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A hyperspectral image classification algorithm based on deformable
convolution

TANG Ting, PAN Xin"
(College of computer and information engineering, Inner Mongolia Agricultural University, Hohhot, Inner Mongolia
010018, China)

Abstract: With the continuous development of deep learning, machine vision methods based on deep
learning are widely used,and the convolutional neural network (CNN) has remarkable effect on hyper-
spectral imagery (HSI) classification. The sampling position of the convolutional kernel in traditional
convolutional networks is fixed and cannot be changed according to the complex spatial structure in HSI,
ignoring the features of the data on spatial distribution. To improve the performance of hyperspectral im-
age classification in practical applications, this paper proposes a deformable convolution-based hyperspec-
tral image classification method, which extends the deformable convolution from 2D to 3D considering
the high dimensionality of HSI,so as to better extract the features on 3D space. This paper combines the
double-branch dual-attention mechanism network (DBDA) structure and 3D deformable convolution,and
experiments are conducted on two datasets,Indian Pines (IP) and Botswana (BS) ,and the experimental
results show that the method of this paper achieves better classification accuracy on overall accu-
racy ( OA) , average accuracy ( AA ) and KAPPA evaluation criteria ,» and improves OA by 0. 15 % —
0.23% ,AA by 0.21% ,and KAPPA by 0. 000 3—0. 001 4 compared with the suboptimal algorithm.
Key words: hyperspectral image classification; deformable convolution; deep learning; convolutional neu-

ral network
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=6 iE K 1% Chyperspectral image, HSD & 1 M
CINUS R EA A O GE R v R ) A I O
FEBOGEFEMSEER LU TEIES —.
H¥EEEGMEL, st R G E TRES& TR NG
TR S RE B C Tz N TR 2 sk, e A
WEAO LRI BT W R R AR b B A
R0 m o KR 2k — R AR gy ik R
BT CHE R AR 217 50 28 A TR AIZ 48 KR Y
I S S = WK 2 B T 1 RN R N
& AR OGS RRAE  7E 43 K 245 5 B Hughes
ML, Iy AL T i i W 25 B) b B OR iE 2E L 7 R
“PUERVBLG . EJLAE R, DL Rl 4 ) 4% (convo-
lutional neural network, CNN) H (L E W EFE 2+
W Bl Tz M N AE = 63 R 4 2 L i dn sk 2
4k (two-dimensional, 2D) 8% 3 4i ( three-dimension-
al, 3D) % B4R URRAE F 47 HSI 4328, £ F 2D-
CNN M1 ResNet, LEE ZE 57— Fh B B3
J7 24 ) CDCNN 38 £ B A5 A1) FH A 4B 54~ 158 & )
R AR S O R LRI IR R A B R SRy A
HAEM . ZHONG %" Bt 17— A siig 21 3 1 6 1% -
23 6] 5k 22 W 4% (spectral-spatial residual network,
SSRN) , i 2 44 7 Ol 13 4% 22 B R0 23 ] 4% 22 Mok 42
O 3% 45 AF Fi 2 (8] FRAE . WANG S50 42— 4
vty ) I L PR H % A 09 6 %25 8] 45 R (fast dense
spectral-spatial convolution, FDSSC) HE 22, 8 i1 44
ARG PL R % A P g gh 4 e HSTrpf
By O 1% R AR AN 2SR KR AE. 32 DBMA (double-
branch multi-attention mechanism network, DB-
MAY g K, LT AR T —Fp A HSI 4>
21 W53 32 R B AL M % (double-branch dual-
attention mechanism network, DBDA) , i F§ 2 4> 4%
353 o 4 B % R S [ RRAE L R AR X 2 A4 5 b
AR T 2 B 2R AL By i A O LA DR Ok A
1 I 2 S i - 7 VR 151 S S (T -2 el o
24 43 32 b HUR) B O 3k RN 2 E)RE AR @l A SE AT
mk.

