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Land Use/Cover Classification in Taihang Mountain Area
Based on Sentinel-2A Imagery

SONG Hongli', LEI Haimei', HUO Zhimin®, SHANG Ming ',
SHAO Mingchao', SHI Yimeng', SUN Qingsong'
(1. College of Geosciences and Engineering, Hebei University of Engineering, Handan, Hebei 056038, China; 2. The Sixth
Geological Brigade of Hebei Provincial Bureau of Geology and Mineral Resources, Shijiazhang, Hebei 050085, China)

Abstract: Based on Sentinel-2A remote sensing image data, this paper took Taihang Mountain Area as
the research object to quantitatively analyze the different performance of five classification methods of
maximum likelihood (ML), Bayes, support vector machine (SVM) , decision tree, and random forest
(RF) in the region under different feature combination modes, which adopting two strategies of pixel
based and object-oriented classification. The results show that (1) the RF classifier based on pixel a-
chieves the highest accuracy, while the overall accuracy of only using spectral features and using spec-
tral, red edge and exponential features is 96. 85% and 96. 64% , respectively.(2) The addition of red
edges and exponential features can have different degrees of impact on the classification accuracy of each
classifier. Even if the overall accuracy of the pixel-based RF and object-oriented CART decision trees
decreases, but the decline is about 0. 5%. The accuracy of other classifiers has been improved.
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Fig.1 Geographical location map of the study area
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W18 10 d, i BB 55 T DG IR LT A0 B 41 Ak
BB, AL 2019 4 6 H 22 H A& 11 Sentinel -

2 A LIC G2 AR T 4 M 0l 2 5 2 10, i T 2%
B Rk 25 5 808 H 0> (https ://scihub. Copernicus. eu/
dhus) """ SRR R PR N 10 m B 3 ANA] G 1
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Tab.1 Sentinel-2A satellite band parameters

e e e BB AS[ER (Al
5 KM K/m B/ BeR/m B
bl  Coastal aerosol  443.9 27 60 10
b2 Blue 496. 6 98 10 10
b3 Green 560 45 10 10
b4 Red 664.5 38 10 10
b5 Red edge 703.9 19 20 10
b6 Red edge 740.2 18 20 10
b7 Red edge 782.5 28 20 10
b8 NIR-1 835.1 145 10 10

b8a NIR-2 864. 8 33 20 10
b9  Water vapor 945 26 60 10

b10 Cirrus 1373.5 75 60 10

bl1 MIR-1 1613.7 143 20 10

b12 MIR-2 2202.4 242 20 10

2.2 FEARHE

£ Sentinel —2A JFU UG 52 R LA I, 45 H Google
Earth SEPHREERAE A THEAS L, 12 I ZRREAS
it 60% JUEREA 7 40% LM ERAAR L BEbLIE
WUREAR KOO ORI 5300  BEAS SR ANER 2 P
R2 GHEARKEIEHAKE
Tab.2 Number of training samples and

verification samples

Hi 2 YILRFEA I UFREA
B 100 70
B 100 70

B 100 70
Gramith 100 70
7K, 60 40
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Fig.2 Top 30 characteristic variables with higher importance
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Fig.3 Number and accuracy of random forest features
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Tab.3 Characteristics and significance of

characteristic parameters

FHIES8 HEAK
Band2-Blue -
Band3-Green -
JEIERFME Band4-Red -
Max. diff.
1 "L
Brightness b=—-+ Y C,
n, it
2L B Band5-Red edge -
NDVI (NIR-RED)/( NIR+RED)
NDWI (GREEN-NIR )/ ( GREEN+NIR)
o [ (RedFEdge-RED) 0. 2 ( RedEdge-
HREUE R MCARI
Green) | * (RedEdge/RED)
2.5 # [ (NIR-RED)/(NIR+6
EVI

RED-7.5 % BLUE+1) ]

PREL( BRF) /E & SVM 432K 2% 1) 4% ok 8L, J1- 18
LIBSVM" % € Fl y BIA S 5047004k . 76 T 7]
X G a2t R, AN FH G R AR B, 25 5] S 80

~
(=
T

BARKEE %
2

KappaZ

s0F
40t
30
0 5 0 15 20
wRE
— LRI

BSHUYHIBEE Ky 32.0 F1 2.0, 2131 % B B8 4
FEIMAG ESI S BRSO B E R 128.0
0.5,

CART P M ( Classification And Regression
Tree ) FEAS [ 28 2k 6] 0722 12 0 B8 14
JSCH U A5 4R A0 B 0 A T B 1L — SO XY
PR L5k . AE CART P s B 43 2 0 i
depth ZFZM 73 A L5 R — N EE SR, AR CE
depth I AEIE FEA 1~ 20, 38 o 2L AAEER T 4328
BNERAE . A0 4 BN AN O SRR AR
i, 24 depth {E M 5 FFER I, EAAKS B (Overall ac-
curacy ,0A) fil Kappa 2 #0ta T 52 H o250 ik
B, LLDBB IR EE BMAJS , depth fH A
3 FFUR AT, OA I Kappa F 80t TH2 6 H 320G
IREN A

BENLARAR (RF) 732K IR T— ME G /024
HSTAEZ D PRR b 125302805 1 s e LA
SRR B AY . I 00 73 R B (n) FlE:
AN T A K R B (m) T AR
{#iF R 1575 “ Random Forest” £ H1 /] random forest bR
BAGITA B HLARARAY 73 28 22, 2t TR,
g n=1000,m= M (M H5JAHEERE0 .

