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Abstract

Sustainable nitrogen (N) management in arable crops requires the real-time assessment
of crop growth and N uptake, particularly in water-limited environments. In the present
study, we conducted two large-scale field experiments with rainfed and irrigated wheat
in South-East Turkey to evaluate the effectiveness of drone- and satellite-based spectral
indices, in combination with neural network models, for estimating biomass and nitrogen
uptake. Four N fertilizer rates in the irrigated fields (N0: 0, N6: 60, N12: 120, and N16:
160 kg N ha−1) and five N rates in the rainfed fields (N0: 0, N2: 20, N4: 40, N5: 50, and N6:
60 kg N ha−1) were tested. Highest fresh biomass was 57.7 ± 1.1 and 15.9 ± 1.0 t/ha−1 for
irrigated and rainfed treatments, respectively, with 2.5-fold higher grain yield in irrigated
(8.2 ± 1.2 t/ha−1) compared to rainfed (2.9 ± 0.9 t/ha−1) wheat. Drone-based spectral
indices, especially those based on the red-edge region (CLRed_edge), correlated strongly with
biomass (R2 > 0.9 in irrigated wheat) but failed to explain crop N concentration throughout
the vegetation period. This limitation was attributed to the nitrogen dilution effect, where
increasing biomass during crop growth leads to a decline in the concentration of nitrogen,
complicating its accurate estimation via remote sensing. To address this, we employed a
two-layer feed-forward neural network model and used SPAD and plant height values
as supplementary input parameters to enhance estimations based on vegetation indices.
This approach substantially enhanced the predictions of N uptake (R2 up to 0.95), while
even simplified model version using only NDVI and plant height parameters achieved
significant performance (R2 = 0.84). Overall, our results showed that spectral indices are
reliable predictors of biomass but insufficient for estimating nitrogen concentration or
uptake. Integrating indices with complementary crop traits in nonlinear models provides
acceptable estimates of N uptake, supporting more precise fertilizer management and
sustainable wheat production under water-limited conditions.
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1. Introduction
Together with rice and maize, wheat accounts for nearly half of the world’s food

calories and two-fifths of protein intake. Excessive use of nitrogen fertilizers to achieve
higher wheat yields can result in negative impacts on both the environment and farmers’
income [1,2]. Potential environmental consequences of nitrogen overuse include soil
acidification, eutrophication of water bodies, and greenhouse gas emissions [3]. In contrast,
the underuse of nitrogen fertilizer can lead to decreased crop yield and quality, thereby
adversely affecting global food security.

Accurately mapping the spatial distribution of crop nitrogen uptake and demand
throughout growth is crucial for monitoring plant stress and crop health [4]. This infor-
mation can then be utilized to optimize fertilizer management based on dynamic yield
forecasts. Remote sensing techniques provide a resource-efficient approach for modelling
crop health in a continuous spatial manner at regular time intervals [3,5,6]. The absorption
of light in the visible region of the spectrum (450–680 nm) by photosynthetic pigments
such as chlorophyll a and b, or carotenoids, has been well documented [7], and the content
of these pigments are known to be affected by the nitrogen status of crops, among other
factors [8]. The “red-edge” region (680–780 nm), lying between the visible and near-infrared
(NIR) regions, is known to be related to the levels of chlorophyll content which can be used
as an indicator of crop nitrogen status [9]. Additionally, reflectance at longer wavelengths,
such as the NIR (780–1100 nm) regions, which penetrate deeper into leaves, is influenced
by internal leaf structure and composition, including plant biochemical content [10]. The
normalized difference vegetation index (NDVI) is a widely used spectral index that mea-
sures the difference between the reflectance values of near-infrared and red wavelengths
and is positively correlated with crop yield and biomass in wheat [11–13]. Other spectral
indices, such as the green normalized difference vegetation index (GNDVI), soil-adjusted
vegetation index (SAVI), and plant senescence reflectance index (PSRI), have also been used
to estimate crop yield and nitrogen status in wheat and other crops [14–16].

