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Multi-resolution remote sensing images classification and comparison
analysis based on improved BP neural network
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Abstract: In the research of remote sensing image classification, traditional classification method has poor
performance in recognizing “same object with different spectra” and “different objects with same spectrum” phe-
nomenon. Moreover, traditional BP neural network classification method is time consuming and easy to fall into
local minimum. In this paper, the excitation parameters in the BP network were adaptively adjusted by adding bias
parameters and learning rates, and compared with the maximum likelihood neural network and BP neural network
classification. Results showed that the improved BP neural network classification accuracy is 89.69%, which is
15.35% higher than the maximum likelihood neural network result, and 23.81% higher than BP neural network
result. Besides, based on the improved BP neural network classification method, the high-resolution satellite
(GF-1) image with resolution of 16m and the resource third satellite (ZY-3) with resolution of 5.8 m were classi-
fied and compared. Using the ZY-3 classification map as inspection, the classification accuracy of the GF-1 image
reaches 88.02%, user accuracy and prod accuracy of various types of features are between 70% and 99%, indicat-
ing that the GF-1 image with lower cost and wider width can basically realize the ZY-3 satellite classification per-
formance in terms of ground object information acquisition. The image effect provides reference for remote sens-
ing image feature information extraction.
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resolution remote sensing

TEBREIG KRS, FERLNREESGN REHEE. I ERRS N E SRR 2,
BERB P ITT %, WAPAT /NI SORBAE. (HIXETEEKEG TR R, 0 FE

WimHHEA: 2018-10-16
EEWH: ZHESRMHETENS TR E S5 H (gxyqzD2017019), 22848 E BrRH A4F H )55 H (1604b0602029),
G B IR RE 3 4 (1808085ME158) Fil &2 (#4145 2 £ 11 AR Rh 0 2. 31 H (KJ2017A134),
fEE®EN: REA, WitHwid. E-mail: 773490351@qg.com
* BIEEE: A &, ¥4, BI#IZ. E-mail: zhouting@ahau.edu.cn



738 N S AN

2019 4¢

LRI S, IR Z I TR
R, HANEEA L, IR BP #hA M 4% K B A Ak
RPEMLTRE . BB SIS SN TR
AN, {H BP B 48 7E 43 5N L e 4y 2608
WA ERK, BHBNRESBERAE, LT BP M2
Mg HTFREEEE»ROCHEZ BLE,
Chica-OlmoM £ 1 F 4 L 38 22 bR B 40 LAY BP 44
KM, MRS E B R R, %
TTR A RRE P T 9%; BT T —Fh
BT AWK I Tk, GEREW, XPET
ZMK D RBBET NG G, Ko ERERT
G B RAUSR A 280, SIS R K-L A8
okt £ i BOB G AT R e, IREUR EE M =A
B A AR E A, SRR BP #1245 XHE
BT IR 2%, SLIegs R EIE R
R FALGi 5 F 0715 DYLEPRI AT BP w2 2 36 3
ST IR EMG 25, ARYE1S B 2 K45 xR
PG R AT S 0 (R 1~ I 2 IF s o3 e BV i
A, SRIGHIH BP #4433, WA Sk
TRFERE IR R 2 2OV P e s 4 5 ik
SRARAL BP #1245, Ntk BP SRy AU SIGH E, B

G TR E NGRS . BN R AR I
Bt e 7 IERER RS, T BP M4
ot EEAMBEAT TR ZHIA, W Zhang &M
P T — R T UL SRR BP SLIE S A R,
ZAEIRE T BP BIERIISIGE A SR s B
IooesstAgE g g BP BESEAL L, BIAHTIISELL
WAL M TR 5, G RR, SultE
SR A SO SR 2R R 22 A 55 7 THI A AR A R38R
o s A 5 DU iy — i 6 T 7 5 0 o) £ bRk 2 e
T BP Hik, AR A PR BP LA itk
—PEmeR, HEEW IR T,

F— 5T, AN [ RE T BRI ) G 7 R
A AN AR (8] 4 MR S5 T AT R B R 1 22 7t
5 REGH T2 2K e =R AR, LA A
WA R =5 TREEY-3)EGME S —5 P2
(GF-D)EBG B, GF-1 FEMTETRECR, REIRIFIH
R KA 7L X IR 2, e T 2 i K 5 bt
B, SEGEEAG SR8, Mg REE T
zY-3 W%, (HHEAHRHEZKT Z2Y-3 Big, —
SEFEE LU T RS B . R TR A X b Lk
1.

