.47 97.20 91.59 95.76 95.96
Kappa 79.75 74.26 77.01 92.50 97.08 98.37 88. 14 94.46 95.73
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Table 3 Classification results on Pavia University dataset

unit: %

Spectral algorithm

Two-stage spatial-spectral

One-stage spatial-spectral algorithm

Class algorithm

SVM RF CNN1D CNN2D HybridSN  A’S°K-ResNet  LBP-RF  EMP-RF MF-RF

Asphalt 93.60  92.03  95.15 98.75 100. 00 99.76 97.12 99. 40 98.68
Meadows 96.17  90.22  98.17 99.33 100. 00 99.95 98. 65 99.82 99. 30
Gravel 88.38  86.50  89.82 97.90 98.68 99.42 96. 69 99. 86 98.76

Trees 96.25 96.21  95.10 96.19 99.45 99. 88 97.10 99.90 99. 14
Painted metal sheets 99.04  98.23 99.63 99. 56 100. 00 99.97 99.48 100. 00 99. 85
Bare Soil 94.65  92.93  91.94 99. 26 100. 00 99. 96 98. 26 99. 94 99. 80
Bitumen 92.73 86.11  92.05 92.81 100. 00 100. 00 99.13 99.70 99.62
Self-Blocking Bricks 86.00  82.08  85.33 97.48 99. 70 99. 00 93. 86 99.08 99. 17
Shadows 100.00 100.00  99.37 99.55 94. 60 100. 00 99.79 99.68 99.79

OA 94.41  90.56  95.07 98.58 99.72 99. 81 97.81 99.71 99.25

AA 94.09  91.59  94.06 97.87 99.11 99.77 97.79 99.71 99. 35

Kappa 92.56  87.26  93.48 98.12 99.63 99.75 97.10 99. 62 99.01

B2 50 Indian Pines B4R 4E 1 1943 B30 E . (a) FMEE; (b) SVM; (¢) RF; (d) CNNI1D; (e) CNN2D; () HybridSN;
(g) A’S’K-ResNet; (h) LBP-RF; (i) EMP-RF; (j) MF-RF

Fig. 2 Classification maps of each algorithm on Indian Pines dataset. (a) Ground truth; (b) SVM; (c) RF; (d) CNN1D; (e) CNN2D;
(f) HybridSN; (g) A’S*K-ResNet; (h) LBP-RF; (i) EMP-RF; (j) MF-RF

2 7% BB B R B 100 28 A I AR 28RS I B
fE Pavia University (5 48 - , RF sr K & v A &
120 R ZE A (R A B ] 45 B e R B o BRG B . R T 7%
Gt — bR fE R X B A TR FE AR S B ke RE 2 26 48
rh b BB 2 80 B R 100, 5 AN TE MF-RF %5 1 [
BEIY 25 ] SRR AE 4 O 25 v i K 08 0 2 2 A2 0 B A
BCHE B 1Y) T R i B A /IME ) — 2 BRI AN B 4R
XTI 7 23 R 72 F0169) , MF-RF U5 5% 25 19 4%
FK B

MFE 2 3 3FT LA Hl T GO0 R AR B 1k
(SVM . RF I CNN1D) i 43 288 & B 5 A% At 48
IR B E o DL, 2R A 5 T O s RS A )
FG T 5 fE A R T 42 3 Bk B R 4y RS B . MIF-
RF 76 W5 A $ic 4 45 v 19 20 2508 1 40 0l o 96. 26 %6 i
99. 25% , 38 & TAX A A6 AR AR 51 1 A3 SRS

