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Use of spectral index—assisted machine learning to improve the accuracy of maize
leaf water content estimation
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Abstract: Rapid and non-destructive monitoring of the water status of maize (Zea mays) is important for water status
diagnosis and irrigation management. Spectral indices serve as crucial tools for non-destructive real-time estimation
of crop leaf water content (LWC). However, traditional spectral indices are sensitive to external environmental

factors, resulting in reduced prediction accuracy when they are used to estimate LWC. Machine learning (ML)
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algorithms demonstrate distinct advantages in predicting crop water status, particularly when applied in precision
agriculture and crop water status monitoring. Therefore the aims of this study were to enhance the accuracy of LWC
estimation by integrating spectral indices with ML approaches, with an overall goal to facilitate efficient water
resource utilization during maize cultivation. Field experiments with varying water gradients were conducted in
typical maize cultivation regions of Inner Mongolia during 2023—2024. The hyperspectral reflectance of maize leaves
were measured across three critical growth stages, and then correlation analyses were conducted between maize
LWC and 13 water-sensitive spectral indices. To develop LWC estimation models, spectral features selected via the
ReliefF technique were used as input variables for three ML algorithms-partial least squares regression (PLSR) ,
random forest (RF) , and Gaussian process regression (GPR). The results demonstrate that among the 13
hydrological indices, the modified DATT index exhibited optimal predictive performance (coefficient of
determination R*=0.52). However, its accuracy was affected by the growth stage and leaf canopy position, limiting
its effectiveness for LWC monitoring. Integrating full-spectrum data (350—2500 nm) with ReliefF-selected spectral
indices into ML algorithms enhanced the accuracy of LWC estimates by 7% —45%. Models utilizing spectral indices
as input features demonstrated superior overall performance, with the RF and GPR models explaining 88 % —89% of
LWC variability. Independent validations confirmed the robustness of the models, with coefficient of determination
R? values of 0.89 (RF) and 0.88 (GPR) and root mean square error values of 1.95% and 2.04%. Our results
show that the synergistic combination of spectral indices with RF/GPR algorithms had cascading effects,
significantly improving the accuracy of LWC estimation. This methodology provides a reliable approach for
monitoring maize water status and establishes a scientific foundation for the development of precise integrated water-
fertilizer management systems.
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Fig. 1 The vertical division of the spring maize leaf at the V12, VT, and R1 growth stage
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Table 1 Spectral indices used in this study

iR A SCHk
Spectral index Formula References

5 — 1k 22 5 7K 438 % Normalized difference water index (NDWT) (Rggo—Ryp0) / (Rggo R py0) [11]
JK 434641 Water index (W1) Ryoo/ Rozo [12]
7K 43 kit 46 %X Moisture stress index (MSI) R 500/ Rz [13]
] 2. B K 4335 %X Simple ratio water index (SRW1I) Rgso/Rizg0 [14]
HE 4% 7K 4346 %0 Plant water index (PW1) Ry R0 [15]
AR 5146 %L Physiological reflectance index (PRI) (Rs51— Rs70) /(Rsyy+Rsz) [16]
KRB DATT 88 Modified DATT (MDATT) (Ry700— Rugzg) / (Ryzgp— Ryzs) [17]
7K 46 %X Water band index (WBI) Rys0/Ryo [18]
K 6 %% Leaf water index (LWI) R 500/ Rysso [19]
U9 — 1k 22 57K 43 i 38 45 %X Normalized different water stress index (NDWSI) (Rysy— Ry70)/(Rgsy+Ryyo) [20]
5 —1k £ 3% Bt T 235 % Normalized multi-band drought index (NMDI) Ryso— (Rigi0— Ryps0) /Rgo T (Rygyo— Ropsg) [21]
S BRA B 7K 4315 %1 Global vegetation moisture index (GVMI) (Rt 0.1) — (Ryg00t0.02)/(Ryyy 0. 1) +(Ry500+0.02) [22]
7K 43 338 48 £ 151 44 Reciprocal of moisture stress index (RMSI) R/ Rigs0 [23]

R: JUF 3 Reflectivity ; 1 U1 Ry, A8 7E 860 nm I BE 1) 5t % For example, Ry, represents reflectance at 860 nm.
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Table 2 Descriptive statistics of maize leaf water content at different growth stages and canopy layers ( % )

A T Y B2 L I PN IR /ME P2 by 2 I8 5 R AL
Growth stage and canopy layer Maximum Minimum Mean Standard deviation Coefficient of variation
Km0 ] Twelfth leaf (V12) 84.50 70.50 77.72 3.68 5.64
HHE] Tasseling (VT) 89. 94 80.91 85.07 2.10 2.58
JF 46 22 4 Silking (R1) 83. 66 61.45 73.24 7.05 10. 21
)2 A Upper layer 89.71 61.45 74.58 8.70 12.15
P ZE I R Middle layer 86.63 71.62 78.47 4.19 5.17
T2 A Lower layer 89. 94 74.52 82.99 3.27 4.62
SR T RHY AL 89.94 61.45 78.66 6. 84 9.53
60 - Vi2 60 -
— /2 Upper layer YT
50 — 112 Middle layer 50
T JZ Lower layer
40 40
30 30
& 20 20
by
£ 10 10
<
S
]
E 68 1 1 1 1 68 1 1 1 1
% All
1=
1 50 50
40 40
30 30
20 20
10 10
0 1 1 1 1 0 1 1 1 1
500 1000 1500 2000 2500 500 1000 1500 2000 2500
% Bt Wavelength (nm)
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Fig. 2 Hyperspectral reflectance of leaves at different growth stages and layers
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Table 3 Coefficients of determination between leaf water content and spectral index at key growth stages and different canopy

layers
S 46 B Spectral index KW\ EI V12 S VT PR8I RT 12 Upper  HE Middle  FJE Lower A/ F I All

KRR WI 0.57 0.22 0.65 0.17 0.08 0.12 0.36
H— k22 5K r PR B NDWI 0.23 0.07 0.42 0.28 0.28 0.22 0.19
7K 4310 38 45 B MST 0.15 0.03 0.75 0.07 0.13 0.07 0.06
18] B LB K 43 8 2 SRWT 0.57 0.22 0.65 0.17 0.08 0.12 0.36
TR K 53 F8 B PWI 0.06 0.08 0.75 0.01 0.05 0.01 0.22
A B 6 L PRI 0.06 0.05 0.15 0.67 0.51 0.38 0.29
MR DATT 455 MDATT 0. 64 0.18 0.76 0.38 0.20 0.32 0.52
7K 43 1 38 48 H 0y 81 % RMST 0.58 0.06 0.72 0.02 0.02 0.01 0.18
K 5 B WBI 0.24 0.21 0.54 0.43 0.39 0.41 0.51
KR LW 0.63 0.11 0.79 0.09 0.01 0.05 0.36
H— Ak 25 5K 43 it 45 B ND W ST 0.12 0.09 0.55 0.20 0.20 0.21 0.37
H— b2 Be T R 45 5 NMDI 0.11 0.04 0. 60 0.01 0.02 0.01 0.13
IR K S48 B GVMI 0.60 0.06 0.75 0.04 0.04 0.01 0.15
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Fig.3 Linear correlation between modified DATT index and maize leaf water content at different growth stages and layers
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