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Application of bilateral fusion model based on
CNN in hyperspectral image classification
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Abstract: Aiming at the issues of decreasing spatial resolution and feature loss caused by pooling operation in depth
CNN-based hyperspectral image classification algorithm, a bilateral fusion block network (DFBN)composed of bilateral
fusion blocks was designed. The upper structure of bilateral fusion block was constituted by 1x1 convolution and hyper-
link, which was used to transfer local spatial characteristics. The lower structure was constituted by pooling layer, convo-
lutional layer, deconvolution layer and upsampling to enhance the characteristics of efficient discrimination. Experimen-
tal results on three benchmark hyperspectral image data sets illustrate that the model is superior to other similar classifi-
cation models.
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2L ISR JE T CNN UL R S TE DGl SR 2y 25 i +133 -

FAN, T Hz A )22, MELUSR IR A AR A
SR o

TR 2 SIS R e A TSR, B
BUETHSEHLEARAE 1523 20 | bt oy T
BT BRI R, SERMNLESY AL,
BRI LA E Bl M AR S N B T R B R b R EORE
fiE, A e a3, HIEM Jj#. Chen
R AN S DN A LT - R A 3 e
T PRI T HE B 1 G R A (1) R AR R R B L = 2
FEAE . Liu 5P R R P B X 2R S Uy
1E, T 82 S X SR e BE AT 15 AR 4 FAE
B, BARIXE R O T TR K8 4
B ARWETTUER, K ARG IR R A e ds s ik
BRI P, Pk, VEERTIE R HOLE
] T PG TR i) 80 3 2L A A 0 LA ) R R A R A
2 M2, Zhong Pt T —Fh USRI = 47
T3 AAAE Ry Hi N 1 i 3] g 't % 2 TR Bk 2 D 4%
Feng ZEPSISETH T —A> 3D-2D V4 35 AR 28 ) 2%
(CNN, convolutional neural network) A5, F| 4%
Je 2 YRR FE W] 43 39 45 BROK 27 2 U2 IRO'G 1% 4 [
AL o k22 ST TV )y i B AR T LA e R R 1 R
HERI P 5 | R (P U A 5 in) i, R AEf# TR CNN ]
RIZRER IS e R IR B 7 H 3 R B 4l Rk 2
9, JET 3 Ao JORE RE N BRI o) A5 i —
SHRTEAS ] o BEREIX [, Li 2585k RO
SRR 23 0] 73 %, Mou 2524 - Ff i 42
A5 FEURIN 2 A5 AR 4 4 1 G M B DG 0 28 TR) AR A 2 3
LRAE o IR IEATAT TR B AR B e Kt
Z R BRI, P TR, R A R
PRSI RAFIE R I ) R, AT (R A AR TevE A
M X A E B EK, NN SBUmA S RERT
Béo 55T, Ma ZEPOMR My 4 kR 4544 1
Uiy 1) it S A AR 9 29 Sk 27 S B A AV REAE , 107 V20
b R Bl G R 2 PR AL, TT SR AMI 2R )

——

FREAR B — 2D ER PR e (L T I 11— K )
ETCVERTAE A BT RS 2, R, 20
BRER 45 At 25 G A Y i 405 TR AR, o 53— 4
A RPN AIE 1R A% S8 SR IS 2 T ARe ik Rl (1) 58 1Y
2%, W Lee 58 (17 ] 20 RS U 2 1045 )l
PR E R 40 2507780 Gao ZEPPHR £ 7y 3
Rl 3 R T o AHIX SO I 28 1 A HE 0 i — Rk
BIEATAAL, TR HARREAE AR A AN A2

N T RPGX L ), ASCHR T ML S
B 2% (DFBN, bilateral fusion block network) X /5
Hoik BT 2, 5 DR DGl BHR o R
A5E 200 3 T 38 R R B R SR SR R = R RRAE
FHLG, SN AR DA RO RRER B, R
[ — 4 A0k ] P R A A 2 1 0 i AR A 5 A R
TEAHY 25, HREUAN R 7 AT AR B, AT 56 BO6)
FREE A . Eg5 10, e B 2 AN g
B, HMERL HEEL RAERME AL E N
N, 1x1 SRS N EEiK . g
TR S HARG M PR AE AT oA AL EE, &5 R 1
THEIEE R R R R A B a4t 3t
[FIVE T, DAIE e S vy 28 () 43 SR L
2 IREAE
2.1 WULRAERM L

