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Abstract: Objective: Domain adaptation classification of remote sensing images usually takes spectral fea-
tures or simple spatial features as data features, and labels domains lacking labeled samples by aligning fea-
ture distributions among domains. The domain adaptation method ignores the deeper spatial features of re-
mote sensing images, resulting in insufficient exploitation of spatially localized information. At the same
time, the domain adaptation method seldom takes into account the problem of class imbalance, which leads
to the importance of the small class of samples being ignored. Methods: To address the above problems,

balanced metric learning in multilevel spatial features for domain adaptation in remote sensing image classifi-
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cation is proposed. First, deeper spatial features of remote sensing images are extracted by an iterative
mean filter. Then, metric learning is constructed to align the marginal distributions and minimize the intra-
class distance and interclass scatter. Finally, adaptive weights are constructed based on the prior probability
of the classes to maximize the balanced interclass distances to alleviate the problem of class imbalance. Re-
sults: The proposed method designs four tasks on the Worldview—2 dataset and Pavia dataset to evaluate the
effectiveness. The overall accuracy, Kappa coefficient, visualization results, and time cost, which are com-
monly used in remote sensing image classification tasks, are used as the evaluation indicators. A series of
experiments are carried out to analyze the effects of different parameters on the classification results. The ef-
fects of the individual components on the classification results are analyzed. Compared with the suboptimal
algorithm, the proposed method improves the overall accuracy by 1.64% to 9.18%, and the Kappa coeffi-
cient by 0.023 1 to 0.171 7. Conclusions: The experimental results show that the proposed method not only
enhances the extraction and effective utilization of local features through multilevel spatial features, but al-
so alleviates the problem of class imbalance effectively so that the classifier achieves a better prediction
result.

Key words: remote sensing image classification; domain adaptation; metric learning; class imbalance;

spatial features; multilevel spatial features
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Fig. 3 Worldview—2 Dataset
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Table 1 Ground Truth of Main Classes on Worldview—2

R 51 2011 3By 2012 B4y

% FERK/ A b/ % FEARBY/A S/ %

1 @iy 1035 19.47 1285 23.69

2 AR 1816 34.15 1476 27.20

3 RGBS 1290 24.26 1213 22.36

4 HEERY 1176 22.12 1451 26.75
& 5317 100.00 5425 100.00
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Fig. 4 Pavia Dataset
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Table 2 Ground Truth of Main Classes on Pavia
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Table 3 OA of Seven Algorithms on Different Tasks/ %
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BR%E 25 — —
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4 -t 311 15.31 628 25.92
At 2032 100.00 2423 100.00

AR AR e JR I, 5 AR R H bRk .
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GFK 62.38 50.12 39.00  13.63
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Deep CORAL 97.64 97.07 42.37  66.12
MEDA 87.28 86.36 44.86 7672
UTML 84.87 73.26 46.14  49.80
GEDA 95.52 96.85 69.09  82.04
SSWK-MEDA 94.69 96.18 77.61  40.73
BML-MSF 97.16 98.93 86.79  84.65

%*4 BML-MSFZEAREES LK Kappa &2
Table 4 Kappa of Seven Algorithms on Different Tasks

