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Sentinel-2 HIZE M HRRGRIEIAG . BT TR ( Digital Elevation Model, DEM ) $#i K ZRARYE IR 2K e 4,

FIH CatBoost. Ffit/l#%#pk ( Random Forest, RF) . ZHFnjm=Al ( Support Vector Machine, SVM ) =Fp&j%, @it
T A RT3 SO AR BTSSR TEMRE BT, CatBoost, RF.

SVM WY EARSN 2BRERE 23 1R 97.75% . 96.54% . 95.05%, Kappa &5 0.96. 0.93. 0.90; 7EMNEBATHARIA
FEF, LA b SRR SRS B R4 R 73.38% ., 73.49%. 69.9%, Kappa RESTHIH 052, 0.52, 0.45, 7EA
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Information Extraction of Phyllostachys edulis Forest based on Multi Source Data
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Abstract: Based on images from Sentinel-2 medium resolution remote sensing imagery, digital elevation model (DEM) and bamboo (Phyllostachys
edulis) data from forest management survey of Anji county, Zhejiang province in 2018, estimation was made on area and crown density of bamboo
forest by CatBoost, random forest (RF) and support vector machine (SVM) model, dichotomy idea and multi-classification. The result demonstrated
that classification accuracy of bamboo forest area was 97.75% by CatBoost, 96.54% by RF and 95.05% by SVM, the kappa coefficients were 0.96,
0.93 and 0.9 respectively. The result of Moso bamboo forest canopy density estimated were as follows: the overall classification accuracy of the

above three algorithms were 73.38%, 73.49% and 69.9% respectively, and the kappa coefficients were 0.52, 0.52 and 0.45 respectively. The
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estimation accuracy of models was greatly improved after the samples divided into two categories (large sample and small sample) and modeled
separately. The estimation accuracy of crown density of each model was greater than 78%, especially by CatBoost, 83.45%.

Key words: Phyllostachys edulis forest; machine learning; remote sensing; information extraction
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1.1.2 #F5#4E  Sentinel-2 ¥ — M RGBS, WD 13 ANEIGIEEL, IRTEE 290 km, HURIZMFEEA 10
m, 20 m Al 60 m. ASSCMEF A RFFL O ARBURIE Sentinel-2 i@EER, EUR(EENEE 1 . DEM £k
RARBGERE . YR . S SREARA0 TR, A SOt a8 =R U2 2 2018 4F 10 Hi) DEM ¥,
SRS 30 mo R EBITARESE I 2018 AERRMRTTIE —ZEA TR, P BTR SIE BTG E R
2 .

# 1 Sentinel-2 BREEEEKRER
Tab. 1 Basic information of Sentinel-2 remote sensing image

ERIREIG (IR &34 TR B ) DTS
Image 1 S2A-MSI LIC 20184E10 HO1H T50RQV
Image 2 S2A-MSI LiC 20184E10 HO1H T50RQU

®2 RHEBEMMSEENHGEIEIE

Tab.2 Bamboo forest and non-bamboo forest in Anji county

/‘"“Q I Kl I AN
o S NI 4 B N
0.3 0.4 0.5 0.6 0.7 0.8 0.9
BT 13 18 101 845 4 495 6 634 340 57 614.87 12 446
jlﬁ%’f’]‘?[?!( 33 199 587 2203 6150 6 499 1 649 54 518.60 17 320
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Fig.2  Technical route

122 HAEFALFE  XT Sentinel-2 3EFEE, H Sen2cor (v2.8.0, European Space Agency, French ) 17 RKSAL
1EJ5, i SNAP (v8.0, European Space Agency, French ) ##:, R &HITARIH{E I ( Nearest Neighbor ) 5 30
1 60 m 73 FERI)IE B HIERFER 10 m 0 FER . BRI ERE R MNP, MUGEEEEURE,
HARIT L SR B R AR IR 2 A5 kv 22 80 AbbR R, BTLUA ENVI( v5.3, Exelis Visual
Information Solutions, US ) 44 Sentinel-2 J&KEME A DEM EHZ HI WGS_1984 AAFR R MG % 80 AbRR , 4k
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Jei R i MG AR 2275 BATEG R THHER BT A .
123 BALFEF%#F  IRPCEREIS B2, B3, B4, BSa BAINELHERE, @Dl Bk Bedm it EA v e s, A
PREL 8 PRERTREY, HAHE AR 3 FiR.
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Tab.3 Formulae of the eight vegetation indices