T CNN B Sk i 55 3 M 25 19 CNN 72 $2
NG S RN S/ A NP = o VA 1 g vl el O
JF Bt AL 2 A RE B I 25 F R 27 2 R A T R AR . X
TR 2 40 A A RUBE S8 AR 0 W Ik L A% 52 i
T UM 2 45 5 1 AN e A R0 DA A2 4k 5 /) v 42
BURRAE T PR T 4r 28R fE . T T A R R 5
RS HST 43 28 J7 36 AT DA 280 o b 3 ) i
AT AR I A AT DLAR 4l AR A 52 B D0 Bl 25 O A Rk
ZHPIRY RS, T A b B BUCRR AE L X K 2 I R
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I 2 BBl 28 0 24 4 — ) i B R AR TR B B 1R R R
TE JEUIA AR B e 5 59 DB /N . T AR I 45 BLE
e 2 YRR T OGS RS Rl R A R N R
2% O TR R AR B A Bliz B HST 0 FF Ak 42 L
s 2 Al S B BN 2D 51 21 3D,

A SCH TSI A BN 2D 5 E T 3D, I K
3D Al A8 & AU 2 T H AT HSI2» R ACR
4 1) DBDA M 2% i A R HEAR A RIGAE &0 F . A
SCOT LR T A 0 R .

2 HiRRE

2.1 DBDAB%RE

DBDA R &1 B — Ff 3£ F DenseNet Hl 3D-
CNN 1 v 3] 35 HE S8 1 3L 43 32 A 75 7 BILAH R 4%, %o
F R e BRI GRE AR B A R F .
Mg R ERES T REE, BAR T A RN
PEfE. DBDA A8 2 440 3 ik 4 3R 25 (8] 43 32
A3 EE HST A 8 19 R 0 3 s () 4R AE . 9 HL
FEIX 2 4332 140 N0 T O % e 7 B D 2 ) 1
Yook 20 A AR Ak £ By R AE 1B i i B R T
FEREENCEW . SMESRRETHEEEEN
BF . e K A5 B0 0 63 R AF BRI 25 (8] K¢ AF B i 17
Al A is BT R A R . 4 ORI A A 6
TE B B0 6 1% 43 S R 23 [B) T R B A 2 ) 43 3 oK
T,

TEIE 5 30 B S AR/ 9 X9 X200 ()
FRAE ] B A 1 X1 X7 K/ 3D-CNN 2., 1] T
KRR E R (1.1,2) .45 (9 X 9X97,24) K/
B AR AE TS 3XRE MR E 2 SR T R U B B
G, 43t 3D-CNN 5 BN 56 B E GGk, %4
i H i A 3D-CNN A7 12 A3l 18 . & B K/
HIXIXT, L EENE Y Z G, FRAE E A
B BOME] T 60,3515 T K/ KH9X9X97,60) By 4
fEE ., T RGP EBZE KN R 1XTXIT I
3D-CNN ZJ5 , A B (9 X 9X 1,60) FR1E B . 4R, X
60 /™ 38 38 X 43 2 1 BT Bk R [F] 0 A T Ak T R
fiE PR 5 e T MOk S A S B ALE , 551k
TCHE BRARCE . 7 4ot 6k i B B 3k A8 Bt 1%
FHAEIE S 0 A BN 21 Dropout J2 306 1 88 B8 £
PERTEIRGE LE . E .l 2Rk 2 L 4 E
1X60 K/NE g RFAE R .

[ B K 9 X9 X200 /N 1 T 46 5 1iE I 4 A3
23 [8) 43 32 . W) iR 3D-CNN JZ i K/ E N 1 X1 X
20, Af LK% A 46 ) 1 48, SR 5 3 3 (9 X9 X 1,
20 K/NIFRIEE . SR )5 . Zad i 3D-CNN F1 BN &%
G A A B, 2 4 s R b 9 A 3D-CNN A
12 ANIE, BRER/ANR 3X3X T, #TFREL
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B A 23 B BB /N Ry (9 X9 X1, 60) (R HFAIE & i
A B 7S [ g e, FL 25 N B e AR R &R
BAEAT AL, 45 2] 5 H X 50 19 25 B REAE . AE /3K
AL 2 [ FRAE I 2 )5 2853 — 4~ BN JZ Al Drop-
out 2, R i FE e MM e i LA . s,
o 4 e Y AR 2 A5 B 1X60 KN ZS [ AR E

FI ik 43 52 A2 (] 43 32 0T LA AS 3] 22 1 5% 15 4
TE RN 25 (8] FR AF B . SR G 76 2 4R AE 2 R) AT
LA 75025, I dl ot 2 )Z M softmax LT
2.2 OLESBR

1% 55 1) 4 U 3 8 2 [ RS e R/, 44
W 3X3,5X 5,7 X7 %, % A FIE AR EE 22 e 47 7
] 7 A9 St B 32 AT A R B T 6 g A REAE TR (Y ]
B VAT R AR WAk 2 DL E W B AT ik, X
BE R PE 25 X 5 AF 2 8O A B 3 R 2, ) 0 [A] —
CNN JZ P (1 T A 3005 B o0 1 8% 2 B RH & —FE 1
AN [] B A7 8 AT e % 7 25 AN [R) R B Bl 48 T2 19 4 44
X T ELRE 05 B Sh A B RO ol R A2 B I RN, T
I BB M Dk — AN F B AR e
GREHREREAR — U LS T — 1
] 40 XS R BE 7E I R A2 b i R B4R K
M

