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Estimating leaf nitrogen (N) status is crucial for site- and time-specific crop N management, and can be
accomplished more routinely than ever before with the advent of hyperspectral imaging techniques. Yet, there is
still a lack of information about how leaf and canopy N of major crops could be predicted from different
regression methods, hyperspectral feature types, and prediction pathways. We conducted field experiments with
different N supply for rice, wheat and maize, in China. Features of canopy reflectance (Ref), vegetation indices

(VIs), and texture information (Tex) were extracted from acquired hyperspectral images. These features and crop
developmental stage (DS) were applied to estimate crop N parameters, using five nonparametric regression al-
gorithms: Partial Least Squares Regression (PLSR), Support Vector Regression (SVR), Random Forest Regression,
Deep Neural Network, and Convolutional Neural Network. The performance of PLSR and SVR models was
significantly better than that of the others when field samples were limited. Use of feature combination in leaf N
prediction was identified necessary from the improved model performance after incorporating the features of
Ref, Tex, and DS. The prediction of the mass-based leaf N trait, leaf N concentration, was better than that of the
area-based trait, specific leaf N (SLN). Values of SLN and canopy leaf-N content were predicted comparably via
themselves direct and indirect methods, although indirect procedures involved more steps requiring the pre-
diction of two or more component traits. These results were discussed in view of making use of available
regression-models, features and pathways for best predictabilities so as to improve crop N monitoring for sus-

tainable field N management.

1. Introduction

The security and sustainability of modern agricultural production are
at risk. Compared to 2000, crop production increased 50 % by 2018,
while the overall fertilizer use was 40 % higher and 52 % of the increase
was nitrogen (N) (FAO, 2020). Fertilization with N is needed as it
strongly enhances crop growth, production and quality (Beeckman
et al., 2018; Lemaire et al., 2008). However, in view of the cost of N
fertilizers and the diminishing return of productivity (yield gain per unit
N-fertilizer diminishes with increasing application of N), the amount of
fertilizers applied to crops may be excessive (Schroder et al., 2000;
Skiba, 2014). Moreover, severe environmental issues have arisen
because of N losses through volatilization (Davidson, 2009), leaching
(Padilla et al., 2018) and runoff (Zeng et al., 2021). Thus, it is necessary
to guide farmers in performing a sustainable site- and time-specific N-
fertilizer management (Weiss et al., 2020), aiming to meet crop N
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demands and reduce N losses to the environment simultaneously. To this
end, monitoring crop N status in time is the primary step that allows the
development of effective strategies for smart crop N management.
Monitoring crop N status via destructive sampling and biophysical or
chemical analyses is costly and time consuming. Remote sensing has
emerged as a relatively cheap and fast method to monitor crop N status.
The monitoring of the aboveground N content in leaves of a canopy
(Nijeaves) is crucial as it determines canopy photosynthetic capacity and
thus crop productivity (Peng et al., 1995). Since Nieavyes is the integration
of N content of individual leaves in a canopy, it is also necessary to
monitor the status of leaf N, such as specific leaf N content (SLN, g N
m~2) that has been widely used as a parameter to calculate leaf photo-
synthesis rate (Evans, 1983; Wang et al., 2022; Yin et al., 2009).
Investigating SLN is supported by the expectation that the light reflected
or transmitted by a leaf is considered to interact within the whole leaf
thickness in spectral domains of absorption. Thus, the reflectance (Ref)
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and transmittance are supposed to be more directly sensitive to the
variation in the area-based content of absorbing constituents, like SLN,
but rather less to the mass-based leaf N concentration (LNC, g g’l)
(Baret and Fourty, 1997). However, it is surprising that the estimation of
SLN is still rare (Berger et al., 2020b), whereas there are many studies
regarding the prediction of LNC from remote sensing images (e.g.,
Moharana and Dutta, 2016; Raj et al., 2021). Among the few studies
comparing the prediction of SLN and LNC, the results were inconsistent
(Ecarnot et al., 2013; Li et al., 2018).

The N status at canopy or leaf scale could be derived from hyper-
spectral images either directly or using an indirect prediction pathway.
The latter is possible because, for example, SLN can be calculated from
LNC and the leaf thickness parameter “specific leaf weight” (SLW, g
m~2) (Baret and Fourty, 1997) or its reciprocal “specific leaf area” (SLA,
m? g 1). The SLN in wheat was shown being better predicted by the
indirect approach than by the direct method (Ecarnot et al., 2013).
Given that such studies are few and show inconsistent results in pre-
dicting SLN and LNC, indirect and direct approaches in predicting ni-
trogen contents at both leaf and canopy scales (SLN and Nieaves,
respectively) should be further evaluated.

Regression methods relating to N prediction from remote sensing
have been developed since the pioneering work by Thomas and Oerther
(1972). Generally, predicting methods can be classified into four cate-
gories: parametric regression methods like methods based on vegetation
indices (VIs), nonparametric regression methods including linear and
nonlinear regression algorithms, physical methods like inversion of
radiative transfer models, and hybrid regression methods by combining
physically based methods with nonparametric regression methods
(Verrelst et al., 2019). Nonparametric regression methods, which
explore the direct link between target traits and the given spectral data,
are recently receiving more attention than the other three methods
(Berger et al., 2020b). Regression algorithms like Partial Least Squares
Regression (PLSR), Support Vector Regression (SVR) and Random Forest
Regression (RFR) have been employed in recent studies (Wang et al.,
2021; Yao et al.,, 2015). However, deep learning-based regression
methods, such as Deep Neural Network (DNN) and Convolutional
Neural Network (CNN), are still under-utilized for crop N prediction
based on canopy-level hyperspectral Ref (Fu et al., 2020). Given that
DNN has shown more potential than other regression methods in
combining different types of features (Maimaitijiang et al., 2020), pre-
dicting leaf and canopy N by deep learning-based regression algorithms
are also worthy to be explored.

