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Abstract

In view of the problems that the classification scale of UAV images in mountainous and hilly areas
is difficult to determine, the feature quantity dimension is too high, and the classification accuracy
is low. The research first determines the optimal segmentation scale, and combines the Relief F
algorithm and the CFS algorithm to optimize the prior feature data set respectively, and finally
uses the Random Forest (RF) algorithm to complete the classification. Taking the mountainous
and hilly area of Hunan as the study area, based on the optimal segmentation scale 160 jointly
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evaluated by homogeneity and Moran’s I, three object-oriented classification schemes were con-
structed using the optimal feature subset. The results show that the classification results obtained
by optimal scale calculation, CFS feature optimization and machine learning method have the
highest accuracy, with an overall accuracy of 90.3% and a Kappa coefficient of 0.873. It is proved
that the method is suitable for land cover classification in mountainous and hilly areas.
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1. 5|8

FETHE ) L0 A5 B2 L B Rl . BRI DAL R . ARG R i Re i, i E 4
SH T N T AL S BE AT E ORI 2 A SU(LUCC) [1]. 4nBEHLAR AR (Random Forest, F) [2]
[3] [4] [5] [6], %»2K[RIJAH(Classification and Regression Trees, RT) [7] [8], [ & HL(Support Vector
Machine, SVM) [9]5. AHFFLRM, M T HAM I KEE, MR EAR S ISR, 2Rt
NN B T30 LR 9 R B S iR R . 2 A G ORI A R EI R (E 5., fE
B R D BENLAR AT 73R 43 [10]0 o HEEe R AR AL T R A PR BT 5, P4 4 () A 58
Dt HARME 7 K& T 0 KIRHE . MBS0 5r 05k LUE T B, R B ME T g5 B Sk IAR
fifEPE. ITAESR, A RECARITHL TAESEE T BANBITER, D2 MEIE BE NN R, 4iaX 500
W S ARG BEZRE S I T7E, RiEEEH S 7 AR R R HRS B

TN T B EFZBFTR 7 A g iR, oxah 7 HA L . BANEEA F & e kLo
FHIE, (HBEZMREHEZ B BITURME, SEERBERERR, BRI, MERZE. Hit, XK
R SCIRAEIE BAR I L, FARUE 73 NG FE 1 [ B 10 e st PRI T B 2 B . A Wt 90 R W AR AR
EREH IR m B ARG B, R BENLERAROT VA R i B VR HE P, e 43 B B S AR A 9 7 SRR AR
Re UK B SR LA ) 7 R 5 R 11] . R PIIANA RS 77745 6 584N O0B) J7 V20 B BRI 4H A A ik
— R EARE T R WRHT R X B 4 TS 55 5 R R 12] .

FERTNBE SR b, DL o0 AT 5 A, M HRORHCRAE P 080 i 24 M T A B 2 e — SR X ORI T X .
TN G NIRRTt E T o R EI R, FIA Relief F HIER CFS HE 7 ik B4F
TES N BN LR AR 22 ST L e B E B 55 028 . B0IE Tz 7 VAR IR A5 T 2 1 1L M kb X (r)ad A
2. IRXEHE
2.1. XS

F ST XA T AT RS 24 M TR R &, VLSO BRI R, HbIEALE: 25°59N, 112°34E, fir
B 1. WAL EAE, KOTAY, Ko, i R AR SR AR RE I 2 = 8T R
ZERAEE, AR, U, OF X R SRR A bkl e AR S Hh 4 .

FAEFFRET 2022 £ 4 H, FFKIE M300 RTK TEANGKEAT R X T ANEE, ZRTEANIEE
Zenmouse H20 =&, AL 2000 JJE R A EMNLA 1200 T AN KRB )58 Photoscan ¥
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PEACFRLZ 3 S NAH A, X SR A a3 SR I L AR R S R, R BUE B 218 (Digital Orthophoto Map,
DOM), ZE[A4r RN 0.02 m, 1% K/NA 239,920,374 METTG.