TRHATR HEAR R &N HEAA
IH—ferEgEAE% (NDVI) NDVI=(NIR - R)/(NIR+R) 53—k E(NDWI) NDWI = (G — NIR)/(G+NIR)
GRS (SAVI)  SAVI=1.5% (NIR - R)/0.5x(NIR+R) KB NIAEH(CRI) CRI=1/B~1/G
FZEMPAEHE(DVI) DVI=NIR-R LR PER B TEEL(NVI) NVI = (NIR? - R)/(NIR*+R)
ORI B SR EVI) EVI=2.5(NIR=R)/(NIR+6.0xR = 7.5xB+1) | I4—{ka£RFEHHNDGI)  NDGI = (G -R)/(G+R)

7E: NIR FRIEZAMNEE: B8a, R #/RLIIEE: B2, G FRatiiB B3, B #aRisiiiiE B4,

M DEM HHEIREBUGEY . R a2 ih 3R RPH SRS . #IRIR RS2 ( Topographic Wetness Index,
TWI) 6 MHER F . il R ] B F YR B HARAIFE ArcGIS (v10.4.1, Environmental Systems Research Institute,
US ) #fFHY spatial analysis surface FHe b B3R E ) 51t ArcGIS Spatial Analyst FE3e i () K FHEE ST 4347 T2
HHEORPH SRR, O HARE Rich 0057308 Fu S5 % RO ERIUETE, RUKPH S5 25T
FITA K PH V12 2 Pl s X P it S RO S AR D . N BRI A AV BE R TW) TR 7R,
HtEAFh: TWI=1n (Xtany) , H x RS EERE ERITKER, y oAb

MZE B 2018 AEFRMRGE IR AR P IR I 2 IS . I sl P L IR 5 ANRHIER
o BYMWERRG S BRI EE, 2R RIS S R U AT AE KA B s>
Pepdhh . AR A 2R, BUAIRIEEME, 28 E T EBTHRRIEHEBTARE R, RIFRMRTE IR 2%
PR L DI PR IR R
124 X 5WEHE  FHEFENFHER F DRI IE 2R &0 NI BT T K S8 1. o X GE it a3t
43 212 R, BREIROLE 14 MFER 1. ANIEEARDUZARZEARIFD . AR B ZARZE . BIBR A ZINBE A AR R
ZEN R SECFIINE 0 1Y 13 444 5508 BRIAR) 29 768 S5 70% . 15%H1 15%H ELFIRERLEI /> AiZRdE |
ISR, FREEWRE S ABATH T 028 (RIS B TRREEBITHRPIRZE ) o 76 Lk 29 768 5751
i, A 12 446 FBATHEDE, IS BATREDEE S SIARH EREAEI 70%. 15%. 15%L0], FEHLEIZ A
SAE . DEAEFINREE, RSB EPREHTTE 02K,

AR CatBoost, RF, SVM =Fh/3r2485 | CatBoost AEB T I A TH)— s s B, e AR
WEREESE 28, AR EERE9R ( Gradient Boosting, GB ) SEEARHL GRS 21120 FEiFSE Filid A8 WEiiE,
PRI IESS A HIANCE AR IER 2R ( Receiver Operating Characteristic Curve, ROC ) , FFitE Al B ey
FEHMZE T 1A (Area Under Curve, AUC) . HSEIRAEIRAI, HYE CatBoost BRINSEINZ R SR EE NS
REFE) AUC PF4r, PSSR AUC W BRI RN .

RF MR EE RS2 )k, il SN A TR e BRI BN 2R 4., TR ISR i ERURAE [N 7
BEATHEEE )RR ROR T . A8 SUFATIRAIE, O AR EI N 50 BRI 500 R, KA 55 HRPIATR
FEVEIEN 10 J22] 200 )2, KN 50 UMIRECESR 135 B mcRBRNARR 35 120, #5 AUC PRrEei . SVM
P 1| e S | 2 | S B 1 LT N PO NPt 22 S e 61 = VR v Y, 1T INONT (8 3| 22 YRS 1 oy v ad
FETE R AR FER SRS s SUEBHTIRIE, IENMESEGERIM 1 3 10, KK 1; WEERE A
0.01, 0.03, 0.05, 0.1, 0.3, 0.5, 1., 3. 5. ASCRMEmFEAZFE (Radial Basis Function, RBF ) , 41EN{k
Sk 3.0, WEERECH 0.1 B, REEIR) RS SRR R BGRASiMEL, AUC PRI o A GBS IR0 73 2K
W, A% BRI RERSh A SR 2SR5 E (Overall Accuracy, OA ) . H P #EE (User Accuracy, UA )
HeF= K E ( Producer Accuracy, PA ) PLK Kappa R,
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2 HEREMM