Regarding the features, spectrum and texture are fundamental
pattern elements in imagery interpretation. The full spectrum has been
widely used in chemometrics (Atzberger et al., 2010). The shortwave
infrared region (SWIR, 1300 to 2500 nm) has been explored for leaf N
monitoring (Berger et al., 2020b; Kokaly et al., 2009). However, its
lower solar energy flux and signal-to-noise ratio (Guanter et al., 2015)
may cause significant uncertainties in prediction (Féret et al., 2021). In
comparison, the spectrum within visible (400 to 700 nm) and near
infrared (NIR, 750 to 1300 nm) regions, and the so-called red-edge (680
to 750 nm where there is a sharp change in leaf Ref), have a strong
optical signal for crop N estimation by chlorophyll pigments (e.g., Horler
et al., 1983; Homolova et al., 2013). For instance, although only rep-
resenting 1.7 % of the total leaf N (Kokaly et al., 2009), leaf pigments
contribute predominantly to the canopy Ref within the visible region (Fu
et al., 2020). While spectral features describe the variations in various
bands of an electromagnetic spectrum, textural features contain the in-
formation about the spatial characteristics of canopy architecture within
a band (Colombo, 2003; Haralick et al., 1973). Fusing canopy texture
information (Tex) together with spectral features is therefore gaining
momentum in phenotyping crop traits such as leaf area index (LAI) (Liu
et al., 2021), biomass (Zheng et al., 2018b; Liu et al., 2022), and yield
(Maimaitijiang et al., 2020). Meanwhile, Zheng et al. (2018a) also
showed that LNC in rice was better predicted after incorporating Tex
into VIs. As crop N status varies along with leaf area expansion, biomass
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accumulation and grain formation (e.g., Ohyama, 2010), combining Ref
and Tex together is expected to capture the changes of canopy and leaf N
as well.

Although spectral and textural features vary with crop status within
the growing season, it has been claimed that stage-specific regression
models should be developed and tested for better prediction of crop
status (e.g., Barbedo, 2019). However, such models may lack the ability
to be applied temporally at any growth stage. To overcome this, Li et al.
(2022) successfully incorporated developmental stage (DS) into VI-
based models to estimate wheat biomass over the entire growing sea-
son. Yet, the potential of utilizing DS in whole-season crop N monitoring
is still unknown. Furthermore, taking advantage of high spatial (< 1 m)
and spectral (< 10 nm) resolution of the Unmanned Aerial Vehicle
(UAV)-acquired hyperspectral images, combining DS with canopy
hyperspectral features is supposed to better predict leaf and canopy N in
site-specific field N management. This particularly meets the needs of
smallholders, especially in China, where the area of a typical farm is
only ~ 0.1 ha and its width is often less than 7 m (Chen et al., 2011;
Zhang et al., 2013).

The above overview highlights the plethora of available tools in
terms of regression models, features and pathways to predict canopy and
leaf N. It is important to explore a best scenario for prediction, condi-
tional on a limited size of data commonly collected from field experi-
ments for crops. In this study, canopy and leaf N traits from
hyperspectral images are predicted by combining canopy Ref, VIs, Tex
and crop DS by five nonparametric regression algorithms for three major
crops (rice, wheat, maize). Our objectives are: 1) to explore the com-
bined utilization of different feature types and regression algorithms in
the prediction of crop N traits at leaf level, SLN and LNC, and at canopy
level, Nicaves, in different crop species; 2) to compare and identify the
effective pathways (direct vs. indirect) in obtaining N traits of major
crops. Achieving these objectives would help monitor crop N status for
more accurately predicting crop growth and guide N-fertilizer man-
agement in the context of sustainable precision agriculture.

2. Materials & methods
2.1. Experimental design

Field experiments with different N rates from deficient to excessive
were conducted in China: the rice experiment was in Chongming,
Shanghai, while the maize and winter wheat experiments were in Luohe
and Zhoukou, respectively, Henan province (Fig. 1). Treatments for each
experiment were arranged as a randomized block design. There were
four replications (four blocks) in the rice experiment, and within each
block, six N rates, varying from 0 to 320 kg N ha™!, were applied to rice
(cultivar: Nanjing 46), planted on 4 June 2020 with a row spacing of 20
cm and a within-row plant spacing of 2.5 cm. The plot size was 6 x 30
m2. The experiments on maize (cultivar: Zhengdan 958) and winter
wheat (cultivar: Bainong 4199) were designed with eight blocks, and in
each block seven N rates, varying from 0 to 400 kg N ha™?, were applied.
Each plot of maize was 10 x 20 m? and each plot of wheat was 9 x 18 m?
(Fig. 1). Maize was sown on 9 June 2020 with 60 cm row spacing and 25
cm plant spacing within the row. Winter wheat was planted on 24
October 2020 with a row spacing of 21 cm and a within-row plant
spacing of 1.5 cm. Urea N fertilizer (N, 46 %) was split-applied according
to the rate and the time schedule described in Table S1. Based on the
local practice, for each experiment, sufficient phosphate (112.5, 120 and
75 kg P20s ha~! for rice, maize and winter wheat, respectively) and
potash (112.5, 120 and 105 kg K30 ha™?! for rice, maize and winter
wheat) fertilizers were applied. Irrigation, and pest, disease and weed
control were the same for all treatments within a crop species and fol-
lowed local standard practices.

The overall procedure used in this study is given in Fig. 2, in which
we particularly showed direct and indirect pathways predicting SLN and
Nicaves: The SLN directly predicted from hyperspectral images (SLNgi)
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Fig. 1. Study sites of the field experiments of maize (a), wheat (b) and rice (c). The true color images (Red: 638 nm, Green: 550 nm, Blue: 470 nm) at the stem-
elongating stage are illustrated here. NO, N40, N80, N160, N240, N320 and N400 denote different nitrogen (N) application rates (see Table S1 for details).

was distinguished from the indirectly predicted SLN (the predicted LNC
divided by the predicted SLA, SLNg,; the predicted LNC multiplied by
the predicted SLW, SLNgy). Thereafter, three indirect pathways for
predicting Nieaves (the product of SLNgjr, SLNg|, or SLNg, with the pre-
dicted LAI, N leaves,SLNdir> Nleaves,SLNsla O Nieaves,SLNslw» I espectively), were
compared with the directly predicted Nieaves (Nieaves,dir)- The acronyms
of the targeted leaf traits at the leaf and canopy levels are summarized in
Table 1.

2.2. Data acquisition

2.2.1. Canopy leaf trait measurements

Crops were destructively sampled from all experimental plots on six
dates (Table 2). At each sampling date, aboveground plants were cut
within an area of 2.25, 1.0, and 2.4 m? in each plot for rice, wheat and
maize, respectively. The total fresh samples were weighed immediately
and about 20 % of the biomass was used as sub-sample to be dissected
into component plant parts, including green leaves, stems, and grains.
Yellow leaves were not included. Leaf area of the dissected sub-sample
was measured on one-side of the fresh green leaves using a LI-3100C
Area Meter (Li-Cor, Lincoln, NE, USA). The leaf area of the measured
sub-sample was converted to that of the total-sample acquired in each
plot, according to the ratio of sub-sample to total-sample biomass, and
then divided by the total sampling area to get the LAI Then, green leaves
were weighed after being oven-dried at 70 °C to constant weight. All
green leaves belonging to same sample were mixed and ground, and
then stored for chemical analysis. LNC, expressed on the basis of leaf dry
weight, was determined by the Micro-Kjeldahl method. Nieaves Was
calculated as the product of LNC and leaf weight per unit ground area.
SLW was calculated as the ratio of leaf weight to leaf area measured by
LI-3100C, and SLA was calculated as 1/SLW. SLN was calculated as the
product of LNC and SLW. Data records of wheat at maturity were
excluded in this study, as there were no green leaves remaining at that

time.

