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The object-oriented land use classification incorporating auxiliary data sets
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Abstract: Land use classification is critical to the management of land space. To improve the accuracy
of land use classification, this study takes Bohu County as the research area, uses Sentinel-2A images to
extract spectral features, and combines radar, spectral index, soil, and terrain features to construct six
object-oriented land use classification models. We then use a simple non-iterative clustering algorithm
and random forest algorithm to segment and classify the images and obtain the classification accuracy
and feature importance ranking of the model. In the final step, we use the classification regression tree
algorithm to verify the influence of the auxiliary dataset on the improvement of the classification accu-
racy. The results show that when using the SNIC algorithm to segment the images, with seed size 17
and compactness 0, the image segmentation effect in this study area is the best. The classification accu-
racy is the lowest when only spectral information is used, and adding any auxiliary dataset of radar,
spectral index, soil, and terrain features can improve the classification accuracy of land use. Among
those auxiliary datasets, the effect of terrain features on improving classification accuracy is more sig-

nificant, and the classification accuracy reaches the highest when all auxiliary datasets are added, with
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0A=92.34% and Kappa coefficient=0.91. The classification validity is verified using the categorical re-

gression tree algorithm, it shows that the classification effect based on the random forest algorithm is

better than that of the categorical regression tree algorithm. The SNIC segmentation algorithm based on

the remote sensing cloud platform is integrated into an auxiliary data set for object-oriented classifica-

tion, which provide a reference for improving the accuracy of land use classification.

Key words: land use classification; auxiliary datasets; SNIC segmentation; object-oriented; random

forest; sentinel-2A image
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Fig. 1 Sketch map for the study area and false color imagery
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T O HER G X T X g /N - 3 R 4y 2
WFoR R B AR RO R . A SCR 20638 & 7 e sy
14 Sentinel-2 B4 1F 22 IB(E B i 25 .
it GEE & Iz 2022 45 7 A 20~23 H = )27 5 %K
JNT 7% B Sentinel-2 L2A K%, e 423 8] 7 3¢
2N 10 m 64> %5 0] 43 HE AR 20 m Y 10 4> B A
R EIRARL R, FEX AT DR L B K =
P B S A AR B B 2R . AE AT B

S BSCH I B RS AR ok B v - A A S RS
FHERYE, 0 R IE AR OGS . s 6
TR, HIEMHIERHE (K 1),

JEIERHIFJE7E Sentinel-2 SR h B 10 4> Bt
R HFE W0 0y B AR R A SRR, LG L &k
2134 WoE Dk B (B2-B4) . ST £LAMEBL(BS) | 3
AT B (B5-B7) . Narrow NIR % B (B8A) LA J¢
2AMEELTANE B (BT, B12). ARFITERM, WiE
1 3 43 (PC, principal component) 1] L1 # = + b
FIF Y 53 SR BE (Pareeth et al., 2019). iKFFAE
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BP B A 8 MRE TP E, B HEIH— b
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TP RAE . MU R 2R GEE V-5 18 HH 30 m 43
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Table 1 The features in the land use classfication
BIgE| IR TR IR 6 i 3
Ji 20 B2-B8. B8A. BIl. BI12 B I 104 F i iyl Sentinel-2
ik 2 VV. VH Sentinel-1
iR 8 NDVI, NDWI, IBI, RVI, SAVI, DVI, BSI, REP Y f{f Sentinel-2
+4% 5 KETHAN S &, SKE, &, AHE. pHIA OpenLandMap
B 3 R BEEE . B SRTM

2 M
2.1 SDEEBRBEIREARSEI

Z WE ZK L R 5y 28 br fE (GB/T21010-
2017), %54 Google Earth 5214, 74 T 5% X
TS RRTE , 55 % AR 5T X s 43 A 1 B R