3.3 HWEWTMAE

T VAL A O AR TEAN R RHAE 2H 5 10T 1Y
IISUERTE , AR SCR A OA Kappa 250 A2 7= H K
J& ( Producer accuracy, PA) FllF F 4 & ( User accu-
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Fig.4 CART decision tree parameter optimization
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Fig.5 Classification results of each classifier
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Tab.4 Classification accuracy of each object-oriented classifier
. T RO A RO S ES1
At e ¥ IR bR
YRR HiREdfeb ML SVM RF  Bayes CART H3ERf SVM RF
- BARKE /% 91.82 86.67 96.85 91.21 87.58 90.9  86.67
v Kappa % 0.9 0. 83 0.96 0. 89 0. 84 0. 89 0.83
SUAKERE/% 9475 91.39  96.64  94.24 86.97 92.42  89.7
Q >y 1% 1=} El:/
PR +AL I Y+ AR AT Kappa Z%( 0.93 0. 89 0.96 0.93 0. 84 0.9 0.87

4 HREHR

HRYEAS TP IEARARAF I 73 SE R, 22 T WFFEIX
P LY SR 2% - M B R 2 (8] o3 A PR (1R S) o

4.1 FEHSEREDRBEENEMN
e A4 XFIETAG 0 RN [0 X G2 R or A
5 ORI 3288 BT ARG BE 0 AT T . Bk 1,
FA Sy RARAEA FARE LA R ¥ S T 80 15
MG B | MK BE I AE 86% L I, 22 W W Rh 4 440K
W HAE T I X R — 2 R b B oy 25 TS
TE RN T ML SVM Al RF =Fh/r24% , H
T RF AR T 35 19 20 R0 B, OA Ry 96.85%
Kappa 7 #(°4 0.96; M [a] X 42 43 28 S i 1 T
Bayes ,CART Je3E# .SVM Al RF PUFh/r258 , Horp
Bayes IU15 T e i 19 20 JEKG B, OA Oy 94.24%
Kappa 40 0. 93, TEAHRI /2 IET T 10 X 52
SVM 432 3o 56 T4 70 SVM 4320 2805 B A T
i, AU R G ARAE 2647 43 JE R G ik AR AE L 2T

e B R B IE S 5 43 KT AR 0A 43 i 42 T
4.23% F1 1. 03% , Kappa £ %07 7 $2 7+ 0. 06 i
0.01; T [ X4 RF 34 TARIC RF 7325 4G BE
REAR, 6] R 23 2645 0L T, OA 73 5 FEAIK 10. 18% Fil
4.22% ,Kappa ZE050 HIFEAK 0. 13 F10. 09,

ORI MBS R SRS
R AR U AL X (] 5(a) ), 4%%*4‘%
FERME T 2503 2eas o3 R4 5 A R (18 5
(b)) AT H, 25KV, T %ot ML(KE 5
(c ) (£)) A SVM (K 5(d) (g)) A A1l A
SR O K B, HOBE 5 b R E B W
B 5 U F b AN BE S A 2, BUER B4 ™
H, HETRIC RF(E 5(e)  (h)) BARWAFTE—
FEFEFE Y MUER L4, (H 45 M 28 P A AR X 58 4, il
PRBER/IN s T A R & 73 2 (I 5 (1)—(p) ) 43
KGR AIAL, Ll b B 52 4 4326 Dy 7K S8 ) T AR
B2 MR 5 B TR T 4 R ACR 4, o W
b 55 R b R R VR VA, U M RO B TR T
O AE,
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T HEALR MRS B AL S5 5, 9 PRl A Ol i
BURES 5 73 25 — Rl 2 AU HDG IS R AE S 5 40
XK, — MRS MG LA BB IE S S
o338, MR 4 T, [ R R T By [ R o s
HEARFFRES 5T BKE AR, E5 T4t
Farh Al OGS L 20 18 BORRAE A AUAE O
FERE S 50 25H 1 , ML I SVM (19402565 5 A iIF
T, OA 73R TF T 2. 93%F11 4. 72% ,Kappa Z2 %%
SR TE T 0.03 0. 065 RF (1) R0 AAKE B s
R 0.21% , Kappa ZRECAAE , 3 B LT 19k B A48 54
FRIERIIIAA B T4 7+ ML A1 SVM (1453 280K 2
X e RE 3 2885 BEAE I