2.2.2. Canopy reflectance measurements

Canopy Ref data were obtained before each field destructive sam-
pling by a Cubert S185 hyperspectral snapshot camera (Cubert GmbH,
Ulm, Baden-Wiirttemberg, Germany). The camera was equipped with a
DJI Ronin-MX three-axis gimbal stabilizer and installed on a DJI M600
PRO hexacopter with a global positioning system (GPS) and inertial
navigation system modules (DJI, Shenzhen, China). The gimbal stabi-
lizer ensured that the view angle of the camera was constant, which
contributed to the acquisition of the nadir images. The camera captures
125 spectral bands in the range of 450-950 nm with a sampling interval
of 4 nm. The light is split into two beams after passing through the
camera lens. 80 % of the entire light entering the camera creates a 50 x
50 pixels hyperspectral cube with a 12-bit dynamic range and the
remaining 20 % enters the panchromatic camera to create a panchro-
matic image with a resolution of 1000 x 1000 pixels (e.g., Aasen et al.,
2015; Lu et al., 2020). After pan-sharpening the hyperspectral cube to
the resolution of panchromatic image by the Cube-Pilot software
(Cubert GmbH, Ulm, Baden-Wiirttemberg, Germany), hyperspectral
images with a size of 1000 x 1000 pixels can be generated.

The flight campaigns were performed between 10 a.m. and 2 p.m. in
consistent weather conditions (cloudless or heavy cloud) to minimize
changes in illumination. The hyperspectral camera was calibrated by a
white and black board before flying. The flight height was 60 m,
resulting in a spatial resolution of about 2 cm, and the flying speed was
fixed at 6 m s~1. The hyperspectral images were created automatically at
a sampling time interval of 1 ms and the forward and side overlaps were
set to 80 % and 60 %, respectively, under the control of a connected
microcomputer. The images were orthographically stitched by the Agi-
soft PhotoScan software (Agisoft LLC, St. Petersburg, Russia) based on
GPS coordinates or image textures. Finally, the region of interest was
drawn from the sampling area on the obtained hyperspectral ortho-
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Fig. 2. The workflow diagram of data acquisition, feature collection, and data analysis in this study. Nonparametric regression algorithms are: PLSR = Partial Least
Squares Regression, SVR = Support Vector Regression, RFR = Random Forest Regression, DNN = Deep Neural Network, CNN = Convolutional Neural Network. Crop
traits are: SLW = specific leaf weight, SLA = specific leaf area, SLN = specific leaf nitrogen, LNC = leaf nitrogen concentration, LAI = leaf area index, Njeayes =
nitrogen content in leaves of the canopy. Nieaves,dir and SLNg; represent the direct predictions of Nieaves and SLN, respectively. Within the indirect predictions, SLNyj,
was calculated as the predicted LNC divided by the predicted SLA, and SLNg,, was calculated as the product of the predicted LNC and SLW; Nieayes,siNdir> Nieaves,SLNslas
and Nieaves,sinstw Were derived from predicted LAI and SLNgir, LAI and SLNgj,, and LAI and SLNg,, respectively (see also Table 1).

images. The mean spectrum of the destructive sampling area was used as
the corresponding Ref of each sample. The bands beyond 902 nm and
below 470 nm were dropped in the later data analysis, due to the low
spectral quality (Lu et al., 2020).

2.3. Features collections for leaf traits prediction

2.3.1. Canopy spectral features and vegetation indices

The raw bands from hyperspectral images were used as canopy
spectral features. Additionally, in our study, 37 narrowband hyper-
spectral VIs were collected, in which 6 were directly related to N, 16
were related to chlorophyll, and 15 were related to canopy traits like
biomass, coverage or LAI (Table S2). One more red-edge position was
added in the list of VIs (Table S2), which was regressed by the inverted
Gaussian method (Miller et al., 1990). The wavelengths with the sam-
pling interval of 4 nm in our study were linearly interpolated to 1 nm to
match the needs of calculation of hyperspectral VIs.

2.3.2. Canopy texture information extraction

Texture information (Tex) from each hyperspectral band was
extracted by the commonly used grey level co-occurrence matrix algo-
rithm (Haralick et al., 1973). Eight texture features, including mean,
variance, homogeneity, contrast, dissimilarity, entropy, second moment
and correlation, were computed using the ENVI 5.2 software (Exelis

Visual Information Solutions, Boulder, Colorado, USA). To avoid
complexity of computation, only four bands, 470, 550, 638, and 850 nm
(representative wavelengths for blue, green, red, and NIR regions,
respectively; e.g., Blackburn, 1998; Zheng et al., 2018b) were selected
here for canopy Tex extraction.

2.3.3. Crop developmental stage

As leaf traits were measured at various dates during crop growth and
these traits varied in time, we included crop DS as a co-predictor. It was
simulated by the crop growth simulation model GECROS (Yin and van
Laar, 2005; Yin and Struik, 2017), in which the DS at seedling emer-
gence, flowering and maturity were denoted as dimensionless values
0.0, 1.0 and 2.0, respectively, and the effect of temperature fluctuations
on rate of crop development was taken into account. A brief description
of the GECROS model for simulation of DS is provided in the Supplement
Text A. The related parameters used in DS simulation are listed in
Table S3.

2.4. Nonparametric regression algorithms

The commonly used linear nonparametric regression algorithm
PLSR, two machine learning algorithms SVR and RFR, and two deep
learning-based algorithms DNN and CNN were implemented in the
canopy leaf traits predictions (Fig. 2).
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Table 1
List of acronyms of leaf traits at the leaf and canopy level with their definitions
or calculations, and units.

Acronym Definition or calculation Unit
LAI Leaf area index m? leaf (m?
ground)’1
LNC Leaf nitrogen concentration g N (g dry
rnatter)’1
SLA Specific leaf area m? leaf (g dry
matter) !
SLN Specific leaf nitrogen content g N (m? leaf) !
SLNgir SLN directly predicted from hyperspectral g N (m? leaf) !
images
SLN1a SLN indirectly predicted as the predicted LNC g N (m? leaf) !
divided by the predicted SLA
SLNgiw SLN indirectly predicted as the product of the g N (m? leaf) ™!
predicted LNC and SLW
SLW Specific leaf weight (= 1/SLA) g dry matter (m?
leaf) !
Nieaves Nitrogen content of leaves in the canopy g N (m?
ground) !
Nicaves,dir Nieaves directly predicted from hyperspectral gN (m?
images ground) !
Nieaves, Nieaves indirectly predicted as the product of g N (m?
SLNdir SLNg;r and the predicted LAI ground) !
Nieaves, Nieaves indirectly predicted as the product of g N (m?
SLNsla SLNgj, and the predicted LAI ground) !
Nieaves, Nieaves indirectly predicted as the product of g N (m?
SLNslw SLNgw and the predicted LAI ground) !

