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SSCDenseNet: A Spectral-Spatial Convolutional Dense Network for
Hyperspectral Image Classification

LIU Qi-chao,XTAO Liang,LIU Fang,XU Jin-huan
(School of Computer Science and Engineering ,Nanjing University of Science and Technology , Nanjing , Jiangsu 210094 , China )

Abstract: Due to the massive parameters and complex structure ,deep learning networks are usually trained in a long
time with large-scale training samples. In this paper, we propose a spatial-spectral convolutional dense network ( SSC-
DenseNet) which mainly targets limited samples for hyperspectral image classification. Three novel strategies are proposed
to construct the proposed network. First,a spatial-spectral separable convolution method is adopted to make up a hidden layer
unit with a spectral one-dimensional convolutional layer and a spatial two-dimensional convolutional layer ; then the deep net-
work is constructed by stacking multiple units. Second, we use batch normalization before each hidden layer unit to reduce
covariance drift of data and accelerate the network training procedure. Finally,a direct connection between every two units is
adopted to reuse hierarchical features,and solve the problem of gradient vanishing. The comprehensive evaluation of experi-
ments on different datasets such as Indian Pines,Pavia University and Salinas are conducted to show the performance of the
SSCDenseNet, and the results show that the proposed method outperforms several state-of-the-art deep learning based meth-
ods in terms of classification performance,especially under small-scale samples.
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B, P N 0. 99, AR KBS E A 1000.

4.2 SRMRES
4.2.1 Indian Pines #[#E 4

Indian Pines % 4% 4 i ML £ A] WL 21 FF 450 154X
( AVIRIS) 7£ 2 [E EI 58 2 40 M Indian Pines SZ 36 X % 4E
F 5 D B IR 15 2% B 40 5% 220 ANk B, 25 1] 4y
BN 20m, G K/ 145 x 145, F255% 20 K01k
I 7 2 L 30 B S (D BE 'S 104-108,150-163,220)
PEPRT T 19 200 B MBS 42 X S
16 FiCL 1 3L 10366 SEEA.

SCEG R YRR (I IESE DU AR ) B R AR L i)
SR 5% 1% 94% [ LR TS 5 WIRIE I bR
WELVEMTERR, SR 25 S Mt £ 1 h. iR e,
TER) &4 F SSCDenseNet #8555 T SSRN ZEF5 41 OA (AA |
Kappa EARIRFFT 2.69% (10.07% 3.07% , A T
FDSSC 43 542 F+ 0.5% .5.21% 0. 43% , - #H % T 2D-
CNN J% 3D-CNN 27+ %, AxfE & I, A SCE M X T
FDSSC 7E#847 AA TR, MFEFE bR OA LA J% Kap-
pa FIRTFEN. AT, 3 % 4SS B R 7E T SSC-
DenseNet ffi F 1~ 2 51 i AL 38 S0 452 5% o6 5, 78 4 PR 2
PRS- ) - e B L Fe W] T AR ST 3 i 1 2 31
TALA 2 pR BB A 28, 18] 6 J 7R T AR5 4%t Indian
Pines $Hii 4 173 2525 .

L ’
(g) SSCDenseNet

(88.46%) (87.25%) (95.07%) (97.26%) (97.76%)
Corn VAN Comn-notill Trees/Grass
[ Oats || Building-Grass | | Soybeans-no till | Stone-steel Towers

e N5 Indian PinesB i [ A/ 244t 1
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%1 7£ Indian Pines HRE L S%NGHRT AR A ENFEBEE(%)

