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Fig.2 Soil moisture content in different root zones
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Table 1 Vegetation index formula
FE 5 $L Vegetation index (VI 15 3¢ Formula 53R
Reference
G048 40 Green index (GI) PGRE/ PRED [17]
& e B - R B 46 X Modified soil adjusted vegetation
in?lex (MSAVD) J & 0.5%(2xpyir+1- \/(2 xpwir+1)* = 8(onir _PRED)) [17]
SR FE VA — LA B FE %X Green normalized difference vegetation
- " index (gNDVID) & (onir = PGRE)] (PNIR + PGRE) [18]
JA— 4k A B 5 4L Normalized difference vegetation index (NDVI) (onir = PrRED)] (PNIR + PRED) [18]
Ak 38 5 1 1 45 41 Optimized soil adjusted vegetation
?ndex p(OSAVI) J & (onir = prED)] (ONIR + PRED +0.5) [18]
HIH— LB 52 Renormalized difference vegetation index (RDVI) (onik - pore)| ( NoNIE + PorE) [18]
ARG 435 L Soil adjusted vegetation index (SAVI) (onir —prep) (ONik + prED + L) X (1 + L) * [19]
fa] B LL AR H5 %k Simple ratio index (SR) PNIR PRED [19]
SR04k A 2L Green chlorophyll vegetation index (GCVI) onirlPGrE = 1 [20]
TP 5 S F8 3 Plant senescence reflection index (PSRID (PrED = PGRE) I PREG [20]
PR N . i . . .
faRvulE| %fﬁf*ﬁ?ﬁfaﬁ Red-edge normalized difference vegetation (onir — PrEG)/(ONIR + PREG) [21]
index (NDVIre)
B E B2 00 1 2 LA 48 25X Modified red-edge simpleratio
ind:x (MSRre) £¢ stmp (onir/PrREG = 1)/( VoNiR/PrREG +1) [21]
2130 M4 6% Red-edge chlorophyll index (Clre) Pnir/PrEG =1 [21]
ZLIATR] L %45 % Red-edge simple ratio index (SRre) PNIRIPREG [21]
WU B SR A A% $5 40 Two-band enhanced vegetation index (EVI2) 2.5 % (pnir = PrED) (PNIR +2.4pRED + 1) [22]
it b -4 # F5 4 MERIS terrestrial chlorophyll index (MTCI) (onik = prEG)] (PREG + PRED) [22]
JA—Ab 2 B /KR 45 %L Normalized difference water index (NDWID (pGre = PNIR) (PGRE + PNIR) [23]
o X (1=0.25X ear) = (orED — 0.125) (1 = prED)
A ERFATE S P $E 2 Global environment monitoring index (GEMI) ' 5 t2 e e [23]
ear = (2X(pyr —Prep) + 1.5 X pNir +0.5prED) (PNIR + PRED +0.5)
2130 = MR Bi FE 2L Red-edge triangular vegetation index (RTVICore) 100X (onir = PrEG) = 10X (ONIR = PGRE) [24]
. - L5X (12X (onir = PGRE) = 2.5 X (ORED — PGRE))X
& 1E ) = M FE 20 Modified triangular vegetation index (MTVI2) [24]

\/(2 X prir+ 1) = (6 X pyig —5 \PRED) ~ 0.5

T pore NEBBOTF RIS opep AAPBEPRIRIN A prec RELDWBOTRIRIN A pn FIEAANEBOTF B RT3 . LA P RIE R T, M 2 i kot

ALI L=0.90. e, ArPIaAS e, BT AL AL I B B 2 IR 52 A s B AG

Note: pcre is the average reflectance of green band; prep is the average reflectance of the red band; pree is the average reflectance of the red-edged band; pw;x is the average
reflectance of near infrared band. L is the correction factor for soil brightness, L=0.90 is taken here according to the coverage amount. e, is the intermediate variable, which is
calculated by the values of near-infrared and red wavelengths according to a specific formula.
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2 GERE55H

2.1 AREINERFERREEERITEL

NT BARGSAFERAEER B, B odrds i
MAFHIER 2, fE§ ] Pearson fil Spearman AH % R 17
VRIS, ARG RFEER 8 P Fe BER B H B 1,
M 76 J2 30 FEERFEVE A 9 P dE FE S B A B, fEiX
LeAE B ARR, E VO R E S R A KR B AR S
Bemr, I IR 2 SRR AT R P A A .
9 M (SR. NDVI. GI. OSAVI. MSAVI. SAVI.
PSRI. EVI2 Hl MTCI) 8 #% i5 £/ Sy AE i 77 455 7Y 1) Ji7 46
N HEAL, T Uk RIS S5 R BB A, IKAE 9 Fh
[ % il A A EC 6 A (GCVIL. GEMI. MTVI2,

