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Abstract A classification method of hyperspectral images based on dual channel feature enhancement (DCFE) is
proposed to solve the problem of how to extract and use the spatial and spectral information of hyperspectral images more
fully when the training samples are limited. First, two channels are designed to capture spectral and spatial features, and
3D convolution is used as a feature extractor in each channel. The feature map from the reduced-dimension spectral
channel is fused with the feature map of the spatial channel. Finally, the feature map combining spectral and spatial
features is input into the attention module, and feature enhancement is achieved by increasing attention to important
information while decreasing interference from irrelevant information. The experimental results show that the proposed
method has an overall classification accuracy of 96.57%, 98.15%, 98.95%, and 96.83% on four hyperspectral data
sets, including Indian Pines (3% training sample), Pavia University (0.5% training sample), Salinas (0.5% training
sample), and Botswana (1.2% training sample), respectively. When compared to the other five hyperspectral
classification methods, the proposed method has remarkably improved the classification performance.
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Fig. 2 Architecture diagram of CA
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Table 1 Implementation of spectral-channel

Layer name Kernel size Output size
Input (11X 11X200)
Conv (1X1X7) (11X11X97,24)

Spectral block (1X1X7) (11X 11X97,24)
BN-Mish-Conv (1X1X97) (11X 11X1,24)
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2 U — 16 )2 A Mish 305 o8 B4, 6% 8 1
14 52 BN 2 2 TR o

2 a5 Y S B
Table 2 Implementation of spatial-channel

Layer name Kernel size Output size
Input (11X 11X200)
Conv (1X1x200) (11X 11X1,24)

Spatial block (3X3x1) (11X11X1,24)
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Table 3 Implementation of classification module

Layer name Kernel size Output size

(11X 11X1,48)
(11X11X1,48)
(1x48)
(1X16)

Concatenate
Attention block
BN-Mish-dropout-GAP

Fully connected
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Table 4 Samples for each category of training, validation, and testing for IP dataset

Order Class Number Training set Verification set Test set
1 alfalfa 46 3 3 40
2 corn-notill 1428 42 42 1344
3 corn-mintill 830 24 24 782
4 corn 237 7 7 223
5 grass-pasture 483 14 14 455
6 grass-trees 730 21 21 688
7 grass-pasture-mowed 28 3 3 22
8 hay-windrowed 478 14 14 450
9 oats 20 3 3 14
10 soybean-notill 972 29 29 914
11 soybean-mintill 2455 73 73 2309
12 soybean-clean 593 17 17 559
13 wheat 205 6 6 193
14 woods 1265 37 37 1191
15 buildings-grass-tree-drives 386 11 11 364
16 stone-steel-towers 93 3 3 87

Total 10249 307 307 9635
#5  UPHUR R4 2R 46 ub A AR R A
Table 5 Samples for each category of training, validation, and testing for UP dataset

Order Class Number Training set Verification set Test set
1 asphalt 6631 33 33 6465
2 meadows 18649 93 93 18463
3 gravel 2099 10 10 2079
4 corn 3064 15 15 3034
5 trees 1345 6 6 1333
6 bare soil 5029 25 25 4979
7 bitumen 1330 6 6 1318
8 self-blocking bricks 3682 18 18 3646
9 shadows 947 4 4 939

Total 42776 210 210 42356

3.2 BHIETE
BT WU T DCFE R 2 26 ERe K H 5
SVM"™ SSRN" FDSSC™ DBMA™ #l DBDA"™i#

A7 T XTS5, B A B9 52 50 4 2 7F Intel (R) Xeon(R)
4208 CPU @ 2. 10 GHz &b ¥ &% . Nvidia GeForce RTX
2060Ti . R RS L i 8y, Ir A B 2848 ¥k
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Table 6 Samples for each category of training, validation, and testing for SV dataset