The use of remote sensing techniques to estimate crop nitrogen uptake and optimize
nitrogen management in crop production is a complex and evolving field that requires
a multidisciplinary approach. The reflectance spectra collected from large fields usually
contain a mixture of both crop and soil information due to the limited canopy coverage at
early vegetation stages. Additionally, spectral indices lose sensitivity for deriving crop N
status in later growth stages under moderate to high biomass conditions [17,18]. Restricted
crop growth under water stress may also diminish the accuracy of spectral indices in
estimating crop nitrogen uptake [19]. Statistical models are typically established between
measured spectral indices and crop nutrient content, often normalized by reflectance in
wavelengths that are sensitive to leaf or canopy size/structure [13]. To overcome these
problems, a number of vegetation indices have been developed to estimate the N status
of crops using multispectral data from satellites or drones. However, these indices often
have limited capability to predict N uptake accurately across various growth stages of
wheat [20,21]. In order to rectify these constraints and augment the precision of crop
N uptake estimation, the incorporation of supplementary agronomic input parameters
(e.g., leaf area index, plant height or canopy size) becomes imperative. By assimilating
easily available simple agronomic input variables with spectral data within sophisticated
modelling frameworks, accurate nitrogen uptake kinetics throughout a growth season may
be achieved.

More sophisticated nonlinear models that incorporate additional sources of infor-
mation, such as agronomic and soil data, may improve the accuracy of nitrogen uptake
estimates with spectral indices. Non-parametric models, such as artificial neural networks
(ANN) [3,22], are expected to enhance crop trait prediction thanks to their ability to find



Nitrogen 2025, 6, 82 3 of 15

patterns, extract information, and build high-performance predictive models from big
datasets [23]. These algorithms can capture the complex relationships between spectral
reflectance, plant physiology, and soil properties, and can be used to generate more accurate
estimates of crop nitrogen uptake. The dynamics of wheat nitrogen uptake are governed
by a multitude of interrelated factors, such as climate, soil type, irrigation, and variety,
making it a highly complex process. Therefore, the implementation of site-specific models
is essential to accurately capture the interrelated relationships between these factors.

Few studies systematically analyzed the performance of vegetation indices of winter
wheat in estimating nitrogen uptake under different irrigation and N fertilization regimes.
In this research, we aimed to improve the accuracy of estimating nitrogen uptake dynamics
of irrigated and rainfed winter wheat using spectral indices by combining easily available
agronomic data. The main objectives are: (i) to identify optimal spectral indices for accu-
rately assessing winter wheat traits such as biomass, nitrogen content, and plant height,
under both rainfed and irrigated conditions; and (ii) to enhance the estimation of crop
nitrogen uptake by utilizing neural network modelling techniques that incorporate spectral
data and crop traits such as plant height.