PE DL S GE ESEAR AT o3 v, R R SR DX 4 R 2
ROy 8RN A . PR AR . USRIk . ARHb
UM PUCEVRHE . R R HE . KR KR R
T8 o S MU A DL K 2 2 A ) 4 BE R ) Google
Earth 5% {4 Fil Sentinel-2 5215, 454 B2 R 2 fk iy
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Table 2 Spectral indices and calculation formula

iR Y HEARK 52 3CHik
NDVI (B8-B4)/(B8+B4) (BRIBIES:, 2022)
NDWI (B3-B8)/(B3+B8) (Fl =, 2018)
IBI (B8/(B8+B4))+(B3/(B3+B11)) (TR A4S, 2017)
RVI B8/B4 (#4455, 2020)
SAVI 1. 5x(B8-B4)/(B8+B4+0. 5) (WE#5E, 2020)
DVI B8-B4 (&%, 2020)
BSI ((B4+B11)-(B8+B2))/((B4+B11)+(B8+B2)) (X384, 2022)
REP 705+35%(0. 5x(B7+B4)-B5)/(B6-B5) (BRIEIRAE, 2022)
#3 LR 28R R AR FEE
Table 3 Land-use classification systems and imagery features
HeAl FEaak-Zid IRFATAR T YGHEA B
AR 2L, AN R 92 40
EL s IRFED, TR AT 58 25
b NAARC IR S I 53 22
B R, ARHN 34 15
PR M WELTE BAT (0, AR, B0 T3 5 Rl 72 31
BB HELKE, A 70 30
pi€L Wi, AR 48 21
) F A0, RN 83 36

2.2 SNICHEI&E %

fiaj P AE 2 1 B 25 (SNIC, simple non-iterative
clustering ) 42 J& - fij A 2k 1 16 AR B 2 (SLIC, sim-
ple linear iterative clustering ) 5. ¥ 2t F (%) B 8 19 68
1% % 43151 (Achanta et al., 2017), M8 T SLIC
B S HNAAKR . sF SRS, TR
MU A ORISR (8155, 2022) . SNIC A2

B BCE S SRAER S RIAR, AR, R
B Y BTN S E
RTHEEIEN, IS WL . RERER
S50 RINRR . BB HUR X R %
FREE, BUEBOR, BDXERIBREA R, M
ETIETE . BRI G oT ) BN, S8—
S E 488, FRon 41l ak 8 i . AR
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Table 4 Models used in this study for LULC classification

R 24 B Ir AR B R 4R
M1 HE TR GRS RHIE S JA R JCTEAEAE
M2 FE TR GRS RHIE+ 5 IA IR 2 JA R H IR
M3 BT GRS LRE TR B FAR YT ROk
M4 BT XGOS RAE+ 1 R IE 43 2845 1 T IERFAIE
M5 BT XS G GRS R AR+ T RFALE 43 S Y HIE AR
M6 BT X R A AR S FA A JIT A AR

2.4 TMFASEFE

P HL A% AR (RF , random forest) & Breiman(2001)
St B —FhBLER 7 ) Ok, SR — R T R Y
gr2etn . BENLARAR I S48 UM A 298 e Wi J7
T ;B ALZEFEAE A A BEHLIE FEARAE o i Boot-
strap B AR D7 92 DA B R A v A T ] 3 Ay O 24
2/3 BVREAS T T8 25 Fir o SR A AT I, il
TR BIAREAAE g Xof BEATL AR AR HL AT 73 28 P RE VT
i 4S5854 (OOB, out-of-bag) , TH LAY
P FT IR, R RRAR A IMR 2 . LT RF
I3 AR AT 73 28 1 B A AR S5 48 1 Bootstrap H
FlRE D7 2 SR DI 2R A R B m N REA, B4 HE
AMAEESERIIGE B, RI5%8 m AR
SEmAPEREREAY, 153 m AR, e
RIS B R 2 o B BN 25 5% . A Rk
B, RFBATE LA ]2 28 b HAT B0 1 4 20K
JECEIFFT A%, 2023), [WIRFHIS T HlEBER,
AR = T oy R AR Iz ALRE ST o ABESEAE T RF
S IEAT A 3 20T

4325 [EH B4 (CART, classification and regres-
sion tree ) & —Fi L U IZEREEH . T T o8 ik
PE 1T 55 A D A, ol B S0 BR(E AR
LRl L JE R oy Jw e, — DR R R
g E ] AR JE RBOR M, e REEUN, Bl

e Bl e (N5, 2021) . AUl CART 54
PRI RS 1S 08 FH AT Sk
2.5 fREEM

KTV A R, AR R S SRR
AUMATRES . A= F RS EE (PA, producer’s accuracy ) |
H PR BE (UA, user’s accuracy) . s AKE FE (OA,
overall accuracy) Fl Kappa Z 502 f # FH A9 K 56 48
bro TEMM XTS5, PATE /R A1
S EPOE MBS s PO & G N e R
Z BB LR, UA TR IERG 43 2 2R 6 5 a0 S
TR ARBTG5 R iZ RN R S
R, OAFE B IR 43 X 4 B A5 B S50
., Kappa REUEH T BRI A58, Ik
HARERROR , AR TR A M PR (R
I, 2018), Kappalf{ifE-1~1 2[R, —t>0,
VS-S KK)