55 {25 3% R AR 1Y — By B S A L, MF-RF 76
PN BOHE 4 b 5 Bt 4 JOKS B 2248 43 i o 2. 314

T4y 50,56 4 43 5, MF-RF 1943 2085 2 5 24 A
et T R R RS AR R . 5 A5 A
oL I W F¢ 4 F RF 7 43 25 45 19 LBP-RF # [t , MF-
RF 76 W A % 4ls 55 b 97 389 40 508 B2 or il 48 v T
6.6 43 s M1 44T 43 o TR A [ REAE 42 BB
BE,MF i i fif AR Z A8 A Bl A J& LBP R Z 1 K
N R PEICT L2 A B FRAE . 5 PCA B4
EMP # t , MF #1192 OB J7 3k S kb T 4 FH 29 1 31
AR R B A D7 vk R R RS R IR i T R R
U 8 PG A 32 2 () R A A A5 S X 4 SRS B g A
7t
BN TR R L ARKE ABEEE
B BT DR BT R AR . 7R R
Bk T 15 G838 BT 55 o B v i K B0 AL S e ) s L AR
Ty gt R A s V) A B T AT 45 i R R ) o
P o 2o 00k 0 o 28 5 R B 1) 4 3 n 35 4 T
HybridSN #1 A’S’K-ResNet 5 ¥ ffi /1 Nvidia Tesla
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(DN Ca

K3 437 Pavia University 88645 L 22 80UR K . (a) BAEE; (b) SVM; (¢) RF; (d) CNN1D; (e) CNN2D;
() HybridSN; (g) A’S’K-ResNet; (h) LBP-RF; (i) EMP-RF; (j) MF-RF
Fig. 3 Classification maps of each algorithm on Pavia University dataset. (a) Ground truth; (b) SVM; (¢) RF; (d) CNN1D; (e) CNN2D;
(f) HybridSN; (g) A’S’K-ResNet; (h) LBP-RF; (i) EMP-RF; (j) MF-RF

Fd RFEFRETEPIA AR 1R 2y 2 A

Table 4 Classification times of different algorithms on two datasets unit: s

Spectral algorithm

Two-stage spatial-spectral

One-stage spatial-spectral algorithm

algorithm
Dataset NS
SVM RF CNNI1D CNN2D HybridSN o LBP-RF EMP-RF MF-RF
ResNet
Indian Pines 3.41 0. 54 1. 20 6.11 72. 30 45.68 4.38 1.48 1.07
Pavia University 39.23 4.15 7.43 59.56 277.31 117.42 79.70 12.69 16. 69

V100 & R 347 Y1 25 Fn 4325, HoAh 5535 ff FH T Intel 13-
4160 4b i £ . CNN2D 1 EMP-RF 5 % 8 ] )& %}
PCA R4t B 64T T 0Lk, sk 17 5t [a]

M AT LLE W ok R AR 4y 2 50k o RE A
CNNID B3k 19 43 2 I 5 I (] 45 20 o 28 JE R AE — B B
4y JE ¥k, Hybrid SN #l A°S’K-ResNet 8. ¥ Xt i2 17
PRI M B A T oK, R B R A ) ) A g 8
WArdE . A5 M Ber 2Bk LBP-RF Ml EMP-RF #
Gy 25 Bf T F ME-RF 8k o Scik [ 4 Fn Scik [ 5]
155 FH A4 B 3R 4 28 51 SVM HI CNIN2D 1Y 43 28 i ] 2
MF-RF 83 1) 2~6 f5 . 5 HAh sy B H A, MF-
RF 56 19 43 2 i PR AN A5 A A W TSR0 ), 35 F o
i B oy AT 5
3.4 Bip=aERIE

SR 1 R G T B AR IR 55 v i S U S
G Y 5 37 5% 0 2, B0 v 6 ) 2L 28 0 b e Y v

I EHE 1V VR b U R R A B S A R Ll
BEALXE 4 i) Bin i S AT 0 250 BT RAADEIR
ZME AL RRES 1 AE LR | TR]— b W 2 5 ) S ) ) T
B A5 2R RS2 e, R 3 s A B bR s 2 ) 2 Bk
A R B, BT DL H B 5 5 o AR R O i
BN FEERREZ —.