2. Material and Method
2.1. Experimental Sites and N Fertilizer Treatments

A one-year field experiment was conducted at two experimental sites near Har-
ran Plain, Sanliurfa, Turkey (irrigated field = 37◦09′44′′ N, 39◦00′11′′ E; and rainfed
field = 37◦06′22′′ N, 39◦00′09′′ E). The locations have a mean annual temperature of 17.2 ◦C
and a mean sum of precipitation of 365 mm (long-term averages 2000–2021). The soil was
classified as alkaline clay soil (sand 17.8%, silt 26.2%, clay 56.0%) which contained 1.01%
total C, 0.11% total N and had a pH of 7.9. Plots of size 2025 m2 (45 × 45 m) were sown with
the winter wheat (Triticum aestivum) variety Ovidio. The sowing density was 3.7 million
germinating seeds per hectare with a row distance of 0.125 m. Due to the farmer’s farrow
irrigation technique common in the region, plots were not randomized. However, to ensure
variability, three replicates were placed in the same plots (Supplementary Figure S1A,B).
Although large plots ensure data quality, the non-randomized design may introduce spatial
confounding (e.g., gradients in soil texture, fertility, micro-relief), potentially obscuring
or biasing spectral index–N relationships. We mitigated these risks by sampling across
space and dates; nevertheless, residual confounding remains possible and is acknowledged
in our interpretation. Four N fertilizer rates in the irrigated field were applied as (i) N0:
control without N fertilization, (ii) N6: 60 kg·N·ha−1, (iii) N12: 120 kg N ha−1, and (iv) N16:
160 kg N ha−1 as a top dressing. Rainfed wheat received 5 N level: (i) N0: control without N
fertilization, (ii) N2: 20 kg N ha−1, (iii) N4: 40 kg N ha−1, (iv) N5: 50 kg N ha−1, and (v) N6:
60 kg N ha−1 as a top dressing. Urea was given as topdressing N source. In the irrigated
fields, the N levels were applied in three equal splits, while in the rainfed fields, the N
levels were applied in two equal splits. All plots received 20 kg of diammonium-phosphate
ha−1 (DAP) as basal dressing during sowing.

2.2. Plant Samplings and Spectral Analysis

Throughout the growing season, the fresh biomass samples (aboveground biomass)
were collected approximately every two weeks resulting in five intermediate sampling
points. Plant sampling and drone flights for spectral imaging were performed on the same
day on each campaign date (see below for the dates). Here, samples were collected from
a 1 m2 square area (random spots chosen from each plot) for biomass and N analysis.
To determine the dry weight of the plants, samples were dried at 60 ◦C until a constant
weight was achieved. In addition, SPAD values were recorded at each harvest by using a
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Minolta SPAD 502 (Konica Minolta, Tokyo, Japan) instrument. Total N in the biomass was
determined by the micro-Kjeldahl method.

The multispectral images were taken by unmanned aerial vehicle (Parrot Bluegrass
drone with Parrot Sequoia multispectral camera, Paris, France). Drone flights were con-
ducted between 10:00 and 14:00 o’clock at 30 m high resulting in a 10 cm ground sample
distance (GSD). Multispectral images consist of the following spectral regions: green
(530–570 nm), red (640–680 nm), red-edge (730–740 nm), and near-infrared (770–810 nm).
To ensure accurate image capture, the Parrot Sequoia camera was equipped with a sunlight
sensor that could assess the light conditions during the shooting process. This feature
helped to eliminate the influence of external light conditions and the sensor’s errors, result-
ing in more reliable data. Additionally, a calibration reference board was used before each
flight to enable the software to calibrate the reflectance of the image based on the value
provided by the calibration board. The spectral images captured by the Parrot Bluegrass
were mosaicked using Pix4D Mapper v.4.8.4 software (Pix4D S.A., Prilly, Switzerland)
through the ‘Ag Multispectral’ photogrammetric model pipeline. Radiometric calibration
was applied to the generated ortho-mosaics using the reference images of a radiometric
calibration target acquired after each flight. Generated ortho-mosaic was used to calculate
spectral indices given in Supplementary Table S1. The dates where the images were taken,
were as follows; irrigated wheat: (i) 9 February 2021 (BBCH21–23), (ii) 15 February 2021
(BBCH24–25), (iii) 16 March 2021 (BBCH37–39), (iv) 19 April 2021 (BBCH72–75), and (v) 6 May
2021 (BBCH81–83). The flight dates for the rainfed wheat were as follows; rainfed wheat:
(i) 9 February 2021 (BBCH21–23), (ii) 5 March 2021 (BBCH31–34), (iii) 2 April 2021 (BBCH55–57),
(iv) 23 April 2021 (BBCH81–83), and (v) 4 May 2021 (BBCH91–93). Satellite NDVI values for
each plot were calculated by using the Sentinel 2A images with a spatial resolution of 10 m
(using bands B04 and B08 (red and near-infrared, respectively) by GAP-Hassas software
(https://app.gaphassas.gov.tr, URL accessed on 15 December 2024).