21 EMMHEMSERGE
FEIlZk CatBoost, RF, SVM 3R, ARG HEIINR TSI FN AT TRFIAEBATIR, QRiTHES 282,
RGBT 2RSS RITRIG, THRLL B =R PERESRPR, S5 RILEE 4.
Fa4 THFIERIMRERIT

Tab. 4 Performance indicators for binary classification models

CatBoost RF SVM
25
UA/% PA/% UA/% PA/% UA/% PA/%
BATH 96.89 98.76 94.88 98.54 93.74 96.74
AEBATHR 98.68 96.70 98.42 94.47 96.50 93.28
OA/% 97.75 96.54 95.05
Kappa 0.96 0.93 0.90

13 4 W], CatBoost FEBY) Sk 2R RE B i, M 97.75% . Hovby , IR AE AT PRI S T AR 8 509.27 hm?,
JEBATAREY S E AR A 8 180 hm? ( 1] 3A iR ) , CatBoost [l BRI AL A 8 403.40 hm? . IEBATHRIE X
3 7910.33 hm® ( @08 3B FioR ) , A4y miA3E 375.53 hm?,

« P ‘«

EER
= 5403 40m?
-%1’?37“3509-2?hml 0510 20 30 km [ <44 791033t 0510 2 30km
| = e ] [ o]
B === s 10mm? | EEEEERRE
A = MR P BT MAEHEBA TR S2hR 4 AT B - ®TF CatBoost BITBATARAM Miifi 5

B 3 LAk

Fig. 3 Distribution of bamboo forest

22 EVMEBAEME

JeilZk CatBoost, RF, SVM 24255 SR ISR AESIRZ BATMARMA BE S0 AT 2472, BT HEASE
RIS SRR B SR 5 AR UR — SRR A ORI B S 2%, T RELL L = AR M RE TR AR (3 5) o iR 5 T,
T EBATMAR RS, X THRRAIEE 0.6, 0.7 BIANZEAIIIEARE, CatBoost LRI UA ., PA PR/ RF PR
MXHFARAE 0.8, 0.9 BIAZAIE0 4, CatBoost Fi7UK) UA . PA W ¥MIKT RF W4, (HEKARTE, CatBoost
il RF #7901 Kappa REHIF], RF S0 SR 2R B S L R 73.49% MG H BATARAREA B2 S2B7 o0 A ( 3R
B AR 2RI AR ) A 4A PR, FET RE BUABMIBEfR 25 RN 4B PR, W HA RO — 3k,
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PRBL T RAMFER A - e LB ARERA B v AR . DU e el
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Tab. 5 Performance indicators for multi-classification model

. CatBoost RF SVM
b
UA/% PA/% UA/% PA/% UA/% PA/%
0.3 0 0 0 0 0 0
0.4 0 0 0 0 0 0
0.5 0 0 0 0 0 0
0.6 67.53 40.94 67.14 37.01 59.04 38.58
0.7 69.65 68.10 69.20 67.66 65.80 63.65
0.8 76.08 85.33 76.35 86.63 73.12 82.31
0.9 71.43 19.61 100.00 13.73 72.73 15.69
OA/% 73.38 73.49 69.90
Kappa 0.52 0.52 0.45
R K
Re r:) .:: o '
- , TN ';"
o L oo - oo -
ks . ) - s
‘ (o.‘ ] & o :'1’ ;-‘ % -
. - 4 et Ay Lol
HETE J o Bl . P &
. o 07 B o 0.8
0. .
|:| ? o8 0 5 10 20 30 |:| 03 o2 0 5 10 20 30
¢ o2 km 06 - TR km
A - BRI SRR A B — 3T RF ) BATAARIA A A

