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Neural Network Applications to Determining Suitable
Tree Species for Site-Specific Conditions’
Hyungho Kim® and Joosang Chung’*
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ABSTRACT

This paper discusses applications of neural network to forest stand field data processing and determining
suitable tree species for site-specific stand characteristics. For site-specific species selection, considered
were 5 major coniferous species : P. densiflora for. evecta, L. leptolepis, P. koratensis, P. densiflora,
P. thunbergii. Among 1,320 sample plot data sets, 200 data sets with the highest site index (40 data sets
for each species) were chosen as the test sets for investigation. Each data set includes 13 factors describing
the site characteristics of the corresponding sample plot. The results of this investigation indicate high
performance of neural network in data processing procedures for extracting data sets or measurement
parameters without any recognizable pattern. These data sets or measurement parameters are those which
have rare effect on site-specific species suitability or disturb pattern classification procedures of neural
network because of unrecognizable pattemns involved. Also the results have shown high potential of neural
network in determining the best-suitable tree species for site characteristics. The % accuracy of the neural
network model in determining the best-suitable tree species for site characteristics ranges from 77.6% to
91.8% associated with the combination of site factors.
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Figure 1. The structure of a neural network model.
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Figure 2. The concept of a neural network application.
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Table 1. Site index distributions of 5 coniferous species.

P. densiflora

Species for. erecta L. leptolepis P. koraiensis P. densiflora P. thunbergii
Base age (yrs) 20 20 30 20 20
Site index (m) 12.1~15.0 16.8~ 21.2 15.6~17.8 12.2~16.0 14.0~17.0
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Table 2. Categorized factors for evaluating site~specific conditions for tree growth.

Item Category

Parent rock (PR) Metamorphic rock Igneous rock Sedimentary rock

Topography (TO) Foot of hill Hilltop Hillside

Climatic zone 2 Northern temperate zone Middle temperate zone
Southern temperate zone Warm temperate zone

Slope( *) (SL) N

Altitute(m) (AL) <100 100~200 200~300 300~400

400~500 500~ 600 600

Aspect w| E | w s | N | N | Nw | sE [ sw

Soil depth(cm) (SD) <50 50~70 70~90 90

Soil texture ST| scL, sicL, L, sic | si | SsLLs | L

Deposit type (DT) Residual ‘ Creeping ' Colluvia

Soil hardness | (SH)| 0.5 | 05-1.0 | L0~15 | 15-25 | )25

Type of slope (TS) Convex 1 Straight ) Concave

Organic matter(%) | (OM) 0~2 2~4 4~6 >6

Soil moisture (SM) | Proper moist Slightly Moist Slightly dry Moist | Dry
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Table 3. % correlation of the observed and the
estimated site-suitability tree species
associated with the number of hidden
nodes at 100 epochs.

No. of hidden node 1 5 10 20 30 50

35 50 55 66 57 55

% correlation
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Table 5. The effect of data set selection process on
9% accuracy of site-suitability experiments.

Before data After data  After data

Experiments processing processing I processing I
No. of data 200 161 124
% correlation  66.0 75.2 85.7

Table 50 et Azfel &spd 3 20070
32 A2E AYAug 443 A4S ASHA9
Al e A4 grlsle % correlationo] <F
66.0%2 Y& oz A&=Hglrd, ey 1, 23
2] A4S E4 A" FFol EA} e A
oz #9gd ¥FEXY JARA ARE G 3
A, 37704 dAHdez AAY 3L HLEFE
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#7 2AF FAANA HAY F e FAH LA}
o3 RPPAY 7H5Ae] g & ZleE AR
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Table 4. % correlation of the observed and the estimated site-suitability tree species associated with
the number of epochs as the stopping criteria.

No. of epochs 1 5 10 30 50 70 100 300 500
% correlation 24 35 4 57 59 61 66 65 64
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Table 6. The effect of site factors on % accuracy of site-suitability experiments.

Input factors Case 1 Case @I Case T Case IV Case V Case VI
No. of input node 58 53 49 46 41 38
% correlation 85.7 87.7 91.8 79.6 83.7 77.6
Case I : Input factors are PR, TO, CZ, SL, AL, AS, SD, ST, DT, SH, TS, OM and SM
Case [ : Input factors are PR, TO, CZ, SL, AL, AS, SD, ST, DT, SH, TS and OM

Case 1 : Input factors are PR, TO, CZ, SL, AL, AS, SD, ST, DT, SH and TS

Case IV : Input factors are PR, TO, CZ, SL, AL, AS, SD, ST, DT and SH

Case V :Input factors are PR, TO, CZ, SL, AL, AS, SD, ST and DT

Case VI : Input factors are PR, TO, CZ, SL, AL, AS, SD and ST
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