2.4.1. Partial Least Squares Regression (PLSR)

PLSR is characterized by the ability to perform regression modeling
even when the independent variables have severe multiple correlations,
or even when there are fewer sample points than given variables.
Therefore, it allows all original independent variables being included in
the final model (Geladi and Kowalski, 1986). The only hyperparameter
in PLSR optimized in this study was the number of potential components
(“n_components”, Table S4).

2.4.2. Support Vector Regression (SVR)

SVR has unique advantages in the case of small samples as well as
nonlinear and high-dimensional inputs (Drucker et al., 1997). It im-
proves the predictability by mapping low-dimensional samples into
high-dimensional space and thus the non-linear inputs can be linearly
separated by using a kernel function. SVR is efficient in finding sample
information to achieve the best compromise between model complexity
and learning ability.

2.4.3. Random Forest Regression (RFR)

RFR is a robust ensemble learning technique able to manage large
numbers of input variables. RFR combines a large set of decision trees
(Breiman, 2001). Together with the number of trees, tree traits and the
number of input features can be optimized to get the best model
(Table S4).

2.4.4. Artificial Neural Networks (ANNs)
Normally, an ANN is composed of an input layer, several hidden
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layers and an output layer and each layer contains a number of neurons.
In this study, the fully connected feedforward DNN is based on simply
increasing the depth (number of layers) of ANNs (Langkvist et al., 2014)
(Fig. S1a). Fully connected 1-D CNN with several layers of convolution
and pooling was designed as well (Fig. S1b). The stacked multiple layers
are able to extract higher-order feature information (Langkvist et al.,
2014). The optimum composition of hidden layers was determined by
the minimum value of the root mean square error (RMSE) in validation
dataset, while the number of neurons in each layer was asserted be-
forehand. Herein, the selected activation function for hidden layers was
the Rectified Linear Unit with the form of f(z) = max(0, z) (LeCun et al.,
2015). The weights of model neurons were initialized by the initializa-
tion method of He et al. (2015) and then updated by applying the
gradient descent algorithm of the Adam optimizer. A reduced learning
rate on plateau and early stopping were implemented as well to prevent
overfitting.

2.5. Model implementation and performance evaluation

The prepared feature information, including canopy Ref, hyper-
spectral VIs, Tex, and DS, was selectively assembled and then com-
pressed into a one-dimensional vector as the feature set (Table 3). Three
procedures were used to implement each of the above regression algo-
rithms. First, for each crop, random assignment of instances was used for
splitting the training and testing data, in which 75 % of the data per
growth stage was randomly selected as the training dataset and the
remaining 25 % was used as the testing set. The selected training data
across stages were pooled to build the full-growth-stage models per crop,
which were then validated against the pooled data of the testing set
across stages of the crop. Secondly, for each crop, regression algorithms
were developed, in which feature sets were selected using all data except
for one stage. Then the model performance was evaluated by the growth
stage which was not used in the model training. Thirdly, regression al-
gorithms were trained by combining data of the crops, except for one
crop whose data were then used to test the model performance. The
second and the third procedures, also referred to as leave one stage out
procedure and leave one crop out procedure, respectively, allowed to
further evaluate model predictabilities across stages and across crops
correspondingly.

All data analysis and model training were conducted in the Python
environment. Regression models were implemented relying on the
package of scikit-learn (0.24.1) (Pedregosa et al., 2011) and TensorFlow

Table 3
Description of the combinations of feature sets from hyperspectral images and
crop model simulations.

Acronym Feature type Feature
number
Ref Canopy reflectance 109
RefVIs Canopy reflectance + Vegetation indices 147
RefTex Canopy reflectance + Texture information 141
RefTexDS  Canopy reflectance + Texture information + 142

Developmental stage

Table 2

Sampling dates and the number of destructive field samples at corresponding growth stages of rice, maize and wheat.
Growth stage Rice Maize Winter wheat

Sampling date Number of samples Sampling date Number of samples Sampling date Number of samples

Tillering stage/Early stem-elongating stage 22 July 24 7 July 19 22 March 56
Stem-elongating stage 15 August 24 20 July 19 8 April 56
Flowering stage 8 September 24 4 August 19 27 April 56
Grain-filling stage 21 September 24 25 August 19 10 May 56
Grain-filling stage 10 October 24 7 September 19 25 May 56
Maturity 30 October 24 23 September 18 4 June -
Total number of samples 144 113 280




D. Wang et al.

(2.5) (Abadi et al., 2015) in Python. Table S4 gives the specific prop-
erties and numerical settings of the hyperparameters for each regression
algorithms. K-fold cross validated RMSE was minimized to tune the
pivotal hyperparameters in machine learning models. The method of Z-
standardization was adopted to standardize model inputs during model
training and testing.

The performances of all models were evaluated by the results in the
testing sets (unless specified otherwise), with the coefficient of deter-
mination (R?) and the normalized root mean square error (NRMSE), with
the following equations:

ORI o s
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3. Results
3.1. Canopy spectral reflectance and canopy and leaf N traits

Differences in canopy Ref were observed across growth stages in the
three crop species and the change tended to be similar in rice and wheat
(Fig. 3a—c). Values of SLN in rice and wheat became lower with the
progress of the growth stage, but SLN in maize even increased at
maturity (Fig. 3d), which might be caused by the rapid decline in LAI
associated with senescence of the upper leaves while the cob leaves
remained green (Fig. S2). Values of LNC decreased from the tillering
stage of rice and wheat or the early stem-elongating stage of maize

> *J_/)z onwards (Fig. 3e). Measured Njeayes in both rice and wheat reached the

peak at the stem-elongating stage and then decreased until maturity,

\ /%Zi"zl i — yi)z while the highest values of Njeayes in maize occurred at flowering

NRMSE(%) = R 100 (Fig. 3f). Unlike in rice and wheat, there was no significant difference in

where Y; is a predicted value, y; is a measured value, ymax and ymin are the
maximum and minimum of measured values of the dependent variable
across the whole growing season, and n is the number of measurements.
The NRMSE was applied here (instead of RMSE) as the metric of model
performance evaluation because NRMSE has no unit, allowing com-
parisons of prediction errors among crops or among traits.