To identify the best vegetation indices and related parameters for estimating wheat
nitrogen uptake, we employ a two-layer feed-forward neural network (ANN) model
(MATLAB—R2019a). Two-layer feed-forward artificial neural network with sigmoid hid-
den neurons and linear output neurons is used to estimate nitrogen uptake at various
vegetation stages. Data from irrigation and rainfed fields are combined and 70%, 15%, and
15% of the data are used for training, validation, and testing, respectively. These consist
first of a feed-forward iteration to calculate the output of the network, as a function of the
interconnection weights, based on training input values presented to the input layer. This
is then followed by a BPN learning rule, which is an iterative gradient descent algorithm
designed to minimize the mean squared error (MSE) between network-predicted outputs
and training set values (Supplementary Table S2). Two-layer feed-forward ANNs learn
a nonlinear mapping from inputs to a continuous target by passing features through sig-
moid hidden units and a linear output, with weights optimized via back-propagation to
minimize mean-squared error and validated/tested to control overfitting. For nitrogen-
uptake estimation, such models can fuse vegetation indices and structural/phenological
parameters to capture interactions and nonlinearities (e.g., index saturation, N-dilution,
irrigation effects) that simple regressions miss, yielding more accurate and robust N-uptake
predictions across growth stages and environments. With modest n, however, ANN models
may overfit. We mitigate via train/validation/test splitting and early stopping, but we
acknowledge that generalization uncertainty remains. As a robustness check conceptually
aligned with operational deployment, leave-one-field-out (or field/date-out) validation
is the recommended standard for transferability; given only two fields, such a split is
informative but limited and is therefore discussed as an uncertainty.

https://app.gaphassas.gov.tr
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2.3. Statistics

Statistically significant differences are evaluated by the general linear model (univari-
ate) using Turkey’s honest significant difference and post hoc tests at a 5% significance level
with SPSS 21 software (IBM SPSS Statistics, Chicago, IL, USA).

3. Results
3.1. Crop Parameters During Vegetation

Under irrigated conditions, the aboveground fresh biomass (FBM) increased over time,
ranging from 47.5 (±2.2) to 57.7 (±1.1) t/ha−1 at BBCH81–83. The lowest FBM was observed
in the N0 treatment, while the highest was observed in the N16 treatment (Table 1). The effect
of nitrogen supply on FBM formation was significantly higher only in the N16 treatment as
compared to the non-fertilized control treatment (N0) at BBCH81–83. The dry biomass (DM)
values showed a similar trend, ranging between 17.3 (±0.6) to 18.2 (±1.2) t/ha−1 with
no N fertilizer effect observed. For rainfed wheat, FBM and DM values were about 70%
lower than the irrigated wheat treatments. The average grain yields were 8.2 (±1.2) and
2.9 (±0.9) t/ha−1 in irrigated and rainfed soils, respectively.

Table 1. Fresh biomass (FBM, (t/ha−1)), dry biomass (DBM, (t/ha−1)), plant height (PH, (cm)), plant
N content (% N), and cumulative N uptake (N Uptake, (kg N/ha2)) values of irrigated (four N levels:
0, 60, 110, 160 kg N ha−1) and rainfed (five N levels, 0, 20, 40, 50, 60 kg N ha−1) wheat treated with
various N levels. Means denoted by a different letter in the same column differ significantly according
to Tukey’s HSD post hoc tests at α = 0.05.

