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Local Representation Few-Shot Learning for Hyperspecitral
Image Cross-Scene Classification
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(School of Information and Electronics, Beijing Institute of Technology, Beijing 100081, China)

Abstract: In cross-scene classification tasks, most domain adaptation (DA) methods typically focus on transfer tasks
where the source domain data and the target domain data are obtained using the same sensor and share the same land cover
class. However, the adaptive performance is significantly reduced when new classes are present in the target data. More-
over, many hyperspectral image (HSI) classification methods rely on a global representation mechanism, where representa-
tion learning is performed on samples with fixed-size windows, limiting their ability to effectively represent ground object
classes. A framework called local representation few-shot learning (LrFSL) is proposed, which aims to overcome the limita-
tions of global representation ability by constructing a local representation mechanism in few-shot learning. In this proposed
framework, meta-tasks are created for all labeled source domain data and a few labeled target domain data, and scenario
training is performed simultaneously using a meta-learning strategy. Additionally, an Intra-domain local representation
block (ILR-block) is designed to extract semantic information from multiple local representations within each sample. Fur-
thermore, the inter-domain local alignment block (ILA-block) is designed to align cross-domain class-wise distribution,
thereby mitigating the impact of domain shift on few-shot learning. Experimental results on three publicly available HSI da-
tasets demonstrate that the proposed method outperforms state-of-the-art methods by a significant margin.
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Indian Pines 58.01 | 69.38 | 67.47 | 67.09 | 68.21 | 69.38 | 69.13 0.1,1,10, 100} qj:‘lﬁﬂy%/l\%—]— ttjﬁ?/f B@%{jﬁ%}j%@*ﬂlﬁ‘
Salinas 82.81 | 90.59 | 89.22 | 87.95 | 88.36 | 90.59 | 89.94 VO A 20 L 3 1 50 S+ SR o7 R T 8

3.6 XWHER

T VEAR LeFSL7E 85 15 1R 2% 5 o ) 2K i A 55
R EREL, LU SCE bl 6 R A OC AR L R AT LR,
3DCNN.DAAN,DSAN . DPGN . DFSL. RN-FSC. il i ¥
AU EAF :3DCNNVE R W8 5 ik, T BN G A= A
BURE A HL A A [R] 4 55U [R] 28 51, DR L AE H An s b 4
A H B S MR ICFEARVE IR AR Rt
A5 X IO MR B A E N R A LekSL — 2 %
)2 DAAN FI DSAN, i FH Fir A3 7 A 28 1) U Bl 5 s FAs
WARZ ) H AR AT 25 X FRET D REAR S 2
i 77 % DPGN . DFSL Fl RN-FSC, Il 5 ke A 1Y 3k $% 5

FK5~FTHHT LARFTIEEIAN Bl mhm
CA .OA J KC. X}F A 402807, B2 ] Bl ALk B
SAFRICFEAAE Ay H ARk o A9 B RE AR, IR /R 10 1R 5K
5 - Y i T AR 2%

(1) 54 H D H AR FEA #1711 25 19 3DCNN
AH EE, R R S8 bR 10 FE AR RN 5 T F 386 55 B DAAN
DSAN ., DFSL . RN-FSC 1 LeFSL 43 25 45 BE 32 55 T 5%~
9%. 1% FUA 24 H AR P AR D REA B A i PR I TR
R 2 H bRtk b BY T S A B bR 432K

(2) 2 F /> K¢ AR 22 2] 1) J7 7% DFSL. RN-FSC #ll
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x5 $ 3 EHFRIHZ Pavia University IR ARE 75 7EH) CA T OA (M TD HIEELS N M EFEA) AN : %

No. Class 3DCNN DAAN DSAN DPGN DFSL RN-FSC LrFSL

1 Asphalt 51.31 93.38 91.15 84.09 69.05 69.42 81.11+3.35

2 Meadows 70.69 95.10 94.10 62.90 85.45 92.70 87.06+2.24

3 Gravel 36.10 43.26 29.16 0.05 56.83 49.95 61.91+4.56

4 Trees 68.03 92.30 96.90 89.10 89.52 92.09 94.93+1.82

5 Sheets 9291 99.63 99.63 99.70 99.29 98.45 99.49+0.72

6 Bare soil 43.67 5432 27.36 56.33 70.50 57.66 76.21+4.93

7 Bitumen 69.74 11.28 58.35 65.94 71.36 69.36 87.00+5.26

8 Bricks 57.52 0.46 54.02 66.54 58.29 64.07 84.89+5.35

9 Shadow 97.77 88.38 94.72 0.00 97.02 98.81 90.513.94

0A 62.57 76.54 78.43 64.42 78.23 79.84 84.47+1.41

KC 53.33 68.10 70.58 55.42 70.02 72.41 79.84+1.70
F6 3t BHRIH R Indian Pines BIBAIARE 75 35HI CAFIOA (A TD HIEER S N EREA) BT %