The Student’s t-test was conducted to compare pairs (e.g., between
modeled and measured traits) for significance of differences. When the
comparison involved more than a pair (e.g., to examine predictive dif-
ferences among regression methods, or among feature sets), an honest
significant difference (HSD) Tukey’s test was conducted following one-
way analysis of variance.

measured SLN, LNC and Njeaves between treatments in maize (results not
shown), presumably because the residual N supply from soil was very
high.

3.2. Correlograms of collected features with respect to leaf and canopy N
traits

Among the three crops, the correlation coefficients (r) of Njeayes With
canopy Ref changed in a similar trend and slightly decreased when
wavelength was between 680 nm and 710 nm, which belongs to the red-
edge region (Fig. S3). SLN and LNC in rice showed weaker correlations
than Njeaves With canopy Ref in the NIR region and the r ranged from
0.15 to 0.27 and from — 0.06 to 0.11, respectively (Fig. S3a). Within the
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collected VIs, the highest values of r for SLN, LNC and Njeayes, with VIs
were up to 0.77, 0.86 and 0.82 in rice, and 0.72, 0.93 and 0.95 in wheat
(Fig. S4a-f). In maize, LNC displayed a weak correlation with collected
VIs and the r ranged from — 0.37 to 0.40 (Fig. S4g-i).

Regarding correlations with the Tex, leaf N traits were more corre-
lated with the features extracted from blue, green and red bands than
those from NIR in rice (Fig. S5a-d), while the higher correlations tended
to be achieved from the bands of red and NIR in wheat and maize
(Fig. S5e-1). The LNC in maize was highly correlated with the Tex from
the NIR band and the highest value of r was up to 0.81 (Fig. S5).

3.3. Performance of nonparametric regression algorithms and input
feature sets

To comprehensively evaluate the model performance using different
regression algorithms and input feature sets, three procedures were
implemented. Within the first procedure, the random split of destructive
samplings across each growth stage was applied to develop full-growth-
stage models for leaf and canopy N traits, including SLN, LNC and
Nieaves- As VIs were calculated from Ref (Table S2), hardly any additional
information was provided via further incorporating VIs into the feature
set of Ref that possessed high spectral resolution. This was supported by
the results that there was no significant difference in prediction per-
formance between Ref and RefVIs in both training and test datasets

Computers and Electronics in Agriculture 233 (2025) 110147

(Fig. S6). Therefore, the rest of data analysis was only focused on the
feature set of Ref, RefTex and RefTexDS. After incorporating Tex and DS
into the feature set of Ref, the quality of the predictions of N traits
improved (Fig. 4, Fig. S7). Yet, there was no significant (p > 0.05) dif-
ference in the NRMSE of the predicted leaf N traits among different
feature sets. Regarding the regression algorithms, RFR performed best in
the training set for the three crop species (Fig. 5a—c), albeit worse than
PLSR and SVR in the testing set (Fig. 5d-f). Although DNN and CNN
occasionally performed better than other regression algorithms (Fig. 4,
Fig. S7), their performance lacked the consistency in both training and
testing datasets of canopy and leaf N traits of the three crops (Fig. 5).
Two additional procedures were conducted to further investigate the
predictability of the regression algorithms and features sets, in which
their performances at different growth stages and for three crop species
were validated. In line with the first procedure, the feature sets per-
formed comparably (p > 0.05) in both the leave one stage out procedure
and the leave one crop out procedure for the prediction of canopy and
leaf N traits. As for validating across growth stages in the leave one stage
out procedure, RFR performed better than the other algorithms in the
training set (Fig. 6a—c). Especially PLSR and SVR performed better than
the other algorithms in testing sets and their NRMSE values were
significantly (p < 0.05) lower than those of DNN and CNN (Fig. 6d-f).
Regarding the leave one crop out procedure that validates across crop
species, RFR performed significantly the best (Fig. 7a—c) in training,
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Fig. 4. The prediction performance in the testing dataset of different regression algorithms and various sets of input feature types, under the procedure of the random
split of destructive samplings across each growth stage. The R? (full lines) and NRMSE (dotted lines) of directly predicted specific leaf nitrogen (SLN) (a-c), leaf
nitrogen concentration (LNC) (d-f) and nitrogen content in leaves of the canopy (Njeaves) (g-1) are shown for rice, wheat and maize. Nonparametric regression al-
gorithms: PLSR = Partial Least Squares Regression, SVR = Support Vector Regression, RFR = Random Forest Regression, DNN = Deep Neural Network, CNN =
Convolutional Neural Network. Acronyms in the x-axis for the three sets of feature types are defined in Table 3.
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Fig. 5. The prediction performance of different regression algorithms under the procedure of the random split of destructive samplings across each growth stage for
each crop. The boxplots of NRMSE of different regression models are shown for specific leaf nitrogen (SLN) (a, d), leaf nitrogen concentration (LNC) (b, €) and
nitrogen content in leaves of the canopy (Nieaves) (¢, f) in the training and testing datasets. In each boxplot point, the cross mark represents the mean value, while the
vertical spead represents the variability, of NRMSE arising from using three feature sets. The different letters (a, b and c) above the bars indicate significant dif-
ferences of prediction performance between regression models according to the HSD Tukey’s test. Nonparametric regression algorithms: PLSR = Partial Least Squares
Regression, SVR = Support Vector Regression, RFR = Random Forest Regression, DNN = Deep Neural Network, CNN = Convolutional Neural Network.

although its performance tended to be comparable to that of other al-
gorithms in testing sets (Fig. 7d-f). Compared with the NRMSE of the
full-growth-stage models derived from the first procedure (Fig. 5), the
predicted Nijeayes differed more from the measurements in the testing sets
when validating across growth stages (Fig. 6d-f) and crop species
(Fig. 7d-f). This analysis indicates low transferability of data sets from
one crop to another or from one stage to another, and thus, unless
specified, the results of the leave one stage out procedure and the leave
one crop out procedure will no longer be used.

