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Fig. 1  Different spatial distribution scenarios of target pixel
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Fig. 5 The structure of the proposed multi-directional adaptive aware network
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A A 79242 5 1 0.52%—6.89%,  [R]B  vfE 22
W/ANTHAL 2, FP MDAAN ZEAS RV 2R A %
PR HERETE MRS . AH H ZTE A5 A B DRCNN,
ATy 6 Nk S B FUES AT, o AR
J7 1) 43 e B YRR IE R B 5, BEALRE | e
Ho A, A BT IR A BRAEAS N 195328
PERE. AN, MDAANTE 7425 34935 3 B ok
B, AE 3G SRS

R2 AEAEEIPHBEELNSEER

Table 2 Classification results of different methods on IP dataset

1%
25 SSRN FDSSC HybridSN DRCNN MSRN_B DBDA FreeNet MDAAN
1 85.6+9.75 47.2+34.65 82.0+£7.8 64.8+13.95 89.6+13.29 84.0£12.59 89.6£9.75 82.4+10.31
2 95.74+2.22 95.86+1.15 91.58+2.46 884+2.18 94.97+2.41 924+5.61 95.5+2.93 96.45+1.94
3 95.43+2.35 94.05+4.42 88.63+6.15 88.3+4.83 94.02+2.32 92.95+2.03 93.41+3.52 95.96+1.21
4 95.16+4.85 95.25+7.7 88.31+11.43 84.93+6.0 97.26+2.65 92.88+6.3 97.9+2.34 99.27+1.03
5 96.79+1.32 94.69+1.51 93.96+1.78 94.56+3.9 94.95+2.07 93.36+1.23 95.42+2.49 96.02+2.51
6 99.32+0.5 99.12+0.64 96.55+1.76 98.2+0.95 96.32+2.93 97.97+0.58 97.4+1.72 98.77+0.77
7 93.04+5.9 40.0+20.83 92.17+1043 86.09+11.14 81.74+2047 77.39+26.29 92.17+10.43 95.65+4.76
8 99.96+0.09 100.0£0.0 99.87+0.26 99.35+1.1 100.0£0.0 99.52+0.56 99.13+1.22 99.91+0.17
9 44.44+26.76 0.0+0.0 53.33+22.39 444442534 41.11+33.44 76.67+9.56 58.89+19.12 72.22+26.06
10 94.92+2.15 95.03+2.38 93.42+2.03 80.81+2.78 95.4+2.79 96.15+1.36 96.24+2.04 96.2442.43
11 97.92+1.58 98.32+1.21 97.48+1.64 92.04+1.64 97.75+1.85 97.34+0.64 98.46+0.86 99.02+0.68
12 96.01+0.87 96.53+0.86 86.84+2.05 76.91+2.06 85.69+6.08 92.71+1.69 95.76+1.52 95.24+2.88
13 99.29+0.76 98.48+1.5 97.07+4.41 96.06+4.08 97.58+3.63 98.48+2.09 94.75+6.18 98.08+2.36
14 99.62+0.33 99.13+0.42 98.36+1.19 96.35+0.68 99.18+0.6 98.77+0.61 98.98+0.97 99.44+0.39
15 97.2+3.03 94.57+6.81 96.47+3.05 80.39+8.2 98.26+1.54 96.92+2.68 98.71+1.5 98.88+1.97
16 97.98+2.4 96.63+1.59 91.46+10.93 96.85+2.79 96.63+3.1 98.43+1.35 94.38+4.61 95.51+4.66
OA 97.15+0.49 96.48+0.88 94.45+0.94 90.88+0.63 95.99+0.98 95.82+1.06 96.9+0.67 97.67+044
AA 93.03+0.9 84.05+3.92 90.47+2.52 86.09+2.13 91.28+2.73 92.87+2.86 93.54+1.77 94.94+2.05
Kappa 96.75+0.56 95.99+1.0 93.67+1.08 86.09+2.13 9543+1.12 95.23+1.21 96.47+0.76 97.35+0.51
T BRI 5 %0 SRICHEAAE I N G5Bt . RPN S SRR BE AT S R B o O DL 20 N
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Fig. 6 Classification maps obtained by different methods for the IP datasets
332 UPHIEE 333 KSC#iESE

F 3 NARFIIETE UP Y T BUE 7 A
A8 AR 0 S D0RT BE RO RS B [ A DU R R
RIZesil o AT MEAKS BESR R, ARSI
MDAANZEOA . AA. Kappa 2503 &b 13545
AELER, o OA RS T 99.4%+0.18%, AHLLIL
5 42 T 0.49%—7.31%; M EA—2E 5% F,
MDAAN X i 4 28 5] B R 5 iff 2R A ) 95% ,
HLE 4285 T BUS e L sk DORS B