No. Class 3DCNN DAAN DSAN DPGN DFSL RN-FSC LrFSL
1 Alfalfa 92.68 39.13 97.83 95.12 97.44 96.65 98.05+3.75
2 Corn-notill 38.44 26.82 28.29 47.15 38.34 45.95 52.00+5.83
3 Corn-nimtill 44.85 90.96 94.70 27.03 4335 4125 58.90+2.71
4 Corn 36.64 91.14 97.89 56.47 68.45 59.06 86.55+3.04
5 Grass-pasture 71.13 68.53 90.89 39.75 70.21 65.90 77.0123.79
6 Grass-tree 72.69 13.29 38.08 61.38 76.38 69.51 86.86+5.68
7 Grass-pasture-mowed 100.00 25.00 96.43 100.00 99.77 99.65 96.96+3.46
8 Hay-windrowed 83.93 59.83 81.59 9239 75.67 76.91 93.53+2.01
9 Oats 33.33 20.00 100.00 100.00 99.00 100.00 100.00+0.00
10 Soybean-notill 64.84 49.49 52.37 57.91 47.90 26.05 60.7123.08
11 Soybean-miiitill 58.04 45.87 38.17 41.18 57.80 65.36 63.91+2.12
12 Soybean-clean 23.64 91.57 96.12 47.96 38.13 26.31 52.36+3.94
13 Wheat 91.00 15.12 14.63 89.00 98.04 99.28 98.75+1.66
14 Woods 53.97 99.60 98.66 78.65 83.08 75.66 83.83+4.05
15 | Buildings-Grass-Trees-Drives 56.96 67.36 57.51 46.72 62.86 69.90 81.21%5.76
16 Stone-Steel-Towers 100.00 96.77 94.62 98.86 99.94 99.88 98.98+1.79
0A 55.93 57.45 60.74 53.68 58.94 57.84 69.38+2.14
KC 50.65 52.66 56.69 48.12 54.22 53.01 65.47+2.35

LeFSL (I PERE H DAAN F1 DSAN 250 W B 40558, 5 [ 7
AR T 4%~8% , 3% S K N A REAR 2 2] vhoby T AT 55
AT S 225 2 7 vk BA Tsm iz AL B 77, e~
> B B ST R P S AT

XK HIC

REAE N Zx

B AR A 27 2] T7 1 T LB b A DRAR IS REAS B Y
[t
(3) i1 T LebFSL AP it 138 T Jmy S R AL AL A4 /0B
A o) g MR RE W WAL T H G &/ Rk w
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DPGN DFSL Fil RN-FSC. 14, LeFSLPERE I AL T 1
KeFEREAR2E S W7 vk e = A Hbr s gds - OA X
2 39%~8% (M4 17 . 3 S U5 T8k 7] ey 350 X6 S AR R AT R0
JINT RIS H BR8] ) I RS | (AR AE D REAR 2
P S I st 7 rh 0TSl 52 1) 70 T 5 M A T 2 i

WY R E MR, F 6~ 8 IR T 34~ H bRk
) b T AL, DA R RS ZRIE 3R 5 I E AR AR X 1 7

GrREL 5 HA T AL, A SO Y LeFSLAE 43 28 5]
) 26 DX R AR A T T /0N 0 MR P R T A 1Y) 43 2R 46

5 Ui Pavia University AR RS 725 (Bitumen) F15E 8
2% (Bricks) , Indian Pines Z{# H1 155 6 25 (Grass-tree ) Fll
H1525( Buildings- Trees-Drives ) , Salinas Z#E 1 956 10
2% (Corn senesced green weeds) FIIEE 15 2% (Vinyard un-

trained ).

