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Research paper

Using Deep Learning of Artificial Intelligence to Estimate
Stem Volume in a Taiwania Plantation in Taiwan

Dar-Hsiung Wang,' Chao-Huan Wang’

ABSTRACT

Traditionally, regression models of the statistical framework are commonly used to model the
relationships between various stand and tree attributes. Recently, artificial intelligence techniques,
notably artificial neural network (ANN) and deep learning algorithms (DLA) have emerged as
innovative alternatives for modeling and predicting certain tree and stand attributes. This paper
investigates the use of deep learning algorithm (DLA) models to estimate the total tree volume of
Taiwania trees (Taiwania cryptomerioides) in a plantation as an alternative to traditional regression
models. Data was sourced from Taiwania trees from permanent plantation plots across Taiwan.
Real tree volume was derived from stem analysis. A total of 170 trees were used, among which 127
trees were used for fitting and 43 trees were used for validation. For the statistical approach, five
regression models were used. For the deep learning approach, the number of hidden layers varied
from 3 to 10. For each hidden layer, the number of neurons ranged from 10 to 100, in increments
of 10. Several evaluation criteria were used for modeling performance, including maximum
absolute error (Max.AE), average absolute error (AAE), root mean squared error (RMSE), percent
root mean squared error (RMSE%), average bias (BIAS), percent average bias (BIAS%), Akaike’s
information criterion (AIC), and Bayesian information criterion (BIC). In the fitting setting, model
4 achieved the best performance with the lowest RMSE of 0.0430. In the DLA approach, the model
with 6 hidden layers and 90 neurons performed best, achieving an RMSE of 0.0363. Comparison
of these two approaches showed that the DLA approach outperformed the regression approach by
15.6% in terms of RMSE. This study highlights the superiority of the DLA approach in estimating
the volume of individual trees.

Keywords: stem volume, regression model, deep learning approach
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Table 1. Summary statistics for sample trees from fitting and validation data

Number of Std
trees and Variables Mean . Min. Max.
Deviation
sample plots
Training 127 trees DBH (cm) 28.71 9.47 10.40 78.80
H (m) 17.93 4.10 8.57 30.10
V (m) 0.64 0.63 0.05 6.25
Validation 43 trees DBH (cm) 28.46 9.48 12.00 52.50
H (m) 17.09 3.75 8.50 26.40
V (m®) 0.59 0.42 0.05 1.78

DBH: Diameter at breast height (cm); H: Total tree height (m), V: Tree stem volume (m’)
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fiit - FORGRAYSTEREERR IR - 213 A=Y
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Table 2. Parameter estimations and variance components for the tree stem volume regression

models
R;;‘if)eds:lis"“ b, b, b, b, RMSE RMSE% AAE  Bias
Model I 0.03780%  0.33188* 0.04484  7.0126  0.0331  0.0000
Model2  0.00015555 -0.46176  0.00330% 0.34326% 0.04332 67749 0.0316 0.0000
Model 3 0.2320% 1.8861%  1.0966* 0.04549  7.1115  0.0333  0.0058
Model4  0.0390* 0.1952%  1.9269%* 1.1502% 0.04301 67218 0.0315 0.0001
Model 5 0.0105* 2.6659* 0.05010  7.8294  0.0374 0.0107

*Significant level at & = 0.05
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Table 3. Goodness-of-fit statistics for the best predictive deep learning algorithms, using the
training-data set, evaluated for various neuron numbers and numbers of hidden layers and the 5
regression models

Number of neuron Number

alternatives and of hidden r AAE max.AE RMSE RMSE%  AIC BIC Bias  Bias%
regression models layers
90 # neuron 3 0.9981 0.0296 0.1520 0.0426 6.6628 -396.7980 -391.1100 -0.0022 -0.3471

10 # neuron 4 0.9982 0.0278 0.1277 0.0387 6.0568 -408.9100 -403.2210 0.0058 0.9006
10 # neuron 5 0.9982 0.0282 0.1175 0.0381 5.9595 -410.9660 -405.2770 0.0041 0.6336
90 # neuron 6 0.9986 0.0260 0.1076 0.0363 5.6764 -417.1470 -411.4590 -0.0003 -0.0430
50 # neuron 7 0.9984 0.0312 0.1517 0.0407 6.3583 -402.7390 -397.0500 -0.0041 -0.6388
8 0.9981 0.0313 0.1144 0.0412 6.4504 -400.9130 -395.2250 -0.0008 -0.1224
9 0.9979 0.0303 0.1672 0.0423 6.6181 -397.6540 -391.9650 -0.0079 -1.2382