AR
Sl 2D-CNNEH | 3p-CNN Y SSRNI?7! FDSSC! %) SSCDenseNet
ek | ik | K

Alfalfa 3 1 50 100 =0 97.93 +2.75 | 98.18 +3.63 | 98.36 £2.56 96. 82 +2.37
Corn-notill 72 15 1347 85.15+3.37 | 82.99+5.07 | 93.34+7.53 | 96.57 £2.12 97.32 +1.12
Corn-mintill 42 9 783 79.32+£3.61 | 79.78 £5.57 | 94.10 £3.63 | 95.88 +1.99 96. 88 +2.39
Corn 12 3 219 90.62 +6.91 | 90.58 £2.40 | 95.69 +£7.45 | 97.17 +2.30 96.35 +2.71
Pasture 25 5 467 95.88+1.06 | 95.09 +£1.85 | 98.29 +0.78 | 97.70 +1.01 95.83 +3.58
Trees/ Grass 38 8 701 94.35+2.91 | 93.45+2.17 | 96.81 £1.59 | 98.54 +0.94 99.54 +0. 35
Pasture-mowed 2 1 23 100 =0 98.00 +4.00 | 58.88 +48.12 | 96.42 +7. 14 94.16 +6.23

Hay-windrowed 25 5 459 93.80+1.54 | 93.43+0.20 | 96.68 +1.19 | 99.52 +0.74 100 =0

Oats 1 1 18 40 +48.98 100 =0 0+0 20 £40 100 =0
Soybeans-notill 49 10 909 87.69 +£3.37 | 84.38 £5.06 | 93.34+3.73 | 96.73 £1.56 95.68 +1.96
Soybean-mintill 124 25 2319 86.69 £2.01 | 84.97+1.72 | 94.99 +3.43 | 97.75 £1.40 97.55 +0. 69
Soybean-cleantill 31 7 576 82.27 £6.77 | 79.48 £5.23 | 95.01 +£3.05 | 96.70 £2.37 97.75 1. 15
Wheat 11 3 198 97.20+2.02 | 97.68 +0.51 | 98.52£1.43 | 98.71 =1.41 99. 29 +0. 68
Woods 65 13 1216 | 94.59 £2.24 | 94.35+2.74 | 97.15+2.08 | 98.77 £1.22 99. 31 +0. 28
Building-Grass-Tress-Drives 19 4 357 89.90 £2.81 | 91.15+2.21 | 96.93 +3.01 | 98.73 £0.71 99.05 +1.75
Stone-steelTowers 5 1 89 92.47 £3.05 | 94.24 +2.33 | 94.48 £5.11 | 95.38 +4.03 97.95 +1.81
Overall Accuracy( % ) 88.46 £0.51 | 87.25+1.86 | 95.07 +0.78 | 97.26 =0.49 97.76 0. 18
Average Accuracy (% ) 88.12£3.62 | 91.09 +1.32 | 87.65+3.79 | 92.51 £2.58 97.72 0. 52
Kappa x 100 86.80 £0.59 | 85.41 +£2.14 | 94.38 +0.89 | 97.02 +£0. 56 97.45 +0.20

4.2.2 Pavia University Z[{E&

Pavia University 4 5 2 S 359 0t 2% 118 0t 3% AL
(ROSIS) RAE M I X i ok 1%, e da & 115 AP B,
PAIEFA 0. 43-0. 86 um, 23 (0] 43 HE A 1. 3m, AR
/N 610 x 340. 75 23 B MR P i Be 2 5, e 59 T 1Y 103
AN BAE RS 2 % K e B e A 9 iR
Wy, 3 42776 PR,

SEge I ZRAE IR AR (A A3 L AR AS LE 45 4
BN 1% 1% 98% ,I-[FIEELL OA, AA  Kappa ZE4F ML fE

()P (b) Ground Truth (¢) 2D-CNN

(d) 3D-CNN

WM dEbR. S g R T A 5 K, 45 R AR 2
ERERW] TE ) Z&/F K SSCDenseNet #42T SSRN 1E45
Fr OA (AA Kappa Fr5#FH T 1.54% (1. 19% 2.04% ,
FHES T 2D-CNN % 3D-CNN $2 7t & 2. JL5h, A 38 F
FDSSC, A7 a6 b OA Kappa b4 T}, 2351k
0.14% F10. 18% , T AA # FDSSC {I% 0. 14%. 245K 5,
SSCDenseNet 1EZEHESE 5 FDSSC M HE I (HAH A 42
T BEHE I ER TR B T R TR E ST Pavia
University ZUHR4E I 73 2R 45 0