2D [ AR R L R g g R AN E 1 s . 5
FR e B L, AT AR I 36 BN 4 B v A A SRR A
A AR BE T — A O B8 AR B, W] LUAR BE AR N 4
HEAT Bl A VAR AT 35 AN [3) P 44 i 0 R L RN 45 L
A, W] AR 4 B A 25 02 0l 0t — A B L2 R
5. 26 HZ B S 8 E B A bR
25 RSTFnfan A B9 R Ak RS — 30, A= i 1A 4
2N 4350 6 97 S5 46 i o R AE RN RS AR AE . X 2 N
TR 3 3 WL P A L 1) 4% 96 A0k TR e 2 T
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Fig. 1 The structure of the deformable

2D convolutional network
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A AR A R AR R AL B A — BB 2 2 R0,
LR A 7] — A3 18 AT 00, 8 e A AR R AR
PE] A FH IO P % 4 AT R A SRS T AT A B
R RE LT IR HF I KN 5k
R={(—1,— 1D, (—1,0),+,0,D,(1, D}, (D

XTTFE R A AR I B AL po s il TR
Gk AT IR H R Ny

y(po) = D w(p) « 2(po+ p)s (2)

b, €N

K, p, Xt A v BT A A B RO

TE A AR I A4 BRI 24 B B A vl i R A R ) D A
I — A m B ' ATk . R RE AL B po E
RN :

y(p) = D w(p) « x(po+ po+Ap). (3)

P, ER
IAE  RAE B AL B AL BT AL E L Ap, b i
FERE I . th TS i Ap, 38 2 /N, PR kg 2 38 2o 3L
L VAR (TR UEA T 9230 Fak =l
2(p) = D\G(g.p) » 2(@). 4

2.3 TILHEBRM 2D 3| 3D IS |1

RIS 4 B L 2 4EAY, 3D 1l AR JE 4 AL (de-
formable 3D convolution, D3D)M ¥ o] 45 I % F3 F
3D-CNN filt & 78 — 2 . ATl i & 42 7+ 7 CNNs (19 JE
AR ARRE J1 . D3D Al3E 3 AT 4 2] 9 A2 AR ok P K
25 ) 7 B, Hegh M A& 2 frR s K/ CX DX
HXW By AFFIE R S K/ANR 3 X3 X3 i 3D-
CNN, DA i K /N 2N X DX H X W # 1 # 5 1k

Channel:C -»2N

L,
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Fig. 2 The structure of the deformable

3D convolutional network



5 B 1ESE . PR T AR Y A B OB IR R S R R

(L C.2N R K/N.D g 3 AR B R H
MEELW RS . W HEE 4R B 2N AN H.
X E(E AR D3D SRAE A% AR A (R B N 56
K ND . XHE N=27 J&RFE RS KN SR KT
2 5] WA AL B AF T 3D-CNIN SR FE B 4% 119 28 L LU
Az D3D SRAE A . e m il D3D SR A o
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L H Ap, AR T 32X 32X 3 5 LR AL R A%
B o ANMEW W ES . H T i A% A2 3l R R /N BT L
et ] BUZke AP A 1 0K A NS B 9 (B
2.4 SBSETLHEBEIRA DBDA HiE

W 3E 1 2D 5 3D A5 B — Al A 1 R
B BT FRAE B2 B0, AS BB AR 95 R Y B 41 R AR
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P 3 VL HE T - B 08 T 47 b B B RUR B R AE

AI AR TR A BUE 5 #0E 2D 25 Ak B AT, o T
Al AR I 45 B s 3 e O 0 1 R R R L AR SO ] AR
BN 2D 515 T 3D, 34 3D il A5 1 4% Flis
2T H E G BRSO R B S 3L
B HLHIM 2 DBDA v, [ 3 S A SCT7 I M 4% 45 4
&, 78 DBDA W24 () 3 filh 5] AT 3D o 4 JE 5 #1L,
DBDA W& ¥R IRl 208 2. 1 95 FhAg 15 38 6 7 4R
B 43 500 i A B 4 SR S (8] S DA SR BBOG 1 AR
i RN 25 o] R AR S S 05 0 2 A 43 3 B 3R B O
T REAE RN 23 [A) RRAE Rl G s B AT 40 25, 6l o
Y 3T 3D Tl AFJE & BUAT DenseNet [9 % £ )6 i
P Olalk 1 2 e S5 20 i, 25 18] 43 3 3T 3D mf AR JB
& TR DenseNet [ % 4E 25 [A] Ht | 25 [A] i 2 B 5 41
. BIAT 3D A4S JE 4 B DBDA W 2% fig 55 47 b
PRI O 15 T AR 1 D 3 R s [a) REAIE S AT 48 55 43
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Fig.3 Network structure of the method in this paper
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3.1 HESERR
ARICAE 2 AW ek A JF 8 45 b7 TS,
Rl Indian Pines(IP) %t 45 I Botswana(BS) $({E£E .