3.4. Performance in modeling canopy and leaf N by direct and indirect
predictions

Noticeably, within the first procedure, the predicted LNC agreed
with its measurements better than the predicted SLN across the three
crop species (Fig. 4a—f, Fig. S7a-f, Fig. S8). To get a best predicted SLN,
three prediction pathways for SLN were compared, including the
directly predicted SLNgj;, and the indirectly predicted SLNgj, and SLNgjyy
(Table 1). Based on the results in the above section, the regression al-
gorithms of PLSR and SVR were selected to conduct the comparison
(Table 4). Although the predicted SLA agreed with its measurements
better than was the case for SLW (Fig. S9), the indirect prediction
pathways of SLN were comparable (p > 0.05) to each other using PLSR
or SVR in the three crops. They also performed comparably to the
directly predicted SLNg;j,. Similar with the SLNy;;, the incorporation of
feature sets also improved the prediction performance of SLNg, and
SLN;w by PLSR and SVR in the three crops (Table 4). The NRMSE of the
predicted SLN from different pathways using RefTexDS was significantly
(p < 0.05) lower than that using Ref in rice. Especially in the indirect
prediction pathways of SLN, RefTexDS systematically performed the

best in comparison with Ref and RefTex in the three crops and for the
two regression algorithms. Moreover, the NRMSE of SLNg, and SLNg,
using the feature set of RefTexDS was also consistently lower than that of
SLNgi, (Table 4).

Like the predicted SLN from different pathways, four prediction
pathways for Nieaves Were compared, namely the directly predicted
Nieaves,dir and the indirectly predicted Nieaves,siNdir» Nieaves SLNsla and
Nieaves,sindgir (Table 1). To upscale the predicted SLN to Nieaves in the
indirect pathways, LAI was predicted as well while applying the
regression algorithms of PLSR and SVR (Fig. S10). In both training and
testing sets across the three crops, the predicted Njeayes from the four
pathways differed insignificantly (p > 0.05), except for that of maize in
the training set and that of wheat in the testing set using SVR (Fig. S11).
Additionally, within the comparison of prediction pathways of Njeayes,
the performance of PLSR and SVR was also comparable (p > 0.05),
except for that in the training set of wheat (Fig. S11). Using more fea-
tures from Ref to RefTexDS universally improved directly or indirectly
predicted Nieaves (Fig. 8), and especially, the predictions from RefTexDS
significantly (p < 0.05) decreased the NRMSE compared with those from
Ref in rice and wheat using PLSR (Fig. 8). Within the comparison among
feature sets, the predicted Njeaves using SVR agreed with the measure-
ments significantly (p < 0.05) better than that using PLSR in the three
crops in the training sets (Fig. 8a—c). In the testing sets, the Nieaves tended
to be better predicted via PLSR (Fig. 8d-f), although the differences were
insignificant (p > 0.05). For instance, compared with using SVR, NRMSE
of Nieaves from different prediction pathways using PLSR on average
decreased from 10.5 %, 7.6 % and 9.9 % to 10.3 %, 7.0 % and 9.3 % for
rice, wheat and maize, respectively, while applying the feature set of
RefTexDS (Fig. 8d-f).



D. Wang et al. Computers and Electronics in Agriculture 233 (2025) 110147
SLN LNC Nieaves
25 25 25
(a) (b) (c)
20 . | 20 .| 201 :
o\3 b.c al a ) b
a 151 b b ab a ab 15 151 ab
Trainingg b% ab% a i " a b
10 10{d ; b c 10 b
=R % % g ol % ;ﬁ g LY o %b
O Rice % $ $
51 @ Wheat 9 5 31 ;
B Maize =
0 0 0
160 160 100 A
L@ © ®
~ 120 « Ll 120 1 g
Q\ci ° . ‘
K ’ . 60 1 . a
A
Testing E 801 . 80 b °b . b
. . . a
Z ab . a & 40 1 b b L
ab ab a aa a
EEE “, ij f ol | o8 :
as a
0 0 ) 0 :
PLSR SVR RFR DNN CNN PLSR SVR RFR DNN CNN PLSR SVR RFR DNN CNN

Fig. 6. The prediction performance of different regression models under the procedure of model validation via leave one stage out tests. The boxplots of NRMSE of
the directly predicted specific leaf nitrogen (SLN) (a, d), leaf nitrogen concentration (LNC) (b, e) and nitrogen content in leaves of the canopy (Njeaves) (¢, f) are shown
in training and testing datasets. All data except for one stage of each crop was used for model training, while the data of the one stage left out was adopted for testing.
In each boxplot point, the cross mark represents the mean value, while the vertical spead reprresents the variability, of NRMSE arising from all combinations of three
feature sets and six leave-out stages. The different letters (a, b and c) above the bars indicate significant differences of prediction performance between regression
models according to the HSD Tukey’s test. Nonparametric regression algorithms: PLSR = Partial Least Squares Regression, SVR = Support Vector Regression, RFR =
Random Forest Regression, DNN = Deep Neural Network, CNN = Convolutional Neural Network. Acronyms in the x-axis for four sets of feature types are defined

in Table 3.

3.5. Mapping predicted Nieqyes

The predicted Nieaves Values in rice, wheat and maize were mapped in
the whole experimental area and illustrated for different growth stages
(Fig. 9, Fig. §12-513). Taking rice as an example, in line with the field
measurements (Fig. 3f), the highest Njeaves Occurred at stem elongation
and remarkable differences were shown between experimental plots
(Fig. 9b). Such differences among treatments gradually narrowed after
stem elongation (Fig. 9b—f). A similar trend was observed in mapped
Nieaves of wheat (Fig. S12), in agreement with its field measurements
(Fig. 3f). In maize, the differences in Njeaves among growth stages were
predicted well (Fig. S13). The hardly observed differences of predicted
Nieaves between experimental plots also agreed with the fact that there
was no significant difference in measured Nie,ves between treatments
(Fig. 3f, Fig. S13). Moreover, the differences in crop growth status
within an experimental plot were also noticeable (Fig. 9, Figs. S12-513).

4. Discussion

Leaf and canopy N contents across growth stages for three major field
crops were predicted from combining different predicting pathways
(direct vs. indirect), different hyperspectral image features, and
different nonparametric regression algorithms.

4.1. Comparison of direct and indirect predictions

Both SLN and LNC are common leaf level indicators to monitor leaf
N. As the components in whole leaf thickness account for the light
reflection or absorption, SLN is supposed to be better predicted than LNC

(Baret and Fourty, 1997). However, our results showed that the pre-
dicted LNC agreed better than the predicted SLN with measurements
(Fig. 4a-f, Fig. S8), in line with the previous results of Ecarnot et al.
(2013) and Li et al. (2018) using measured raw Ref. Under N shortage,
leaf weight increases because of accumulation of starch and cell wall
material (McDonald et al., 1986; Terry et al., 1983) and thus SLA or SLW
varies significantly (Jones and Hesketh, 1980). As leaf expansion is
limited, the change of leaf N status is reflected less in SLN than in LNC.
Moreover, as SLN is co-determined from LNC and SLA (or SLW),
meaning that it requires more steps to measure SLN than LNC, data for
SLN must contain more measurement noise than data for LNC. Despite
the better prediction of LNC and SLA, the indirectly predicted SLNg, or
SLNgw did not always match measurements better than directly pre-
dicted SLNyj; (Table 4). Similarly, when upscaling to canopy level, the
predicted Nieaves from different prediction pathways were comparable
(Fig. S11). This result is in contrast with the assertion by Kattenborn
et al. (2019) that area-based leaf traits, like SLN, are more suitable for
upscaling from leaf to canopy level than mass-based leaf traits, like LNC,
as less regression error was introduced. Nevertheless, the selection of
upscaling pathways may benefit from exploring the physiological prin-
ciples. To better clarify the benefits of different prediction pathways, the
use of hyperspectral features and the regression processes should be
further investigated.