(e) SSRN (/) FDSSC

(g) SSCDenseNet
(95.35%) (88.69%) (97.54%) (98.94%) (99.08%)

I W | Vicidows | MBS Trecs Gross  IMGHHEEEN  Borosoil  MmBsekn I
F7 RS AFPavia University 508 F Y0254k 1
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£ 2  7£ Pavia University IB&E F 1% I GHEARX T AR HFEN I ERE (%)
PEA R
el 2D-CNN'T | 3D-CNN3) SSRN?7! FDSSC 2] SSCDenseNet
Wk | Bk | I
Asphalt 67 67 | 6497 | 92.72£1.02 | 87.21%3.39 | 99.66+0.24 | 99.22+0.67 | 98.54x1.55
Meadows 187 | 187 | 18275 | 97.14£0.59 | 94.10+2.04 | 98.70 £1.02 | 99.62+0.27 | 99.97 £0.03
Gravel 21 21 | 2057 | 87.91+3.40 | 64.08+6.46 | 93.95+5.15 | 97.54x1.96 | 98.06=1.60
Trees/ Grass 31 31 | 3002 | 99.35+0.90 | 96.82%1.76 | 99.72+0.27 | 99.890.09 | 95.27 +2.01
Metalsheets 14 14| 1317 | 98.92x1.61 | 95.13+4.87 | 99.93x0.08 | 99.29+1.22 | 99.98+0.03
Baresoil 51 SI | 4927 | 97.41£0.77 | 94.07+1.98 | 98.52+2.11 | 99.56+0.48 | 99.63 +0.31
Bitumen 14 14| 1302 | 91.99%4.80 | 58.80+5.37 | 96.84+2.22 | 98.52+2.25 | 98.63+2.50
Bricks 37 37 | 3608 | 88.41+1.07 | 77.11%2.78 | 88.85+5.74 | 94.29x2.27 | 98.83+1.09
Shadows 10 10 927 | 99.41£0.59 | 84.19%4.87 | 99.53+0.55 | 99.7220.23 | 97.52+0.60
Overall Accuracy(% ) 95.35+0.17 | 88.69%1.99 | 97.54+0.58 | 98.94+0.21 | 99.08 +0.35
Average Accuracy(% ) 94.81+0.56 | 83.50+2.14 | 97.30£0.55 | 98.63+0.47 | 98.49 +0.49
Kappa x 100 93.81+0.23 | 84.86+2.72 | 96.740.77 | 98.60+0.28 | 98.78 £0.46

4.2.3 Salinas #[#E&

Salinas FHHEEE LT WL A GG 154X (AVIRIS)
FENFIAR TSI R0 0 L 25 SR A 1 e i B 4
RS & 224 BB, A5 [R50 PN 3. Tm, RNy
512 x217. K5k 20 A 7K PRI SCFIIR AR e L I B (B
R 108-112,150-163 ,224 ) , BEEEFE T 1 204 U B E M5
X X I AR BRI S A el M 16
FiEL RN 54129 PMFRTAEA.

SEa e, YRR Ik S DU AR 43 I R A L i)
SR 1% 1% 98% , I [AIFELL OA, AA, Kappa %54E N
PEREPEMN T bR, B LI R A 5 IR, 45 R B85 7E3R
3z g5 R R, 7E A 45 4 T SSCDenseNet £ % T
FDSSC £ 45 1 OA . AA Kappa F 43 5 #& T+ 1.06% .
0.41% . 1.18% , # % T SSRN 4y %] 32 F} 3.06% .
1.17% 3.4% , 3 A% T 2D-CNN J% 3D-CNN 32 F} i
. B 8 Jg/R T ANRSEXT Salinas #8414 43 45 4L

