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Classification Method of Remote Sensing Image Based on
Dynamic Weight Transform and Dual Network Self Verification

Zhang Qingfang', Cong Ming', Han Ling', Xi Jiangbo', Jing Qingqing’, Cui Jianjun',
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Abstract Currently, popular neural networks not only struggle to accurately recognize various types of surface targets but
also tend to introduce significant noise and errors when handling limited samples and weak supervision. Therefore, this
study proposes a dual-network remote sensing image classification method based on dynamic weight deformation, after
analyzing the features of remote sensing images. By constructing a flexible, simple, and effective weight dynamic
deformation structure, we establish an improved classification network and target recognition network. This introduces the
self-verification ability of dual network comparison, thereby enhancing learning performance, error correction, recognition
efficiency, supplementing omissions, and improving classification accuracy. Experimental comparisons show that the
proposed method is easy to implement and exhibits stronger cognitive ability and noise resistance. It confirms the
adaptability of the proposed method to various remote sensing image classification tasks and its vast application potential.
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Fig. 7 Experiment 1. (a) Original remote sensing image; (b) feature category composition; (¢) GT; (d) results of FCN; (e) results of
Attention-Unet; (f) results of MASK-RCNN; (g) results of DWTCN; (h) results of DWTDN
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Table 1 Classification accuracy of experiment 1

Classification accuracy of FCN Attention-Unet MASK-RCNN DWTCN DWTDN
different networks OA  Kappa OA Kappa OA Kappa OA  Kappa OA  Kappa
villa 0. 84 0.27 0.88 0.36 0.91 0.43 0.84 0.28 0.90 0.42
building 0.74 0.18 0. 86 0.35 0.83 0.32 0.89 0.25 0.87 0.35
vegetation 0.84 0.70 0.94 0.69 0.94 0.71 0.83 0.67 0.95 0.75
road 0.76 0.16 0.57 0.22 0.57 0.25 0.88 0.18 0.67 0.32
water 0.88 0.97 0.98 0.96 0.98 0.97 0.98 0.96 0.99 0.98
bare land 0.77 0.35 0.67 0.40 0.66 0. 40 0.77 0. 36 0.67 0.41
overall 0.72 0.60 0.70 0.57 0.79 0.69 0.73 0.61 0.82 0.72
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Fig. 8 Experiment 2. (a) Original remote sensing image; (b) feature category composition; (¢) GT; (d) results of FCN; (e) results of
Attention-Unet; (f) results of MASK-RCNN; (g) results of DWTCN; (h) results of DWTDN
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Table 2 Classification accuracy of experiment 2

Classification accuracy of FCN Attention-Unet MASK-RCNN DWTCD DWTDN

different networks OA  Kappa OA Kappa OA Kappa OA  Kappa OA  Kappa
building 0.67 0. 20 0.54 0.15 0.62 0.28 0.64 0.10 0.70 0.31
vegetation 0.82 0.27 0. 86 0.41 0. 88 0.45 0.89 0.41 0. 90 0.48
greenhouses 0.73 0.45 0.82 0.65 0.80 0.60 0.78 0.57 0.83 0.67
bare land 0.70 0.39 0.72 0.34 0.71 0.33 0.74 0.47 0.72 0.34
overall 0. 60 0.38 0.69 0.51 0.66 0.47 0. 66 0.48 0.71 0.52
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Fig. 9 Experiment 3. (a) Original remote sensing image; (b) feature category composition; (¢) GT; (d) results of FCN; (e) results of
Attention-Unet; (f) results of MASK-RCNN; (g) results of DWTCN; (h) results of DWTDN

F3 S 3Rk

Table 3 Classification accuracy of experiment 3

Classification accuracy of FCN Attention-Unet MASK-RCNN DWTCN DWTDN
different networks OA  Kappa OA Kappa OA Kappa  OA  Kappa OA  Kappa
building 0.93  0.59 0.90 0.43 0.91 0.54  0.92 0.61 0.93 0.60
vegetation 0.88 0.53 0.89 0.52 0.89 0.52 0.88 0.55 0.89 0.54
water 0.49  0.14 0.61 0.24 0.67 0.26 0.48 0.06 0.69 0.28
greenhouses 0.85 0.64 0.89 0.73 0.90 0.75 0.8 0.71 0.91 0.76
bare land 0.72  0.48 0.70 0.56 0.74 0.57  0.75 0.52 0.75 0.57
overall 0.71  0.55 0. 66 0.51 0.68 0.53 0.71 0.56 0.72  0.56