Figure 1. Overview of the study area
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Figure 2. Training/validation sample distribution
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3. &
3.1. BEMLARM > KX

BENLARAREE B Breiman $&H, HEZ PR ALRL, K 2 B SERBEE ZEAT T TG 8 i 4y
FEIE[13]. %5 12iE1d Bootstrap F RAERI A, 4l Bagging FyEMBENLARMAIEERY . BEHLA U R 4E
FIVNGREEFEARL m MR BREAR, BEEX m DFEARGEM n IRBENIREE . RFEASBEAT UM A8, BEAL
L f AL, BT SR A NGRS B 2 R ST B HLAR AR, X6 22 R s B 1 0 4 #5¢
5, BRRASR. GEIEERIRE ERIRL, ARSI, ARG BALNE, HAR
SRR S RE T

3.2. Relief F $HE{i%

Relief 525 7l Kira $& i, 55w e PR T 2880000 164 28 ) [ 14] . BEJS X Relief 347 79, 152
T Relief F #y%, BEWAIEZ pREI[15] [16]. N TIEEFKEE, WFHFEHRIH python LI relief F 58
FRARFAERCE T, B 58 B AR A ORI REIE . A BEZ 3 R R, 1 2 NI R AR B b B AL
PRt —MFEAR R, SR S5 RIS BURFERE AR SE LS R 1 & NIEIGFEA, XA RIS RURFAE AR AR SE i 4% &
ANEARFEAR, B Ja T ERANRHERE . TR LTT

W (B)= W(B)—Zk:dzﬁ’(B,R,Hj)/(mk)
()
r(C) Lo
+CEC,Q,YS(R)L—p (class () jz::,dlﬁ((B,R,Mj (C))} /(mk)
Kb, W(B)FR BFAEAE, H, 5 R FZHAEPIRIZEREA, M, (C) RFA C hARRZEFEA
EHEAEIGFEA . diff (B,R,R,) FmFEA R, R, TERFHIE B FIBEES . m FoR8 A IR

|R, [B]- R, [B] /(max (B)-min(B)), Bi%s:
diff (B, R, R,) =10, BEWHR[B]=R,[B]
1, BEHELH R [B]# R, [B]

3.3. CFS ¥ 1%
CFS FA &N AP AEREATHER, T2 I AR 2 [R) L R AE 55 28900 22 18] 1) S B M SR AR AE A A
%o BEIERZ DR A S KRBT BOR PR RHE T8, W FEZBIARG A, RERHZEE
FEE A S M BRANRRAE T B8 15k . SRR TRV W R
k+k(k=1)r;
R, S RAHETR, A kM, rp R PR B HIHICE, ry AT RRAE SR 18 A
Kotk o WFFCR FH B AR S48 2 (Best first search) 8 2 Y] 4f FFAE 25 [0

3.4. EEMNRRIEREEEF

TNHEG A B e 5, MR ERREATZ RIEDH . R R H RN, 55 HILE— g
B KU EINZAXN R HEIREEL RN, SHIFEA—2EX KRB E 2 M. FtgFEaEns s
HRBEARE B oy SR 1200 107 02 DURAME T AR, B R B 5 IR [RIZRA AR B TT B 20X R
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PEIE B BAE - 70 F13% 2 1 R R A RN AR 2 80 B R B, AR AT R A B K 57 s P17 [18]
[19] AUHIEFER BT R 0 RABINBUR #7572, R A 522 5540 Moran’s 1R THE, R ZAR Y [H]
JRAE i HOR Sr J P i Oy S 2 VP pR BOR M e 7 U 45 R B . 1% i T 20 A B[R] AT
X GR A S PEAE 3B B R AR RES A5 2R B[ 18]. BARTHEROEREQIR

1) X5 A BE

n
Zaivi
= IﬁL
2.4
i=1

X, v, 987E b BB EXREFME, n ZRIEFINRINE, o IR ER, v RiERBE b b
MIbRHEZE o ZAEME/DN, ORI RFAINECT ZE8/0N, 4 JR%h G P 350 [ o 14 6 e
2) KGRI

Y,

(4)

I :ngém’(y’_y)(y/—?)
b (i(yi—i)z)ﬁz“zwyj )

i=1 i#j

Kb, 1367 b BB LRI, 1 A EI SAEL w, AR R R, I ROE T, 4o
Hil), # R AR MEHE, W, =1, EMw, =05 y AR R ERE b EHETHE, 7 NEMPE
TEWREL b (0TI, Rl Tz 51 5 7 R

