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Prediction of Soil Organic Matter Content Based on Artificial Neural Network Model and

GF-1 Remote Sensing Data

LI Yingying', ZHAO Zhengyong'", YANG Qi!, DING Xiaogang?, SUN Dongxiao?, WEI Sunwei'

(1 Guangxi Key Laboratory of Forest Ecology and Conservation, College of Forestry, Guangxi University, Nanning 530004,
China; 2 Guangdong Academy of Forestry, Guangzhou 510520, China)

Abstract: To explore the capability of GF-1 satellite to predict soil organic matter (SOM), Luoding City of Yunfu City,
Guangdong Province was taken as the study area, and 9 multi-spectral remote sensing variables retrieved from GF-1 and 9 terrain
variables derived from DEM were used as predictors to establish two kinds of artificial neural network models (Model A: terrain;
Model B: terrain & remote sensing) for predicting soil organic matter (SOM) at five soil depths (L1: 0-20 cm, L2: 20—40 cm, L3:
40-60 cm, L4: 60-80 cm, and L5: 80—100 cm). The results showed that the accuracies of SOM full-variable B model at five
depths was higher than those of A model with topographic variables only. Especially for the L1 and L2 layers of soil, the accuracy
was obviously improved. The R? of the L1 and L2 layers of SOM were increased by 13% and 10% respectively. However, the
accuracies of deep soils (L3, L4, L5) were only improved by 4%, 5% and 4%, respectively, and RMSE and ROA+10% also
showed a similar trend. The results show that GF-1 remote sensing image can be used as a new data source to predict SOM.

Key words: Soil prediction; Artificial neural network model; GF-1; Remote sensing data; Multi-layer soil
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Fig. 1 Sampling points and forest types in the study area
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Table 1  Statistical information of SOM of each soil layer

TR RME RRE CPHE REZR ARRE%)
L1 0.07  103.07 2319 1233 53
L2 2.86 5519 16.41 8.42 51
L3 044 4751 1342 7.09 53
L4 0.88 55.02  11.98 7.47 62
L5 0.05 4981 1016  6.45 63

KRR 2 s )2 L3R SOM 5 CSOM
WEIEADC, EiEEAE T, f)Z 1N SOM 5%
A JERAR I 2 (B AR SCME R 2, AR S NDVI,
RDVI. %4b, HJZLHER SOM {5 /D HUIEAL &
MIAECHE 3. iR, AMFREIX Y SOM S5 HiE
A LR MR RIS, 518 A B R R O R
I, ASHFFER 2 LS 2 ) B ——ANN Y
K it e M 4 1) A

23 MRRTFEEVETNER LR S51TME
2301 MR AEERAA T R
FEARSEAN AR B Jo A B A 2 W 25 4 i, WNZ i A 4L B
A SRR AR A A . L, S fER R B 4
1Y RPFT ROA+10%, 3XMIKHY RMSE., AF5Y 2 Ffifid

RGN S5 SR 4038 3 IR, 78 L1 )2, A BRI
T )32 s in M I 7K SCAR I W 3 o T AR AR (1
fit, ROA£10% HIEM 35% Z#iHENE] 47%. 50%.
56%. 63%. 72%, {HFE—LUAE i, ROA+10% A~
FRYRLEIGM , H B e R 8 AE I ROA£10% [#
FT 63%, FEAIE) RMSE FIl RAHLHR S e AR [R] /) 5
M JE R R Ea A, L, A BERST L1 +)2 SOM
A AT 6 4>, HE TS %, Wil L2,
L3, L4, L5 )2 SOM s AZEwm I 6. 7. 5.
6 o MXTT BALAY, Wil 54~ 12 SOM i
NN R 6, 4, 6, 6, 74

2.3.2 BIITUNREE AL MR 3 AT, B AALY
A BERUAH b8 2 AT IR B RMSE, DA E R?
I ROA+10%, HIitt, B AR FN &5 etk IFH.,
AT ISR 2] B B2 3L L2) HE X IR )2 1 48
(L3, L4. L5y e B4 m ROBE R, AHXF T A
A, B BEAIXT L1, L2 )2 A RS T 13% i
10%, 1 L3, L4, L5 F2{UEE T 4%. 5%. 4%,
[F#EHL, RMSE Fil ROA+10% 3B AR BL A #a 3
X 3R B AR AR UGB IS X SOM. 1 Fli 6 ) 5 T
A —E R, X T R)E s N

