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Abstract

[Objective] This article aims to describe a new research framework that we originally developed
for analyzing the spatial pattern of the structure of a forest and the time series of its productivity.
The framework is applied to a real-world forest for validation. [Method] Here we adopt the forest
inventories and public scientific dataset, including Digital Elevation Model (DEM), Normalized Ve-
getation Index (NDVI) from satellites images and forest canopy height data. The implementation of
the program of the framework is mainly by using Python, an open-source programming language,
and related third-part code libraries. Time series of the predictors for the Matoutan region for the
period 2000~2015 are used to simulate the dynamics of the volumes in forests. [Result] The results
show that the forest resources are mainly distributed on the northern and southern slopes rather
than the central ridge. The volume per square meter decreases as the elevation goes up, and so does
the forest canopy height. The estimated total volume of forest in the Matoutan presents an uptrend
that the total volumes solidly increased for the last 16 years from 1.95 to 2.01 million cubic meters.
[Conclusion] The estimating of volume in the Matoutan area was made by a linear regression model
with R2 at 0.395, while the R2 in validation data set is 0.58, p < 0.01. The framework we developed
and introduced here can be considered as comprehensive, reliable, and flexible from the applica-
tion to the Matoutan forest, because it needs no commercial software license and has an ability to
adopt multiple statistical models to give a reasonable forest volume estimation.
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BLRMIAE 1. B, Zhang (2014) [ 12145 FH AR J2 51 FE S AR A 45000 38 3k 55 B} 45 6 FF T 25 BERM o
TEE M X AR AR . De Groeve (2000) [13182 H 1B SRR A R A& SR T T B ER
73, FEEINFERELIE T T 36E. Yanjun Su (2016)45 & A MG A %k, ICESat P2 BT R, A%
GORFIHE Y 58 R4 2 PR Al 5 1 A B AR bR b AR 7 B 1) 23 ] 43 AT A 0L

R DA A FH 22 Y55 T FE AR ARG 4 S B AR B 0 SCHR B R, 25 G A RN 0 AT BLFE AR 1 25 B R
BRI, MUY 73 R] VO A5 2 PR IS AT AT 7R A S 2 R ML, 40 ARCGIS. ERDAS. ENVI. SPSS
SF[14] [15] [16]. BRI, 22 S 2 Fhms ol 2R ) 2 2D A AR B e s tedh, FE 2 vE, AN A0
V5 T BEHA R A ZER A BB —, BRI T B RAMIE e I R Bk, A% E
181 FH AR B ARS8 G i — B R FH 2 U 50 255 70 bR R AMROIR L IR FERE 2R, DA R SO 2 P8 U
SN, N ASF AT E 1.

2. TR XEER

AR TR, BG4 EAG T Sk MO RAL T AELE 34.0°~34.3°0 RE 106.9°~107.2° (1) Z= U4 756 3
FRFM, HESBRTGE EAYWHHEEX . REHE(X), SXEFESE 13°C, 4~9 HAKRE, 10~3 H
AR, EFELFEIE 158~225 K. FHERKFKE 700 mm, 4~10 A HFKEESFELER 90%, 5~9
HRZWH, 7~9 HRAFERM, 7~9 HFBFKE S 2FEN 60%. 2JRALETA 34,668 A, ¥ AMIH
Hb, F B FEE A ER(Quercus aliena)« Y 11¥A(Pinu sarmandi) M (Betula albo-sinensis)&s, FRIE
B 95.2%. JLHTICT ZRU4 b X AR AW BB 72 D K 2 A R AR BRI A BRI 17]
(18] AR SC T YA F AR 25 RS & 2 U5 BRI 1 7 VI AL T 23048 5 Sk MM =) IR AR R 5 K 2H S Rn 2
PR, HRERESHNERESTEIOHIE. W2 REE. MRS E R MR/ T
2000~2015 %X 2 & AR E AR 2

3. WIEFFE
3.1. MRHIE

AW I B R 7 M ARAR BT A BRI R4 5 2R A TR B S U AR G A 2 A A 7 1)
W R S EhAAR A BRI, WIS P i BB R AR AR BRI A BERL AN, 3B RN AT ARAE AR AR BEYR I 5
AT BT RRAK BT YR RIS 2 23 A1 7 AR T AE SR AR SRR AR, A — AR B (ND VI . RO R =
TR (DEM)SE o T & R8I 28 ROBE . #0288 fEAths SN R 45 & AR, RRE &2
Hells o m G BAL B R TRON — G — BIHESE T AT S8 G 0 Mo ATTHEXS AW FE i S B B 2K Bt W 9F
S AR R TRAL B 77 1

B S A I ) AR PR B R A DR G T 1 SR RS 2008 AR AR AR B 2RI A /NIE D T RO K .
FERRLSR T IX NSRRI HOBRHE. LA A ERE, Lt 4293 %.