s

o

KAk B (overall accuracy, OA) 85 (av-
erage accuracy. AA) il Kappa 2 8 3 /44 b5 6 4 %
PEREHEAT E VA . OA FEIY R IEM 3 KM EE S
BN R G 2 BB LA AA F8 BT A 28 50 0 S 24 o
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Indian Pines(IP) %45 5 « i #L 4k o] ¥ 20 4h i 2
FEREAL CAVIRIS) F 1992 4F X 3 [ B 45 22 4 I — e
EREAA B HEAT AR R AT 16 A5, R T
145X 145 pixels, /3% K 20 m/pixels, 1 200 4~
HOAE AL B Y 0. 42,5 e,

Botswana (B #¥5 & . h Z B FH fH EO-1 1
BT 2001—2004 4 7F Botswana 3£ 8 1 — 2 %1 %k
P ALHE 14 A AT 35 2800 R RSy 1475X 256
pixels, 23 PEH N 30 m/pixels, f1 145 A GIEH 4 AL .
WG 0.4—2.5 pm,

A SO 7 vk R S A U SRR A R AT BRI
BT DR R AP BE L BRI 76 5258 v I 2R AR R
UEREAS (4 /N BB TR B/ NI K P % T TP A BS
Bt 4R B85 8 300 N ZRREA /N, 3 06 1 B IEFE A
KN HARREA IR
3.2 XHRE

R T B UEAS SO VR A R SEB R LG T HA 4
Py vk A TR B 2% 2 ) CDCNNE- | SSRN'
FDSSCH i H iy He 4 e ik 1) DBDAMY - i 43 5 56 4
FEHBC & T 16GB P £ fl NVIDIA GeForce RTX
1080Ti GPU ] —F 5 L#h47. I f#H] PyTorch
SEPTAT BT IR e 2 W o A . TR R 43 S X
3R Ty AT TR B A

CDCNN: #:F 2D-CNN FI ResNet, iy A i) /)N
5 X5 X b Ho b R G ig iy EL.

SSRN: #£F 3D-CNN #1 ResNet, #ij A 1) K/
R TXTXb,
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FDSSC: % F 3D-CNN HI DenseNet, i A i K
N IOXIXDb,

DBDA : 5 F 3D-CNN, DenseNet Fl— > 7F & /1
BLH L H A RN A 9 X9 XD,

SEH BT AT O A A B O N Bl 16, (4K
#RE R Adam, 22 2] R E S 0.000 5, IR F R %R
KSR S R, KT RARAE M 8. %
PR B B A 150, 78 I S 72 w1 5 26 5 56 F 4
MR R Y A R AR A M A R — B )k A
SRAE B RN
3.3 XHER
3.3.1 IPHFEEMHSELER

1 AR IELE TP B F g ) 1
i I AR M B FRLR SRR . R 1 W)
DA A SCEE I W 158 8 T R AR S KA R
OA H795.63%,AA g 94.51% ,Kappa & 0. 948 9,
CDCNN #4328 B Fe ik, OA {Xh 71, 01%, ARy
CDCNN Z 5T 2DCNN, i FUIZRFEA A R, B 2% 25
ML 55 . FDSSC T4 1 % 46 % 4 AU | & i
$2 . HL 23 )42 BOYG 3% R7 AF A0 23 (R RRAE . 55 SSRN A He
7 OA KA T 0. 58% 4 I+, % T FDSSC,
DBDA 42 8 2 Al 57 43 3 1 56 3% A 28 (B R4 5 51
ATERE HHLH . 5 FDSSC M. OA 4255 1 0.53%.
A HEHFIIAT 3D K ER, 5 DBDA #]
b OA #2857 0.23% AA #2535 T 0. 21% ,Kappa $#
=T 0.0014,

