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Abstract: [Objective] This paper aims to combine multi-source remote sensing data for feature extraction
to determine the most effective classification strategy. Additionally, we investigated the significance of time
series features in identifying forest types, offering a technical approach for remote sensing-based forest type
identification. [Method] This study combined Sentinel-2 spectral features, time series features, Sentinel-1
radar backscatter features, and SRTM DEM terrain features to extract various feature variables using Google
Earth Engine. Multiple feature combinations were constructed and classified using the random forest
classifier. Subsequently, mapping output and accuracy evaluations were performed on the resulting

classifications. [Result] (1) The scheme that incorporates Sentinel-2 time series features, Sentinel-1 radar
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backscatter features, and SRTM DEM terrain features exhibited the highest classification accuracy,
achieving an overall accuracy of 84.62% and a Kappa coefficient of 0.82. (2) Among the five constructed
feature combination schemes, the multi-feature combination scheme demonstrated superior classification
performance compared with individual feature. (3) Terrain features, radar backscatter features, and time
series features significantly influenced the classification results. The inclusion of time series features notably
enhanced the accuracy of forest type identification. Among the spectral features, the shortwave infrared
bands B11 and B12 were the most critical, while April and October were identified as the most important
time nodes within the time series features. [Conclusion] The multi-feature classification scheme, which
combines data from various remote sensing sources, is proved to be effective in accurately identifying forest
types in the study area. SRTM DEM terrain features, Sentinel-1 radar backscatter features, and Sentinel-2
time series features serve as valuable complementary indicators to spectral features, enhancing classification

accuracy. Time series features, in particular, play a significant role in improving the accuracy of forest type

identification.

Key words: Sentinel-2; Sentinel-1; random forest; Google Earth Engine (GEE); time series feature
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BS W K842 nm, ITLL4; Wave length 842 nm, near infrared
BSA W 865 nm, JT L4 Wave length 865 nm, near infrared
B11 W1 610 nm, FEIE 24 Wave length 1 610 nm, shortwave infrared
B12 W2 190 nm, FEIK 24 Wave length 2 190 nm, shortwave infrared
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VE: pNIR NITLLANEE B R SHE s pred NELIEUE B IHE ;s pGreen NGB SIE ;s pive FIECI B R SHE ;s pswirt F9 LI LL AN B
(I B 13 BO B S SHE 5 PNIRnarrow T AT A BE (AR B8 AD I B I s SFHE 5 PRededgel NI B (A B S B 1) S SHE s PRededge2 A
ST B2 (HEAR NBOE BO W R B : pRededges LA B3 (AR B 79 BO B )R S 1H - Notes: pnir is the reflection value in the near infrared
band; pRreq is the reflection value of the red band; pGreen is the reflection value of the green band; ppjue is the reflection value of the blue band; pswir1
is the reflection value of the shortwave infrared band (which refers to the B11 band here); pNirnarrow 1S the reflection value of the near infrared band
(which refers to the BSA band here); prededgel is the reflection value of the red edge band band 1 (which refers to the B5 band here); prededge2 is the
reflection value of the red edge band 2 (which refers to the B6 band here); Orededge3 is the reflection value of the red edge band 3 (which refers to the B7

band here).
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Tab. 2 Classification system

— ok

First level classification

N

Secondary level classification

s Forest land

FHERR Betula platyphylla forest
JEHAFAMK Larix gmelinii forest
LIk Populus davidiana forest
B BRAR Quercus mongolica forest

MK Salix matsudana forest

EMHE Non-forest land

i/ A F) F H Wasteland/unused land
#hh Farmland

IR4E/1E B Town/road

7K1, Water area

B KT AN BE WAL 1o Ak, BENLARAR > K8
TESEHL A3 2R 1) A, J8 i 48 41 (Out-of-Bag, OOB) %k
P B AT R AE AR B HE AR ()T H B, 36 A3 B AN R RR
TEAR B AE AR 2 AR AR FH B A IR R
2.5 RBETEM

T e B UE R PE AN AN [F] D7 S0 AR 4 SR AR

U*W%Wm;fmm¢ﬂ%hﬁﬁﬁﬁ%@

B B (confusion matrix)HE AT 73 k5 BEVEAN Y. AR ¥
TR VB HE B UE SRS B VT A TE: b6« A2 7= 38 B
(producer’s accuracy, PA). F F ¥ /& (user’s accuracy,
UA). S5 (overall accuracy, OA)Fl Kappa R 5.
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Tab.3 Feature combinations of five classification schemes
) FHEALS TR
No. Feature combination Number of variable
| Sentinel-2 )¢ i 4FF 23
Sentinel-2 spectral feature
) Sentinel-2 Y6 HEHFAE + Sentinel-175 1A J5& [ BUA R 25
Sentinel-2 spectral feature + Sentinel-1 SAR backscattering feature
; Sentinel-256HERFE + DEMHLTEAFAE 26
Sentinel-2 spectral feature + DEM terrain feature
4 Sentinel-2 Y6 HEAFAE + Sentinel-1 75 15 /5 M HUSTRFE + DEMHLTERFE 28
Sentinel-2 spectral feature + Sentinel-1 SAR backscattering feature + DEM terrain feature
5 Sentinel -2 8] ¢ 5 GG 45 4E + Sentinel-175 32 Ji5 [ B REE + DEMMTEAFAE 166

Sentinel-2 time-series spectral feature + Sentinel-1 SAR backscattering feature + DEM terrain feature
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Fig. 4 Feature contribution rate and feature cumulative contribution rate of schemes 1—4
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Tab. 4 Top 30% characteristic variables in schemes 5

A FHIEAZ A TR R4 FHIEAZ B2 PR
Ranking of ~ Feature variable Ranking of ~ Feature variable
variable name variable name
1 slope 26 NDVIre3_Oct.
2 B12_Apr. 27 B1l_Aug.
3 BI1_Oct. 28 GNDVI_Apr.
4 \'A% 29 GNDVI_Sept.
5 B12_May 30 GNDVI_Jul.
6 B12 Jun. 31 RVI_Sept.
7 B11_May 32 BI1_Jul
8 B12_Jul. 33 RVI_Jun.
9 elevation 34 Bl11_Apr.
10 BI1_Sept. 35 EVI_Oct.
11 EVI_Apr. 36 EVI_May
12 VH 37 NDVIre2_Sept.
13 NDrel_Apr. 38 EVI_Jun.
14 GNDVI Oct. 39 B12 Sept.
15 NDre2 Apr. 40 NDVIre3_Aug.
16 NDVIrel_Apr. 41 B6_May
17 NDVI_Oct. 42 aspect
18 B12 Oct. 43 NDVI_Apr.
19 B7_Apr. 44 RedSWIR_Oct.
20 NDVIre3 Sept. 45 B8 Apr.
21 Ei’g{;pn 46 EVI_Jul.
22 B7 Oct. 47 NDVIre2 Apr.
23 B6_Apr. 48 BI1_Jun.
24 B5_May 49 DVI_May
25 Norm-NIR_Oct. 50 B8A_Oct.
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TEREMCOR I AE AT 30%, X3 — B UE] 7 LA B
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Fig. 6 Number of spectral features of top 30% in
each period of scheme 5
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Fig. 7 Spectral features and quantities of the top 30% of scheme 5
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Fig. 9 Confusion matrix of 5 schemes
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