7 2 UP BHE A i BOR (2 5145 . i) L0 LA
R T3 2R 42 RG] . B0 o sini &
MDAAN [ 432 [ %40 Jo R AR 20 5 X 2 BE 4 {145
PRGNSR N Eee iRk SRS R E I W
i . HA7E Gravel Fl Bricks2 25 I B HER R )40 5
BAESE BT IUE . UP s 8 10 45 5 78 7
MDAAN fg 1 b 534 52 2% B3k T 3 55%

% 4 WIRAN[E I B 7E KSC 37 56 T I0BUE 43 25ks
B, RN TE R 0 SR P0RS BE RN OURS B LU R R
Rk 2 o AR SCHE A MDAAN 7E7E OA . AA,
Kappa R0 3 MRN8 L35k Bl e ki, Hob
OA KB T 99.64%+0.25%, AL H A )r 4w T
0.43%—5.48% . MHIHIKGEARTF, MDAANTE 11
AN P AR mORE . b, fE 7 AN S
100% HERRTR 5 o

KSC 4 46 i B (L BRUR . i B DL R 4%
FlOs 2 00 4 o0 28 45 L 0L 1K) 8. 5 B fE &5 R — 5,
MDAAN 5B F @ EGH —BEfm . 3 AR
Pate LRSI R, DLy i g @R R Jr )
1) JRy i 4 [ 25 K A Bh T b o8 E Tk, Rk
TE N A XA AR AR, A A R 28 R Y M ) o A
T REARAFUEAS FTAE A A A R A B
Wk



XM A5 BET 207 1] FLIE N SRR I 265 11 e D' i e SRR 1R 53 26 177
£33 AEFEEUPHEBE WS EER
Table 3 Classification results of different methods on UP datasets
1%

2551 SSRN FDSSC HybridSN DRCNN MSRN_B DBDA FreeNet MDAAN
1 99.21£1.07 99.15+0.63 98.55+0.68 90.89+3.55 99.3+0.48 98.46+0.43 98.35+0.85 99.85+0.25
2 99.42+0.6 99.96+0.08 99.93+0.1 98.66+1.18 99.87+0.16 99.73+0.2 99.75+0.31 99.87+0.14
3 91.08+7.32 92.79+5.07 85.49+2.63 63.73+5.66 94.31£3.18 85.82+5.35 95.39+4.4 98.45+1.54

4 97.38+1.42 96.71+1.31 92.17+£2.96 92.37+2.72 95.9+0.66 93.59+1.18 93.68+0.97 95.3+0.84

5 99.98+0.03 99.85+0.2 99.39+0.42 98.97+0.78 99.15+1.1 99.56+0.25 100.0+£0.0 99.97+0.06

6 98.23+1.44 99.95+0.11 98.83+1.05 94.37+2.46 98.91£1.29 99.51+0.39 99.98+0.04 99.95+0.1

7 97.73+2.41 100.0+0.0 92.93+6.82 62.12+18.21 98.79+0.84 98.28+1.09 99.45+0.56 99.78+0.23
8 92.48+8.21 96.41+1.82 92.63+1.58 81.02+12.47 98.74+1.1 95.44+0.45 98.18+1.34 99.66+0.28

9 99.98+0.04 98.53+0.46 83.54+10.67 96.46+3.09 96.14+1.64 99.55+0.59 96.98+2.63 97.0+0.91
OA 98.07+0.64 98.91+0.23 97.1+0.5 92.09+1.38 98.88+0.22 97.96+0.39 98.71+0.36 99.4+0.18
AA 97.28+0.72 98.15+0.52 93.72+1.64 86.51+2.28 97.9+0.27 96.66+0.76 97.97+0.45 98.87+0.39
Kappa 97.45+0.85 98.55+0.31 96.14+0.67 89.5+1.82 98.51+0.29 97.3+0.51 98.29+0.47 99.2+0.24
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Fig. 7  Classification maps obtained by different methods for the UP datasets
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Table 4 Classification results of different methods on KSC datasets

1%

eyl SSRN FDSSC HybridSN DRCNN MSRN_B DBDA FreeNet MDAAN
1 99.47+0.57 100.0£0.0 97734233 98.82+1.04 99.94+0.11 99.97+0.06 99.5+1.01 99.3+1.2
2 94.71%7.29 94.45%9.06 82.64+12.48 89.69+9.61 92.78+10.78 89.25+4.14 93.39+7.57 96.83£2.94