BT JEZR T UG Rl B 2 i 7 SAE 2R T
SRR, B 1 aTLUE W, AR YErE. W
VA, 1 5E N s 73k (PCA, principal
component analysis) 1%t =Gl B B B AT(E
HEMWREB T4 REErUbdg sz omE
B, ARG XCL A P BT IR B Jax)
RG22 AR BT P00 o JLrp, 003 il Bk Y 5%
FRMAGAFG Y, %R LK sigmoid 73R %L
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FHR o
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DRI BRI (R oAk, 2 DGR
By AN E, DU FREE SR B A
BUZ IR Z G IR R AL k. Nl AR HES P4 TP
(Indian Pines) [IZEUEE NFI, FERAGA A B
(ARG E

2, BEABGIRI N E N 15, 21x21
(FoRA MR} A 21 <21 153, B2 15 2D,
TR BRI 28 FUT Bl 16, 5%5, 25K
WEHA, 1), FNEGH S IR G RUE R 2 A
16, 2121 [IHTRFIEIE . 25, R 46/ Ll BRIk
(3, 3) WAL X IZ AR AR B AT S R ARFIE B, DAtk
B8RS 16, 73T IEFIER . S EEM
FIE SR 1R R 25 6 4 2 XA R AIE 1 1B AT it AL Ak
B, K AT RN A IR N 16, 3%3, KK
HAG, 3), JEENEAERER AT e
BORFFIEER 3 I, “H USRS S A 32,
21x21 FIRERAE ] . RS RAE B AR IR 2R DR A
REFR 64, 5%5 58 R, JHAE Relu 0BERT, &
R E 64, 1x1 HUERA ISR JGT A 64,
21x21 WIRFIE AR 01 79 21 e 2 AR E 1 35
AR N R EBRG I T #EH—4 (BN, batch
normalization) F1 Relu pREUINR IR FE, $EEiz it
HeJJo

HALEAE SR TR A, 25 A LA Rk
HPIAET NG ERORERI. EAR%H, ik
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SR, e 610 13 35x340 B RN
B ZRROKAT R, JeiE i 103 A6 B
B, GRER 5 VE Y 430~860 nm. LA, M E
A 9 AN, AR SCSEAS A 0 s B 1 i B s
¥k 103 %k

SA B4 e th AVIRIS A4 1838 76 i A 4 JE T
AR, e B 224 MR, S
BN 512 48 <217 B R YK, Bk B A
R (3.7 KMGZD MIHRF . Jd 20 MKy
Joi, SIS HR AT BUR KA 204 4%, FLnT R (¥ M i
HAHN 16 K.

4 JEoR T IR AR AR N S H s B R A
TS CA B BEAN 53 R R A R (1) B
32 XWRE

AR PRGN A B 45 55T Python B 55
keras VRS 2FSIHELE  SLIGIAEE S 64 7 Windows10
EERS, RAM 16 GB 1 NVIDIA GeForce GTX
1660 Ti 6 GB GPU. A T B IEA R ZRAE AR B ify

el 22, ASCIIHARFZAE T 20 AL R SE
U085 P F AT o ARIRR I REHLER S~
BETEHAE, 2423 % 0 0.01, 421EH:H 1) Dropout
JEWIT AR o LU B A 0.3, WUE R ECh Relus
ARSI ) R il A e 28 30 AT T /N RR R R
Ik, IERFEARBEE N 16 4>, epoch ¥ & H 200,

X1 IP g, BEHLEE 10%/E D I ZREA,
FHHEFI R 90% A MIAFEA . KT PU £dli g, B
BUEHC 2% E R INGFEA, FERFIR 98%1E A ik
FEA . ST SA Hla 4R, BENLILHL 0.5% 15 A4 I Z5FE
A, TR F4x 99.5%1E A MAAEA

9T R b A A SR MEAA R, SR ARG
OA RIRHEIEM > RIS oS SN EL
(FLGME, Kappa R2E KA FR0K 556NN
KRR I LE], ARG RS AA KR &80
()1 B HERF %
3.3 RESEMENL

R il P 2% R B S 30 1 s .