#R3  7E Salinas HWE L 1% W GHRT AR FEZNDEBE (%)
AR
eS| 2D-CNNP2' | 3D-CNN[ SSRN'?"] FDSSC!20) SSCDenseNet
Ve e |

Brocoli_green_weeds_1 21 21 1967 99.97 £0.04 | 98.80 +1.35 100 £0 100 £0 100 £0

Brocoli_green_weeds_2 38 38 3650 | 99.68 +0.57 | 98.60 +1.23 100 £0 100 £0 100 £0
Fallow 20 20 1936 96.23 £1.19 | 92.97 +4.24 | 98.54 £1.07 | 99.70 +0.37 99.75 +0. 49
Fallow_rough_plow 14 14 1366 97.48 £2.22 | 94.74 +4.11 | 98.39£2.24 | 99.19 +1.21 99. 25 +0. 36
Fallow_smooth 27 27 2624 99.48 £0.22 | 98.26+0.62 | 99.74 £0.12 | 99.87 +0.12 98.03 +1.41
Stubble 40 40 3879 99.49 +£0.73 | 99.35+0.45 | 99.98 +0.01 100 £0 99.91 +0. 16
Celery 36 36 3507 98.96 £0.94 | 97.83 +1.80 | 99.98 £0.02 100 +0 99.97 0. 04
Grapes_untrained 113 113 11045 | 89.55+0.83 | 86.18 +3.79 | 89.21 £5.45 | 97.62 +1.99 97.63 +1.23

Soil_vinyard_develop 63 63 6077 99.66 £0.10 | 99.10+0.67 | 99.78 £0.16 | 99.70 +0. 15 100 +0
Corn_senesced_green_weeds 33 33 3212 91.96 +4.35 91.46 £3.69 98.47 £0. 66 99.59 +0.24 98.22 £2.00

Lettuce_romaine_4wk 11 11 1046 93.93+1.19 | 88.16+6.97 | 97.95+1.86 | 98.01 +1.84 100 +0

Lettuce_romaine_5wk 20 20 1887 98.32+0.60 | 97.25+1.19 | 98.71 £1.55 | 99.48 +0. 69 100 £0

Lettuce_romaine_6wk 10 10 896 98.74 £1.42 | 97.91 £2.49 | 99.12 £1.53 | 99.86 +0.26 100 £0
Lettuce_romaine_7wk 11 11 1048 99.03 £0.56 | 94.83 +4.19 | 99.65 £0.47 | 99.58 +0.47 99.38 +0. 36
Vinyard_untrained 73 73 7122 85.28 £1.33 | 80.34+3.56 | 92.01 £5.82 | 91.03 £3.80 98. 96 +0. 68
Vinyard_vertical _trellis 19 19 1769 99.56 £0.25 98.42 £1.57 99.93 £0. 13 100 =0 99.23 +£0. 81
Overall Accuracy( % ) 94.72 £0.63 | 92.50 +1.81 | 96.03 £0.69 | 98.03 +0.52 99. 09 +0.17
Average Accuracy( % ) 96.71 £0.58 | 94.64 +1.73 | 98.22£0.30 | 98.98 +0. 18 99.39 +0. 12
Kappa x 100 94.12+0.70 | 91.65+2.02 | 95.58 £0.77 | 97.80 =0.58 98. 98 +0. 18
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(b) Ground Truth (¢) 2D-CNN (d) 3D-CNN

(e) SSRN (f) FDSSC 7 (g) SSCDenseNet

(94.72%) (92.50%) (96.03%) (98.03%) (99.09%)
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—
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4.2.4 WSS AT

SRR 27 20 53k B W SSCPE AR B T A [R] , R 7
FEOPWCSRE TS IL RE R A B 2 HT S U TERE. O T8
TEA AL RIS, L Indian Pines X8 46 ], A1
RITARAL T AN EIE AR IR B B G R 5
MEA R 5 IS AU A A SC R P, A 9 R, il T A
[7) 77 3% B4R /I (Batch Size) DL K8 UK (Epoch) B & A
I7] , A< 3C 8 — 1l FH R A QUCER (Tterations ) /12 4%/~45 2k
S iDLV C R R R