THT T 2 3 26 v B il DG % L2030 F8 2K
FEAEA S TG RHE S 5 73 26 M [, Bayes .SVM
1 RF 4328883 MG RE S &, OA 43 5|80 3. 03%
1.52%#0 3. 03% , Kappa & 2047 W& 5 0. 04.0. 01
F10.04; CART o 36 B 45 B2 A7 BT B B, OA AR
0.61% ,Kappa RECAAS, H UL AT UL, 78 T8 7] %F 42
G2, 2130 BORAE BURRIE X 42 55 Bayes ,SVM

4.3 AESEB/IAEMERIEEN R

M 5 A X T2 A e R R, TR
JCHE RS L AR EUREIE S 5 43 25 ML A
RF XA 73 28880 e, PA 2k 99. 03% 5 A fH
BERRIE S 5 20 2 RE FIOGIE 21030 45 SRR 1E
2550250 ML RF X} 543 2K 8 R e i, PA
99. 03% ; AL FH G TE R AE 2 543 2519 RE X 7K 38
SRR EAT , PA 2 93. 75% s ALfil 1B F-1IE S
5432509 ML X i B 7 R0 R e b, PA
98. 8% ; AU fif HIGIE R 2 5 43 25 19 RE X #F 3t (1)
AU BT, PA H 95. 15%

6 n L X T2 PR, T 5o
U HDGIERRE 2 5 20 2610 RF X5 AR M 43 28 3%
Ratf, UA R 100% ;{63 2030 HREUREIE S
545 25 RE X 85 4b 4 28 80 2R B 4F, UA R
97. 14% (G (403 e EURHIE S 5432519 ML
X R FH LA 28R e g, UA Sk 97. 94% 5 {4 ]
SERERIE 2 5432509 RF %4> 28580 e 4, UA
K 95. 15% ; T [a) X G 43 FE b Adi HIDG IS (2030 48 %K
FE S 500250 RE XK 20 R8O b, UA

I RF 73 RGBE AR RTBOR 4 99. 2%,
R5 TP ALBEFERERE(PA)
Tab.5 Land use type producer accuracy (PA)
TR0t T [ % 52
ii‘ﬂz?’F'J S ‘ﬁ‘tiﬂ‘%%ﬂ?fﬁiﬁl SR ?“ﬁiﬂ‘%%ﬂ?éliﬂ
FHZEAR! BB H R EURAE B R EURE
PA/ % CART CART
ML SVM RF ML SVM RF  Bayes SVM RF  Bayes SVM RF
PR PR
M 93.15 91.8 98.06 99.03 97.09 99.03 98.61 97.14 98.57 97.14 98.57 94.29 98.57 98.57
i 89.04 78.1 99.03 99.03 98.06 99.03 84.29 87.14 84.29 74.29 91.43 77.14 94.29 84.29
JKEY  84.09 84.1 93.75 92.19 89.06 92.19 93.18 86.36 88.64 86.36 93.18 86.36 81.82 84.1
AN 98.8 98.6 97.09 92.23 90.29 97.09 90.41 87.67 90.41 87.67 95.9 84.93 94.52 87.67
B 90 80 95.15 90.29 81.55 94.17 89.04 79.45 91.78 87.67 91.78 91.78 89.04 91.78
Fo6 TP AEBAREE(UA)
Tab.6 Land use type user accuracy (UA)
AT T 1 %4
S T L AL LT L
FHZER Ve B +REUFE B+ B HURFAIE
PA/ % CART CART
ML SVM RF ML  SVM RF  Bayes SVM RF  Bayes SVM RF
PR TSR
Mt 94.44 85.9 100 99.03 97.09 99.03 98.6 98.55 97.18 97.14 98.57 98.5 98.58 98.57
B 82.28 72.2 94.44 96.23 92.66 97.14 90.77 79.22 90.77 86.67 96.97 90 95.65 90.77
KL 97.37 97.4 98.36 89.39 91.94 98.33 95.35 98.91 98.91 97.44 91.11 92.68 94.74 99.2
UM 94.59 94.5 97.09 97.94 89.42 95.24 97.06 94.12 94.29 94.12 97.22  96.88 92 96.97
Phh  94.03 90.3 95.15 89.42 85.71 94.17 78.31 74.36 78.82 68.82 87.01 68.37 83.33 72.83
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1)5 Bl edn SARKE BE 4 B IA B 86% LA I, L
B TROTI RE 43 2005 B e, AU G5 4
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2) Sy FFIE I DAL TR R T W 0 2K I B 4y
FHERL ALK . FEOGIERRE S 5 3 28 0y B 1
INALLH FEERHIEJS , B TR TR RE FTHE [R) X
G117 CART JeSEm SANS BEA BT T B (B R IR 7
0. 5% 7c A7 B HA /2 1 BAKS B 15 T 7,
FEIRLT T RS BCRRAE B I A BE RS 7E B R 4R v o

AR SCAHRZ T ) X 52 5 1] ) AR 0 W 432
TREWE N 5 Fh 432877 L7 A M7 1 — G 28 0 A A
b4, WA 25 R8T 1) M B A 2 28 50 s A — % b
FA3 NG B, R Bt VA R FH 2 AT A U
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