3) HEFRITH

A4 M S5 HOR 5 R M S 4O — f AL

V.. -V
F(V) - Vmax - Vmin (6)
Imax - I
FWU@JM @)
GS = ZM ®)
i=1 n
LH, Vs Vs Lo~ Lo N NEBOINAUR T 2805 2 Fe 8 B K /IME . THELH1 GS (BB
43I R T
3.5 BEITE
WFFERIEE TR FERE,  FIFH SAAKS FE (Overall Accuracy, O4), Kappa REPI RN T
i Xii
Od=="7— ©
22,5
Nzn:X” —i(){[ xX,;)
Kappa = —=——~=4 (10)
N =Y (X,+X,,)
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A, NERBIEFEARMANEL 0 FoRr RN SRR 04 FoR 3 TR L, Kappa & %2 il
ZRGINGREAYI G RETRR, W LR KRR

4. R
4.1. ¥R

FHIE R LR R BN 70 KA RPN, BRI RE SRR EIX e AR . A SO T AHLIE S
B RGB I BUB RGBSR T 41 ML, Forb B 5E SCRHIE 3 A4S, JEIEAFAE 8 4>, TARKFIE 5 4,
SUERFE 25 o BAARRIIRRAEDE 1.

Table 1. Initial characteristics

= 1. YIRYHIE

RHIE S RHIEA R e

I E SRR VARI. VARIGeens EXG 3
Mean R. Mean G. Mean B. Standard R. Standard G. Standard B.

S 23 A - L _ - _ _

HAFE Brigthtness. Max.diff 8

TEARFHE Area. Length/Width. Shape index. Length. Width 5

SR GLCM _ Homogeneity*5. GLCM_ Entropy*5. GLCM _Correlation*5 25

GLCM_Contrast*5. GLCM_Mean*5

BT Relief F BFARAEE ZVEHER, W70 OR B AR SCPERCIR A AT 20 MRFAE. ALk Ff e 3.

Feature

EXG 1
Max.diff 1
Mean_B
VARI ]
Mean_R ]
Brightness ]
Standard_G ]
GLCM_EntropyALL ]
Standard ]
GLCM_Entropy0 ]
GLCM_Entropy90 ]
GLCM_Entropy45 ]
GLCM _Entropy135F——————————]
Mean G777
Standard B
VARIgreenf 7]
GLCM_HomogeneityALLF————— ]
GLCM_Homogeneity90 /]
Length/WidthF—————1]
GLCM_HomogeneityOF—————1 ) | ) ) i ) |

0.0 0.1 0.2

Figure 3. Relief F feature selection
B 3. Relief F #EE#E

i/ CFS BB WAL IRk, 155 14 DMCHERHIE, W1 2,

BT PIRRFEIERE T 95, CFS SRk 1 14 MR, BT Relief F 530 1% B8 /B0 . MIRE
MR, A SRR IERDCIERHEAT 8 A EARRFALRISCERFIEAT 6 Ao Ll e FAHh X A I AR R AR
A, TEMRFFAE &5 LERUN, TR AR AR 7 25Tk
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Table 2. CFS feature selection
%2 2. CFS $¥{Ei%#F

REAEST] FHE A FR St
52 SCRFAIE VARIGreenn EXG. VARI 3
T RHIE Max.diff\ Standard R. Standard G. Mean B. Brightness 5
TEARFHIE Length/Width. Shape index. Area 3
SRR GLCM_Correlation90. GLCM_Homogeneity0. GLCM_EntropyALL 3

4.2. ARNRERMREEEF

MBS, H Ecognition9.0 HHAT 2 R, e Hosme R« S HE R 2351 RUBE XS T ) % 52
DHIEANE . ARZNESEIRE Ry Gy B WEIBEN 1:1:1. 2 LXK A RO, H
K AETERAHE . Fik, ARFBEMBES 8 0.1, 0.9, REESHEELFEREEN 0.5. I
DL EIDREE 20 AR A, LA 20 B, SR 20~220 (19 GS fH. HIHHHEAER, 2EIREN 160 K,
S EI RPN AR SR /N 0.972. AT AL EIREE, SRIEMIMAR, SR masEHIRE 150, 170,
THEAF R 160 B GS fEH/DN, MEE A FIBUR Bl . BAREAB S E R = VPN a5 3.