3 99.33+0.97 99.83+0.33 97.5+3.61 95.42+4.31 98.67+1.89 92.75+7.56 99.83+0.2 100.0+0.0
4 90.85£10.03 71.95+19.56 77.29+4.06 51.1949.56 91.19+8.12 75.25+10.28 95.76+4.73 98.14+2.15
5 85.6+15.39 63.2+29.44 81.47£10.79 54.0+15.63 85.73+7.33 80.53+3.25 99.87+0.27 99.47+1.07
6 95.79+4.62 98.6+2.17 90.75+4.35 94.95+4.99 96.07+4.79 94.86+2.63 99.35+1.31 99.91+0.19
7 88.25+16.23 87.01+152 98.97+2.06 95.05+8.44 99.59+0.82 95.67+7.15 100.0£0.0 100.0£0.0
8 99.55+0.55 99.41+1.19 94212441 97.18+1.02 98.2243.56 96.49+4.11 98.3743.15 99.95+0.1
9 99.47+1.07 100.0£0.0 98.77+1.76 99.96+0.08 99.96+0.08 98.57+2.57 100.0£0.0 100.0£0.0
10 99.89+0.21 100.0£0.0 96.67+4.05 97.72+2.06 100.0£0.0 95714533 99.63+0.74 100.0£0.0
11 99.9+0.12 99.69+0.37 99.49+0.48 99.29+0.71 100.0£0.0 99.19+0.98 100.0£0.0 100.0£0.0
12 97.45+3.02 98.98+1.26 96.52+1.98 94.78+1.69 98.6+2.4 98.6+2.06 99.96+0.08 100.0£0.0
13 100.0£0.0 100.0£0.0 100.0£0.0 100.0£0.0 100.0£0.0 100.0£0.0 100.0£0.0 100.0£0.0
0A 97.99+1.35 96.76+1.25 95.41+0.87 94.06+0.59 98.26+0.54 96.07+1.25 99.210.65 99.64+0.25
AA 96.17+3.11 93.32+2.77 93.23+1.73 89.85+1.14 96.9820.66 93.6+1.54 98.9+0.92 9951033
Kappa 97.76x1.5 96.39+1.39 94.88+097 93.38+0.66 98.06+0.6 95.62+1.39 99.12+0.73 99.59+0.28
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Fig. 8 Classification maps obtained by different methods for the KSC datasets
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Fig. 9 Comparison of classification performance of different datasets under different numbers of training samples
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Table 5 Comparison of running times and parameter numbers between different methods

o 1P up KSC I
YLkt ] /s IR [ /s YIZRI ]/ IR [l /s YIZRI ]/ IR [ /s

SSRN 16.84 0.76 6.96 1.92 8.97 0.32 0.36
FDSSC 83.03 0.94 106.04 3.30 70.90 0.57 1.23
HybridSN 17.40 0.57 7.37 1.43 6.48 0.17 5.12
DRCNN 48.50 0.67 16.14 1.84 22.90 0.29 8.6
MSRN_B 7.56 0.33 5.78 1.42 5.18 0.16 0.14
DBDA 50.46 2.08 26.80 5.38 28.08 0.88 0.61
FreeNet 19.39 0.02 132.30 0.08 173.92 0.17 2.65
MDAAN 30.42 0.02 161.22 0.10 389.60 0.19 0.04
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Table 6 Comparison of classification performance of different convolution modules

1%
P UuP KSC
R
0A AA Kappa 0OA AA Kappa 0OA AA Kappa
M E A (U) 94.01 88.30 93.17 97.28 94.54 96.39 97.00 95.04 96.66
Mg (D) 95.01 87.50 94.32 97.90 96.02 97.21 96.93 95.01 96.58
[UiEES A 94.14 86.84 93.32 95.81 91.84 94.42 97.76 96.64 97.50
M (R) 95.90 91.69 95.33 98.01 95.97 97.36 96.96 94..51 96.60
M FL(NW) 92.28 83.92 91.19 94.13 88.63 92.16 95.63 93.24 95.13
M £ F(NE) 93.86 89.33 93.01 96.19 92.82 94.94 95.33 91.60 94.80
M ET A (SW) 93.31 83.64 92.37 94.59 89.74 92.80 96.22 94.49 95.79
Mg A (SE) 94.61 87.22 93.85 97.62 95.20 96.84 93.31 83.64 92.37
AR 95.76 90.72 95.17 97.64 95.45 96.87 97.59 96.11 97.31
R BB 97.23 93.46 96.84 99.22 98.34 98.96 99.36 98.94 99.29
Z )7 95.87 90.01 95.30 97.90 95.90 97.22 98.44 97.23 98.26
ZIG o £ 07 97.54 93.87 97.15 99.30 98.48 99.08 99.42 98.98 99.36