N T Bk MF-RF Bk 85 5 e 0O A T
HyRANK (& 6 3% £ 40 4& , 24 4 b 19 Dioni #1 Loukia
Yy 5 A8 T TR A4 Bsf [00] F0 M g o 7R AR AU I 2k Fn e 2 2
I AT LAXT 5 6 3 Bl i 2E A7 Ak B A AN (R 3 5 2 8] 1Y
ik, MR EIF Mg R, H—1k
(normalization ) #1475 #E 1k ( standardization ) #f =2 & 1% 43
FrE R ECE b 307 . Y TRt ER e L
5 — Ak 77 2% AT LA R A 7] 3 55 22 ) O BRI R A 1R 4%
SR TG IR B WS o bR 1k s TR T DA ik
R BE 22 5%, IF BB 08 FEAIRAS [W] 3 552 R D6 ) 1 7 25 %6 B
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NGB R . L1 IE— A bR 4k 5 35T B 2 %
BAR A S X B It Z 0 ReRE . 5 4h, mobig
B35t KR T B 2 > b B 3R [ 3E Ry 4T, 7E L8R
H i ] CORAL S8k [ 38 I 7 ik DAtk — 25 2 o 15 37 5
AR . CORAL J7 ik ik % 55 U5 5 R H s 385 4
O3 AT B U O 22 2K 0 S 2 18] 9 o A RS o A T A
15 18 [ & % 7, CORAL 7 A 5 BAL T34 &
FBE P HM T Z kA T EAENESE, 2%

SR TOMARE . B VR R R R R 2
Frol A, RF M ME-REEEFESH T EHSHK
FE55 BT LABE SR T X PR S04 o Rk . RE
B Ak B 7 s RN K B R A A 7E HyRANK 506 48
B AR aE WAL S i L1 RR L1H— 4L ¥k, ST %
RARHEAL T VE . % 5 MF-RF B L5 46 5 BB T
AT U B AR 43 S 25 R B 1 25 (AR AE 2 40

#5 HyRANK & 1y 73 2845

Table 5 Classification results on HyRANK dataset

unit: %

Class RF  LI1+RF ST+RF ST+CORAL+RF MF-RF(17) ST+CORAL-+MF-RF(52)
Dense Urban Fabric 5.78  29.17 4.39 3.70 8.21 15.49
Mineral Extraction Sites 0.00 17.07 16. 24 34.09 2.50 33.33
Non-Irrigated Arable Land 25.00 83.14 45.71 92.18 66.67 76.61
Fruit Trees 0.00 0.00 1.52 3.05 0.00 1.96
Olive Groves 2.22  44.44 0.00 81.40 0.00 62.63
Coniferous Forest 100.00  87.50 64. 60 39.49 85.71 28.15
Dense Sclerophyllous Vegetation — 67.54  67.88 68.45 71.68 66.59 69. 38
Sparce Sclerophyllous Vegetation — 44.33  37.46 51.43 49.70 45.65 51. 60
Sparcely Vegetated Areas 9.38 11.66 4.99 17. 28 9.29 17.92
Rocks and Sand 9.45  28.00 56.91 57.32 8.93 58.40
Water 62.28 95.15 100.00 100. 00 67. 64 100. 00
Coastal Water 3.01 100.00  100.00 99. 34 2.15 96. 16
OA 46.66  51.99 55.45 58.59 48.57 60.03
AA 27.42  50.12 42.85 54.10 30.28 50.97
Kappa 33.13  41.27 45.95 49.92 35.52 50. 67

M ST LU Y HE WAL B 5 75 RE RS 4R ) RF &
H5.33 A s UL B B PR e T T L
H— b3 1 3. 46 D H A s BHE I  EIE A H T
H B HyRANK 45 45 v A 7] 3 5% 6] 09 5% 3% fh 2% .
CORAL J7 & BE A br MEAL 7 500 RE 09 40 505 B 42
T 11.93 A4 | 4y L. HUM fF ] ME-RF & i Xt
HyRANK B85 45 17 70 25 10 45 L L o (i ) RF B30k
L 9L E . TEMHE A T AR AL 5 1 CORAL
FikJE ,MF-RF B HUE T 60.03% B9 25K . M
DL bS5 Bk, fr it MF-RF B0k 1E 5 500 25 h
] A BB A% AR A5 55 i 1 A0 G