N =D XK, ’
Horb N TR EE VPN X A X, IR H e
AT I BB XL AR AT AN BB, X,
ESELEIESSOE 3488
2.6 FHEEZMEEM

el FH B ML AR AR AT R A1 2 22 1 TP A ) AR S
REUR TR B A FRRAEAE B AL AR AR b (9 B BRSP4
M oTRR, SKESPFEIME, 55 BR8] 1% BT ik

Kappa =
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KN, BUBRAELE B 48 SN0 B 1R Rk fi it (R
W5, 2018) . FERENLARMRIE I i BEANFRAE X 8 2
PER TR RN - X T RENLAR AR A B —
TSR, (R AR R B9 OOB ¥ ¥ St 3 & iy 4% 41
AR 2E, 10 O0B,, ; HKBENLHLXT 48 SN
OOB T FEA B FEAE XA MR R 40, It EE
HIAS AN HEIR 2%, 10 OOB,,; i % 15 B HL 7%
MR N SRR, THRRRAE X E B

E(OOBM - 00B,,,)
Xgwp = N :

AR IEREALINA RS Z 5, AR
F4 B A A EE R AT, DU 38 Tk A R A o T AR A
AP LR RAR I, R A S LB

3 R0

3.1 DEISHHEE

TAT i) % R = i M) 23 SR BCR BB 3R 5 2 18 0%
FIGERABEYI LR, SNIC /B AT ERE 54
SRR G FIRCR 1% 8 1 -5 A58 R 7 5
BCE N8, 2560 NS AL L, XA R
S 52 O 4 B R R R 1 R /D 1 B 6 2 2 ik

(@) Fh1=10, H&EE=0

1

(b) F1=13, BEE=0

K2 R XA E &

P8 B SE 8, IR X B as kAT B AR,
e AR BUE . P 2 (a-f) F 7 fi F SNIC 4331 83
XSG IAT o EI R R, HhE 2(a-d) 5
BEEIUE R O, FhFR/NBAES A 10, 13, 17
20, B 2(e-0) BT R/NBUE R 17, Bk
435 A 1A 2, XF HE A 2 (a-b) AT L& B R BE
Moo MHb . BRI KIAETERL AR B S &2
(o) F FH L FI R B4y, PR BEH . AR, K
Wt o BB E T S, B MR A B ROR R
a5 2 (d) R A R e IR . FE R 2
(o) 5K 2(e-DXF LT VAR BL, K 2(e-O) 1 MGG SE
Ao MWE2(c) T LA W, PR #EHL . KIS
it EII R AR, S E SRR
X4, EEEN G L, YO A,
NG, SR TR 2R R R, A
S GEE = F- &, B 0T LA S A # T AR 4R
LN O T o = S 1 2 N A 2 S NS ]
A . ESR UG o EI a5 R b A D i o RIS
X 5T HARFZ5 e AR Ko 28 bk, 4
EIROR AR R 2(c), BRI EMG S E1 Z
Bk FFR/ANALT, BEERO,

e .

SREI G 4G

Fig. 2 Image segmentation results with different segmentation parameters in the local area

3.2 BANAREHBEIBESLLERILE
TR FSEOEPELE R, B I 50
B RCE 4, YEAT 2022 4F 7 A 7 58 1 5+ b R
A2, AN RIBE R ) - R 43 22 (81 3) .
TE OGP MR | O B B (IR A R B AT MY
SrREE I, BR Sy ZOKS BE OA=84.82%, Kappa=
0.82, M fm MR THRIE M6 I 7 45 L, 41

HH5 1 0A=92.34%, Kappa=0.91.