T MR L0 SR

XPFIPHUPEHEEE, T (D) Mg &M
R T L (U) MEER, £ (R) MEEH
M ZPEREIL T2 (L) ME S, # G
ZHmMER; 52Z2—%, T (D) MES54H (R)
ME RSN REME (SE) BRI 1T
HoAth 3> 04 fA 7T AR X T KSC B iE %, b
(U) ME BB ERMET T (D) M5
L A (L) MBS KR4 (R) M
WHERMERER;, 52 —%, T HRMRTE
MAPEdL (NW) il HERAPE R (SW) & 45
TR 0 20k B 0 AR AR IR KSE7 B A 4R AL (NE)
M & E PG (SE) ME G, Lk R R
ANTR] (R B i 56 A7 AE AN TR (9 25 [E] A3 A i 1), BEE IE
B 1) 25 (] 7 1] R AR AR T 5 MG AU 2% )RR
F T 056 JC A5 RO S 1 2 (Rl A A ey, A
VAR Ty ) 24 2 B 1A TE—, R R4t
SRR ZS R R A E I A R TR 23 1)
T A BEMARAS FHE T M B RAERE S . I
REE TN BT 2 B0 T 2515 53 B 2 07 1 B AR 1
GELEE R O, DAY B AR R R ATy

T [ 32 17 SRR ) A B
344 FHEBENBRMERHERIES

ASCHEH B DAAM HA 240 s HE . (1) X
ANE DT 1) 0 AE BT A 8CRAE s (2) WHaRFE DT
OFEPSEHESERENE NP SE S DOl sh 37 22
ARSI T I T il S 56 55 IE DA AM A5 R B A4 (1)
AR, BARME, 76207 5 B AR D71
XT DAAM A & (1) Z2 7 [0 4y 4 ¥ (BT L3R m . 4R
P X LU SR s L B A T T ) ML) v 28 i ) 4 Jmy 3
(Bt Ak SR M A T I A X b, HAR R S5 4 & 10
FIFR o EIE ) OC R @RI T, 5 R R T ) Y
ANFEGEE (G N) . ANFEJT A AHREE
e . AR D7 2 A E A (7 ] N AR ][]
DLECORTA @A GEIAR) $E7 )RR, Xt
P A ZE RGN 11 frR o Horp, S8 ] 5 R AR
FER HL % DL —4E CNN X i 26 /R ) g A 740 356
R, W% R TR Dy . RS
5, BCOAMEAE MRS Ar, 4R kT
Fim



XU A5« HET 2275 i 1 38 ISR 190 2% 1 e D't 1 S P 1R 0 26 181

PREEC R BAHLE — 2, XFIP Al UP Bdi4E

| W ] 4 LepP* s * " o e .
ﬁ Reshape Conv1x3 ﬁ Reshape Conv3x1
U U

—
Group AvgPool

FIH 2205 0] 43 2 ¥R L Bl 4 Je 4 8% e 3R A5 3
18 2R 17 X RE UG T 4F iy 40 8 PERE s X KSC £k
g, AR LAY 4 2 gl b A T 4%
XoF 3 1A AT 42 SR MR Ak B SR W 5 K 2 0 1) A

(a) ZJ7 WL MEN L PEGE b A4 Ry (B0 FLBR G REAE 3 84 [
(a) Multi—directional grouped average contrast ﬁﬂaaﬁ% & 4G} ﬁ;@*ﬁt E , %% Eﬁ 71: 3'e ;J:/_\Eé H_ll E"J poe ﬁ E'ZiE il
| TR IR F (A A . R T R PR — 3
Lg *l*g S TP A KSC U 4E , 2 180 18 7 1) & ME 1 06 Z
g s - é}?éz RS P T3 ) B AT G R AR, R R
= 8 i I IR PE TR X UP B, 71 110
RPN HRO O T H A 3 Fh =, 3 T 2R AR B 1
(b) Global average contrast 4275 11 43 LB 6 L EL 20t 4% A 7 1) 7 140 T A5 3
- TS B E, PRI G 2 B B 18y
. 16 ] 1 56 2R 5 Hy e i B

