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Research on Prediction Method of Soil Available Nitrogen Content in
Guangxi Based on SA-CNN-LSTM
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2. Guangxi Key Laboratory of Embedded Technology and Intelligent Systems , Guilin 541006, China)

Abstract: Available nitrogen is an important indicator of soil fertility, and the accurate prediction of its content using hyperspectral technolo-
gy is crucial to forestry growth. The existing spectral first—order differential processing method lacks sensitivity and the traditional long short—
term memory network (LSTM) has low prediction accuracy. Therefore, a SA-CNN-LSTM hybrid model was proposed, and compared with
CNN, LSTM and BiLSTM models. In this study, 196 soil samples were collected from Huangmian and Yachang State Forest Farms in
Guangxi, and the original spectral data were preprocessed with 28 logarithmic order differentials (LOG) combined with wavelet transform
(WT). Convolutional neural network (CNN) and self-attention mechanism (SA) were used to enhance the long—distance dependency mining
accuracy of LSTM. The results show that logarithmic order differential processing is better than first order differential , and the modeling accu-
racy is highest when the power of logarithmic order differential is 9. The R? of SA—-CNN—-LSTM model on the validation set is 6.79%, 7.34%
and 10.37% higher than that of CNN, LSTM and BiLSTM, respectively, and the root mean square error (RMSE) is reduced by 18.60%,
19.58% and 24.44%. The effect of using logarithmic order differential to preprocess the spectrum and SA—CNN-LSTM modeling is the best,
with a validation set R? of 0.889, RMSE of 16.572 2 and PRD of 2.998 7, which achieves accurate prediction of available nitrogen content in
forest soil in Guangxi.
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Fig. 1 Soil available nitrogen experimental method
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Fig.2 Self-attention structure
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Fig.3 Long short-term memory network structure
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Table 1 SA-CNN-LSTM network parameters
%1 SA-CNN-LSTM M4 5#

JZ () i B AR ZH
convld (32, 128) 128
max_pooling1d (32, 64) 0
convld_1 (64, 64) 6028
max_poolingld_1 (64, 32) 0
convld_2 (128, 32) 24 704
max_poolingld_2 (128, 16) 0
Istm 64 78 840
Istm_1 64 88 440
self__attention 64 23100
flatten 1024 0
dense 200 322200
dropout 100 0
activation 1 0
dense_1 100 20 100
dropout_1 50 0
dense_2 1 101
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Fig. 5 Soil sampling points
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Table 2 Statistical characteristics of soil available nitrogen content
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Fig. 6 Soil sample curves of available nitrogen contents
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Table 3 VggNet regression modeling results
R3 VggNet[OFEHEER

st RS
T Bk . - . -
R RMSE RPD R RMSE RPD
R 0.6906 33.1286 1.4081 03031 52.8481 0.8087
LOG10(10) 09159 17.8033 3.1700 0.6497 323812 1.4009

LOG10(3)-WT 0.8881 19.7638 2.7036 0.4380 47.9229 0.9513
LOG10(4)-WT 09062 19.2557 29212 0.7082 253566 1.8336
LOG10(5)-WT 09148 18.0504 3.1393 0.7565 363067 1.9394
LOG10(6)-WT 0.9545 13.2955 4.4836 0.6731 28.7739 1.7007
LOG10(7)-WT 0.9135 16.6717 3.0913 0.4523 51.5379 0.8439
LOG10(8)-WT 09468 14.6119 4.0903 0.6683 26.0886 1.7466
LOG10(9)-WT 09392 15.1147 3.8806 0.7811 249976 1.9338
LOG10(10)-WT 0.9333 15.6905 3.7059 0.6894 29.3535 1.8491
LOG10(11)-WT 0.9452 142308 3.9513 0.7391 28.8747 1.7887
LOG10(12)-WT 0.9472 139436 4.0996 0.7616 27.8631 1.7528
LOG10(13)-WT 0.9219 169916 3.3569 0.6559 33.0986 1.4460
LOG10(14)-WT 0.9365 15.1711 3.6011 0.7084 30.8213 1.5037
LOG10(15)-WT 0.9375 15.0657 3.6281 0.7474 28.6878 1.7563
43 ETFAREF4IEFEH ResNet & iE 1T
TR [F) 22 1Y LOG+WT (1) 20 4 i 4b 3 5 3 g 2t
ResNet [ 25 (g s AR 25 T ANR 4 o o vl LUE Y, 56 01E
FE YL E B0 0.388 2~0.751 9, $ 77 2515 25 4 0.247 5~
0.345 3, FAXT A3 BT 25 4 1.220 7~2.120 9, 254 Lhae a1,
FEF LOG10(9)-WT [ ResNet [ 25 51 750 4 451 2 0L B {4 | 0y
JE4E R? . RMSE #1 PRD 43 % 2~ 0.751 9, 0.247 5 12.084 6,
M3 T LOG10(10) -WT I ResNet [ 45 F5 28 1) 36 1F 45 R2.
RMSE A1 PRD 4351 57 0.522 1,0.345 3 #11.835 6, 1K1 9(a)-
() Sy 52 0 0 000 L ) v [T o 5 SR 3R AR TR 2 )
ResNet 11, 22T %50 LOG+WT 11 ResNet 2 Uk 5 Flfa 2
Pt T —Br i3 (LOG10(10) ) +WT,
4.4 EFBEFEEHE CNN-LSTM W& E @48 45 B4 47
AR SCIE 3 A AT TR R B B 4 LOG+W'T T Ak B