DEM i £ AT 58 HI T 20 Arbk X oA R SR O AR AR G A 2 A, DA ST B2 3K 5 ARk S vy 2H R 7
FEITELE R R . BRI DEM %4l A~ SRTM (Shuttle Radar Topography Mission) 90 m 437 5 7 5
FERERY, B SRR T o R 2 e v SEATL I 2845 S8 A O [ B R 2 B 4545 X 3 (http:// www . gscloud.cn) o

AR 1 km 73 HER AR 2 5 GORME ASAIT 5T Hh B F R R AEAKEIE RUBE (P W 1 o AR AORE J2 v 32 R
AR M ICESat T #4402 8O0 T B KM B R IE IR AL S A AR BBUAS 2I[19], H
T BT MG [E A& [E 58 B A 9286 =TT T #i(https://webmap.ornl.gov/wesdown/dataset.jsp?ds id=10023). %
OB Xy B #5205 S TIFF Mg R

B 48 B 55 R ok B T B8R SR VR T b [ R 2 B T SHL N 25 A5 S 0 [ bR R A HOHE B AR I
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TN WK B KA

3.2. BURAES A

X ARBERR AR IR A B R G AT /& 3E T Python i 5 1 Pandas #0859 #7 % . Pandas 52—
FHREAE 7 Hr AR 7 P, nod@d Python 4R A, HEEIREOREFSEIEMILS . LSS, miEHT
BE LA, ST W Pandas B M http:/pandas.pydata.org/.

DR P BT RES AR B B A A7 BT R, ASHE T AN S SR R RN T SRl SR AR BE A7 B
MBI, FFE QGIS 2.1 M IERCHE . KREM LB, 24K ESRI Shapefile # 3 5 LA
Mb EAREEA B O B . QGIS & — F IR 4 2% I BRME S R G, RS SCIF 2 RO 2 % b H 25 (1]
B e AE AR [A] 40 BT HE SR TR 38 P4 AL X DT R PR B 23 A2, R AR ORIV J7 (58 17 b 2 iF 9 25 B Ak 3
F43 AT B TAEGHE W http://www.qgis.org/)

MRPEZ A B S (ESRI shapefile % 30 7E LR 73 #r ool o2 5 2 Bl B 275 40 M, DRI RR 2800
& ARIE B A7 B B [ A AE SN AR JE MR B S ER SR LR — . RSO, AR [A A B
' FH GeoPandas FEACRE, FLAGHE &5 K 7] LS AR AR A8 48— I8 AR PE 5 R HK

AT FC T 18 ) B TR PE ROBE AR AR A £ R de s B o v 5, BRI P SR P A . s
HHEFE AR R g — BIMPER . DL BRI TR DUAS [ 7% 2 B s Ho w6 i 47, 15 e =38
IR R NA—, WA, BT HRIEERTEEE R RREK, 7RIty &R e Lk 21 A4
— |/, A SfE ] Rasterio 3% 17 (https:/mapbox.github.io/rasterio/) % 2% Fiag = OIS B 2B . R .
89, F B RasterStats % [ (http:/pythonhosted.org/rasterstats/) K ¥4 75 %% R HE 2 (8] v 6 P 1945 o0l B 34
MBEH) B .

XT AR AR A BERE AN RE SR TR B E 2 b R AR FE A T RN StatsModels [20]48 v 43 AT PR
(http://pythonhosted.org/rasterstats/). StatsModels FE [FJ#E /& IR A Python AT, w] LLEAT & AT ]
VA5 BT FERSAS [ A AR Y AT PEAL o hAh, AT IE R SRS R W “y = x1 +x2”7 BIFRIA U E BT
PR, S T AT AR AL L AR 4

ASCHT 7 ()b B AN 2% 20 o1 3 H Python 15 5 45 G A BT UR 22 ARG R AR B, DRI AR SC B HH 1)
43 M AE B2 AT DL B 42 S BT BT 4 A B HE R4S g er Ak . o, R AR 4 B E 8 Matplotlib [21]
(https://matplotlib.org), Seaborn N FFEF4E [ (https://seaborn.pydata.org/)FH T EAL B H LR AL . Bl th & 4b
WEER, MHERER ML A Cartopy [22] (http://scitools.org.uk/cartopy/).