70 # neuron 10 0.9984 0.0312 0.1388 0.0410 6.4114 -401.6830 -395.9950 0.0011 0.1648

10 # neuron

80 # neuron

model 1 0.9975 0.0331 0.1854 0.0448 7.0126 -390.3000 -384.6110 0.0000 0.0004
model 2 0.9977 0.0316 0.1500 0.0433 6.7749 -390.6790 -379.3030 0.0000 0.0035
model 3 0.9975 0.0333 0.1531 0.0455 7.1115 -386.5210 -377.9880 0.0058 0.9004
model 4 0.9977 0.0315 0.1343 0.0430 6.7218 -391.6780 -380.3010 0.0001 0.0074
model 5 0.9972  0.0374 0.2017 0.0501 7.8294 -376.3070 -370.6190 0.0107 1.6711

Table 4. Relative Rank values for the best predictive deep learning algorithms using the training-
data set evaluated for various neuron numbers, number of hidden layers and the 5 tree stem
volume regression models

Number of neuron Number
alternatives and of hidden r  AAE max.AE RMSE RMSE% AIC BIC Bias  Bias% z
regression models layers

90 # neuron 3 585 478 6.67 650 6.50 698 698 349 349 5123
4 453 286 356 313 312 342 342 747 747 3897
5 437 332 226 258 258 2.82 282 555 555 3184
90 # neuron 6 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.30 1.31 9.61
7
8
9

10 # neuron

10 # neuron

297 649 6.62 480 4.80 523 523 558 559 4732
585 6.62 186 531 5.31 577 577 1.88 1.88  40.25
80 # neuron 6.84 556 860 625 6.25 673 673 990 989 66.73
70 # neuron 10 281 643 498 510 510 554 554 218  2.18 39.86

50 # neuron

10 # neuron

model 1 10.37 8.48 1092 845 845 889 889 1.00 1.00 66.44
model 2 864 685 640 7.13 712 8.78 1045 1.02 1.02  57.42
model 3 10.04 870 6.81 9.00 9.00 1000 1083 747 746 7931
model 4 840 6.75 441 683 6.83 8.48 10.16  1.06 1.05 5395

model 5 13.00 13.00 13.00 13.00 13.00 13.00 13.00 13.00 13.00 117.00
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Table 5. Results of equivalence tests checking the rationality of overfitting for the best predictive deep
learning algorithms of the number of neurons, the number of hidden layers and the 5 stem volume
regression models

Non-
decline
H,: not Hyinot  Pass/
Equivalent Equivalent No Pass

90 # neuron 3 0.5307 0.6486 0.5779 0.6151 Reject 09 1.1  0.9478 1.1052 notReject Pass

Number of neuron Number b, limits Bootstrap b, limits b, limits Bootstrap b limits

alternatives and of hidden

regression models layers lower upper  lower  upper lower upper lower upper

10 # neuron 4 0.5307 0.6486 0.5727 0.6083 Reject 09 1.1  0.9686 1.1157 notReject No Pass
10 # neuron 5 0.5307 0.6486 0.5757 0.6049 Reject 0.9 1.1 09686 1.0924 Reject Pass
90 # neuron 6 0.5307 0.6486 0.5838 0.6093 Reject 0.9 1.1 09585 1.0429 Reject  Pass
50 # neuron 7 0.5307 0.6486 0.5804 0.6090 Reject 0.9 1.1 09211 1.0270 Reject Pass
10 # neuron 8 0.5307 0.6486 0.5738 0.6024 Reject 09 1.1  0.9880 1.0758 Reject  Pass
80 # neuron 9 05307 0.6486 0.5813 0.6104 Reject 09 1.1  0.9383 1.0318 Reject  Pass

70 # neuron 10 0.5307 0.6486 0.5795 0.6064 Reject 09 1.1 09230 1.0185 Reject  Pass

model 1 0.5307 0.6486 0.5808 0.6100 Reject 09 1.1 09828 1.0930 Reject  Pass
model 2 0.5307 0.6486 0.5779 0.6069 Reject 09 1.1 09826 1.0810 Reject  Pass
model 3 0.5307 0.6486 0.5713 0.6014 Reject 09 1.1  1.0130 1.1093 notReject Pass
model 4 0.5307 0.6486 0.5756 0.6060 Reject 0.9 1.1 09733 1.0722 Reject Pass
model 5 0.5307 0.6486 0.5699 0.6023 Reject 09 1.1  1.0152 1.1361 notReject Pass

“Reject”: no difference exists between observed and predicted volumes in the validation data set;
“Pass”: non-declining trend found in the procedure checking rationality of overfitting.