4.2. Contribution of feature types in canopy and leaf nitrogen prediction

Fusing different types of features contributes to plant N traits pre-
diction. Besides the raw bands, VIs have also been considered as sup-
plementary information serving as canopy spectral features (e.g.,
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Fig. 7. The prediction performance of different regression models under the procedure of model validation via leave one crop out tests. The boxplots of NRMSE of the
directly predicted specific leaf nitrogen (SLN) (a, d), leaf nitrogen concentration (LNC) (b, e) and nitrogen content in leaves of the canopy (Nieaves) (¢, f) are shown in
training and testing datasets. The combined data of two crops were used for model training, while the data of the third crop were left for testing. In each boxplot
point, the cross mark represents the mean value, while the vertical spread represents the variability, of NRMSE arising from all combinations of three feature sets and
three leave-out crop species. The different letters (a, b and c) above the bars indicate significant differences of prediction performance between regression models
according to the HSD Tukey’s test. Nonparametric regression algorithms: PLSR = Partial Least Squares Regression, SVR = Support Vector Regression, RFR = Random
Forest Regression, DNN = Deep Neural Network, CNN = Convolutional Neural Network.

Table 4

The prediction performance (NRMSE) in the testing dataset of directly and
indirectly predicted specific leaf nitrogen (SLN) in rice, wheat and maize using
feature sets of Ref, RefTex and RefTexDS (see Table 3 for their definitions) and
applying the regression algorithms of Partial Least Squares Regression (PLSR)
and Support Vector Regression (SVR) .

Crop Feature PLSR SVR

specles set SLNgir SLNg1, SLNgjw SLN4ir SLNga SLNgw

Rice Ref 11.3 11.8 12.5 13.4 12.2 12.2
RefTex 10.7 10.5 10.8 11.1 11.6 11.3
RefTexDS 10.4 9.7 10.3 11.1 9.1 8.4

Wheat Ref 14.4 13.1 13.0 13.2 13.3 13.2
RefTex 14.2 13.2 12.7 12.8 13.4 12.9
RefTexDS 14.2 12.5 12.2 12.8 12.0 8.9

Maize Ref 14.4 16.9 15.5 16.4 16.9 15.6
RefTex 16.1 16.1 15.2 17.4 15.9 14.9
RefTexDS 16.1 11.3 11.2 17.4 10.8 11.1

 For each set of analysis, there is a directly predicted SLN (SLNy;,) and two
indirectly predicted SLN (SLNj, and SLNg, see Table 1 for their definitions). In
this analysis, the regression algorithm for predicting SLA and SLW required for
their respective indirect pathway was always SVR, as it yielded the best per-
formance for the three crops. For the better predicted SLN in the direct vs in-
direct predictions’ comparison, its corresponding NRMSE values are given in
bold.

Maimaitijiang et al., 2020). There were tight correlations between VIs
and leaf N traits (Fig. S4). However, with Ref features used as the
baseline, adding VIs to the model did not always yield better prediction
in this study (Fig. S6), which might be caused by the introduced noisy
information from VIs and/or the correlations between Ref and VIs fea-
tures. On the other hand, as VIs are normally derived from several bands
(Table S2), the information provided from VIs might be limited

10

compared with that from the full-spectrum Ref (Wang et al., 2021).
From the extracted canopy texture features, the additional information
associated with spatial canopy architecture and structure characteristics
is potentially provided (Colombo, 2003). The fusion of canopy Tex
benefits the predictions not only of the canopy traits like LAI and
biomass (Liu et al., 2021; Zheng et al., 2018b), but also of crop N status
like leaf chlorophyll and plant aboveground N content (Qiao et al., 2020;
Zheng et al., 2018a). Similar to these previous studies, our results also
showed that fusing canopy Tex contributed to the prediction of leaf N
traits, especially for the regression models based on PLSR and SVR
(Table 4, Fig. 4, Fig. S7). There were also significant (p < 0.05) corre-
lations observed between crop structure traits (i.e., LAI and leaf weight)
and crop N traits (i.e., LNC, SLN and Nijeayes) for the three crops
(Fig. S14).

Our study successfully estimated crop N and other traits only from
visible and NIR regions (Figs. 4 and 7), in line with the results of Baret
et al. (2007) and Homolova et al. (2013). Berger et al. (2020b) and Féret
et al. (2021) showed that a rational utilization with SWIR region is ex-
pected to enhance the prediction of crop N and its seasonal changes.
Relying on this, leaf and canopy N traits have been estimated in a
promising way via the proxy of proteins, by means of the simulations of
the radiative transfer model, PROSAIL-PRO, which distinguishes N-
based components (i.e., protein) from carbon-based ones from leaf dry
matter content (e.g., Tagliabue et al., 2022; Verrelst et al., 2021).
However, it should be noted that the contribution of proteins to either
leaf or canopy Ref in the SWIR region is less than 5 %, much smaller than
of other input parameters of PROSAIL-PRO, such as carbon-based
components and equivalent water thickness (Féret et al., 2021; Wang
etal., 2018). The causality of N traits monitoring via leaf and canopy Ref
is worthy to be further investigated.

Besides features from hyperspectral sensors, crop DS was
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Fig. 8. The prediction performance of different feature sets using regression algorithms of Partial Least Squares Regression (PLSR) and Support Vector Regression
(SVR) regarding predicting pathways. The boxplots of NRMSE of predicted nitrogen content in leaves of the canopy (Njeaves) are shown for rice (a, d), wheat (b, ) and
maize (c, f) in the training and testing datasets. In each boxplot point, the cross mark represents the mean value, while the vertical spread represents the variability, of
NRMSE arising from using the four prediction pathways. The different letters (a, b and c) above the bars indicate significant differences of prediction performance
between regression models according to the HSD Tukey’s test. The significance of the difference between the prediction performance using regression algorithms of
PLSR and SVR is presented as ns (not significant), * (p < 0.05) and ** (p < 0.01), respectively, according to the Student’s t-test. Acronyms in the x-axis for three sets of

feature types are defined in Table 3.

