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Precise identification of forest land types based on high resolution

remotely sensed imagery
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Resources Information Technique, Chinese Academy of Forestry, Beijing 100091, China)

Abstract: To compare classification methods of forest land types based on high spatial resolution and remote
sensing image data in forested areas, Genhe Ecological Station, Genhe City, Inner Mongolia Autonomous Region
was selected and red-edge band satellite data was used. With the RapidEye and GF-1 remote sensing images as
the main data source, a comprehensive use of imaged spectral features, textural features, forest resources data,
and other auxiliary information, as well as the forest land type field survey sample data in 2016, were com-
pared. The ImageSVM, an Interactive Data Language (IDL) based tool for the support vector machine (SVM)

classification, ImageRF, an IDL based tool for the random forest (RF) classification, and traditional classifica-

Wk 199 : 2018-10-23; f& [l H 4. 2018-11-23

FEBTUH e PR UL AR 5 # R I (RT &S 43 ) BRI H (21-Y20A06-9001-17/18) 5 H s 4 5 5 1 BB
B Jir b E A BL2A B “AS 747 B4 0T H (CAFYBB2017MA005)

YERZ A . skJRMG, B BER LREON, M2 & 63k 22 ool b B 98 . E-mail: zhaopengzhang1123@163.com, i {5
e . WU, BFgEi, W4, i@ BB AR MOl iR TS . E-mail: tianxin@caf.ac.cn



858 TN 3 N = o= R 2019 410 H 20 H

tions, like Maximum Likelihood Classification (MLC) and SVM, were used to precisely classify forest land
types. Finally, results of a field survey and forest resources data were used as test samples to verify the classifi-
cation results with precision verification. Results showed that ImageRF and ImageSVM had high precision for
forest type information extraction. With RapidEye image, the overall classification accuracy of eight species
types such as coniferous forest, broad-leaved forest and shrubbery were 90.26% and 90.02% respectively with a
Kappa coefficient greater than 0.88. At the same time, the protraction accuracy and user precision of shrubbery,
coniferous forest, and broadleaf forest in ImageSVM and ImageRF were higher than SVM and MLC. The overall
classification accuracy with the ImageSVM method was higher than SVM and MLC classification increased
6.18% and 7.06% respectively, and the Kappa coefficient increased 0.07 with SVM and 0.08 with MLC. The
ImageRF method improved 5.93% on SVM and 6.82% on MLC, and the Kappa coefficient increased by 0.07
for SVM and 0.08 for MLC. Also, for fine identification of forest land types, the RapidEye image carrying red-
edge band information had better recognition precision and separation ability than Landsat 8 OLI images with
no red edge band information. Thus, the ImageSVM and the ImageRF classification methods were effective ap-
proaches for precise classification of forest land types, fine identification of forest types, and accurate monitor-
ing of forest resources, especially in mountainous areas with complicated topographic conditions, and could ful-
ly meet the needs of forestry applications such as forest resources investigation, forest land change monitoring,
and thematic map digital update. [Ch, 7 fig. 5 tab. 24 ref.]
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121°43'E), A FHL AT 7 pE 75 o
1.2 ERBIRER

77 GF-1 $cda o o ] 5 T2 T rpo e R AT, RapidEye S5 ph s 20 3% 5 00 0L 8 ¢ 55K 0
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Table 1 The detailed information of satellite data
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Hd ZHAEDPEREm 2E PR/ m prea—— P
RapidEye 5 2016-07-14 Level 1B
GF-1 PMS 8 2 2017-07-04 Level 1A

_— R [l /mm

" ok 21 2130 AN Ea il

RapidEye 0.440~0.510 0.520~0.590 0.630~0.685 0.690~0.730 0.760~0.850
GF-1 PMS 0.450~0.520 0.520~0.590 0.630~0.690 0.770~0.890 0.450~0.900
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W12, LA GF-1 il RapidEye 38 & 1940 B 8 FF RS IE R A%, @ ad % B s c e 5 /9 7 25 08 47 A% e oAb
H, WiifEJS GF-1 il RapidEye #2852 21 B 1 )5 iR 1% 2% (RMSE) 43 51l 3% 0.58 ~M& 5T #1 0.56 M&oT,
R BRI HEEE SR, e M BE AL SR R & 1 PR .

2 R E

21 HERS

R ] SR J i e 1) TRl % AR AR 0 U050 32 60 A B AR LA (2014) )10 W5 IX. 1 b 2 2 i 1 0 R vz
ok, AN E B AR S R AR R EAR L ERAR . FOHL . @S . BRI . KRR
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212 A AE LU0 BURAY TG BORGE 2T AN B R A P B . AR A RS SR AR 41 1 B



860 TR AN N N = 1 2019 4 10 4 20 H

Zz 121°25" 121°30" 121°35" 121°40'E z 121°25' 121°30" 121°35" 121°40' E

b T T T T b T T T T

S [t | f

= A i~

n n

w w

o i o

=) o

Ugl w

=) =)

w w

o } o

o b S

w w

in N T 0

Sto 3 6km . Sl 3 6km

S Ce——— 1 I 1 52. | m—— — 1 1 L
A.2016-07-14 RapidEye 1% B.2017-07-14 GF-1 PMS§ 14

Bl HRBEAARLERFEH

Figure 1 The results of data preprocessing
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Figure 3 Optimum parameter result