Worldview-2 ¥ 5 Pavia H¥i 4

ik 2011— 2012—
2012 2011 PC—PU PU—PC
GFK 0.500 6 0.3612 0.1625 —0.016 9
JDA 0.880 9 0.7438  0.2280 0.2657
Deep CORAL 0.968 4 0.9602  0.2255 0.477 6
MEDA 0.829 2 0.8153  0.2407 0.6120
UTML 0.796 7 0.6405 0.2590 0.286 4
GEDA 0.938 9 0.9578 0.5723 0.702 3
SSWK-MEDA 0.928 9 0.9482 0.6274 0.182 2
BML-MSF 0.962 0 0.9855  0.817 3 0.730 7
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Fig. 5 Predicted Labels of the 2011 Part of the Worldview—2 Dataset
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Table 5 OA for Different Components of the 2011—2012 Task/ %
] BML MSF+MF
e G FHAE +MF MSF M M—N, M+N, M+(N,—N,) M+(N,—BN,) BML
FARURES L7 90.04 99.92 98.21 98.60 98.21 100.00 98.75 99.53
LSRN 99.80 100.00 81.30 82.59 81.30 98.58 100.00 100.00
TR A 25 85.08 87.88 65.95 66.45 65.95 76.26 87.22 87.22
S RNt 99.17 99.72 99.93 99.86 99.93 99.59 99.86 99.86
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Table 6  OA for Different Components of the 2012—2011 Task/ %
] BML MSFE+MF
i JGHEFEAE +MF MSF M M—N, M-+N, M+(N,—~N,) M+(N,—BN,) BML
EARCRESIRY] 96.62 99.81 96.81 99.90 99.61 99.90 99.71 99.90
RN 99.12 100.00 55.07 100.00 92.13 100.00 99.50 100.00
ISRk 97.44 99.07 82.71 98.22 99.07 97.44 99.30 99.15
SRGN<SiiR7] 88.10 96.85 93.54 93.28 95.66 95.49 95.49 96.17
®7 PC—oPUEEAEHEMEBDHOA/ Y
Table 7 OA for Different Components of the PC—PU Task/ %
s3] ‘ BML MSFE+MF
IS FHAE +MF MSF M M—N, M+N, M+(N,—N,) M+(N,—BN,) BML
T bk 94.20 96.74 90.94 85.51 90.94 96.01 0.00 81.52
RS 38.65 0.00 0.00 72.15 0.00 0.00 52.02 90.67
IRt 87.36 99.72 100.00 66.05 100.00 99.29 74.57 87.07
#E 91.88 98.73 0.00 41.08 0.00 88.85 55.73 83.76
*8 PU—PCRESZSAEEBMASTHIOA/ N
Table 8 OA for Different Components of the PU—PC Task/ %
BML MSF+MF
25 -
HAGFRAE +MF MSF M M—N, M-+N, M-+(N,—N,) M+(N,—BN,) BML
Tk 0.00 0.00 100.00 3.07 100.00 100.00 100.00 7.84
bik=s 90.99 89.01 0.00 100.00 0.00 0.00 0.00 88.45
11 Rl 1 87.30 97.20 97.53 100.00 97.53 97.53 97.53 100.00
At 53.05 14.15 95.82 35.37 95.82 95.82 95.82 68.17
%9 BML-MSFZEARRBAMG LR OA/Y%
Table 9  OA of BML-MSF on Different Components/ %
BML MSF+MF
ek 55 - :
FIEHEE+MF MSF M M—N, M+N, M+(N,—N,) M+(N,—BN,) BML
Worldview.2 20112012 94.03 97.20 86.86 87.39 86.86 94.19 96.81 97.16
20122011 95.79 99.04 78.41 98.06 96.05 98.36 98.61 98.93
Pavia PC—PU 72.93 65.58 39.41 63.85 39.41 62.81 53.61 86.79
PU—PC 76.13 75.74 80.41 83.56 80.41 80.41 80.41 84.65
¥h 84.72 84.39 71.27 83.22 75.68 83.84 82.36 91.88
2.5 HEFEHEFE T S (R R 31 1Y 4> 26 . BMIL-MSF il i #5403 {8

AR SC A T AN ) Bk S AL AR, 25 SR I 10
Fizs Al A Y, BML-MSF B i) il A 5 F T
JIDAFIUTML , AH 5 T H A X b3 o S ) 72
FEO I 2 AR N S B R R R R A
T BRI 43 28 2 1 43 23, 5 3 BML-MSF 11
FE AR B BTF . SR, 45 A BML-MSF (14>

FAERERF X — I E] T4 2 T AR 32 19

3 %

5

FE 3538 N a9 AR AR SCHE T BML-MSFE

UKDk 25 Ok AR A5 MSF, DL 4f b 47 25 (8] RR1F 5 4%
Ji B A5 B B MSF B 5 21 30 98 25 (] v, 52 30 % 4%
P37 = JLAT 4544 1 A Hok , BML-MSF {ii [
MMD #4 @ I B 2% 20, L2 ol 2k o A RN R
B9 ) PR g 2R (R HRE s BML-MSF i 6] 3 4 b
it FH - A5 25 1) R A 2 e 23 i) A 34 A ) e 5 e
Jo o AR SCHE A BB AR R I 5 E T
BML-MSF {8 ) 73 25 P fE -

A K Y AR B S R N S B RO 3 WA
S5 R b PR R 5 LR, R R G S 4 s R
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F10 AEAEHEEE/s (6] ZHOU Y S, CHEN P Y, LIU N, et al. Graph-
Table 10 Time Consumption of Different Methods/s Embedding Balanced Transfer Subspace Learning
Worldview-2 % i 45 Pavia $Ciii 45 for Hyperspectral Cross—Scene Classification [J].
Bk 2011— 2012— IEEE Journal of Selected Topics in Applied Earth
2012 2011 PemPU U= RC Observations and Remote Sensing, 2022, 15: 2944-
GFK 0.21 0.26 0.44 21.29 2955.
IDA 292.39 291.57 51.07 49.13 [7] PAN S J, TSANGI W, KWOK J T, et al. Do~
Deep CORAL  285.80 311.10 165.40  173.00 main Adaptation via Transfer Component Analysis
MEDA 94.63 98.06 10.54 10.90 [J]. IEEE Transactions on Neural Networks,
UTML 271.71 300.89 41.56 49.60 2011, 22(2): 199-210.
GEDA 51.04 29.43 1373 10.21 [8] LONG M S, WANG J M, DING G G, et al.
SSWK-MEDA 97.02 98.45 12.01 11.43 Transfer Feature Learning with Joint Distribution
BML-MSF 171.05 120.78 21.48 20.64 Adaptation [ C ] // IEEE International Conference
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