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Fig.1 Vertical distribution of point cloud of a plot of percentage-based UAV-LIDAR data reduction
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Table 1 Summary statistics of the field plot
o . FRHERE FiE W7 T AR BE
2k e MRAE Average DBH Average height Basal area Stand volume
Forest type Number of Stem density/ i i o i
plot (¥k-hm™) 2 2] 4] 5
Mean/em SV/%  Meanm CV/% Mean/(m?hm™?) e Mean/(m®hm™2) G
T A _

Masson pine forest 33 717~2 233 26.2 24.6 17.5 26.2 32.9 23.4 242.7 30.5
B 35 1067~3 450 1.1 28.0 15.2 30.6 18.3 53.9 150.6 65.3
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Table 2 The best models for estimating forest inventory attributes using original density dataset of point
clouds and their goodness-of-fit statistics
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Forest type Attribute B Models R®  rRMSE/% MPEI%
oMk VOL VOLpine = 4.678 5Hmean"*%4cc™0-51 0 ADsta®276 O Hst®- 100 Op7500105%8 0813 1297 481
Masson pine BA BApine = 5.538 0Hmean® " 4cc=0443 21 ADstd® 28 7 s st 0° sodp500.2o3 4 0676 13.12 486
H Heine = 0.429 Ohp' 023200070651 g 0-055 650, ~0-359.0 1 75-0.928 7 0676 14.69 544
DBH DBHping = 3.877 4hp®62° 800695 81 A, ~0-3533 4,,~0.084 60y 7.50.060 19 0546  16.36 6.06
o VoL VOL gycalyptus = 3.895 5hp95' 21" °CC' 0203 ADcV® %" Hstd 093 B gps0 092020 9966 1150  4.19
Eucalyptus BA BAgucaiyptus = 3.076 1hp95%781 4 CC1514 9 ADG,P-510 0 iy 9107 5 5y 750.045 61 0917 1433 5.2
H Heucalyptus = 2.467 8hpas®S70 5 CCO-087 131 oD, 01210y, 9.047 33 g5-0.041 20 0922 812 296
DBH  DBHgycayptus = 1.379 8hp95%727 2CC 177 O ADmean™0-05 8011c,0-032 93 475006212 0,945 .13 293
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Table 3 Fitting statistics of models for estimating forest inventory attributes with
various reduced point density datasets
P ZH TRRE G fehe N o P e e
Forest type Attribute Goodness-of-fit statistic UBDIEE) Y (E) AU (RS S(pts)ym
R A VoL R? 0.832 0.848 0.840 0.812 0.847
Masson pine rRMSE!% 12.22 11.71 12.02 13.02 11.73
MPE/% 4.70 434 4.45 4.82 435
BA R? 0.690 0.716 0.717 0.693 0.733
rRMSE/% 12.55 12.29 12.27 12.78 11.92
MPEI% 4.83 4.55 4.55 473 4.42
H R? 0.685 0.736 0.729 0.718 0.701
rRMSE/% 9.99 13.25 13.43 13.69 14.11
MPE|(% 3.84 491 497 5.07 5.23
DBH R? 0.550 0.484 0.507 0.450 0.435
rRMSE!% 16.74 17.44 17.05 18.00 18.24
MPE/(% 6.44 6.46 6.32 6.67 6.76
FehAk VoL R? 0.966 0.965 0.959 0.959 0.959
Eucalyptus rRMSE!% 11.51 11.67 12.58 12.58 12.58
MPE/% 4.43 4.25 458 458 458
BA R? 0.898 0.906 0.898 0.898 0.898
rRMSE/% 16.06 15.28 15.87 15.87 15.87
MPEI% 6.17 5.56 578 5.78 5.78
H R? 0.906 0.925 0.924 0.924 0.924
rRMSE/% 9.05 7.96 7.99 7.99 7.99
MPE|(% 3.48 2.90 2.91 2.91 2.91
DBH R? 0.950 0.948 0.937 0.937 0.937
rRMSE!% 6.05 5.97 6.55 6.55 6.55
MPE/% 2.33 217 2.38 2.38 2.38
500 r (a1) Pine-VOL 50 r(a2) Pine-BA 40 - (a3) Pine-H ¢ 20 (@4) Pine-DBH
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Fig. 2 Scatterplots of survey VOL versus predicted VOL (a1, b1), survey BA versus predicted BA (a2, b2) and
survey H versus predicted H (a3, b3) of the pine and eucalyptus forests. The250p, 100p, 50p, 20p, 10p and 5p
represent the point density of 250, 100, 50, 20, 10 and 5 pts-m™, respectively
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Effect of UAV-LIiDAR Point Density on Estimation Accuracy of
Forest Inventory Attributes

ZHOU Mei', LI Chun-gan?, LI Zhen®, YU zhu®

(1. School of Computer, Electronic and Information in Guangxi University, Nanning 530004, Guangxi, China; 2. Forestry
College of Guangxi University, Nanning 530004, Guangx, China; 3. Guangxi Forest Inventory and Planning Institute,
Nanning 530011, Guangxi, China)

Abstract: [Objective] Point density is a key factor affecting the cost and efficiency of data acquisition and
pre-processing of unmanned aerial vehicle (UAV)-based light detection and ranging (LiDAR), and it is help-
ful to explore the effects of point density on the estimation accuracy of UAV-LIDAR-based forest inventory
attributes to optimize the technical schemes for UAV-LIDAR forest applications. [Methods] This study fo-
cused on the planted Masson pine and Eucalyptus forests. The original UAV-LIDAR point cloud with a
density of 247 points'm™ was reduced by 40%, 20%, 8%, 4%, and 2% according to the percentage of the
total point reduction algorithm to obtain six plot-level UAV-LIDAR datasets, including five sets of reduced
point densities. Each dataset was pre-processed separately, including point cloud classification, ground
point filtering, digital elevation model (DEM) generation, point cloud height normalization, and UAV-LiDAR-
derived metric extractions. The same multiplicative power formula was used for estimating the same forest
parameters (stand volume, basal area, mean height, and average diameter at breast height) for the same
forest type, and each dataset was used to calibrate the model. Then, the differences in the goodness-of-fit
statistics of the models were compared and analyzed based oncoefficient of determination (R?), relative
root square error (rRMSE), mean prediction error (MPE), and the differences in the mean of the estimates
and the UAV-LIiDAR-derived metrics between the reduced point density datasets and the original point
density dataset were statistically analyzed. [Results] The results indicated that the model accuracy re-
mained essentially the same when the original point density was reduced to 100, 50,..., 5 points-m™, and
there were no statistically significant differences (p=0.05) in the estimates of forest inventory attributes
between the reduced point density datasets and the original point density dataset. There were basically no
statistically significant differences (p=0.05) in UAV-LiDAR-derived metrics between the reduced point
density datasets and the original point density dataset. [Conclusion] In the application of UAV lidar forest
resource inventory and monitoring, the point cloud density can be as low as 5 points'-m™. However, the
results of this experiment still need to be verified by acquiring point cloud data at different densities at dif-
ferent flight altitudes.

Keywords: stand volume; basal area; mean height; mean diameter at breast height; UAV-LIiDAR-

derived metric; multiplicative power model
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