Urea (kg/da) FBM
(t/ha2)

DBM
(t/ha2)

PH
(cm) %N N Uptake

(kg N/ha2)

Irrigated

N0 47.5 ± 2.2 b 17.8 ± 0.8 * 108 ± 2.0 * 0.84 ± 0.01 ab 146 ± 20 *
N6 54.6 ± 3.2 ab 18.2 ± 1.2 106 ± 0.7 0.69 ± 0.07 b 127 ± 19
N11 48.8 ± 3.4 ab 17.3 ± 0.6 107 ± 1.2 0.78 ± 0.09 ab 139 ± 15
N16 57.7 ± 1.1 a 17.8 ± 0.4 108 ± 1.0 1.13 ± 0.16 a 201 ± 31

Rainfed

N0 13.8 ± 2.2 ab 7.6 ± 1.4 * 71.0 ± 1.0 c 0.73 ± 0.13 * 53.0 ± 10.7 *
N2 13.7 ± 1.6 ab 7.0 ± 0.7 79.7 ± 0.9 ab 0.80 ± 0.03 56.0 ± 6.9
N4 15.9 ± 1.0 a 7.2 ± 0.4 78.5 ± 0.9 b 0.52 ± 0.05 39.7 ± 9.3
N5 13.6 ± 2.2 ab 6.4 ± 0.9 80.8 ± 1.3 ab 0.84 ± 0.27 43.3 ± 12.7
N6 10.2 ± 0.2 b 5.2 ± 0.1 82.3 ± 0.3 a 0.76 ± 0.28 44.2 ± 10.1

* Not significant.

Biomass N concentration and N uptake derived from the aboveground biomass
showed significant variation during the growth season (Figure 1). The average biomass
N concentration across all treatments was highest at the beginning of the vegetation
(2.5 ± 0.21% N in irrigated and 2.5 ± 0.19% N in rainfed), gradually decreasing to 0.7% and
0.5% in irrigated and rainfed wheat, respectively. Biomass N content was highest in high N
fertilizer treatments in both irrigated and rainfed wheat at BBCH81–83. In line with the N
concentration, SPAD values were also highest at the beginning of the vegetation, gradually
decreasing over time in all treatments, with the decrease being more pronounced in rainfed
wheat (Figure 1). There was a significant correlation between biomass N content and SPAD
values, but only until growth the stage BBCH72–75 (R2 = 0.72, Figure 2). The correlation
between SPAD values and biomass N content was less significant (R2 = 0.42) when data
were analyzed until BBCH81–83. Total N uptake at BBCH71–75 was about 1.5-fold higher in
irrigated soils than in rainfed soils. Overall, the N uptake trend follow the increased in
canopy biomass until BBCH81–83. The data clearly suggest that the N uptake parameter is
strictly determined by the canopy biomass rather than the crop N concentration. Due to
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the wide range of variation in biomass, N concentration, and N uptake, our irrigated and
rainfed trials feature wider scatter than those of conventional uniformly fertilized fields.

Figure 1. Time integrated values of fresh biomass (FBM, (t/ha−1)), dry biomass (DBM, (t/ha−1)), N
uptake (kg N/ha2) and SPAD values of irrigated (four N levels: 0, 60, 110, 160 kg N ha−1) and rainfed
(five N levels, 0, 20, 40, 50, 60 kg N ha−1) wheat treated with various N levels. Error bars indicate the
standard errors of the mean values. In some cases, error bars are smaller than the symbols.



Nitrogen 2025, 6, 82 7 of 15

Figure 2. The relationship between (A) NDVI, NDRE and wheat total N uptake, (B) CLRed_edge and
wheat dry matter, and (C) SPAD values and crop N content for irrigated and rainfed wheat.
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3.2. Relationship Between Crop Variables and Spectral Indices

Figure 3 presents the mean correlation values between selected spectral indices and
measured crop parameters. We reveal that most of the examined indices showed a signifi-
cant relationship with crop parameters, but only until the wheat growth stage BBCH72–75.
As nitrogen management practices are typically completed by this stage, we focus on
spectral data until BBCH72–75 as it shows a reliable correlation with crop parameters.