B 4 BATARARE A

Fig.4 Crown density distribution of bamboo forest

2.3 EVMEAEGBELERI N

H# 4 OTR1, FE 2RI CatBoost, RF, SVM BB 2GR | Kappa REFIRIKIE/N, H =Rk
R BNy FAGE REIAE 95.00% LA |, Kappa REAHLIIFE 0.90 DL E, 43Z0RaetF . (HliZE 5 a5, £ 2560
B SR A RS B ARG T 4 2B (43 5IMIE 24.37% . 23.05%F1 25.15% ) , BIiR Sdd 4 20R5 e B 1) RF B
WAL A 73.49%
24 ZHAERGERAE

T CatBoost. RF, SVM = FMERIG BATAAR A B0 G Bk B B2 T BATARE RGBS S fiy
W RERE S BOZLE RN — AN EEER . FE 28, BT GIEBRTMEER 0k 12 446 117 322 5%, 4155
G RL RN 41.81%., 58.19%, S AitEx Vif, #2528, BATARBMHIEFR 03, 04, 0.5, 0.6, 0.7, 0.8,
0.9 -B25, BHEEA B EINGESHEAREN 0.10%. 0.14%. 0.81%. 6.79%. 36.12%. 53.30%. 2.73%. HH
HOPEE A 0.8 BUREA R, HIZESAEARER 53.30%, HARHEES 0.3 R RN, (WS IIGESFEA R
1) 0.10%, FEARIGNFARAIYL), TENGERINES 5 SBURIE, 1AL SR PGB A

ARSI EARG, FESOIERSE T, 220k Scikit-learn B J7 4 balanced 251l
BT ERPEARE TP AR, (EATR SR IS RS (5% 6 PR ), AT HARIENREAE T BARZR
HINECE SR T B, (HIRBHE R T REEARR I RAL, Hum S B0 SO TR ekt
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PRI IR AR 5 o b /N 2RO A5, AR SO o LR AOARIA B 0.7 1 0.8 PRZSAEAS A A R AIREAERRY ),
Tl o LL A/ NOAEAR R A A TR (/NIRRT ) | FRIG EOR PRISERL S AC N SE A A, 452
FHH, T B ER A  SUERE (R 6 B ), Hib CatBoost, RF FAMRA AR 2K BEYTE
80%LA I, SVM SR B4 ZSRE IR R T 78.2%

* 6 EFSHAERNEHEAE MR

Tab. 6 Performance indicators of multi classification model for estimating crown density of bamboo forest

CatBoost RF SVM
tii]

OA/% Kappa OA/% Kappa OA/% Kappa

SR ISR 73.38 0.52 73.49 0.52 69.90 0.45
25 66.74 0.47 71.99 0.48 61.65 0.40
Sy REAR LR REGIEAATTY 83.58 0.66 82.14 0.63 78.13 0.54
NIRRT 82.32 0.61 83.84 0.64 78.79 0.53

TR RE 83.45 0.71 83.18 0.71 78.20 0.62

3 Ew5iw

ARHET Sentinel-2 JEREIGE WS . DEM Hdli . FRARTTIE _2GAE%EME, FIH CatBoost, RF, SVM =
BRSBTS AR 25 SRR FE B TR ARG B, CatBoost S5 AR/ 2SI 1, 4 97.75%;
TEAN S BATARARAI BE , RE BRI SR R, o 73.49%.

LA BATARARPA R, FET BRI T — I, PAEASAR B S i S BUL RS A (S Y
41 73.49% ) o 4RH Scikit-learn ‘B J7 LR balanced ZEAI IR Z 6 A S TV H AL BRES , ARSI 2K
JEAKE % o R A3 AT, RS A2 ] (o F AR BAE SN 5 LU IR ) B, RIS
WG R T B2 42T, SRR L A EEITE 78% L) |, LA CatBoost ffl, SARDZKEEIRT) 83.45%. M
HEME, CatBoost HAEK T A ZIRRRME R HAR A 20, AINEAREARAENZREE AR THER A, 1T CatBoost R
FHEF TSN P BN R o, B R B il T A 22, BT ARDe T RS )@, PRIHAE ok = s
i CatBoost B EAASIAEE R, PABTARBI R M IR LA 2

AR L — B AR R UG 753 25, IR PMIEBATE BRI RE . ahdStk, A ammrssn] FIH K
RE . ZHHHEREG ISR BIHREGEE . 6oh, B 20 AR i@l AR30G2 4 280 iy
P, SR EYE 2 RS TG, R AREREE RS T, AR
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