(©) (@

Qy

P10 5286 4. (a) BIG SZ A5 (D) MW 2 BN ALRL s (o) M TR UM GT5 (d) FCN 9432845 8 5 (e) Attention-Unet (1 4325 44
(1) MASK-RCNN #4345 5 5 (@) DWTCN B9 43 245 5 (h)DW TDN fy 43 Je 4 I
Fig. 10 Experiment 4. (a) Original remote sensing image; (b) feature category composition; (c) GT; (d) results of FCN; (e) results of
Attention-Unet; (f) results of MASK-RCNN; (g) results of DWTCN; (h) results of DWTDN
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Table 4 Classification accuracy of experiment 4

Classification accuracy of FCN Attention-Unet MASK-RCNN DWTCN DWTDN
different networks OA  Kappa OA Kappa OA Kappa OA Kappa  OA  Kappa
building 0.69  0.43 0.81 0.63 0.83 0.67 0.72  0.49 0.8 0.68
vegetation 0.80  0.56 0.83 0.64 0.84 0.65 0.81 0.57 0.85 0.68
road 0.52  0.05 0.59 0.25 0.61 0.29 0.62 0.18 0.66 0.32
bare land 0.76  0.01 0.77 0.43 0.77 0.43 0.76  0.01  0.77  0.43
overall 0.59  0.37 0.63 0.48 0.65 0.49 0.62 0.42 0.70  0.53

IR B Re X K o b Wy AT A BRI . Hop
MASK-RCNN 4 B fek v A1 o 8 2 3 45 ; FCN 78 A [
Y s TR B K, B Z W 2 o A i TR
Attention-Unet 43 28 45 R 1) OA 5 Kappa ¥ ¥ 5 N
0.67 5 0.52, 4 K& R M EEHRE. H
MASK-RCNN ., FCN #l Attention-Unet %5 5 52 3| #1 4
G ML An T SIS B T, T K Y B e
P OARBUEE HER R

RAE DWTDN 1626 5 M 4 IR SE 3 b il 2 B0, 41 X 1%
TSR TP REARHR /D HAL & 59 W B R R 0 4 IR BT BT

$2 DWTDN 7E R EACE 230 A 5 B 350 0F 19 2% > o 7%
W RE SR BT A Fh L) B R i 2% % IR 22 5 A
ST, %ok i 0 A7 R A A ) R s, BR B ARERCT
AR, OA 5 Kappa P EHEH 0.74 5
0.58. Zif DWTCN 7E 4 R 5250 v iy R 0 mT 0, B
HER AN 28 22 J5 , 45 19 40 25 5 1) O A Fil Kappa &
A KR TR, RIS I 2% 45 44 RE A sl b il s o 28
RO BB 4y K BE  DW TDN RE % 5 4738 Ioj 38 5 1%
FEA TR /D HoAL 5 59 W B EAR B0 5 4 nl  HER S 52
H b T S P B A XA

F5 A T AT SORS XS 1L
Table 5 Classification accuracy of all experiments
Classification accuracy of FCN Attention-Unet MASK-RCNN DWTCD DWTDN
different networks OA Kappa OA Kappa OA Kappa OA Kappa  OA Kappa
Exp.1 0.72  0.60 0.70 0.57 0.79 0.69 0.73  0.61 0.82  0.72
Exp. 2 0.60  0.38 0.69 0.51 0. 66 0.47 0.66  0.48 0.71 0.52
Exp. 3 0.71 0.55 0.66 0.51 0.68 0.53 0.71 0.56  0.72  0.56
Exp. 4 0.59 0.37 0.63 0.48 0.65 0.49 0.62 0.42 0.70  0.53
#t, 2003.
5 élj:': i/t\A ;hao Y S. Principles and methods of remote sensing

Jir$ DW TDN 432 W 2% | B8 0% 3 1 {2 30 7 8 A
B AR B S AR T S5, PEA 4 A X 40 2 e 1Y) o 2
P IR B AGRRAE Y ROk S5 A A N 1 S ) AE
WA 20 o BeAh, XUE 4% A0 E EIE B [ FR 58 TE
B TRRN TR 2 I 45 1 TR I TR RE ) (%) Bl G | BE 65 S B
YA oy Sk B T E — 20 T o A 2R R 5 R R AT
A L) IR INCED N T s s i T R 59 i
BSARIIEE T -

A8 I T BA B9 Attention-Unet Fl MASK-RCNN, 7£
FLL TR G AR RS T PR 4 ) o A R R
o A A A DX B — SOk S A T AR T U R IR
Frfafd T EE A or 2ORE BE TR i A0 SRR G AR Y
B2 MR Yy s UL KRR D HA & T A Bl 2k A,
JIT 4325 X 26 38 2o i ik AR AIE 2 ) 8 1 AR e 3 IR S8 IE
fE 1, 4 T W 2% 1) 2E 2 PR RE S P TP aE , T RE
PEALFR A AT 5 ) M 2 E B B AR R i 1 T D .
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