e, bR R A AT 55 s 05 DL B ST R 5
R ARSI B A R AR AR DX R N A T
R B MF-RF 5075 25 (B RRAE 2 500 e BUE Il
AR ARWAL IR T 54 50 v iR Z A 28 1 o e 5L
B i) B 2 4 28 45 b T DUAs et B 3 5 IR AR 4k
P, T FLBE 0%l 2 T 540 3 5000 R A B0 ok 11 2k
A X R WY G eSS ) el B e 4 (SR
3.5 HEEEERHRIE

it Ek F R E L EE N TRIEERAET
TR TP I L33 SRR IR 7 1 25 2 R 3 A 1k N ik iz
B OGS BRSO RN e Y I X RF &
P CNNID 59k (9 5y R EE AT X L o 55 4k, g s

[ R A 52 3T 75 o8 P e R AL 0 0 Of A B S BRARRAIE 19 2
By IR EMR D R MEE R S g R g T8
TIE A FH S5 K AR U8 1 A 255 [A) 7 A 2 O AR 32 5 0T 1Y)
PUME S RE 7, 78 25 [HRRAF $2 B 75 w40 S A ] 45 R AEL AN
Fe /IMEAE R AR BEAT T L o A [ R A 0 {15 TR LE
(PSNR)EHL T 25 B2 195328 OA B8 135 6 Fw

M6 HLLE RS A B0 T RE B kA28
5 BE AR H CNNID B3R AIG, (H CNN1D [ 43 2K B bl &
Mg 75 M0 1 T A ) 8 L RE SRR, P % is 55 L T s Al
TN 328 G ) W 7 5 2 B g T P e KA Y D 1Y)
MFE-RF 575X s () 25 AR & T RE B0k . Y EME
JC M P I 4 B R M A9 MEF-RE 2545 3 1 b fdi &
JINELTE 0 4y RO BE L 2 R S il SR R AR
SRR AEAE A B0 00 53 200K BE AT 2 T SR/ MEAE R
FROEAR PR BE o 7E IR BT 5 47 (1) Pavia University %8
e b, DR R ORI MF-RF 8930 28508 . R 3E 7
FREE AT LIAT 6 T s ok mR B R, i e KA R
FER SRR AE TN 25 B 7 B W [ 5

R Tk — A A R T AR S TR R AE B O i A Rk
XoF AN TR) () AU 4 B 9 T 4 S 4 21 B i T U EL 3
5. B, R2MEIHEEILMEN LKL SVM.,
RF I CNN () i J5 — A~ 842 )2, 0% SVM 4 3%
VR AE R4y K de B ¥ ME-RF &3 19 RE IR &N
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F6  BEEIFNF RF.CNNI1D FIEE TR AR /) MEF-RF 2 2845 5 L

Table 6 Classification results of RF, CNN1D, and MF-RFs based on different feature values

unit: %

Dataset PSNR /dB RF CNNI1D MF-RF (minimum) MF-RF (maximum)
77.62 80. 11 93.76 96. 26
Indian Pines 36. 38 77.10 80. 07 93.27 95.07
26. 38 74.14 76.19 93. 04 94.67
90. 56 95.07 99. 06 99. 25
Pavia University 35.07 89.94 93.61 98. 80 99. 28
25.07 85.79 87.77 97.94 99. 31

B (MF-SVM \MF-FC) , 43 2545 B 4 7 fir s o
Horp, 4 2 28 ] Softmax 0 BB, H.45 1 5 HoAlh
CNN#E sk —5., WETATLE N, H &2
FK A ME-FC 1943 506 FE AR T8 J] SVM R RF 1E 24
YA IERE B . S SVMAE Ry 43 S AR e, BT
R AE B2 HUT7 AT KRB 08 AT RN 4 S TR RRAE , O 15 2
TR ME-RF 0943 28005 B G ey 14 2 FiLk 3 Y
i SVM #1750 K 1 .
FRT MF 5 RRF 5884 A %

Table 7 Comparison of MF and different classifiers combinations

unit: %
Dataset MF-SVM  MF-FC MEF-RF
OA 94.89 79.61 96. 26
Indian Pines AA 95. 60 76.72 95. 96
Kappa 94.17 76.62 95.73
OA 99.47 90. 46 99. 25
Pavia
. . AA 99.49 89.13 99. 35
University

