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Abstract

Invasive alien plant species have a strong spreading ability, which not only
threatens biodiversity but also causes substantial economic losses in agriculture.
Leucaena leucocephala (Lam.) de Wit is one of the top 100 alien invasive species in
the world, and they have been seriously threatening the ecosystem of the Hengchun
Peninsula. Remote sensing imagery can provide a wide range of surface information
with a potential for mapping the distribution of L. leucocephala invasion. This study
focused on the Hengchun Peninsula, integrating Sentinel-2 data with a convolutional
neural network (CNN) to develop a deep learning model capable of predicting the
cover fraction, mapping the degree of invasion, and estimating the distribution of L.
leucocephala. The results indicate that the proposed IPNet model using CNN was
significantly better than the other tested deep learning models in terms of the accuracy
metrics (R° = 0.78). The invasion was categorized into five degrees based on the cover
fractions, with severe invasion estimated to cover an area of 4,442 hectares, accounting
for approximately 11% of the entire region. In conclusion, the IPNet model developed in
this study is a low-cost with high-efficiency mapping method that provides clear spatial

distribution information on L. leucocephala invasion.
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Fig. 1 Location of the study area (background shows the RGB imagery of Sentinel 2).
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Fig. 2 Architecture of the proposed convolutional neural network.

{H > #EHC Adam BALESHIBERE [
B REBEENRAESCEIEHR
(B /NERE 1e-10) 0 BR LB

I 788 FH A 200 5% A2 75 (1935 77 5% 22 (mean
squared error) ° BEFCBHZE CNN ZR1#HY
WASFIREAS IR » A R 5B /0 HEIAY
TensorFlow F1 Keras 2 {4 #t 17 5 # B
ER - BEHS DT EIRE ARG ¢ Intel(R)
Xeon(R) Silver 4208 CPU X [& i pg 3
2% 1 NVIDIA RTX A6000
(=) BEIPERE LR
PRI B 9% 52 2 1% R$E 20% 1Y
HIER 5 (200 {18 168 PR A AR ) B FHORN 45
SETTMERESTAL - STRFE R
(mean absolute error, MAE) ~ 5 75 i

2772 (root mean square error, RMSE) »

124

948 ¥ H 47 LB ER 7 (mean absolute
percentage error, MAPE) Bil it & {4
B (R?) » BRAHAFTBH 319 IPNet 22 %
Gh o ST G E R RRENRE
1 48 44 % (deep neural network, DNN)
11 Sharma et al. (2017) [F] 15 L A @ 2
515 T bR 3% Y € & CNN(Deep CNN,
2ot ARELECR EREEE
TR M E 22 5L - DNN 2/ 4 (2
el P RE R, > 56 1 JEEE AR 128 {4k
TT 0 56 2 R TT B R DRI R

4 JBF 16 @ > 5 — @t & &
AL RAZAE(E ~ ReLU 0 bk #5 2
dropout ZEE 5 DCNN ZEREHIA 5 (i

DCNN) %

GIERE R g8 KN Fy 3x3 EfR T
FENEERE 8 7 128 DI [ZIENY



AN 1 {E B3 3,200 {E 1 &8 T AT 4H B Y
RERERE > &R ReLU HUE MK
S < B RIS AR A
s S S EEREL IR TPNet ©

i S

IPNet FYFII&EFZ T > Bl SREEHTY)
YRS AE By 2,296 0 2 1% (E BE 46 & T
I - £ 40 {H epoch DATREERIUL L
YRR B ERAB R AE By 225 - [EhsE
EHRE - PIIEIEFIAE S 3,646 » 5 40

5000 -
4000 -

3000 A

Loss

2000

1000 { %

AN IBEMZ AR D

{[El epoch LART & 7 HHEARY Rz 8l - {HA]Y
IR RS - 11E55 53 {IH epoch BHYA
st > BRI 350 - HlEfy
343( & 3) - #HHGAKRTE - WitE BRI
ESRIME  BURA AR RS
L - A sk BB AR RiEE
B R B &S ORI AY -

2% 1 51 Hi IPNet B . it {d f& 7€
EEEBEA M BN
7 BF 42 7 1 1 TPNet £51 A4 (8 7 4t
WA R R - fE B Al BR 2 T AV 4

------- Training data

Validation data

3 IPNet Z3f&1yE 5 4R -

Fig. 3 Loss curves of IPNet architecture.

125



BIEEYZERIEAI TW J. of Biodivers.27(2):117-133, 2025

1 Ebl 3 AR B R 7 St A b 5

Table 1 Comparisons of statistical accuracy metrics among three deep learning models

Metrics IPNet DCNN DNN
Mean absolute error 12.56 14.23 34.97
Root mean square error 16.47 18.41 43.56
Mean absolute percentage error (%) 62.91 75.66 71.87
Coefficient of determination (R?) 0.78 0.72 0.66
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Fig. 4 Invasiveness of Leucaena leucocephala mapped from different algorithms: (a) IPNet, (b) DCNN, (c)

BT By 5 4% ) > (a) IPNet ~ (b) DCNN -

DNN, and (d) real ground data adopted from Google Earth. Five levels of the invasiveness are used
based on natural breaks.
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Table 2 Areas of invasiveness for Leucaena leucocephala divided into five levels according to three dif-

ferent algorithms

Level [PNet DCNN DNN
Area(ha) % Area(ha) % Area(ha) %
High 2340 6.05 1680 4.34 1117 2.89
Sub-high 2102 5.43 1998 5.16 851 2.20
Middle 2879 7.44 2987 7.72 757 1.96
Sub-low 10459 27.03 9250  23.91 793 2.05
Low 20914  54.05 22778 58.87 35176 9091
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