Table 3. Evaluation of image segmentation quality

3. BETERETFN

REZH GSr GSo GSg oSy

20 1 1 1 1

40 1.053 0.885 1.106 1.015
60 1.066 0.888 1.139 1.031
80 1.055 0.871 1.126 1.017
100 1.030 0.864 1.106 1.000
120 1.010 0.870 1.068 0.983
140 0.993 0.885 1.048 0.975
150 0.987 0.896 1.042 0.975
160 0.979 0.897 1.041 0.972
170 0.980 0.916 1.037 0.978
180 0.983 0.941 1.039 0.988
200 0.993 0.964 1.007 0.988
220 1 1.005 1 1.002

43. LR

WERZ RIS, DR IRUE 160 SR RUE &, Bl 0 52 BEHLARM AU N EOh 50 524
9. SRR T AR L. BT A BARRAEIRE, IEFEATERA 41 A B E SCRFIE . DB
TEARFFAEANSCERFAL, LLREER 234 D INZRFEATERENLAR K A T 58 BB . 70 KA R 4(a). B B:
JFURRHIEZE RS Relief F SANGE G, EHEILIER 20 DMRHIE, INACRARIJELA IO I ZRAEA 72 B LR AR 73
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F. ARG RINE 4b). B C: JRIRRHES S CFS ARG, EHINEM 14 MRE, INACREER R
SRR ZRAE A SE RRBE LR MR 2. RS & IF 2 RER . 72 REERWIE 4(c).

(a) (b) (c)
ERE R I ki S
[ ESi I s ki

Figure 4. Classification results of different models and processing methods

4. FEIRBI R ALIBF LT KGR

4.4. THFIRA S EBEITE

fiEH] Arcgis ZEBBEHL R T HA B 300 AN mAEASIE SR, X HTE ABLEAR B LA A RO . A
PSSR 5 5 T 73 SR 45 RAE Arcgis "R ANERE, THERERIKE. W& 4.

Table 4. Comparison of model accuracy

4. RERE XL

B A Bl B R C
R gk o . R

J& Rt 0.82 0.95 0.86 0.97 0.92 0.97
4R H 0.67 0.67 0.89 0.73 0.89 0.84
" ﬂiﬁf fib 0.79 0.76 0.79 0.87 0.88 0.89
B 0.97 0.97 0.97 0.97 0.97 0.97
TE % 0.87 0.87 0.87 0.87 0.87 0.87
KR, 1.00 0.57 1.00 0.73 1.00 0.89

KGR 0.803 0.860 0.903

Kappa %k 0.743 0.818 0.873
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MF 4 FETLAEH, BT CFS FREILE IR C HE e . B8 AL By C FLEAR K E OA 47
AN 80.3%- 86%F1 90.3%, Kappa RE7>%14 0.743. 0.818 A1 0.873. M T A H5#iA B, #iH C
SAKE BE 23 ) 10%A1 4.3%, Kappa 250705 0.13 A1 0.055. A B 587 C L5 EMik /s, XFEb
B A, 6 KMERTE T R HA A RIRRE 3Ry, e o ok EE R 45 A A 4 FH RS 2 T M 52 B R
RA%EA . B TRHELERR T kA2 R (Rl 46, B Re A N 2Rk . B B 518 ¢ &5t
Relief F 5LiEH CFS FHIEMLE, PrARIRHIERCE —FF, B8 C R MRS, BRMESEE 5T 7035,
SRR E S Kappa A — & I3, 1A HRUAR I A JCARAR A - R P 2R 2 B PR FE R A BCR . BRER T
CFS FHIEIE £ B G BRI R A R0k G 4y SN R - A B T4 2% BRIk, AR Fi4e th ik
PRIl B 160 454 CFS RREe £ HE3RAS 1 s 40 R, UEW] 7207 ae A R B T Hb 2k
Gy AN BB FLA AR L B R b X

5. &hig

ARSI NG R B, Gl im0t 2 R 73 %, Relief F HEA CFS BE 53 Hll i e Rk
THE, Ba CABENUARMRALES 5 2] BOE S i T 9T X R0 R 502K, S SHE A SCR_ B E A T
ZIIX G2, WERAFH LA R 458

1) XHEBEEAALH 41 AN REFAEF A Relief F SRR, EING/BAEREA —FERITEOLR, #8
RO 5 7 SRS FE R 4) 80K . WEFE P Relief F SVEFREMRIE 5 AL AL B LU IR IGRFIEAE AL RL A BIRKS
FESRTE T 5.7%, Kappa #2711 0.075.

2) WREEGLAEYIME 41 4ERHERI A CFS BERHTIRE, AT Relief F HVETREIFFIE T4, CFS
SR R D TR SR, TRTUE B AN [F A (R T v, BT ORI, o SORSRETE . E =R
Riep, BR C AR B RIS F

3) ZREEEDR IR R KRG, ReA 0 “HERIE” o CERH RS =it
Hoop oy IR VAN, 150 T A RIREEN 160 B, -SRI s . %075 26 ORI EE > N H AL
T
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