F(b, limits) J7TH] > DUSGRIR(b)FEL = 10%HHE[E]
A BOE 1 3 10% 9 SR AT 2R AN SR ST 28 O T
R THUR0.9 > BFUR LT TR RS SR
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limits) B AE(0.9, 1HAYHEEF - HA4EBRAH
kb, LB pEAER S - A TSR
JEE A 3 8 il o A A A b, 5 R 1.1052
A TR SR R A R B R 1.1157 > 50
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Fy1.1361 o [Apt 13 fEBE A a1
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B8 PR SR B 50,9585, 1.0429)58
FEAERIA > HoAl 1 2E A EAGE R - fhkE
R AR - AW 2R AT &
BH LARERSEH  NEEREM L > Abse
RI10% 70 2 vl i 521 - {ETable SHYH
B RERGHIRE - HEDRE RS
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SREEEEIN3 ~ 5~ 6~ 7~ 8~ ORI10fH el 1
o E - JAAE R RS R
ek o SRR R 1T & AR A E0K -
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Table 6. Goodness-of-fit statistics for the best predictive deep learning algorithms using the
validation-data set of the number of neuron alternatives, the numbers of hidden layers, and the 5
regression models
Number of neuron Number of
alternatives and . AAE max.AE  RMSE% Bias%
regression models hidden layers
90 # neuron 3 0.9903 0.0400 0.2572 10.4467 -1.0744
10 # neuron 4 0.9917 0.0407 0.2432 10.1601 -0.2909
10 # neuron 5 0.9936 0.0370 0.1830 8.6712 -0.1009
90 # neuron 6 0.9945 0.0304 0.1360 7.4477 -1.1280
50 # neuron 7 0.9934 0.0359 0.1338 8.1065 -0.9440
10 # neuron 8 0.9934 0.0379 0.1653 8.4291 0.3539
80 # neuron 9 0.9927 0.0358 0.1753 8.5617 -0.9000
70 # neuron 10 0.9937 0.0334 0.1412 8.0730 -0.4411
model 1 0.9932 0.0381 0.1809 9.0596 -1.0973
model 2 0.9933 0.0401 0.1689 8.8454 -0.4945
model 3 0.9939 0.0438 0.1817 9.5366 0.5511
model 4 0.9935 0.0402 0.1632 8.5669 -0.4009
model 5 0.9930 0.0442 0.2160 10.5783 0.5346

Table 7. Relative Rank values for the best predictive deep learning algorithms using the
validation-data set of the number of neuron evaluated for various numbers of hidden layers and

the 5 tree stem volume regression models

Number of neuron

alternatives and Number of AAE max.AE RMSE% Bias% X
regression models hidden layers
90 # neuron 3 13.00 9.34 13.00 12.50 12.37 60.21
10 # neuron 4 9.20 9.94 11.64 11.40 3.22 45.40
10 # neuron 5 3.60 6.78 5.78 5.69 1.00 22.85
90 # neuron 6 1.00 1.00 1.21 1.00 13.00 17.21
50 # neuron 7 4.14 5.77 1.00 3.53 10.85 25.29
10 # neuron 8 4.11 7.56 4.06 4.76 3.96 24.45
80 # neuron 9 6.26 5.67 5.04 5.27 10.34 32.58
70 # neuron 10 3.49 3.60 1.72 3.40 4.98 17.19
model 1 4.71 7.74 5.58 7.18 12.64 37.85
model 2 4.46 9.47 4.41 6.36 5.60 30.30
model 3 2.83 12.68 5.66 9.01 6.26 36.44
model 4 3.89 9.56 3.85 5.29 4.51 27.10
model 5 5.23 13.00 9.00 13.00 6.07 46.30
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Fig. 1. Fitness of relationships between observed (x-axis) and predicted volume (y-axis) by the best
performing deep leaning network models using the training-data set: (a) 3 hidden layers, (b) 4
hidden layers, (c) 5 hidden layers, (d) 6 hidden layers, (e) 7 hidden layers, (f) 8 hidden layers, (g) 9
hidden layers, (h) 10 hidden layers
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Fig. 3. Equivalence test results and relationships between observed (x-axis) and predicted volume
(y-axis) by the best predictive deep leaning network models using the validation-data set: (a) 3
hidden layers, (b) 4 hidden layers, (c) 5 hidden layers, (d) 6 hidden layers, (e) 7 hidden layers, (f) 8
hidden layers, (g) 9 hidden layers, (h) 10 hidden layers. In each chart, an “ X” indicates failure to
pass the equivalence test, while an “O” indicates the equivalence test was passed.
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