RMSE = 4

gNDVI. RDVI HI NDWI) A 7E Ze At AH A 73 B vp B S
R R A TR B E AR RN (7R 20, AT R
B 5 ] A2 [ B 24 N
F2 ETAERMEGER 20 FEHIEE Pearson 5
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Table 2 Pearson and Spearman correlation analysis table of
20 planting indices based on different sampling methods

I — FEGRFAE RUE I
Traditional sampling method ~ Canopy sampling method
Vegetation index Pearson Spearman Pearson Spearman
SR 0.29* 0.19* 0.33* 0.20*
SRre 0.18* —0.05 0.12 0.13
NDVI 0.24* 0.19* 0.30* 0.20*
gNDVI 0.11 0.08 0.21* 0.12
NDVlre 0.16* —0.05 0.092 0.13
Clg 0.17* 0.08 0.25% 0.12
Clre 0.18* —0.05 0.12 0.13
GI 0.29* 0.26* 0.26* 0.16*
OSAVI 0.24* 0.18%* 0.30* 0.20*
RDVI 0.14* 0.04 0.19* 0.10
MSAVI 0.22* 0.19% 0.29* 0.20*
SAVI 0.24* 0.18* 0.30* 0.20*
PSRI —0.21* —0.25% —0.17* —0.15*
MSRre 0.17* —0.05 0.12 0.13
EVI2 0.26* 0.18* 0.31* 0.20*
MTCI 0.20* —0.01 0.17* 0.16*
GEMI —0.19* —0.06 —0.20* —0.10
MTVI2 0.21* 0.04 0.19* 0.14
NDWI —0.11 —0.08 -0.21* —0.12
RTVICore 0.17* 0.07 0.12 0.12

T *FRRTEP< 0.05 B, ZRHIREAA BEE.
Note: * indicates that the vegetation index is significant when P<<0.05.
22 ERTFMBRIRER

4G, 23] FENN 28565 9 i a1 45 Hicfan A A
15 A ARG A N\ ZEAT AR PP R A A, TG H K
AT RMSE e/ EAE R N &I 2 R (L
®3). EUIGRE L, R 15 Mg i Bon, B
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R 0384, RMSE Jy 3.15%:; 1fii {3 /] 9 it 4 4t &,
R 90432, RMSE 4 3.56%. %45 B3 9 Flfe bl 15 %k
HeaAE i NI SRR NS 8, MOzt FTiL e 9
TEAAREAE S 7 5 AR PR R B 2N
R 3 TEIBEEWIRBAR FRERGTIEK D OEBE
Table 3  Precision of root soil moisture retrieval using non-
temporal networks with different vegetation index numbers

, R RMSE/%
LR e - TR - T
Vegetation index numbers VI WURIE VIGHE  WRIE
Training set Testset  Training set Test set

9 0.432 0.269 2.99 3.56
15 0.384 0.254 3.15 3.61

23 BIFEMERIESER
RS AR B 1] 32 145 J2 0 R Ja 1 498 5 7K 26 S Y T s
AR T U2 B RECR N BUR R, 4GS
LSTM 5 BILSTM # T & . s REDSKKE N
3~7 K, HRIBHTIERIIZ, 45RINE 4 PR,
F4 TRAEXRES KT FMEREER T

Table 4 Optimal iteration times for time-series networks under
different history focuses on step size

i 52 5&33: 25 K History focuses on step size LSTM BiLSTM
3 470 590
4 505 610
5 595 590
6 300 570
7 320 410
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Table 5 Inversion accuracy of temporal networks with different
history focuses on step size

R RMSE/%
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Training set Test set Training set Test set

P 2% VIEESEwAS

Network History focuses on step size

0.797 0.587 1.82 2.70
0.775 0.485 1.91 2.93

3 0.473 0.413 2.88 2.97

4 0.661 0.402 2.35 2.80

LSTM 5 0.842 0.548 1.59 2.68

6 0.609 0.538 2.46 2.80

7 0.722 0.515 2.12 2.81

3 0.552 0.537 2.66 2.67

4 0.676 0.488 2.33 2.65

BiLSTM 5 0.815 0.624 1.74 2.45
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Table 6 Inversion results of soil moisture content in root domain

by different methods
g IRFEESK R RMSE/%
Networ History focuses — JIZGEE W% UG DURGE
on step size Training set Testset Training set Test set
FFNN 5 0.650 0.528 2.40 2.78
LSTM 5 0.842 0.548 1.59 2.68
BiLSTM 5 0.815 0.624 1.74 2.45
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Time-series data inversion of soil moisture content in root zone of Kiwifruit
using BiLSTM

