f]ourn(ﬂ of the Korean Association of Geographic Information Studies, 20(3) 2017, pp. 181-194 ISSN 1226-Q7|Q§t’nnf
ttps:/ /doi.org/10.11108 /kagis.2017.20.3. I% ISSN Online)

S1Z LiDAR XIZE 0|Q3 ARRES Y sja
- 287 2T fZe E5US (o= -

A 1 o2, xKollx

Development of Forest Volume Estimation Model
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This study aims to develop a regression model for forest volume estimation using
field—collected forest inventory information and airborne LiDAR data. The response

variable of the model is forest stem volume, was measured by random sampling from
each individual plot of the 30 circular sample plots collected in Bonghwa—gun, Gyeong
sangbuk—do, while the predictor variables for the model are Height Percentiles (HP) and
Height Bin(HB), which are metrics extracted from raw LiDAR data. In order to find the
most appropriate model, the candidate models are constructed from simple linear
regression, quadratic polynomial regression and multiple regression analysis and the
cross—validation tests were conducted for verification purposes. As a result, ®° of the
multiple regression models of HB571(), HB15720, HBg()fgr,, and HBgt25 among the estimated
models was the highest at 0.509, and the PRESS statistic of the simple linear regression
model of HPZF, was the lowest at 122352 HB571(), HB15720, HBg()fgr,, and HBgtgs—based
models, thus, are comparatively considered more appropriate for Korean forests with

complicated vertical structures.

KEYWORDS : LiDAR, Forest Volume Estimation Model, Forest, Regression Analysis
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FIGURE 1. Tree species(left) and elevation distribution(right) of study site
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FIGURE 2. Procedure for the extraction of the predictor variable—data
for the model construction from LiDAR raw data
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TABLE 1.

The predictor and response variables used in the regression analysis

Predictor variable

Response variable

Height Percentiles (HP, m)

HP2s, HPso, HP75, HPgo, HPgs, HPrmean, HPrmex

Height Bins (HB, number of points)

Stem volume(m’)
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TABLE 2. The descriptive statistics of DBH and tree height from field data

Circular samples for the model construction

Circular samples for the model validation

Statistic DBH(cm) Tree height(m)  Stem volume(m) DBH(cm) Tree height(m)  Stem volume(m)
Min 6.0 3.8 4.04 5.3 4.2 5.39
Max 7.9 26.0 19.26 66.3 26.1 17.57
Mean 24.0 13.6 10.82 23.7 13.8 12.02
Stdev. 14.5 5.5 417 12.4 4.7 4.77
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TABLE 3. The descriptive statistics of Height Percentiles of sample plots

Height Percentiles(m)

Statistic

HPrnax HPmean HP2s HPso HPs HPg HPogs
Mean 28.47 12.79 3.94 1417 20.50 23.63 24.88
Stdev. 3.85 3.06 5.47 5.88 3.77 3.58 3.65

TABLE 4. The descriptive statistics of Height Bin of sample plots
" Height Bin(%)

Statistic

HBo-s HBs-10 HB1o-15 HB15-2 HB2o-25 HBgt2s
Mean 0.34 0.05 0.1 0.23 0.17 0.10
Stdev. 0.12 0.03 0.07 0.16 0.1 0.13
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TABLE 5. Results from simple linear regression analysis

RV PV s adj-~ RMSE By By AIC PRESS
HP2s 0.310 0.273 3.809 9.157x 0.473+ 119.658 122.352

HPso 0.195 0.153 4112 5.527 0.369+ 122.876 150.546

HP2s 0.034 -0.016 4.505 6.511 0.218 126.715 142.809

HPg 0.000 —0.051 4.584 11.876 -0.033 127.438 145.352

HPgs 0.019 -0.032 4.541 15.289+ -0.168 127.048 161.633

HPrmean 0.241 0.201 3.993 0.933 0.773x 121.641 128.719

Viltﬁrr:e HP o 0.056 0.007 4.453 18.921+ -0.274 128.093 183.719
HBo-s 0.339 0.304 3.721 18.607+ 23.418x 118.744 175.125

HBs-10 0.091 0.043 4.372 13.333+ -43.623 125.448 109.165

HB1o1s 0.000 -0.052 4.585 11.164+ -0.811 127.450 141.089

HB1s-20 0.074 0.025 4.412 9.331+ 7.914 125.839 135.080

HB2o-25 0.038 -0.011 4.495 9.753+ 7.633 126.622 142.551

HBosy 0.006 -0.046 4.571 10.789+ 2.437 127.325 137.193

RV : Response Variable, PV : Predictor Variable, RMSE : Root Mean Square Error
AIC : Akaike Information Criterion, PRESS : Predicted Residual Error Sum of Squares

* . p—values of less than 0.05
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TABLE 6. Results from quadratic polynomial regression analysis

RV PV I ad-R RMSE By B, By AIC PRESS
HPys, HP2s” 0.316 0.240 3.896 8.880+ 0.798 —0.024 121479 124677

HPso, HPs: 0.197 0.108 4.220 4.561 0.521 -0.005  124.835  158.178

HPy5, HP7:2 0.045 -0.061 4.604 22353  —1.268 0.033 128.487  133.414

HPgo, HPg? 0.076 -0.0%6 4527 62.758  —4.389 0.091 127.781  153.448

Stern HPgs, HPgs? 0.067 -0.035 4549 58.026  —3.692 0.071 127.983  161.189
voome P HP il 0.062 -0.041 4.561 0.922 1.016 -0.022  128.093  187.307
HBs-10, HBs-1>  0.160 0.067 4317 16502«  —217.371  1622.573  125.781  130.351

HBio—ts, HBip-12  0.071 -0.031 4.54 8.692+ 43.339  -140.708 127.898  151.969
HBis—20, HBis->  0.106 0.006 4454 111473« —10.667  31.651  127.095  103.664
HBoy_s, HBopos®  0.345 0.272 3.812 15.763+  —76.576+ 200.613«  120.556  188.812

HBgtss HBgt®  0.087 -0.014 4,501 12.008+  —29.157 73513  127.542  193.702

RV : Response Variable, PV : Predictor Variable, RMSE : Root Mean Square Error
AIC : Akaike Information Criterion, PRESS : Predicted Residual Error Sum of Squares

* . p—values of less than 0.05
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TABLE 7. Result from multiple regression analysis

RV PV A ad-A RMSE By

3, 3, 3, AC  PRESS

HBs-10,
Stem  HBism 500 0387 87.430 -17.540
volume  HBg-zs,

HBgtos

122,228« 52.221=  30.611»  48.137+*

118.480  249.536

RV : Response Variable, PV : Predictor Variable, RMSE : Root Mean Square Error
AIC : Akaike Information Criterion, PRESS : Predicted Residual Error Sum of Squares,

* 1 p—values of less than 0.05
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