IPHHRE

PUSRAR

F50 I REARELA | K50 B AEARZA | 20 EAS FEARZ/A
Cl Alfalfa 46 Cl Asphalt 6631 Cl Brocoli_green_weeds_1 2009
C2 Corn-notill 1428 C2 Meadows 18 649 C2 Brocoli_green_weeds_2 3726
C3 Corn-mintill 830 C3 Gravel 2099 C3 Fallow 1976
C4 Corn 237 C4 Trees 3064 C4 Fallow_rough_plow 1394
C5 Grass-pasture 483 C5 Painted metal sheets 1345 C5 Fallow_smooth 2678
C6 Grass-trees 730 C6 Bare Soil 5029 C6 Stubble 3959
C7 Grass-pasture-mowed 28 C7 Bitumen 1330 Cc7 Celery 3579
C8 Hay-windrowed 478 C8 Self-Blocking Bricks 3682 C8 Grapes_untrained 11271
C9 Qats 20 C9 Shadows 947 Cc9 Soil_vinyard_develop 6203

C10 Soybean-notill 972 C10 Corn_senesced_green weeds 3278

Cl1 Soybean-mintill 2455 Cl1 Lettuce_romaine_4wk 1068

C12 Soybean-clean 593 C12 Lettuce_romaine_5Swk 1927

C13 ‘Wheat 205 C13 Lettuce_romaine_6wk 916

Cl4 Woods 1265 Cl4 Lettuce_romaine_7wk 1070

C15 Buildings-Grass-Trees Drives 386 Cl15 Vinyard_untrained 7268

Cl6 Stone-Steel-Towers 93 Cl6 Vinyard_vertical_trellis 1807

AEAS S E 10249

R B 42 776

REAS SE 54129

4 IP. PU 1 SA s E A4 &



136 - w A ¥ W EpaE
F1 AR ERMERKSE
LOHIA
Z W
1P Hiifi 4k PU #i#lidk SA Hi#fi e
[GIFEER — 21 B FEX21 1B, 15 )2 21 4 FEX21 1837, 15 )2 3G EXIIHRE 21 Z
HBRE 1 5X5 21 R EX21 B%E, 16 2 21 B EX21 B E, 24 2 33BEXIZIBE, 16 )2
Rt 3X3 THREXTGEE, 16 2 THREXTRE, 24 2 IAREXIBE, 16 )2
BT LR 3X3 21 B FE X2 B, 16 )2 21 B FEX21 15,24 )2 331G EX33HBE, 16 )2
@5z — 21 B FEX21 B E, 322 21 B FEX21 155, 48 )2 333G EX33HE, 322
LRUZ 2 5X5 2118 FE X215, 64 122 2118 FEX21 183,96 12 33184 FE X33 144, 64 )2
1X 15/ 1X1 21 BFEX21 5%, 64 )2 21 B FEX21 8%, 96 )2 3B EXIBIBHE, 64 2
mEE — 2114 FEX21 B35, 64 )2 2112 FEX21 183%, 96 2 3315 HE X33 45, 64 2
AR 1 Relu 128
Ak 2 Relu 64
WS4 — 3924928 5922 401 9074 528
KU Rl A B — 4 3 2

h T EERUA Al B AN Z A, AR
DL IP Hdi 4 AR, s AN [F) 2 1) A B 13047 43
B, G5RWR 2 Pin. R 2 hafBUEH, UK
M EER . FRAERGBEEE, OA LN 97.78%,
SN EIR 3 MLTFBOS, OA B AR
ERTt . HRINHEH FRAERE B, OA &
£ 98.37%, W R ALT I — R BB R B FRAE
98.15%F1 98.29%. EBHEHEL I IMAWAL OA
Fh, XIEFNGINT B AR Jm i 2 AR G o AR
H ik 3 AL FBE, OA 152 98.45%.