%2 BELIESOM SMATEMHEXME

Table 2 Correlation between SOM and input variables of each soil layer

A hE SOM L1 SOM L2 SOM L3 SOM L4 SOM L5
CSOM 0.144" 0.236" 0.170" 0.177" 0.155"
Forest 0.162 0.156" 0.006 0.108 0.130
NDVI 0.146" 0.215™ 0.127 0.193" -0.021

RVI 0.1317 0.212" 0.120 0.197" 0.013

DVI 0.008 0.087 -0.014 0.120 -0.010
RDVI 0.349" 0.365™ 0.605" 0.323" 0.251"

B -0.117 -0.206" -0.187" -0.142" —0.064
G -0.137" -0.156" -0.155" ~0.089 -0.016
R -0.152° -0.182" —0.150" -0.127" 0.006

NIR -0.035 0.029 -0.053 0.074 -0.008

TPT 0.083 0.039 0.025 —0.004 0.010
Slope 0.178" 0.283” 0.218" 0.215" 0.241"
Aspect 0.015 —0.026 0.038 0.161" -0.009

STF —0.126 -0.213" —0.104 -0.110 -0.213"

SDR 0.134" 0.065 0.105 0.092 0.074
DTW 0.138" 0.149" 0.057 0.097 0.081

FD -0.090 0.014 —0.069 -0.073 -0.018
FL -0.006 -0.006 0.120 -0.061 -0.058
PSR -0.174™ -0.086 -0.152" -0.184" —0.064

e RIS P<0.01 KV 2 *F A MAE P<0.05 K P13,
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&3 SOMH)2#h ANN REGMESHSRANEE
Table 3  Optimal variable combination and prediction accuracies of two ANN models of SOM

et WE  EREH RMSE R ROA%10%(%) IR AR A 2
A L1 1 16548  0.21 35 TPI
2 123.71  0.35 47 TPI. Slope
3 97.78 0.47 50 TPI. Slope. STF
4 77.15 0.59 56 TPI. Slope. STF. SDR
5 69.03 0.64 63 TPI. Slope. STF. SDR, DTW
6 46.66 0.75 72 TPI. Slope. STF, SDR, DTW, FL
7 57.52 0.72 64 TPI. Slope. STF. SDR, DTW. FL. PSR
8 56.76 0.71 63 TPI. Slope. STF, SDR, DTW, FL., PSR, Aspect
9 55.74 0.71 68 TPI. Slope. STF. SDR, DTW. FL. PSR. Aspect. FD
L2 6 16.11 0.76 73 TPI. Slope. Aspect, SDR, DTW. PSR
L3 7 11.02 0.79 76 TPI. Slope. Aspect, STF, SDR. FD, PSR
L4 5 15.10 0.74 71 TPI. Slope. Aspect. SDR. FL
L5 6 12.05 0.76 76 TPI. Slope. Aspect, STF, DTW, FD
B L1 6 23.03 0.88 87 Al+ Forest, NDVI, RDVI, G, B, R
L2 4 10.98 0.86 86 A2+ Forest, NDVI, RVI, DVI
L3 6 9.76 0.83 82 A3+Forest, RDVI, G, B, RVI
L4 6 11.39 0.79 80 A4+Forest. NDVI, RDVI, DVI, G. NIR
L5 7 9.68 0.80 82 A5+Forest, NDVI, RDVI, RVI, DVI, R, NIR

. P A1AREE TPI, Slope. STF. SDR, DTW. FL; A2 {t3 TPI. Slope. Aspect. SDR, DTW, PSR; A3 ft3 TPI. Slope.
Aspect, STF, SDR, FD, PSR; A4 {{UZ TPI, Slope. Aspect., SDR., FL; A5 {{3 TPI, Slope. Aspect, STF, DTW, FD,

24 MRRTFEEIREZEIEH

RH B ARG R ANN A8 DL 10 mx
10 m (153 B2 i % 5 T AR AR 13 SOM 1y 25 ] 43 47
(&1 2). SOM A& Rt 2R BE B iR msi /b, 3L
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FEAE 10 ~ 20 g/kg FHEEREIN . MIKF-S544 175 4
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L3:40~60 cm /A
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Fig.2 Spatial distribution of SOM in 5 soil layers in study area
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