Training Size

Iterations = Epoch {
terations = Lpochs X | =5 1 Size

Horp [« 1308 B HUE. AR 8% 30 8 7 28, 2D-CNNPY
3D-CNN™ SSRN'™ FDSSC'™ 1) & SSCDenseNet J5 3
LB A b 0 2 AR B 43 J O - 2040 ,2550 , 6600
1360 D) f% 1000. Ho g ot A+ 75 A ).

&9 AT, AN [R]UR BE 2 2 J7 1 i U it 2k DA S
B R E A PRV E AR E A 24 7] 3K 3P RO S iE
BT 45 A0 B AR 2 T WSk 3 Y A e L 45 SR Be Ak, il
T OCA TR 1% R e D61 R AE Sy I 45 i A, 43
JeM 2O -4, 29 400 YA S 8 O 4 R AR R B
fife , VR AR SO ik e se e , HLIS S B b

> kmrea|| 201 ° 2 een]|| 2510 —— Voldation oss ~ e Valdoton foss
g . 20 M
\$ e
\ 2 R

05 s
3 05
A\ LN

00

Iterations ¢ 0 ‘““‘I’l lllll )n 55‘“’ 0 et T e Iterations ~ Tterations
(a) 2D-CNN (b) 3D-CNN (¢) SSRN (d) FDSSC (¢) SSCDenseNet

<19 K[AlJriAEIndian PinesBUdin i FIIIZB . Sk R BB A2 AL R

4.3 IMNERTHSEMEEES T

N T b SSCDenseNet fifi 25 Y1 25 A HEAS A 1K
B ) A S E R S0 Ao = 2 S M ) 8 4 In-
dian Pines ,Pavia University [ % Salinas 4351 1%E BUA [R] #1
AU ZRREA BEAT I, 3 [RIRE A5 45 5 5 2D-CNNPY
3D-CNN"' |SSRN'*"' |[FDSSC"** 477 i Bk A7 XF . % F
SRR, A o B B AL R SE 510,15,
2025 PARIEREAVE B INZREE CEREA AN 2, T U
RECEREAR) TR I UEER  FIARFEAAE it
£, IFLL OAME RN 6 b, D S A 5 O ICH:
WI{E S bm 22 A Ry VAN 45 3, AN (] B30 18 %o L 52 26 45
R 10 .

£ Indian Pines $(#a4E I SZ 3G 45 () W, SS-

CDenseNet 7EA [F] ALY ZRAE AR 70 28 M REAL FDSSC
A S, B e A R I . R85 NI A
T 2D-CNN,3D-CNN, SSRN ., FDSSC LJ K #2 H 9y SSC-
DenseNet F{ & 45 2585 B 4 B N 42.28% . 43.70% .
62.61% .68.42% 71.22% , H.Ffi 35 VIl Zr FF A HLAEE AY U
71> SSCDenseNet 432 14 GE AL 342 Wi 14 K. £ Pavia Uni-
versity B35 £E | ) S5 45 5 (b) FEHBH, SSCDenseNet fE
AR ZRAE AR 43 25 g 55 FDSSC LA M SSRN $%
T, RS E X e R W, TR 28 5 M gRE A
NS T 2K BE AR T 3 5 Dy 61. 07% (53.23%
74.96% .76. 15% 77. 89% . |l 7 Salinas ¥4 & | 1Y 52
453 (¢) R W], SSCDenseNet 75 A [a] B 25 AT
Gy IERE REX WAL T b vk RS S NSk
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FEASTS 2% J7 3 19 70 JE K JEE 15 W1y 73 53 9 74.24%

74.80% .86.57% .85.30% 91.64% .