—_—a= 2 5] Wb, R T HE— T O 1 ) S R A
B . & XA HHERE RO . A ST R 2% B B A
§ w [5] B 35 B R BEA TSI AT L o TR 12 45 SR 2 1
AT [ ] 56 B A R O 3 B, 7 3 AN B SE 1Y
Fuo Vi U OA s 47 60 7 3 3 A S [ O 8, )
@ﬂiiiiiﬁmg Sy i TR A SR MR, 7E 3 A BURAE | R4 2k
10 B %ﬁ%s@mmwﬁ%,ﬁga@%@ﬁﬁ@ﬁ
Fig. 10 Different multi-directional information Ity o B 9 S, SN R A AT BRI AT g e

representation strategies AT PERE

1 ] LIT T LT LT T
(a) N (b) F71aj[a]
(a) Intra—directional (b) Inter—directional

/@ Reshape Conv3x3 /@ Conv3x1
D —
G D _—

G .

T T TT] ﬂ’ :
EEE I N N
. L | L]
L] \
(e) F7 I NFITT [ fa] (d) i A
(c) Intra—and inter—directional (d) Inter—channel

BIIT A [ ) e ] 5 28 AR SRS

Fig. 11  Different strategies for modeling inter—channel relationships



182 National Remote Sensing Bulletin i & 54k 2024, 28(1)
x7 FHEBERBEAESRER S
Table 7 Ablation analysis of DAAM
B RN KR 3R (0A%)

Frie iﬁ{g iiﬂ éiﬁzﬁ %iiﬁ J5 T a] JiT N SB[ P UuP KSC
P =i x x x x x x 97.54 99.30 99.42
x x N x x 97.61 99.15  99.11
T R X N x N x x 97.44 98.94  99.45
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Hyperspectral remote sensing image classification based on
multidirectional adaptive aware network

LIU Qian,WU Zebin,XU Yang,ZHENG Peng,ZHENG Shangdong, WEI Zhihui

School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210014, China

Abstract: Hyperspectral remote sensing can realize the simultaneous acquisition of spectral data and spatial images for the observation
scene to satisfy the detection requirements for the composition and morphology of the target object, which is widely used in the fields of
precision agriculture, geological survey, environmental monitoring, biology, and medicine. In recent years, benefiting from the powerful
representation capabilities of spectral-spatial information, the HyperSpectral Image (HSI) classification methods based on convolutional
neural networks have demonstrated superior classification performances to traditional methods. However, the convolutional operation,
performed within fixed square windows following certain rules, encounters difficulties in adapting spectral-spatial feature extraction for
different objects and spatial distributions and introduces irrelevant information from other categories, leading to information diffusion
between different categories and misclassification of edge pixels. This paper proposes a hyperspectral image classification method based on
multidirectional adaptive awareness to address this problem. This method integrates the spatial contextual information of different
neighborhood ranges to improve the local spectral-spatial modeling capability of the model. First, the full-window filter of the regular
convolution is split into side-window filters with different orientations to design the Side-Window Convolution (SWC) acquiring the
directional spectral-spatial features. Therefore, multiple side-window filter kernels of different directions are integrated into a unified
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convolution architecture to construct the spectral-spatial separable multidirectional convolution (S3MDC). The direction-adaptive aware
module (DAAM) is designed to assist SSMDC and build a multidirectional adaptive aware network (MDAAN) with dense connections for
HSI classification. MDAAN can adaptively learn multidirectional spatial-spectral features, improve the representation of complex spectral—
spatial structures, and compensate for the deficiency that SWC only captures spectral-spatial relationships in a single direction. Experiments
were conducted on three public datasets, including Indian Pines, University of Pavia, and Kennedy Space Center. MDAAN achieves the
overall highest classification accuracy of 97.67% (Indian pines, 5%/class), 99.40% (University of Pavia, 1%/class), and 99.64% (Kennedy
Space Center, 5%/class), which is superior to other deep learning methods, verifying the effectiveness of the proposed model. First,
compared with other deep learning methods, MDAAN can provide better classification performance. Second, MDAAN generalizes better
with the small number of training samples to prove the stability of its classification performance. Finally, the ablation analysis of different
convolutional models and DAAM demonstrates the effectiveness and necessity of S3SMDC and the adaptive aware mechanisms for
multidirectional features.

Key words: remote sensing, hyperspectral image, deep learning, multi-directional adaptive awareness, spectral-spatial structure modeling,
spectral-spatial classification
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