additionally examined to enhance the prediction. Crop N demand
changes during the vegetative and reproductive phases, while N move-
ment and reallocating within the crop occur as well (Ohyama, 2010).
The observed LNC decreased with crop growth (Fig. 3e). Affected by
biomass accumulation, SLN tended to decrease monotonically as well,
while the change of Nieaves followed a bell-shaped curve (Fig. 3d, f).
Thus, as both measured canopy Ref and leaf N traits changed across
growth stages (Fig. 3), the performance of the regressing models in
predicting leaf N traits improved after incorporating DS into the models,
although the improvements were not always significant (Table 4, Figs. 4
and 8). Nevertheless, Li et al. (2022) found that the slopes and intercepts
of ordinary least squares regression of aboveground biomass in wheat
with VIs had a strong relationship with DS. This suggests that the
appropriate digital indicator of crop growth stages is of importance. The
simulated DS in our study is only one way of quantifying DS, using a bell-
shaped temperature response function (see Supplement Text A). It is
similar to growth stages in the Zadoks scale, using numeric codes be-
tween 0 and 100 representing stages from sowing to harvest (Zadoks
et al., 1974). As growth stages from the Zadoks scale are difficult to
acquire over large areas, the DS regarding crop temperature response in
this study is recommended for follow-up research.

4.3. Characteristics of regression algorithms in canopy and leaf nitrogen
prediction

The performance of five popular nonparametric regression algo-
rithms was evaluated for N traits in three major field crops in this study.
Among these methods, PLSR used the least number of hyperparameters
and SVR next to it, compared with RFR, DNN and CNN that had many
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hyperparameters (Table S4) and thus, in principle, should have more
flexibility in the prediction of leaf N traits. However, our results showed
that PLSR and SVR tended to be more stable and PLSR was likely to
achieve the best performance in the prediction of Nieayes, as well as SLN
and LNC (Figs. 4 and 8), in line with the results in the prediction of LNC
in wheat (Yao et al., 2015). This might be caused by the limited size of
our dataset, as PLSR is known to be more effective than others, when the
number of samples is smaller than the number of variables (Geladi and
Kowalski, 1986). With nearly 1000 samples, DNN-based yield prediction
models systematically performed better than PLSR- and SVR-based
models while increasing feature types (Maimaitijiang et al., 2020).
Moreover, with more than 7000 samples from different years and lo-
cations, CNN provided higher accuracy than PLSR in LNC prediction in
grass (Pullanagari et al., 2021). Thus, as the numerous combinations of
hyperparameters in RFR and of hidden layers and neuro numbers in
DNN and CNN have already been trialed in this study (Table S4, Fig. S1),
increasing the number of samples might be the essential for improving
the predictability of DNN and CNN.

4.4. Other considerations for the prediction of crop nitrogen traits

We tested the transferability of the trained models using hyper-
spectral features and DS for predicting Njeaves across crop species or
across stages. Dai et al. (2023) showed the good performance of the
PSLR model in predicting LNC across sites and crop species, yet its
transferability to crop species outside the training set was not verified. In
line with this, our results also concluded that the PLSR model performed
better in predicting both canopy and leaf N traits across crop species and
growth stages (Figs. 5 and 6). However, this finding should be cautiously
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Fig. 9. The predicted nitrogen content in leaves of the canopy (Njeaves) from its direct predictions Nieayes,qir (See Table 1 for its definition) at the experimental area of
rice across the whole growing season using feature set of RefTexDS (see Table 3 for its definition) and regression algorithm of Partial Least Squares Regression.
Predicted Nieaves,qir at the stage of tillering (a), stem-elongating (b), flowering (c), about 15 days after flowering (d), about 30 days after flowering (e), and maturity (f)

are shown.

generalized, because the collected dataset was limited to one year and
one site per crop in our study. To cope with the temporal and spatial
differences across covered regions, a data fusing method for satellite
images with different resolutions has been developed to achieve high
spatial resolution (Zhu et al., 2016). This may also empower the po-
tential to effectively exploit texture information in satellite images with
coarse resolution and mixed pixels. Alternatively, instead of collecting
field data across sites, regions and years, the deep learning model can be
pre-trained with simulated data from process-based models and fine-
tuned with a few in-situ field samples (Ma et al., 2024). For instance,
a radiative transfer model-based method has also been developed for
predicting SLN and Nieaves for different crop and grass species in
different sites (Boegh et al., 2013). For more accurate predictions of crop
N traits, hybrid methods that combine radiative transfer models and
nonparametric regression algorithms are suggested (Dai et al., 2023).
Relying on the continuous spectral coverage, the hyperspectral sen-
sors are more likely to capture the subtle spectral signatures than the
multispectral ones and are therefore preferred for monitoring crop N
(Berger et al., 2020a). However, model predictability can also be
affected by the autocorrelation of features within obtained hyper-
spectral data. Our results showed that the PLSR model can better
manage this autocorrelation (see an earlier section), and thus gave a
better performance than other models (Figs. 5 and 8). Thus, the reduc-
tion of feature space while preserving the original information may be
necessary (Rivera-Caicedo et al., 2017; Liu et al., 2024a; Liu et al.,
2024b). Normally, most information can be covered within the first
several components, but a high number of components may still be
required for subtle but relevant information, along with the included
noisy information (Candiani et al., 2022; Verrelst et al., 2021).
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Moreover, the original meaning of the features may no longer be kept
after transformation (Wu et al., 2007). On the other hand, the method of
feature selection enables model construction via a subset of relevant
features without changing their original meaning. Yet, the identified
features might differ, because of confounding factors between the leaf
and canopy Ref (Berger et al., 2020a; Féret et al., 2021). Hence, relevant
studies are needed to optimize the tradeoff among feature selection and
transformation, feature meaning relevance, and model predictability.

5. Conclusions

On the basis of synthesizing available information, we evaluated the
prediction of area- and mass-based leaf N traits using combined hyper-
spectral features and DS, different regression algorithms and different
prediction pathways for three major crops, rice, wheat and maize. We
showed that for the prediction of N traits at leaf level (SLN and LNC) and
at canopy level (Nieaves) using a data set of limited size, regression al-
gorithms of PLSR and SVR tended to perform better than others, and the
incorporation of different types of features, like canopy Ref, Tex and DS,
helped improve model performance. The regression algorithm of PLSR
performed slightly better than SVR in the prediction of Njeayes. Like the
predicted SLN, the predictions of Nieaves from direct and indirect path-
ways performed comparably. These results provide useful information
for a next-step work, e.g., that couples the real-time accurately retrieved
leaf and canopy N traits into dynamic crop models so as to predict the
real-time growth status more accurately. This would better enable to
guide farmers for in situ field N management targeting the maximal
yield or resource use efficiency.
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