Table 4 ResNet network modeling results
4 ResNet MERBIERLER
USRS ML
RMSE RPD R? RMSE RPD
R 0.8564 0.2421 23057 03882 03273 1.2207

LOG10(10) 0.9925 0.0549 11.0878 0.6936 0.2559 1.8371
LOG10(3)-WT 0.9754 0.0983 6.0457 0.5650 03275 1.6445
LOG10(4)-WT 09874 0.0705 85057 0.5898 0.3135 1.3578
LOG10(5)-WT 0.9828 0.082 1 7.6616 05857 03191 1.7773
LOG10(6)-WT 09773 0.0954 68182 0.6539 02713 1.9935
LOG10(7)-WT 09855 0.0763 79131 0.7128 0.2499 19451
LOGI0(8)-WT 0.9903 0.0622 9.8016 0.6848 0.2641 2.1209
LOG10(9)-WT 09841 0.0790 7.4682 0.7519 0.2475 2.0846
LOG10(10)-WT 0.9884 0.0674 9.4681 05221 0.3453 1.8356
LOGI0(11)-WT 0.9932 0.0512 12.0039 0.6781 0.2944 1.9454
LOG10(12)-WT 0.9859 0.0744 7.9730 0.6154 0.3069 1.4710
LOG10(13)-WT 0.9857 0.0749 7.9207 0.7387 0.2538 2.1009
LOG10(14)-WT 0.9925 0.0539 112775 0.7191 0.2691 2.003 4
LOG10(15)-WT 0.9912 0.0595 10.5170 0.5298 0.3211 1.600 4

J7 1 XA RURS B 0 52 ), 45 5L UE BH 3R SR 9 04 % Bl oy
LOG10(9) 45 & /N A H 2 e A b B 7 6 o DAk oy
il ,#9 %8 T CNN.LSTM . BiLSTM . PLSR . SVR . RFR 1 SA-
CNN-LSTM #& £ , Jf b f7 Fb & 52 88, 25 SRk 5./ 10
R o
Table 5 Modeling results of CNN, LSTM, BiLSTM, PLSR, SVR,
RFR and SA-CNN-LSTM models
%5 CNN.LSTM.BiLSTM.PLSR.SVR.RFR #1SA-CNN-LSTM #
Rt R
YN Zrah HIFRwaR S
R? RMSE  RPD R? RMSE  RPD
LOG10(9)-CNN 09182 17.9361 3.4976 0.8322 20.3567 2.4412
LOG10(9)-LSTM 0.8975 20.076 0 3.1247 0.8280 20.6073 2.4115
LOG10(9)-BiLSTM 0.897 7 20.0609 3.127 1 0.8052 21.9302 2.266 1
LOG10(9)-PLSR  0.8594 242183 27136 0.8013 25.6742 2.3527
LOGI0(9)-SVR  0.8921 20.7843 3.0541 0.8224 22.6354 2.4986

LOG10(9)-RFR  0.9068 189325 3.3159 0.8412 20.7849 2.679 4
LOG10(9)-SA-

CNN-LSTM

S B 45 B E  CNN 78 Il 2R 4 F Y R® 2 0.918 2,
RMSE & 17.936 1, RPD Jy 3.497 6; fE K iE 4 Y R Ky
0.832 2,RMSE 4 20.356 7, RPD 5 2.441 2, CNN fEYIIZk4E
L ERBR A HERUESE ERPFIRPD A BT FRE. LSTMAEI
24 AR5 0.897 5, RMSE 4 20.076 0, RPD 4 3.124 7;7F
IF4E Y R?2M 0.828 0, RMSE 24 20.607 3,RPD A 2.411 5,
LSTM 7£ Il 25 52 F 3Gk 4E b ) R IR X A e, {H 3 1A 4 A
A4 CNN. BiLSTM 7E Il 25 4E |/ R4 0.897 7, RMSE
20.060 9, RPD & 3.127 1; 7E 5 4 | A9 R* 24 0.805 2,
RMSE # 21.930 2, RPD #12.266 1, BiLSTM 7 i)l 2448 Fil 46
WESE B AR5 LSTM AR, (HZE 3G UE4E |9 R F1 RPD B
fili. SVR b PLSR & 8B &, Il 25 4E R*#258 0.9, RMSE B%
o RERUIZRAE RO i, MR AE S A R B AR T SVR.
SA-CNN-LSTM 7£ Yl Zk % I B9 R* 2 0.940 3, RMSE H
15322 5, RPD i 4.094 1; #£ B 0k 4E I 9 R*  0.888 7,

BT —

ATy

09403 153225 4.0941 0.8887 16.5722 2.9987
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Fig. 8 VggNet network modeling results with different combined pre-
processing methods
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Fig. 9 ResNet network modeling results with different combined pre-
processing methods
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