&2 7R IP BEENTOMSRMEHAITRRED T

R R REBM OA AA KA
X X X 97.78%  91.19%  97.46%
X X v 98.15%  95.53%  97.89%
X J X 98.29%  96.61%  98.05%
N X X 97.83%  95.46%  97.53%
X N v 98.37%  96.82%  98.14%
J J X 98.39%  96.58%  98.17%
N X v 98.35%  9533%  98.12%
N N v 98.45%  96.12%  98.23%
3.4 ERDR

INBEA ) 51 BRAT HST 532K 7 90 7 i 3 4745 1)
. A T VPR Rl B 28 AE N R AR R 14y
HVERE, AL BEHLHE — @ Lo e A
HNGREE, Fé N IREAYE R IR AL 6T TP B4R,
ASCBEHERL T 1% 3% 5% 7% 10%[1I Il ZFf
AHEATIN 6T PU B4, BEHLIEI 0.5%- 1%.
2%- 3% S%IIVIGAEARZATING; X SA Hidf

£, BEFLIEI 0.1%. 0.5%-. 1% 2% 3%l ZHE
ARHBATIAR . WRRLE LMK 3~K 5 Fom. WA
H R0 A BRI 8 LA R U IR N RE AR oy R
A, X SA HEAE FERI R, 0.5% M ZRFEA
OA RIWJIL % 98.71%; HUE PU Hidla e, 2%1ll
SFEART) OA N 98.74%; 1 1P HndimRMm L,
10%[ N ZRFEA OA 1]k 98.45%.

x3 IPHEEENMERBERTHOLER
MR S L KA OA AA
1% 59.53% 64.97% 46.41%
3% 84.88% 86.81% 73.92%
5% 94.03% 94.78% 85.37%
7% 96.70% 97.11% 91.97%
10% 98.23% 98.45% 96.12%
x4 PURIREENMHERBRTHALER
MZFEAR ST KA OA AA
0.5% 86.57% 89.99% 81.53%
1% 95.10% 96.41% 92.82%
2% 98.33% 98.74% 97.74%
3% 99.09% 99.31% 98.56%
5% 99.53% 99.65% 99.14%
x5 SAHEERENERBRTHIEER
IZRATEA 7 L KA OA AA
0.1% 80.32% 82.46% 76.41%
0.5% 98.56% 98.71% 98.64%
1% 99.68% 99.71% 99.62%
2% 99.86% 99.87% 99.80%
3% 99.91% 99.92% 99.91%
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35 S5HMREA LR

H T VRO PR RUA RS B 2% 1 PE e, AR SO
5 5 P& i T RN W 28 10 G s B 45 o 2
R IEAT S b, 345 RPCA-CNN (randomized principal
component analysis convolutional neural network ) fx
RYIBT Ay 2 RO B8 I VR ¥ 4% DCNN
(contextual deep convolutional neural network ) FE P!
S AT R Z% FCNN (full convolutional neural network )
RS R AR IEREA T/ 200 3D MI4% SSRN
(spectral-spatial-residual network) /P FI AT 16 )2
R 2D £ #5722 2% DRN(deep residual network)
IRCT S A AT (R BT AN S AR R 1 4 1
DCNN Fi%, FCNN %, SSRN %! 5 DRN F%Y
PR A T e A — 2 gt 72, #ERSR 16
/o RPCA-CNN LS8 32 4. O T i 51648
BE 72 M EE AT L, DRN B (I ZRdE S5 000 a5
Pz A lm] . RSSO GCE

ARSI T INGRFEAR RN E S OL R, & F
BRI PEBE o 75 TP H AR B L HL 10% M FE AR E
TN, AR 90%MFEARIEATIN. B 5 &R T A
ISR 7 R4 R o KL S A LA Y, RPCA-CNN
B[R o RO e 22, o3 SR vh HAT AH Y K g g
P, I UG HBRRFEANE, A REAEE R 2 AR
RNEWFONEFAE,  [5)IEIIZ5 0 R b 3R ) o 42
v RN BRI B OB A A A TR A
TEGIA 4 R o OB rhr 3 J 0 T ) 28 VR 1)