LI Xinshuai , JIA Zefeng , HE Jingyuan , GAO Wen , PAN Shijia , NIU Zijie™ , ZHANG Dongyan

(1. College of Mechanical and Electronic Engineering, Northwest A & F University, Yangling 712100, China; 2. Shanxi Key Laboratory of
Agricultural Information Perception and Intelligent Service Yangling,712100, China)

Abstract: Soil moisture content in the root zone is one of the most crucial factors in determining the healthy growth and yield
of kiwifruit trees, particularly in dynamic monitoring of the soil moisture during fruit expansion. However, traditional
monitoring cannot capture the continuous variation in soil moisture. In this study, a time-series data inversion was carried out
on the soil moisture content in the root zone of kiwifruit. The fruits were taken from the Meixian kiwifruit experimental station
in Baoji City, Shaanxi Province, China. Both unmanned aerial vehicles (UAV) equipped with multispectral sensors and ground-
based moisture sensors were utilized to collect the spectral reflectance and soil moisture data over a period of 60 days,
respectively, resulting in a total of 1440 datasets. The spectral data was processed to initially extract 20 vegetation indices, such
as the Normalized Difference Vegetation Index (NDVI), Soil-Adjusted Vegetation Index (SAVI), and Green Normalized
Difference Vegetation Index (GNDVI). The dataset was then refined to identify the most critical features for the soil moisture
inversion. Pearson and Spearman correlation coefficients were employed to determine the nine most relevant vegetation
indices. The indices were also optimized to reduce the model complexity for the high predictive power. Subsequently, the
optimal indices were used as the inputs for three machine learning models: the Feedforward Neural Network (FFNN), the Long
Short-Term Memory (LSTM) network, and the Bidirectional Long Short-Term Memory (BiLSTM) network. Among them, the
FFNN served as a baseline to compare with the temporal models, due to the temporal independencies in the data. The
experimental setup involved training and testing the three models using the dataset. The FFNN model was trained with the
input features representing the selected vegetation indices without any temporal information. In contrast, the LSTM and
BiLSTM models were designed to utilize the multi-day historical data, thus capturing the temporal dependencies in the soil
moisture dynamics. The LSTM model was particularly effective in retaining the information over longer sequences, due to its
memory cell architecture. While the BiLSTM extended the capability to consider both forward and backward temporal
dependencies, thus providing a more comprehensive understanding of temporal relationships. The results indicated that the
LSTM and BiLSTM models with the multi-day historical data significantly im}%roved the prediction accuracy. Specifically, the
LSTM model was achieved in the test dataset coefficient of determination (R”) value of 0.548 and a root mean square error
(RMSE) of 2.68%, indicating the more effective temporal dependencies, compared with the FFNN. The FFNN model exhibited
a relatively low performance on the test dataset, with an R* value of 0.269 and an RMSE of 3.56%, due to its inability to
capture time-series information. Among them, the BILSTM performed the best, thus achieving a test dataset R? value of 0.624
and an RMSE of 2.45%. This superior performance of the BILSTM was attributed to both past and future contexts within the
sequence, which enhanced its predictive capability for soil moisture dynamics. The better performance of temporal models was
achieved in the dynamic prediction of soil moisture, compared with the non-temporal models. The LSTM and BiLSTM were
incorporated with the temporal data for more accurate modeling of the complex interactions between vegetation indices and soil
moisture content. Particularly, the precise prediction of soil moisture during fruit expansion was crucial to optimize the yield
and quality. In conclusion, the time-series LSTM and BiLSTM models were proved to effectively monitor the soil moisture in
the period of the kiwifruit fruit expansion. This approach can also offer valuable theoretical support to the water practices in
orchards. The promising potential can integrate the multispectral UAV remote sensing data with deep learning in smart
agriculture. Advanced temporal modeling can be expected to enhance the monitoring precision of soil moisture in sustainable
and efficient crop production.

Keywords: UAV; kiwifruit; soil moisture; multispectral; remote sensing; feedforward neural network; long short-term memory
network
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