Kappa 99.29 87.33 99.01

B J&5 03 AS [ ) CNIN R AE $2 B0 4> 5 RF 414
S R BE o o3 B OGS RR A 43 2 B3 1 R 2 i
fIFE— B Bt 20 28 8 1 b e % CNINID H CNN2D 7 Fh 35
%K R — R R R O RE o 588 i s R
WL SHIAR . 40 FH A A B RE 4328 SR, ir 412 2 a) 45
TIF 45 BT ¥ (9 2 fE A T CNNID A CNN2D H (i 45 £
2o LA B K 2 K 3 S A R AR B BB
(14 43 2 45 T, i 18 25 ()RR AF 312 BT 25 i PR e A T
FHAIE $2 BB T LBP A7 P45 44 (19 CNN & FLUZ | 323

#8 AR CNNFHF RIS 5 RF 44 % 1t

Table 8 Comparison of different CNN feature extraction

methods and RF combinations  unit: %
CNNI1D- CNN2D-
Dataset MF-RF
RF RF
OA 80. 88 92.53 96. 26
Indian Pines AA 87.78 93.65 95.96
Kappa 77.93 91.44 95.73
OA 95. 37 97.93 99. 25
Pavia
. . AA 95.19 97.79 99. 35
University
Kappa 93.83 97.25 99.01

B E T EMP FIE 28 19 CNN B FLEE /. DL BT EE
S5 SRR 1T B 2 TR RRAE 7 ik i A b .
3.6 BEEBHERHKITEHF

KT MR R A, — R R
a7 AR G0 VTR A 43 28 5 AR A BORIE B B IR
b QR UL = W = 7<) W Ul el B e SR |
VB B T 16 B 30 280 A b B T 55 4 D g
¥, MF-RF 8 k5 H Ak 1912 B 1E R 4E
TR B 4 S P 4 IR a8 B2 R A0 OB AR
. TF A m ¥ (floating-point
addition) | 3% s I 7% (floating-point multiplication) Fl %
413K B (floating-point exponentiation) . iz 5. YK % K
HF 322 1 A9 2 2037 3 T X AS 7] 5k 43 28 0 A2 1 3T
fli o TED 4 R R 7R 1 02 4% 50 1k 48 R A OB B B A
B FZWAE , TEGE T B v AR 25 SR L 1 A AL T B o
Kl 4(a)~(c)H MF-RF 451145 5 0 A0 [R5 801E .

MIE 4Ca) 0] LA Y, SVM TE 43 28 I 77 4 T I 8 1ot
FZRE RN EFE R I AR L & FiE® . RFTE
R EP RTERDNEZEE . B H TiEE R
AR, RE WY 35 SR AT 1 B9 R 45 0 B H A Bk
TR, B Ll R A Ry 43 208 25 00 303 bb G A 4300k o
WA T RS, CNNID & ki asEsce s
T RF FI T #t MF-RF, [5] B5F CNN1D H 4 & (1) 3¢ 15 i
Ik iE AR 2R IR

MIE 4 (b) AT LA Y, ME-RF 2 1 1938 35 I 5 1
Hybrid SN il A’S’K-ResNet 112 5 851 51 ik > 21 2
1/10'F 1/10°, MFE 4 BKG FE LI Z 058 T 2.5 H 47
A 5 R4 CNN2D A e, MF-RF (115 8 %
BOREAR B 2 1/10° 0 43 28 KG L mg A . B R F|
CNN2D . HybridSN I A’S’K-ResNet H 7 1 Fl il i i2
B, MF-RF W32 BRI 8 & B A% .