SLyFARTY (SSRN A7, DRN 4574, DFBN Fi%!)
P AS r A  S2E  RAL T SL A LB . ek,
L5 SSRN #:7F1 DRN #AHLL, JirfE DFBN £
HENS T ME R M T30 S5 X S K15 R AT 0 2%, 4R
S5 SEE (K 4 HEIERImE R, £ 6 fk 7
S5 TR X TP B AR 1 e B M 45 R RPCA-CNN
R BT A () 52 f A &5 R dwe 22, JITHe DFBN 5871
7E OA KA WA T A4 R, 1MifE AA bi&
iK1 SSRN HEAY, 32 17 1P Zdi 4 i A7 e 203
FEARLEATBIING, MiHET 3D RphEE 1 2%
(1) SSRN BLHUAE NI T Jitd =il EHE s B R
TR, sl T s, (HILZ TR
ZEAT M IRAEIE R I 5 VR IR ) A3 R R R, LA L
PR EIRAERIRI, BT DAERS BT N ER & VR L,
A SCFTE DFBN B T i gh 4o

(d) SSRN ## %
B 5 AR IP EFRC R E LI gs 1

(e) DRN f&i 7 (f) DFBN #5784

*6 EIP HIEE T 5HM S LER A LR
eS| RPCA-CNN i#!  FCNN i DCNN %! SSRN fi7 DRN #i7 DFBN £i#!
Alfalfa 34.88% 90.12% 43.66% 93.41% 90.37% 96.10%
Corn-notill 60.91% 93.11% 89.91% 97.59% 94.30% 95.54%
Corn-mintill 57.19% 97.03% 93.68% 98.71% 96.14% 99.35%
Corn 54.32% 93.92% 82.86% 91.22% 85.12% 98.99%
Grass-pasture 92.08% 96.34% 97.31% 99.79% 98.31% 98.77%
Grass-trees 97.63% 97.60% 99.09% 99.70% 98.86% 99.06%
Grass-pasture-mowed 79.20% 99.00% 91.20% 98.60% 93.80% 96.20%
Hay-windrowed 99.93% 99.30% 99.91% 99.84% 99.95% 99.97%
Oats 57.22% 82.78% 69.17% 95.28% 78.06% 73.89%
Soybean-notill 76.05% 97.49% 93.69% 99.25% 98.13% 98.63%
Soybean-mintill 63.95% 98.28% 94.14% 96.30% 99.04% 99.51%
Soybean-clean 48.16% 91.83% 91.22% 97.21% 92.36% 96.47%
Wheat 99.30% 96.32% 99.76% 99.78% 98.57% 97.49%
Woods 94.79% 99.78% 98.78% 99.73% 99.73% 99.93%
Buildings-Grass-Trees-Drives 77.59% 93.78% 85.46% 95.26% 96.71% 98.90%
Stone-Steel-Towers 99.82% 87.20% 96.13% 98.75% 89.17% 89.11%
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=7 St IP SR ER DXL R P8 b R R I ) o K G e D IR S H S
prEw & or o 4 BRI K 5K B A, (572
RPCACNNE 7007 st a0 SAih, DFBN B ZE PU SRR SA KOR 8 1
FONN #%! 96.15% 96.63% 94.62% () OA 7 HliEE] T 98.45%F1 98.74%, OA. KA
DCNN £ 93.05% 93.91% 89.12% M AA ¥ HARKS k. Pt DFBN B 7R
SRNRM o oTewe 9T 9T IP HCHR 4 . PU SR 01 SA MU 5 1 14 BB )
DRN #4 96.75% 97.15% 94.29% e,
DFBN #52! 98.23% 98.45% 96.12%