# 1 ZY-3IDE5GF1IESHx
Table 1 Comparison of specifications between ZY-3 satellite and GF-1 satellite
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Figure 1 Study area location and DEM
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Figure 2  Structure of BP neural network
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Figure 3 Remote sensing images and training samples in the
Tong yang River area
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Figure 4 Remote sensing image classification results in the
Tong yang River area
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Table 2 Accuracy of maximum likelihood in the Tongyang River area %
K1 K H E it K3, e Bt SRR Kappa iNES
Accuracy  Paddy soil Upland soil Forestry Water area Building Barearea Overall accuracy Duration
il Prod 97.12 54.57 72.08 67.86 64.15 90.43 74.37 0.69 1min
P User 67.61 67.67 67.55 93.63 88.58 61.17
% 3 EAEAXIY BP MEIEE
Table 3 Accuracy of BP network in the Tongyang River area %
K JKH i i K35, I st SRS Kappa LSS
Accuracy  Paddy soil Upland soil Forestry Water area Building Bare area  Overall Accuracy Duration
il Prod 96.68 78.84 81.95 0 60.92 76.87 65.88 0.59 30min
FH P User 88.43 85.49 86.39 0 59.56 75.39
xR 4 MRS BP WIS
Table 4 Accuracy of improved BP network in the Tongyang River area %
K JKH b Mith K3, IR it SRS Kappa INRiS
Accuracy  Paddy soil Upland soil Forestry Water area Building Bare area  Overall accuracy Duration
& Prod 96.58 84.29 83.78 86.57 91.93 95.00 89.69 0.87 4min
FH P User 96.16 81.15 86.60 100 83.83 90.41

#* 5 A[E BP MEEE TN XI5 IR

Table 5 Comparison of the Tong yang River area classification precision under different BP network algorithms

WiH Item

SRS EE/% Overall Accuracy  Kappa i K:/min Duration

Fphpdt S U BP 4% BP network with S function improved

Bk # BP 4% BP network with i improved
kR BP B%% Improved BP network
BP M 4% BP Network

77.86 0.75 9
76.41 0.73 8
89.69 0.87 4
65.88 0.59 30

312 3 #Mp kLR RANEGS LS B
REERGTHANEUGHEATR ., R O BRE
4328, ANETAUKIE. K #RHL. ARHbIETE RS,
WA K A BUE RS P IR SE, E07) St
PR I MM, BP W43 2K, sk 4t
IS, NER MR B K ik
Bt BP Mg, ERa S o KO bRH,  NE
Sy MRHLBE 73 FRK L, K3, K HE . B oy AR
TR o BRGNS B 23 BT B 45 S S S BE VAN 45 SR A A 6
313 AREAZZAEN BP My £tk M BP

A DA, S MBS E N RE B IEfE ik
T, SR g ZE5RRRERAEFLRE, 55058
IS BP M5 H S s 2%y, 5 E3Cd BP
W25 5325 et ) BP WXI48 43 K47 5T b, R4 S
BRAS 21 E p X RRE R m oI, A5 Rk
5 e

MF 5 FTLAEF, AHXT BP M4, Hphiudt S
RS SRR . Kappa 2502 Wl s 11.98%.
0.16; FRMhudEaE 2] % n 1S SAKSE . Kappa &
Koy I 10.53%. 0.16, A WL E It S BR ek



Pt

742 7

[ PN

22,

Y,
s

B 2019 4¢

T o) E p WO R ER Y RS, (RER R
WARK. TFE ST S RS Z , (11 BP W
BT S B, SRR, Kappa R%04 5
FEm 11.83%A1 0.12, FHER T 22215 p udt, Huk
FEFE . Kappa R0 3 5 13.28%#1 0.14, B K h
B, AR S BRECRIEE D) R g LRI LR
MO ) o FIR AT

(2)2Y-3 H1%
(a)image of ZY-3
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(b)image of GF-1  (c)training samples
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Figure 5 Remote sensing image and training samples in local
area of Hefei
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(a) Classification image of ZY-3  (b) Classification image of GF-1
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Figure 6 Classification result in local area of Hefei
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Table 6 Area ratio and error of each feature in local area of Hefei

%

T H K H i R K3 fes i Fith
Item Paddy soil Upland soil Forestry Water area Building Bare area
ZY-3 38.22 17.47 20.06 14.82 6.96 2.45
GF-1 44.12 15.00 18.62 13.70 6.97 1.56
w# Error 5.90 -2.47 -1.44 -1.12 0.01 -0.89
x 7 ARTEIEXE GF-1 5 EBEE (L ZY-3 S RLERAKIGEAE)
Table 7 Classification accuracy of GF-1 in local area of Hefei(based on the ZY-3 classification results) %
Ko K H i R K3, IR R SR Kappa
Accuracy Paddy soil ~ Upland soil ~ Forestry = Waterarea  Building Barearea  Overall Accuracy
il Prod 86.85 84.36 79.41 98.50 84.02 95.00 88.02% 0.87
FH P User 83.50 79.82 70.74 98.68 82.02 94.41
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Figure 7 Comparison of classification results of GF-1 and
ZY-3 in local area of Hefei
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