Hy P& 3 A0, R M1~M3 B S 28550 L 15 A
I M4~M6 [ R UER M=, 5385 0 2ok 45
B3 BAR b, MI-M3A B S 4, Ml
HRE B 5 DX 20 i A R b S 4 Ry ISR B
FVEE T FH b, R0 T8V R 0 2 A5 W M A o
FAE A b ;. M2 R M3 26 BIF X114 1 350 A ) FH b 2
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Fig. 3 Display of classification results based on 6 classification models

RS A[FIGF AT SR 25 R
Table 5 Accuracy results for different classification models
M BGR . IiE ik AKH] Kappa
o M B K oA, TP
Hhi it pATA A FHHb Hb X4
PA/% 86. 96 75.00 81. 82 78.57 76.92 82.35 100. 00 91.18
Ml 84. 82 0.82
UA/% 88. 89 72.00 78.26 73.33 86. 96 93.33 96. 00 81.58
PA/% 86. 05 79.17 90. 91 86. 36 80. 00 86.21 90. 00 97. 06
M2 87.21 0. 85
UA/% 90. 24 82.61 100. 00 100. 00 95.24 92.59 100. 00 66. 00
PA/% 94.29 90. 00 85.71 83.33 89.29 84.38 91. 67 91.18
M3 89.15 0.87
UA/% 80. 49 75.00 100. 00 93.75 100. 00 100. 00 100. 00 79. 49
PA/% 81.58 81. 82 92.31 88.24 96. 43 96. 30 100. 00 91.43
M4 90. 45 0.89
UA/% 88.57 81. 82 92.31 88.24 87.10 96. 30 95.00 94.12
PA/% 93.75 95. 65 80. 00 100. 00 89. 19 90. 91 100. 00 91.50
M5 91.44 0.90
UA/% 78.95 75. 86 94.12 100. 00 97.06 96. 77 100. 00 97.22
PA/% 91.18 78.95 100. 00 100. 00 96.77 82.76 92.00 96. 97
M6 92.34 0.91
UA/% 88.57 83.33 92.31 100. 00 100. 00 88. 89 100. 00 88. 89

A R IS . MA~M6 HE AR5 S35 R
B, WEREILA R, 5B  Hh  HRE AE
DCARAY . Vi HAAY A F Sentinel-2 5214 i) OGRS ERAIE oE
17 M F H 4326 m), 43251 OA Fil Kappa £ Bl
%, 23500 84.82% F10.82; Yhn Ak, ik
B, BHERMMIEARES, OAXA IR, A
ARG - B e m i W W, OAfEm T
6.22%, Kappa %425 1 0.08, BLHANAK 4 Fhkl
BECHE 45 A B — DRI RO AR 1 B TR
ORI REARUER R, v R RRAE X 4R 4 25 Y

ARG B R VR . Rl BT B A e
£E [T M6 43 2 H 2 e i, OA Fll Kappa & #0047
TR 92.34% F10.91, 4% S HbY) 4 BE 45 15 B B AF 1)
X 43, B S SRR U RO e i
TERE T O M 2 A T2 A 3 LR X
XF B A3 B AN () b 4 288 U AE AN (] 3 AR v iy 4 2
S5 (K 4) L) K 454 Sentinel-2 521 7T LRI, %
T B AT B R 23 2 0 158 25 2 BOR IR TR e
b . BRHL . kD 5 N b Y R 4 DA S
H AR A M 53, X E 2R T G RE RR R
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Fig. 4 Typical area analysis of different classification models
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SEA ARG, T DL R A X A A R A R A
0] DU H 15 H b R0 A ) M 0 4 S B Y
B4R, U AR AR A A X4 5 H A
KA, BERIM3 AT 4 MR 5, 1440
IAEE . TARIRIE S, 1A SR BOR T
FeB, SHRIMIAHEL, Fra R e s 5 £ A A
SRARNE AR R R, o R R G R S
%2, PARE T 12.37%, UAHEE T 13.04%, 5]
AR LA S 21500 48 BURFAE X T X 43S [ A B 28
R G FHEAMEN . BRI MAMA T HEEE, BT
B ) R AEAR L, r DAAS [R) B b 2 AR 5 X
g, PR LR AR B 1 5 ORI L 1) 3 2RO 3 A X

T At b P R T AAR 5 At by 1Y) - 5 i A 1X O3
BN, FrRET M1 G A i sy
BIMS N AHIERRE IS, 25 Mo 28 0 43 20KS BE A It
PETE, FPREAE A, DL R s s AR A
M XA Sy, X S5 E P AL E . B
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