=9 $txf PU BRI LER

o MV = AN SR ) HIAE PU K S AT SA KL AR A oA A

Pt FHEAT. 6 PU Bdi s, BEMWLUEHL 2% Jg )| RPCACNNEUE  7539% 80.94% 85.15%
YRREA, TR IOREAME M IRFEA . %T SA % FONN £ 84.91% 88.74% 78.32%
WA, JREL 0.5%1E M INZEREAS, ol 4B AR g il DCNN 2l 92.40% 94.30% 89.42%

A, 6 R T i T ORI A gy SR T e e
(43251, 36 8~ 11 AT (0 5 40 BT 45 R PRNALE 7030% T P16
DFBN #5#4 98.33% 98.74% 97.74%

[FIREM, ERREROR B, ARSCPTERITVELE 2 L

(c) DCNN #5704 (d) SSRN A %! (e) DRN ## 7! (f) DFBN #5714
Bl 6 AR PU fEbRICR 3 IR or 2845 R

(a) RPCA-CNN #i 7 (b) FCNN H7 (c) DCNN #f 7 (d) SSRN # 7 (e) DRN f5i#Y (f) DFBN #%i %4

B 7 RFEJ7ER SA BRSO R 3 L Rah 1
%8 E PUIRE T SHM O R ERA A LR

285 RPCA-CNN fx 7 FCNN #5570 DCNN #F 7 SSRN #5271 DRN #57 DFBN #5574

Asphalt 70.04% 86.46% 96.79% 97.40% 97.42% 98.16%

Meadows 84.28% 98.41% 99.23% 99.89% 99.75% 99.86%

Gravel 88.17% 65.25% 67.98% 88.64% 89.02% 96.11%

Trees 92.97% 71.72% 97.03% 97.08% 95.81% 96.60%

Painted metal sheets 100.00% 84.11% 96.50% 99.91% 94.94% 97.22%

Bare Soil 75.27% 91.61% 92.10% 99.54% 99.73% 99.61%

Bitumen 95.69% 61.62% 67.64% 99.55% 94.93% 98.81%

Self-Blocking Bricks 60.09% 86.58% 88.08% 96.44% 88.13% 97.52%

Shadows 99.88% 59.14% 99.41% 99.98% 96.75% 95.78%




5110 2L ISR JE T CNN UL R S TE DGl SR 2y 25 i <139+
=10 £ SA BIRE T S HM D XRB A LR
eS| RPCA-CNN #i7! FCNN #4214 DCNN #1 SSRN £i7 DRN #2 DFBN #4214
Brocoli_green_weeds_1 99.99% 57.71% 77.03% 95.48% 97.36% 99.45%
Brocoli_green_weeds_2 81.90% 78.83% 98.25% 97.97% 99.34% 99.96%
Fallow 22.50% 85.04% 82.33% 87.17% 94.87% 99.97%
Fallow_rough_plow 91.23% 81.69% 98.76% 97.45% 93.77% 98.34%
Fallow_smooth 59.10% 97.54% 92.29% 95.11% 93.54% 98.57%
Stubble 99.53% 93.73% 99.94% 99.90% 98.23% 99.81%
Celery 93.05% 77.67% 98.40% 98.79% 98.16% 99.48%
Grapes_untrained 36.76% 78.56% 69.84% 80.93% 95.05% 96.78%
Soil_vinyard_develop 72.10% 97.90% 99.12% 99.55% 99.70% 100.00%
Corn_senesced_green_weeds 73.37% 98.07% 91.87% 93.60% 97.35% 99.77%

Lettuce_romaine_4wk 60.86% 84.15% 25.40% 86.31% 92.99% 98.25%

Lettuce_romaine_5wk 22.66% 96.44% 98.61% 91.50% 89.96% 99.71%

Lettuce_romaine_6wk 41.34% 84.12% 98.98% 98.09% 89.46% 93.87%

Lettuce_romaine_7wk 97.60% 91.01% 88.94% 93.96% 92.79% 95.75%

Vinyard_untrained 63.91% 55.72% 74.50% 72.31% 89.33% 98.62%

Vinyard_vertical_trellis 86.25% 39.11% 93.87% 94.39% 97.75% 99.87%
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