Order Class Number Training set Verification set Test set
1 brocoli-green-weeds-1 2009 10 10 1989
2 brocoli-green-weeds-2 3726 18 18 3690
3 fallow 1976 9 9 1958
4 fallow-rough-plow 1394 6 6 1382
5 fallow-smooth 2678 13 13 2652
6 stubble 3959 19 19 3921
7 celery 3579 17 17 3545
8 grapes-untrained 11271 56 56 11159
9 soil-vinyard-develop 6203 31 31 6141
10 corn-senesced-green-weeds 3278 16 16 3246
11 lettuce-romaine-4wk 1068 5) S 1058
12 lettuce-romaine-5wk 1927 9 9 1909
13 lettuce-romaine-6wk 916 4 4 908
14 lettuce-romaine-7wk 1070 5 5 1060
15 vinyard-untrained 7268 36 36 7196
16 vinyard-vertical-trellis 1807 9 9 1789

Total 54129 263 263 53603

F 7 BSEIEEMN S FYILR L UE AN R AR A
Table 7 Samples for each category of training, validation, and

testing for BS dataset

Training Verification Test

Order Class Number
set set set
1 water 270 3 3 264
2 hippo grass 101 2 2 97
3 floodplain 251 3 3 245
grasses 1
4 floodplain 915 3 3 209
grasses 2
5 reeds 1 269 3 3 263
6 riparian 269 3 3 263
7 fierscar 2 259 3 3 253
8 island interior 203 3 3 197
9  acacia woodlands 314 4 4 306
10 acacia shrublands 248 3 3 242
11  acacia grasslands 305 4 4 297
12 short mopane 181 2 2 177
13 mixed mopane 269 3 3 263
14 exposed soils 95 1 1 93
Total 3248 40 40 3168
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Table 8 Classification results of IP dataset of 3% training samples

F£ 6055 128/2023 F£ 6 B/BAESXEFZHE

Class Color SVM SSRN FDSSC DBMA DBDA DCFE
1/% [ 24.19 67.39 97.72 61.76 87.50 100
2/% [ | 56.71 84.58 98.74 92.30 94.22 98.13
3/% [ | 65.09 92.49 97.31 97.93 98.32 94.61
4/% 39.63 91.37 97. 20 96. 15 98.18 96. 81
5/% [ 87.33 99. 04 99.53 98.00 100 97.63
6/% [ | 83.87 96.18 92.83 94. 86 96. 34 95.91
7/% 57.20 88 100 52.94 83.33 90.90
8/% 89. 28 95.70 100 100 100 97.59
9/% [ | 22.58 57.14 88.88 50.00 100 100
10 /% 66.70 78.33 88.92 95.52 91.16 94.77
11/% 62.50 95.83 99. 23 95.99 97.47 96. 84
12/% [ | 51.86 85.57 97.16 86.89 97.61 95.63
13/% 94.79 91. 86 98.90 100 97.95 100
14 /% [ | 90.42 91.90 93.44 92.81 95. 86 96. 88
15 /% 62.82 90.76 95.92 90.93 93.67 96. 24
16 /% 98. 46 100 92.30 92.22 92.30 93.18
OA /% 69. 35 90.52 96. 14 93.14 96.19 96. 57
AA /% 65. 86 87.88 96. 15 86.77 95.24 96. 57
Kappa /% 64.65 89.21 95.44 92.18 95.65 96.09
Training time /s 12.23 56.06 132.43 108. 67 78.96 75.41
Test time /s 1.39 3.39 5.65 7.68 6.83 7.33

(¢) DBMA

(c) SSRN

(f) DBDA

(2) DCFE

(d) FDSSC

F6 1P B S A Jr R4 R (a) B AT 5 (b) ~ (@) ANl Jr ik 1 73 26 45 2R 4]

Fig. 6 Classification result diagrams of IP dataset. (a) Ground truth; (b)-(g) classification results of different methods
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4y SR L. 334 H 43 5 s Kappa &80k 96.09% , 5 H
by 5 F 7 75 AR EE A B4R B T 31. 44 4 4y L6, 88 4
T35 .0 65T 48 5.3, 91 AN T 43 5 R 0. 44 41 4
SRS RS A B T 90% DA b, AHEE T

1210012-7



Table 9  Classification results of UP dataset of 0.5% training samples
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9 0.5 YIZREEA 1 UP bl 45 19 7 24 45