862 FEIT N NN S 1 2019 4F 10 20 H

322 HEHERER N T M I E R 2R, AR SR i R USR i (MLC) Rt SVM 3% 19 5>
RERAM . RIS EZ 5T K ImageSVM 3473 J A ImageRF 3%, LK MLC Fl SVM 34 19 73 245 8 0y
# W4 (RapidEye) FIES(GF-1) iz . B A Fl B 73514 ImageSVM 3% Hil ImageRF 34 B2 A5 70 451 5
Bl 4 FEl S o C R D 235 e 48 SVM Al MLC 199 70 2646 2R o i 5 (1) X Rapideye 18 B2 (R 1T I B
TR, A BB A — U R B R, K 6 iR o FF IS S B RapidEye i Jf2 5 0 i i Bt
2 (layer stacking) , FHTAE B — 6 P B AVIRIEGEAR, RIS SVM 73 27K ) B 415 138 B8 R itk 17
sy, 155 NDRE 2511 SVM 7326451 (K 7).,
3.3 HREHBETFMN

TSI 8 A 8 A0 e B R e A, 3 5 i S TR VA IS 4 RapidEye Fl GF-1 38 G A [R] 73 26 05

C. X FF A EHLIE

z 121°25" 121°30" 121°35" 121°40'E z  121°25" 121°30" 121°35' 121°40'E
.o T T T T b T T T T
S |t Sl
= (A = A {
" n
w w
[¢] - [¢] o
S o .
w w
= =
WL gL
%, = i
w w
" n
S lo 8 km 1o 8 km ]
O [ m— — 1 = 1 1 1
) wn
A.ImageSVM B.ImageRF
z 121°25" 121°30" 121°35" 121°40'E v 121°25" 121°30" 121°35" 121°40'E
b T T T T b T T T T
S Hk St
= |A -
" "
w w
[¢] I~ [¢]
S (=)
" w
=) =)
w "
¢] K e}
(=) S
w e}
" "
ST 1o 8 km 5 8 km
O [ — — I 1 = . !
Uel "

D. £ KBh4R
(e ERUDUOEE B SR ee—

I Kk N ik O Ok I O

K 4 RapidEye %1% 45 £ 4R =& B
Figure 4 Classification results for RapidEye image
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Figure 5 Classification results for GF-1 image
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Table 2 Classification accuracy table for RapidEye image

RapidEye 5% ImageSVM ImageRF SR AL EINESS
DR B /% TR EE % EDRSRE /% TP RS RE % I EDRTRE /% PRI /% RS EE /% JH P oRS TEE /%

TSI 94.75 72.52 92.27 74.89 75.41 66.59 85.91 74.58
EANURAN 88.74 91.21 89.82 90.19 83.45 88.49 75.17 88.22
PN 95.88 99.43 97.53 99.44 95.05 98.58 91.76 97.09
B 96.43 98.54 96.43 94.41 63.57 80.91 92.86 77.84
HEAR 91.79 95.57 93.92 92.51 94.22 84.47 85.11 72.73
i 98.12 98.82 98.59 99.06 92.02 96.55 91.74 93.90
i) - 90.66 88.32 88.70 88.21 85.50 80.87 83.26 79.71
R 54.50 86.47 50.71 84.25 59.24 66.14 60.66 75.29
BRI 1 1% 90.261 7 90.018 3 84.084 0 83.201 5

Kappa &%k 0.884 6 0.881 7 0.811 5 0.801 8

®3 GF1BBEAXBERITR

Table 3 Classification accuracy table for GF-1 image

— ImageSVM ImageRF LA REAL B LA
BB % PR % IR IE /% TP/ % IR/ % PRI % BRI % PRI /%
A 85.73 68.21 83.64 67.20 49.29 73.85 53.68 72.34
(AR N 97.23 84.86 97.03 84.25 93.21 66.49 93.54 69.07
K 96.24 87.98 96.24 84.95 94.23 73.82 93.02 72.79
Hh 81.06 94.16 80.70 94.93 93.90 94.15 98.65 91.74
HEA 99.79 90.23 99.68 90.05 93.64 65.43 93.54 71.50
b 97.82 97.88 98.14 98.07 72.70 90.06 71.79 90.33
[¢] - A 88.26 97.40 91.07 97.95 77.55 92.30 76.11 94.82
B 70.13 97.25 70.71 98.86 81.91 88.41 91.37 90.10
RS R 1% 90.183 1 90.733 9 81.152 6 82.962 6
Kappa 2% 0.880 1 0.888 9 0.775 7 0.797 8

MR TRORE AR A1 5, ImageSVM X1z 17 PR BE 9 SR iy, FEFR T, Jizd g 2. R,
X} RapidEye & J& 524 T NDRE 2 5 (1) SVM 73245 bR FE 00 E . 25 RNk 5 R .



5536 B S YR St AL TS S A 865

SR 2 AIA: H— LI 48 % NDRE 258 59 3235 [ L or 25 M G0 10 SRR ] i Lo R 25 2R 1Y
IrRNERE T 84.08%3% K 91.69%, $Ei 1 7.61%, WML wlFl, Z130 3 BefE Bouk bt HA IR 45 1 X 70 4
A R 2 e A 2 TR K 2R RS E

4 5tk
AR 1] [ K ARG B A 095 % 4 F—EEERETHRE TR ETRERM L HR

HRFK, XERMIE ST @ PR IE Y Table 4 Comparative study on data operation efficiency under the same
A2 PR H S RS AR 9 7 Tl R IT TR A 9T 5 operating environment of the same range
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