R EAINIIGRERN IPHIBENSRER
Tab.1 The categorized results for the IP dataset with 3% training samples

Class CDCNN SSRN FDSSC DBDA Proposed

1 16. 94 88. 28 85. 42 96. 64 96.71

2 64. 07 93. 25 97.2 94. 21 94. 39

3 53. 43 92. 09 94. 45 94. 30 94. 27

4 54. 96 90. 03 100. 00 94. 41 94. 85

5 90. 89 97. 34 100. 00 98. 55 98. 83

6 88. 83 98. 74 100. 00 98. 81 98. 87

7 42. 06 81. 40 75.53 84. 43 84.77

8 92. 28 99. 84 99. 78 100. 00 100. 00

9 43. 44 90. 54 100. 00 83. 78 83. 85

10 64. 71 87. 68 89. 25 92. 05 92.50

1 71.25 94. 83 93. 97 96. 03 96. 12

12 40. 42 94. 08 95. 41 92. 48 92. 36

13 88. 55 99. 20 100. 00 98, 67 98. 80

14 87. 95 96. 89 93. 14 97. 00 97.24

15 73. 69 94.84 90. 61 93. 83 94.13

16 90. 64 96. 90 96. 55 93.79 94. 07
OA 71,01+ 1. 59 94,2941, 19 94,8741, 22 95.40+1. 10 95.63+1.08
AA 68. 38+ 2. 45 93.50+1. 18 94.3341. 25 94.30+1. 76 94.51+1.66

Kappa  0.6684%+0.019  0.934940.014

0.941440.018

0.9475%+0.013 0.9489+0.012
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3.3.2 DBSHEBEEM S ELER

% 2 NARTIIEAE BS Blnde B eah R 1
g — P I B A SR B LA R R . I 2 ]
PAT AR SCHR A 7R A5 3 T AR e e 4R .
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OA H798.45% , AA Hy 98.52% ,Kappa 3} 0. 9819,
o BS MU EMR /N, BA 3248 MRicFEAS ik
P OT MREARNE R INGRAE 97 MREAME N RIESE ., R
ot . AR 3¢ B 5 DBDA M . OA 2 FF

F2 EA3I%IIGHEER BS HBENSELER
Tab.2 The categorized results for the BS dataset with 3% training samples

Class CDCNN SSRN FDSSC DBDA Proposed
1 97.33 99.50 99. 49 99. 15 99. 33
2 90. 18 99.19 99. 70 99.90 99. 90
3 89. 94 99. 87 100. 00 100. 00 100. 00
4 92.55 98. 32 96. 48 96. 54 97.77
5 88.13 93.32 92.69 92. 36 92.73
6 76. 87 92. 36 96. 27 93. 28 93.21
7 99. 50 100. 00 100. 00 100. 00 100. 00
8 91. 39 97.74 98. 11 99. 44 99. 52
9 85. 54 95.10 99. 32 99. 90 99. 85
10 93.62 96. 32 99.50 99.08 99. 22
11 91. 82 99.93 99. 53 99. 90 99.90
12 89. 97 99. 23 99. 94 99. 83 99.91
13 95.31 99. 08 97. 84 99. 96 100. 00
14 89. 21 100. 00 100. 00 100. 00 100. 00
OA 90.17+1.10 97.41+1.19 98.2040. 86 98.30+0. 61 98.4510.63
AA 90.8141. 32 97.85%40. 88 98.4940. 66 98.52+0.52 98.52+0. 54
Kappa 0.8934740.012 0.9719240.013 0.98052£0.009 0.9816£0.007 0.9819%0. 007

T 0. 1526 . A 3CT5 v il S A5 250 b 32 O 335 R 2 ] 4
ik

4 £ it

ASCEE T — A BT 3D W] AR Y A LY G i
PG 5y 251 18 DBDA M8 g5y b, 5] A T 3D 7f
G AR BURAAE . 53 1 2D A1 3D & BUR 2
RN A B B JBURR AIE S AN RE 345 17 TR 1) A2 A, AT A2
S STEI VN T2 S AP NE I T3 SNLIRVY i3 K
RS2 P 15 D0 A HE R B L O G 4R R R AR AR . T
A AR A B R 2 ERY A SOR TR TE B U 2D
SRR T 3D, i HAE 4% 5z B w0l 1 18145 /Y 45 AE 32
BUE, s R AR AARNELT. 5
FOAB TUAP 305 AR LE L AR SCT5 vk RE 6 T A A0 3t 2 1T
T R B DG 38 A A (AR AIE 153 2 B FE Y Jr SEPERE
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