Class Color SVM SSRN FDSSC DBMA DBDA DCFE
1/% 1 80. 26 94. 81 98.88 93.67 96. 24 96. 49
2/% [ 86. 94 98. 50 98. 82 96. 34 99. 23 99. 26
3/% [ 71.13 100 100 99. 02 99. 87 99. 44
4/% 96. 44 100 91. 74 97.43 98. 20 98. 78
5/% [ ] 90. 85 99. 32 99.92 99. 55 99.92 99.92
6/% [ 77.02 93.43 99. 61 98. 67 98. 06 99.97
7/% 69. 70 95. 96 100 98. 50 100 99. 21
8/% 67. 30 75.87 84.02 82.48 84.11 91.19
9/% [ | 99. 89 99. 68 99. 66 96. 88 100 99. 33

OA /% 83.07 94. 85 97.02 95. 06 97.11 98.15
AA /% 82.24 95. 28 96. 96 95. 84 97. 29 98.18
Kappa / % 77.07 93.17 96. 04 93. 40 96.17 97. 54
Training time /s 5.32 12.06 32.16 29.83 21.88 20.12
Test time /s 2.19 5.21 13.22 13.52 11.25 12.10

| (a)

= (b)_ SVM

() SSRN

(dj FDSSC

(e) DBMA

(f) DBDA

K7 UP B3 285 R IR o (a) BB 5 (D)~ (@) AN [l J5 6 9 73 28 45 R 14

Fig. 7 Classification result diagrams of UP dataset. (a) Ground-truth; (b)—(g) classification results of different methods

F10  0.5% NHREARR SV 544 1Y 432 45 1

Table 10 Classification results of SV dataset of 0.5% training samples

(%) DCFE

Class Color SVM SSRN FDSSC DBMA DBDA DCFE
1/% [ 99. 84 100 100 100 100 100
2/% [ 98. 95 100 97. 20 100 97. 84 100
3/% [ 89. 87 94. 35 99. 58 99. 57 96.92 100
4/% 97. 30 95.63 96. 91 90. 26 97.71 94. 33
5/% 1 93.55 99. 40 100 97.66 99. 26 100
6/% [ 99. 79 100 99. 74 100 99.97 99. 77
7/% 91.33 99. 46 100 91.90 99. 88 100
8/% 74.73 89.14 95.15 95. 62 96.53 97.32
9/% [ ] 97.69 99. 51 89. 31 99. 69 98.76 100
10/% 90. 01 97.75 98.17 97.38 97.70 99. 28
11/% 75.92 92.97 93.17 81.76 95. 40 95. 49
12/% [ ] 95.19 99. 63 98. 35 95. 93 99.79 100
13 /% 94. 86 99. 88 100 99. 88 100 100
14 /% [ | 89. 26 98. 04 95.92 97.62 96.00 97.78
15/% 75.85 87.95 91.94 89. 97 94. 47 99.03
16 /% 99.03 100 100 100 100 100
OA /% 88. 09 95. 35 95. 85 95. 90 97.70 98.95
AA /% 91.45 97.11 97.21 96. 08 98. 14 98.93
Kappa / % 86. 70 94. 82 95. 38 95. 44 97. 44 98. 83
Training time /s 10. 27 85. 65 123. 14 146. 28 82.33 80. 56
Test time /s 4.12 16. 32 31.05 42.56 25. 67 23.66
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(b) SVM (c) SSRN (d) FDSSC (e) DBMA (f) DBDA (g) DCFE
8 SVEIREMFREIRE (a) WEME 5 (b)~(g) AR Jr ki 73 2 4 R &
Fig.8 Classification result diagram of SV dataset. (a) Ground-truth; (b)(g) classification results of different methods