R7 $xI BARIAR Salinas HRAAR 77789 CA F1 OA (A TD FREER 5 M B A) Hfs %

No. Class 3DCNN DAAN DSAN DPGN DFSL RN-FSC LrFSL
1 Brocoli green weeds 1 98.95 99.75 92.83 87.72 94.86 96.45 99.34+0.99
2 Brocoli green weeds 2 97.02 96.16 99.49 99.49 98.68 99.15 98.98+1.59
3 Fallow 83.55 50.86 61.13 79.76 93.65 85.85 88.66+2.79
4 Fallow rough plow 92.18 99.71 98.71 98.34 99.39 98.49 99.11+0.78
5 Fallow smooth 83.38 86.56 99.22 80.13 90.60 82.67 93.93+4.36
6 Stubble 89.67 99.92 99.97 99.92 97.64 97.29 97.49+2.82
7 Celery 99.16 96.51 97.29 99.86 99.33 99.39 98.56+1.45
8 Grape untrained 68.15 91.79 89.22 50.84 78.34 71.59 80.51+5.18
9 Soil vinyard develop 98.23 83.15 85.44 89.03 90.19 88.16 98.29+2.47
10 Corn senesced green weeds 33.13 70.99 78.92 81.24 61.84 69.72 84.33+6.27
11 Lettuce romaine 4wk 75.47 46.25 99.34 89.46 96.45 89.29 98.69+1.11
12 Lettuce romaine Swk 94.29 95.49 71.35 99.17 93.11 94.03 97.91+2.74
13 Lettuce romaine 6wk 98.47 99.34 99.67 99.56 99.50 99.45 98.19+1.99
14 Lettuce romaine 7wk 92.90 98.60 72.52 98.87 97.53 96.58 98.43+1.70
15 Vinyard untrained 62.29 57.18 62.36 59.75 77.46 69.30 80.33+5.39
16 Vinyard vertical trellis 97.45 83.40 74.60 77.69 85.98 81.86 91.51+5.59
OA 80.43 84.06 85.35 78.67 87.67 83.84 90.59+1.36
KC 78.36 82.23 83.66 76.42 86.02 81.75 89.55+1.50

(a) MU EAEK (b) 3DCNN  (c) DAAN (d) DSA

Asphalt Meadows Gravel Trees

Metal sheets

(h) LrFSL

(/) DFSL

(e) DPGN (g) RN-FSC
Bare soil Bitumen Bricks Shadow

€16  Pavia University [ i b |
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—
(e) DPGN (/) DFSL (g) RN-FSC (h) LrFSL
Alfalfa Corn-notill Com-mintill Com Grass-pasture ~ Grass-trees Grass—pasgne— Hay-windrowed
mowes
Oats Soybean-notill Soybean-mintill  Soybean-clean Wheat Woods Buildings-Grass-  Stone-Steel-
Trees-Drives Towers

[%7 Indian Pines H¥R¥g5e 025 &

(a) MU EAEK (b)) 3DCNN  (c) DAAN

Weeds1 Weeds2 Fallow Fallow

rough plow

Soil Comn

(d) DSAN (e) DPGN

Lettuce 4wk Lettuce Swk  Leftuce 6wk Lettuce Twk

() DFSL. (g) RN-FSC  (h) LrFSL

Fallow Stubble Celery Grapes
smooth

Il B
Vinyard Vinyard
untrained trellis

%18  Salinas Hir¥g s s Al

4 £t

ASSCHR TS TR R AR A9 A R AR o) HE R
LrFSL, fif P 1 A [ £ Jg& i 14 2 8] 73 B 5 DG 1 o B
HRK) 22 5 LS AN T i ) 28531 14 22 S S )AL LeFSL7E
PSP AR ICAEA AT, H AR A A i AR iC B AS 1Y 2%
TN JEAT IS DA S ) L e AR SR AR AE AL
BTN SR T AR A B A2 i R A vh 24 R R R A 1Y
B XAE R, RS AR RALRE T EIR . 20, F &
B3 i $2 0F T A0 REAS 2 ) TR AE Y B TRT 2 TR, 503 1)
Jey T 5 R S5 TR 052 28 i) 3 A % 5 L AR =K
B BIEAT T O RS2SR W] B R 7 R RO PEREAH LE

TR RO, 76 B R A2 S (E 4 TS T 5
EHT

% 30k
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