TELE A S 25 JE R AR i Be B ik b, LBP-RF
FEREAS LBP RUE R AU T R S8R 2 5 o
B E AT A, 8 B R BT MF-RF, {H LBP-RF 7€
Indian Pines 0 ¥5 % [ #9425 BF Ik MF-RF BR{K T
6.6 H 4 4. EMP-RF iz FHEAE R B K Z i PCA
W 2 J7 vk 5 T, ffi 49 EMP-RF 76 9 5088 4 iz 5
WY ) ME-RF 19 10° 45 A6 4% o 1 X 4~ 22 5511
J& A J& Indian Pines 9 JC 3% % Bt #( #% T Pavia

(integer comparison)
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= integer comparison
© floating-point multiplication
777 floating-point exponentiation

(€))

E¥ floating-point addition
—e—accuracy

1.5x107 100
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§3.0x105 0 £
£ 2.5x10° g
S 2.0x10° 8 g
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5.0x10*
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2}

Pavia University

2.5%107
2.0x107

2.0x10*
0

Indian Pines

integer comparison
(© * floating-point multiplication
#77 floating-point exponentiation
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= integer comparison
®d =N floating-point multiplication
77 floating-point exponentiation —e—accuracy

[ floating-point addition

3.0x10% "o 100
2.0x10! '/§\.
ré’l.()xmw ./ \\ 95
g A\ .
2 5.0410° \ 90 <
g g
o 4.0x108 85 g
£ 3.0x10° w0 &
g 2.0x10°
1.0x10° 75
o =3 - 70
S & &
& & S
S D
& ¥
v

Indian Pines

Pavia University

@ floating-point addition
—e—accuracy

o— 100
— °

95
90

85

Accuracy /%

80

75

70

Pavia University

K4 AR AR M2 AR U () 6T 0 BB (b) 20 — B By Rk (o) = 3% I By 080k

Fig. 4 Number of operations in the classification process of each algorithm. (a) Spectral algorithms; (b) one-stage spatial-spectral

algorithms; (c) two-stage spatial-spectral algorithms

University #) # f% , X f 14 EMP-RF 1 PCA (118 i
EXik &8 R

MF-RF 535 19 25 (8] f5 AE $2 BT 16 38 F 2 ROE &5
FABUE DG, A F 4 B Lb A az AR/ ik A8 B AL R
% 8 B A TR (Y38 5 BRI 8 7 # BRI K B, MF-RE
BT A IR LA N B . MF-RF 8 ik R i i
RRUBE U8 B 1 101 R % JIT A (B AT 3R A Y TR K A 2 1]
REAE ) i, R0 0R P T IR AR 44 B S Bl A R UB I AR R
tesE HEE R R R A R AL 15
BN U8 T Y A TR — b S i
BREW /N T E AR, 540, % REF /2488
TR R S, MF-RE 5303 (1432 530 U0 BICRN AH VL B FE 1)
B RARFEAE
3.7 BeRFITESHH

FE A5 T 1 S PR A 28 5 B b, VR s R MUk 1Y
BOPERE AR 32007 o SVM Hh 7 s 3R B A0 RS 3 2 32
frL BB RBUE EH e, BEULKIEH BT RE
VLR Al I RF AR 40 2588 05 1 (246 MF-RF) 5084
BE Ry 84 o SCHR [ 21 ] e B4 T 4 42 A B g UK BAUAT TR A

Tk Rk 135 BARERE , N7 9 TR . BB LA TR
SRR 32 5 BB 2 L 7 AH B RE R 2R 8 (40 nmoth B T
2,0.9V TAERE) T TR B0 BT B0 . 7R
40 nm T2 M FPGA Sk Ti#E GPU $iAT B IkAf, & 9 rp
A ECHE AT LA Sy 52 B iz B3 F B R AR AR LI .
J& B R BT A S R A B RERE M I 2% 10 FR L 7
S H R T AR AR REFER R R 225 .
£ RREHBRAIEL B RE

Table 9 Energy consumption of different operation types

. Data
Operation type Energy cost /pJ

precision /bit

Integer comparison 8 0. 008
Floating-point addition 32 0.9
Floating-point multiplication 32 3.7