1L 1200 VIRAEA Y BS Bl SE Y 4 2R 45 21

Table 11  Classification results of BS dataset of 1.2% training samples

Class Color SVM SSRN FDSSC DBMA DBDA DCFE
1/% [ | 100 100 83.95 96. 33 95.97 93. 26
2/% [ | 70.70 95.83 78.40 100 98.00 95.14
3/% [ | 84.10 100 95. 57 100 100 100
4/% 65.95 81.18 82.82 89.40 85. 77 86.12
5/% [ | 82.62 84.55 100 99.45 98.96 92.30
6/% [ | 65.71 93.24 62.11 80. 18 87.04 95.45
/% 78.77 94.75 98. 82 84.33 100 96.93
8/% 65. 87 97.51 100 100 99.49 100
9/% [ | 75.18 81.74 100 100 91.04 100
10 /% 69. 82 100 97.60 99.18 100 97.99
11 /% 95.49 100 99. 00 99.32 100 100
12 /% [ | 93.10 100 93.12 94.62 100 100
13 /% 76.25 100 100 100 100 100
14 /% [ | 90. 41 100 100 100 100 100
OA /% 78.63 94.27 90. 80 94.87 96. 39 96. 83
AA /% 79.57 94.91 92.45 95.91 96. 87 96.94
Kappa /% 76.87 93.79 90.03 94.45 96.09 96. 57
Training time /s 1.65 10.25 22.35 20. 88 18.65 19.39
Test time /s 0.41 2.01 2.37 3.02 2.11 2.04

@ (b) SVM

(c) SSEN (d) FDSSC

(e) DBMA (f) DBDA

(2) DCFE

K9 BS BRI A5 RIE  (a) N FE I 5 (D)~ (@) AN ) J5 i 1 S R 45 R R

Fig.9 Classification result diagram of BS dataset. (a) Ground-truth; (b)-(g) classification results of different methods
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F 12 TP R LI 2R A 1) OA

Table 12 OA for different proportions of training samples in IP

unit: %
Algorithm  0.5% 1% 3% 5% 10%
SVM 48.53  55.95 69.35 74.74  80.55

SSRN 64.99  81.40  90.52  0.955  97.84
FDSSC 70.75 84.71  96.14  97.21  98.02
DBMA 59.33 77.64 93.14 93.75  96.91
DBDA 56.97 78.81  96.19  96.58  97.55
DCFE 74.10  86.54  96.57 97.83  98.34

# 13 UPHRTE LB ZREA 5 OA
Table 13 OA for different proportions of training samples in UP

unit: %
Algorithm 0.1% 0.5% 1% 3% 5%
SVM 70.59  83.07  88.45 90.35 93.29

SSRN 78.32  94.85  97.11 99.43  99.69
FDSSC 88.97  97.02  97.74  99.50  99.58
DBMA 89.87  95.06  96.37 99.10  99.49
DBDA 88.01 97.11 98.40  99.07  99.33
DCFE 90.79 98.15  98.66 99.99  99.99

® 14 SVAHRELFHIGEARR OA
Table 14 OA for different proportions of training samples in SV

unit: %
Algorithm  0.1%  0.5% 1% 3% 5%
SVM 78.65  88.09  89.89  91.24  92.47

SSRN 67.22 95.35  96.32 97.23  98.14
FDSSC 88.83 95.85  96.48 97.52  98.85
DBMA 92.15  95.90  96.66 97.62  98.21
DBDA 94.23 97.70  98.31 98.95  99.36
DCFE 95.70  98.95  99.25  99.81 99.98

# 15 BSHAR LAHIZAEA K OA
Table 15  OA for different proportions of training samples in BS

unit: %
Algorithm  0.5%  1.2% 3% 5% 10%
SVM 73.53  78.63 87.82  89.06  92.76

SSRN 84.07  94.27  95.52 98.19  99.15
FDSSC 87.98  90.80  96.33 97.24  99.46
DBMA 93. 36 94.87  95.88  98.01 99. 04
DBDA 96.27  96.39  97.38  98.64  99.33
DCFE 96. 66 96.83  99.24  99.62  99.80

fib H1¥) , grass-pasture mowed B 43 G B8R, B T
ZH I SRR AR D FE A R I Gl B v AR U X 12
YRR HEAT 38 0024 2

X F UP##E 4 - DCFE 7 OA 4 98.15% , 5
oAty 5 7 AR EE 43 548 T 15, 08 4 H 43 a5 . 3. 34
T L 13N 204 3. 09N F A S AL 04 4
MU AA R 98.18%, 5 HoAth 580 5 B AH EL 4y B4R & T