4. 58
4.1. ERESH

T8 TR PR B RO P A R AR B AT R R, A TR AR T B Sk ML R AL T A B AR E )
A . AP 1 TR, BRI S R AL A 10 £ 118 mY/hm?®, HFg. JLEBAT H#, WA
Je#t 2. 100 11 SHPEAA ZEE KT 110 mhm?, FEEF 115, 116 5 KT 96 m*/hm®, i, FEEE 50.
76+ 55 SHRILALZ BRI /NT 50 m¥/hm’. 45 KT DEM B 15 2R IET 2 4k = B o A B (B 2)
ATCAR I, AREERBE b By B AR S N A2 T ZE R 5 o Ly S [X $ui b 2 52 B0 w3 B R G 5 1 v
WM e, ks bR, SR ERESMIEMA R W 3, @XM
Brof O, S SkME X M-k s S A ER B2 AIAE R E R AMHRKR(P < 0.01), H Pearson
R RHCN-0.38,
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Figure 1. Spatial distribution of unit volume in Matoutan Forest
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Figure 3. The relationship between unit volume and mean elevation
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4.2. FRIESHILERR

AR ARV 2 R 1 O SR 5 £35S 85 45 PRI A2 vt P2 T DA I3 s 3 — 4 FE 2 LYY
R SRR G A AL AT T ST R AR P B = FE B 100 m DN RIBR 70 9 AN R X TR, i
JEAERS X TR PR AN R AR MR A AR B e v o A 4 AT I, 5 Sk X3 Bl N g4 2000 m DL X3
FEOARRIEG LA TR AR, TGRSR 2000 m TF46 HH L LALMESOR AR S5 A B0 R bR, ELARSIZ Wk i
MBI o L S MEDCIR A B R A RO T R AR, JF B 4 38 0T AR 2 = A2 8IS M R
AR T ZL P ALE 2000 m DL PRS0 e X T A LU PR 3 0 A AE BRI X 4k DA i it BT A1) 25 4
3 —J7 TR AR S SRR AR G5 M L i 2 B 23, T S 3 SR BERLSRAT AR GRS v RE A S AT B
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Figure 4. Forest types in different elevation bins

E 4. FRISHRSEXEAR &R ELEERSH

HEMFEHERSE (m)
Forest Canopy Height 3.0

34.5
33.0

34.2° N
31.5

28.5

27.0

34.1° N 25.5

24.0

106.9° E 107° E 107.1° E 107.2° E

Figure 5. Spatial distribution of forest canopy height
5. A FHEESES HREE

DOI: 10.12677/wijf.2018.73013 99 Mol


https://doi.org/10.12677/wjf.2018.73013

&I

4.3. EWIER ST

FEAAEEL NDVI FH SR FRAE 1) Sk M [X 3 1 2 A7 0 7 25 R0 10 25 ) A B LBt I TR A A e ) Skeirf
MIX BRI S =, 225 NDVIEZEARITE 0.90~0.97 Z 8], A2 B V& R At by il 2508 9 110 o 20 b
PR, R A ZE R B P B 25 () A T DUBCR B B 2= 5% . sl 6 B, — A
SLIMERR X NDVI B TE 0.30~0.54 2 (8], EEHBIIERS AL Mi IR 4 Hh 78 b mnifg 4k X35, kA, ki
R IAR AL NDVI B X R XA, M 35 5 AR bR 7 SOk} 7R (1 B 7 TR 5 B 25 [R) A A A —
0, ULE NDVI RRBULT S H AR 55 25 P R 23 [R) /0 AT U . AWt 78 43 #r 2008 4% H 1) NDVI 3% /&%
GORL, R IUARBEREE ) NDVI ZEE N & H 740 [FFRE v] LA/ F AL AR B AR E R /N Bl 7 s
(I 4b T ] — 24 P AR i P B BB A A RO IR ZE 1 39 581 55 S ARIER) NDVI BER (A1 784k 5
ZHH B AEGRE, RO E R R/ NARPEE R R PR A R 2R, HRAET—HIIK
HEPUH 39 5155 SARPEK NDVI WIRBLH R0 2 5, Hrp—HZ R0k 0.2. Wi a2~ 77 Bl s
R A WL E2 V<] 7 0T LA SE s B (4 3 B A7 B AR S AN R P SR BELE NDVI BT R ILH A H . #2008
RSB B AR AL B A E S 2008 4E NDVI SRR E 73BT o] LIS 23 Pearson 2% RECN
027, p<0.01.
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Figure 6. Spatial distributions of NDVI in February
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4.4. BFREEN

ML AR IRAHE R I, MRIER R SAL AR B R E SIS RIRGE AR TR 2O =575
WA I FR, T840 mT LA 8 N7 (] VSR 70 o Sk X 438, phy S o7 T AR 25 AR AT B o ] — B3 IR W e )
DABR B EATAE A OB AR DR BE R  fiRe A &, l, 76K DEM OB BIARTE L T DLk bRk
HARNZANEFRES THME. &ME. JERES. SRR GiiE, A0 E 1 B AR R a5
TIH LR EEN 12 DA ZH) SRRSO KBS TER, DL AR 2 i RE A BRI
SFEIMEG), e, SRRSO AR ER ] “MAS & ik, B E T 32K AR IE RN 1 i
ANET LR BIRIER N 0. BRREAN:

Y=—1T2X, X, + 454X X, +3.24X, X
+1.99.X, —2.68

s F2.96X, Xy +3.10X, X, +1.79X, X

245 255

[l AR 25 RN ] 8 B, AL R2 O 0.395, 1% R2 2 0.350. A BN HEAT SR IE, B HLEEL 10%
PRI E NI IE SR 5 . B B L SMebk X MR B g 5 7E 25 () B B ELEME, R A8 i AR XS
B, AR F R 7 O MRS 36 S S MRBETT GG, &% 9 SHhI— N E R4, 3611 MEAR, b
SR 10%. SR 4E R2 5 0.58, p<0.01.

4.5. BT EERETK

A AR 2 215 30 1 S Sk AR X R B A BN 197.3 73 m®, T MR b S 16 ] A A R B, fy B 5 T
FRES TR R e LUAKEE X S8k T AR BT A3 I B B RN 196.8 1 m?, “HAMERL 1%, R NFIH L RS
B ) (B A AR AT 70 X A B R AR R BN A R . A FEALER 1M 2000 FF] 2015 AT AT REL
MODIS NDVI 7% & [543 3% 16 4[] MODIS NDVI 38 B R}, (K AL T id 25 16 45 5 Stk X bR &
. R 9 BvR, % 16 DSk X B FUE RO R G KE, AEAKH 2001 £ E
195 77 m’ 3K 3 2013 £ 203 75 m’s SHLHEKE SA 1 32 2R R R 5 Sk bl R B L B AR, B
HERE R SRR TAE
5. g

Ji 463 22 53 B TRL 3 2R AN [ DL BT B R 9 R Il R ARt 9t SR T 38R B AN 8 P o
L MM X AR BETIAR, B2 bR I 2 BB T LXK 7 S NTARTE 2~3 P A BLE A B IR BER b o
DNRRMGR S B A 1 Km 0%, Ay FE BORH) 90 m 23 A . 2 G AR A BT REAN 22 U8
BARIAT G — W, AT FORIE 7R RE 8 DX IR ik T BIARBE R B . IX R v EARE  T A
DFE B J7 208 B AN 8 RS M, (ERAE T RE I R b i 2k TA 5 B T A SCIR I HESE A
AR PEERBFERTEERRE S, 7545 BB FT i a] DU i b s RORE 22 5 o) 5 AR Al 145 SR AN AN 5 1 ) S
BT SEINVEAII 0T Al BORIA B (AN s M 2 5 B BEA M i R o 9 AR 2 R PR
BUFZE R RMSE = 6.1 m, R2 = 0.5 [19], HIZGOR e )2 i FE R 1) X 380A Pl , X 5 A3 217
B BB GE )2 B — MR B0 I X 38 B A A 45 Rt A i S

REW TR, SN RMRERE R E IR T ER TONE R, B2 QAT HEiE
(HE S TT DU I PR B AE I G Y, a0 R SCREFTEANL. KNNL A THE M 4%
Z5([23] [24] [25]. Gleason et al. (2012) [2]3F 18 T 2R BEALARAARI SR [a) AL RS 7R AT BOG TR A 2
P AR E AR A SR AR LA, 45 SR BOR SCRE R AL IRE Xl 45 SRR IR T . AR
FEAG THARAR B A S A A 10 22 o0 IR AR R A R T B, R SR EH T 9 PR B AACHE 28 1 F B AE DB A [
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6. &t

AR T P8 20 F2 3 AR FH AT ARl R AR AR B R BRI 0 AT HEZR e 45 A AR R A OB
L2 FB KGR OR T RIS Bk PEMOL R B R . MR, SE R S 2 M E R R R R, Jf
MRHE 2000~2015 ERIREBGTRMG S T & LR IX B B R ERZIEAERE . 45 REIR: Sk R
MRRIRE B AE R ALHR, S AR B AR B A A v P R B s et g DX A LU
RO 2R MOR 2 i LB, T P AR U BARRSR o 2 B AR MOR 2 R R SRR DX 16 4R
ERE RGBS, W 195 77 m’ SR EEE 201 75 m’. AR R IO FUME S8 I T Sk MERK X (T
FORE RS 7RO BRI TS . B . ST, SRR AEMI NI RE Sy, A A AL BRI A Hr
HARRR T F R BCHEA R B TR A T8, Heshfeynl Ashsem. T HAR A ik B iR
s BEEICR B ATTEE . FREAE R L 2 SRR, RIS TR % A AR B AR
DX 22 b R B MO 7T

e HE

E XK 3R FE 42 (31570473).
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