Floating-point exponentiation 32 38.975

10 B # P 2, MF-RF AU REFE 5 4 2K 1
AN TR B A L AR AL T AR K . IWEL S AT LUE
H 5 RF M LBP-RF B9 RE#E tb MF-RF H A%, 29 5 MF-
RF 0. 1, {23 P AP B 76 20 250 B L fIK T MF-
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K10 LI R BERE
Table 10  Energy consumption of each algorithm in

classification process unit: pJ

Classification algorithm Indian Pines Pavia University

SVM 2.8X10 2.4X10°
RF 1.0X10° 1.1X10°
CNNID 7.2X10° 3.1X10°
CNN2D 1.8X10° 1.3X10°
HybridSN 1.1x10° 1.1x10°
A’S’K-ResNet 7.7X10" 3.8%10"
LBP-RF 11X 10° 1.3%10°
EMP-RF 5.4X 107 1.8X10°
MF-RF 2.7X10° 1.0X10°
RF . 238 AE — B Boor Ak i REAE IR = . MIF-
@ o0t
1.0x107
—_ 1.0x10°
;S
Z 1.0x10
Q
52 1.0x10* [
3
5 1.0x10° £
1.0x10? ¢
1.0x10!
S &SSO E oS
Sl Sl

Indian Pines

Pavia University

(©  1ox10°¢
1.0x107 [
1.0x10°
1.0x10° [
1.0x10° £

Energy cost /pJ

1.0x10° £
1.0x10° £

1.0x10!
$

7 & &
& &S

Indian Pines

RF W 10°M5 LA bR/ B8 S8, &SR e B Bt
SPRB P ANF AL R RE 2 S U X UE T kY
BEOAYEAE 7 JONS B R REAE Z M) R AT AU A 24 M . B
5, B TR B4 RS [3-5] v i ] B B (SVML I
CNN2D) (1 Be#E 43 7l = T Fr # MF-RF 24 10°F1 10°£% .
SCHik[3-5] i FHAY FPGA FIl GPU B 8 34 5% . [] #f 3
T2 47 i B4R /0 8 MF-RF, 3F BG83
T2 ) e FE 2 K BRI

DL b X 3 2805 BE AN [ iz S5 4 B0t e 1T AN g #E
B £5 B 0 BT 45 2R 8 40 B 0E T 0T 32 0 vk i DR 1 L i B
TR RE A LURSAR 9 T F 53 T 85 50 18 T 1 B2 3 0 R AT 55
Kl A MF-RE 583k 2047 60 2 3800 S RE 5 A &L
R ARG P 5 1Y) BB A, O 22 1 s ol T AR 1 500 A% i i
FIAF it 75 B Bk A ] R
®)  qox10m¢
1.0x10"
1.0x10°F
1.0x10%E
1.0x107F

1.0x100 F
1.0x10° F

Energy cost /pJ

1.0x10* £
1.0x10%F
1.0x10%F
1.0x10?

Indian Pines

Pavia University

$ $§ 8 &
& &8
& & s

Pavia University

K5 ARSI P RRERE . ()i 2R (D) 2 36— B Boar 88 (o) 21 I By 2Rk

Fig.5 Energy consumption of each algorithm in the classification process. (a) Spectral algorithms; (b) one-stage spatial-spectral

algorithms; (c) two-stage spatial-spectral algorithms

4 45 B

BERS B B0 SAT 55 2t — OB Y i Dl i (RS O 2R
B35 MF-RF, i1 5 T 22 U Jag 0 d DK LA 25 [R) R A
WO ¥ AU T 03 R R BEAL AR R A AL o 325908 E 2T X
WP EAT OoAL , 23 28 R v AU T 8 o B B L B AN A
DNk iEH . A Indian Pines, Pavia University
I HyRANK 46 46 #4792 56, MF-RF 4s 15 H Al

T 18 KO 3 6 o SRR BT 1 43 SRS P R 1Y)
Yy oy 28 PERR T KR B RS T o e B 5 2 4
FERGEAE . 5 mOGIE R #r S B A L, MF-RF [A] B
ST EE A S M TR A RERE . LA R
W Z B S A B A S T R R 2T 55 e
ST DR R A v 0 250G JE 1Y) ) B A s R AR R 2 A St AR
TR IT RS FRERE . 5 2ok ak s b 5 ik LAt — 2
P& 3 NG FE PR o R B AR .
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