15,940 A 28 8.2, 9N H 43 AL 224 A 48 1.2, 341
T4y A0, 894N 43 A s Kappa 280 0 97.54% , 5 H
il 5 Pl 7 iR A EE A SR R T 200 47 AN 4 a8 4,37 A
B LSANAS S A AN ES S L 37N H 5
RLCEA RN ESRE T O1% M E. M TR
il 3149 , self-blocking bricks f 432585 84K, & h Ti%
Hu Wy B R AE 2 IR R B R B AT R, A
P Tz M 1 4 R BE AR AE 85% LR L {H DCFE Jr
WAl LK E 91, 199 B 4r NG B

X} F SV BIELE . DCFE 719 OA 7 98.95% , 5
oAt 58 7 A0 4y 4 & T 10. 86 N E 4 3. 64
HAE 3 1A A 3. 05 A4 S A 1. 2540 A 4y
M AA K 98.93% , 5 Hfth 5 R Iy A LAy 4R T
TASNHEHAT AL 2 A S M L T2 H A A .2. 854
T34 5 R10. 794N T 4 A5 s Kappa 2 8 0 98.83% , 5 1
fl 5RO EE M e B4R T 12, 134 A 4. 014
A 3 AS A EH A A 3. 39N E A AR L. 394N A 4
SRS ERI S RS BE IR T 94 % DL |

Xt T BS H4E 4 : DCFE B89 OA 4 96.83%, 5
oAt 580 7 A0 L A3 B4 T 18 2 E 3 2. 56 1
T3 8.6 034 20 5. 1. 96 4> 1 40 A5 R 0. 44 41 43
MU AA K 96.94% , 5 H A 5D kM E A B T
17. 37T EH 48 1 97T EH AT 4 4 494 H 43 4 1. 034>
H Ay A0, 07 AN H 43 5 s Kappa 2800 96.57% , 5 H:
Al 5 Fh O B AH EE A A T 19, 7T E A 2. T8N E
T 6. 54N EH A 2. 12 H A N0, A8 H 41 s
A0 He T H Al M ) , floodplain grasses 2 Y 43 28K i 5%
1%, 02 Tz b W 0 I R 2 A5 0 D R 32 b P R AT LE
AL A% YIS B R (1 2o A8 v AR A1F 48 R 4 PR

J T i — 2 BAE DCFE J7 32 % T Y 2R kE A B b
B2 1) 4y HVERE BT XA TR LB A DI 2R RE AR HEAT T 52 40,
bt 5 I AR A B 35, SVM .SSRN . FDSSC .DBMA .,
DBDA Fil DCFE J5 i i 73 K5 BE#8A B 2 7t IRl A
AN RIS 10 27 a] ) 1 fi 22 5 Bl 25 D11 B AR %) 348 v 4
INo DA B SEEGgE R AR VIR A IR R L BT
$& DCFE J5 ¥ 38 0 P 4~ 38 38 4 314 3506 1% 4 iF A1 2s ()
RFAE , R A% T G b R RO W] 2 22 0] 1) 35 R AE 3 4 e
T I HL SR S BURRAE G5, SRS T 8 R 43 2k e

4 25 s

Bt X v T P AR AR R A D B AR L A LA S 23
S ORI M) e D 3 8 8 5 A B A £ X — (7]
R AR T — o T 003 G A 5 5 Y O R R 0 26
D5 o 5 T WA 8 2 5 0k e D T R e 1
RFAE A 23 )RR A R AT B2 3, 78 A A~ Tl T8 P, ] = 4
FRUVE Dy R A 312 U3 , 74 )= 45 R 2 I il ) Miish T e
B, LR B i) 44 4 AOCSGE T o R 7 IE 4R BRI Y
PR P HEAT 0 AR Fil 5 38 2o T ) ML AT A 2 5
HJ il I 4 R R AR B 3 2K 4
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5 SVM.SSRN,FDSSC.DBMA # DBDA J5 i
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