100 100 100
90 90 95
N 80 = 80 N 90
=70 3 =
;}E tLg 70 4&5 85
K00 K K
R 50 -~ 2D-CNN &R 60 —-2D-CNN & 80 -~ 2D-CNN
pic] - 3D-CNN pic) - 3D-CNN pic) - 3D-CNN
-= SSRN 50 -e- SSRN 75 -~ SSRN
40 — FDSSC - FDSSC ) -+ FDSSC
- SSCDenseNet -4~ SSCDenseNet 4 SSCDenseNet
30 40 70 : A . ,
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BEIINGFEA DR
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AN LRREAR AL

BIINGRHEADEL
(b) ()

F10  AFESFEAEA FEARAE R REARC R T RE 153 SR R AR AR
PSR FOR M, IR /R RfEZE . (a)Indian Pines; (b)Pavia University; (c)Salinas

Ph 45 5% 8], SSCDenseNet 7£ A~ [F) £ 4f 4 L A [
FUBSN AR S N Y A B @m0 B0 5, HAE/DN
FUBSNZRREAR R N, A SO R LT B . IL4t,
SSCDenseNet 1A [A] BLAR YI| AR A J5 14 F 19 o0 NG B
AR, R IA SO A R m B .

4.4 BEITHEBES T

NT A BT 3 o Y SSCDenseNet 5 2D-
CNN™" 3D-CNN™' SSRN™' I F FDSSC™ 77 ¥ i1t
ST [E]) , A SCAEGE— R GPU PR T T 3 g k.
SCg b i O & BC & 8 CPU: i7-8700K ., GPU:

GTX1080Ti [N 47 :32GB. 286 v X B 5 4.2 548
[]. A [A] ) 28 A5 R0 A = 20 BE B £E Indian Pines , Pavia
University DL f Salinas $04 7 Il 255 03 1) Bof () 4 5 45
EFR 4 hoax g R R, AR SCHE H ) SSCDenseNet £E X}
LS TR A B s A 2SR RE Y TR B, o EL A /DN 1
TR ) R4 , 78 = 41 356 o 55040 4 b 8 0 3k ek 3] 43 591 A
0. 1s.0. 275 0. 34s. % [&H LPRAG O, BT IR
TR TR T LR KA 5 0, DA I ) 8% 452 70 ) 3 ket
()22 LU Y11 25 B () 2 22, F U AT 3% W], SSCDenseNet H Ay
ARGF () TR R FH A .

R4 FRINEERIESITHE S5 LR E T ( B4L:s)

Indian Pines Pavia University Salinas
8]
U ESE RN eS| I ] eS| RN

2D-CNN2! 29. 61 2.23 25. 46 5.67 26. 47 6. 83
3D-CNNP 26. 16 1.63 21.19 4.55 40. 42 9.38
SSRN'!2¢! 185.78 4.52 173.79 23.92 176. 68 24.36
FDSSC!?"] 111. 62 9.79 70. 12 18. 84 142. 48 42.78
SSCDenseNet 85. 65 0.10 522.55 0.27 467. 61 0.34

5 45E SER R, AR SO A = AL BSR4 R R

A SCEF X NFEATS mo s R 4 KA AR REAS 2
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TR B9/ Fin i i 2 880t 5 (2) sl okl 2 A B2 ot
P BCIR BE W 25, I R 2 B G ] A 7 A % 3 422 , A1 3%
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ARAE B, Yl D K5 4R P T 22 A% I ik 1Y) 28911 .
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BRI B T i R B O 1 G 43 285 v i 2 0 AN 1 A ]
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DenseNet [F)7EZR 732 &, 185 B[R] 328 /N [R] 28 5 k.
ZEA PERE ST M7 6 W : SSCDenseNet J&:—Ff % RE fIL 4 1) =
ik R o . Ja 2k TAE AT 2200 i p e 4% Ak
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2 R TR EMG A 28z AL TR RE R R 24 ) fig
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