Figure 3. Spearman correlation coefficients (R) for relationships between selected agronomic parame-
ters (FBM: fresh dry matter, DBM: dry matter, Plant height, Crop N (%), SPAD, and N Uptake (N
Uptake: total crop N uptake) until BBCH72–75. The data from both fields and all treatments were used.

Relationship between biomass formation and spectral indices
The aboveground fresh biomass of wheat showed a significant correlation with thirteen

remote sensing indices until BBCH72–75. The WDRI, GNDVI, ClGreen, SR, and NDVI
indices were highly correlated with fresh biomass (R2 > 0.84), while OSAVI, MCCCL, and
SatelliteNDVI values show the least correlation (R2 < 0.60). The SatelliteNDVI indices also
showed an acceptable fit with the fresh biomass values (R2 = 0.59). When we analyzed the
irrigated and rainfed treatments separately, spectral indices explain more than 90% of the
variation in fresh biomass over time in irrigated wheat (Supplementary Table S3), with the
highest fit observed with NDRE (R2 = 0.96). However, all indices showed a much lower
correlation with fresh biomass in rainfed wheat treatments (Supplementary Table S4), with
the highest fit observed with WDRI (R2 = 0.83). Here, the WDRI indices performed very
well in explaining the variation in both rainfed (R2 = 0.83) and irrigated wheat (R2 = 0.93).

Dry biomass values showed a weaker correlation with the spectral indices studied.
The GNDVI, WDRI, NDVI, and ClGreen spectral indices showed the best fit, whereas
OSAVI, MTVI, and MCCR reveal the least correlation with dry biomass when pooled
overall data (until BBCH72–75; R2 > 0.71). Similar to the fresh biomass data, almost all
spectral indices showed a very good fit with dry biomass in irrigated wheat than in rainfed
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wheat. Both NDVI and GNDVI perform well in estimating dry biomass, but NDRE show
a good fit only in irrigated wheat. Finally, the correlation of plant height values and
spectral indices followed almost the same trend as fresh biomass. The comparison between
satellite and drone NDVI revealed a strong nonlinear relationship (R2 = 0.83), with satellite
NDVI consistently underestimating canopy greenness relative to drone measurements,
particularly at high values (Supplementary Figure S2). This reflects the saturation and
resolution limitations of satellite imagery, underscoring the need for UAV calibration or
integration of additional canopy traits to improve field-level nitrogen management.

3.3. Spectral Indices to Explain Crop Nitrogen Parameters

In our study, almost all spectral indices failed to explain crop N content and show neg-
ative correlation values when data pooled over all treatments and dates. These correlation
values were more significant in irrigated wheat than in rainfed wheat. Similarly, SPAD
values were either not correlated (irrigated wheat) or negatively correlated (rainfed wheat)
with spectral indices, further highlighting the challenge in estimating crop N content via
spectral indices.

Total N uptake values measured until BBCH72–75 showed a reasonable correlation
with the spectral indices. Among the examined indices, WDRI, GNDVI, SR, NDVI, and
ClGreen indices showed the best fit (R2 > 0.85) with total N uptake values, while MCCL
and OSAVI indices showed the least relationship. When irrigation treatment analyzed
separately, the correlation between spectral indices and crop N uptake values was higher in
irrigated wheat (up to R2 = 0.91 with GNDVI) than in rainfed wheat (up to R2 = 0.74 with
WDRI), in line with the correlation patterns observed for biomass data. These results
suggest that these specific spectral indices may be useful for estimating crop N uptake in
irrigated wheat, but caution should be taken when using remote sensing techniques for
rainfed wheat.

3.4. Neural Network Modelling to Estimate N Uptake

To improve the N uptake estimations with the NDVI indices and related parameters
for estimating wheat nitrogen uptake, we employed a two-layer feed-forward neural net-
work model (MATLAB—R2019a). We evaluated various combinations of four parameters
(NDVI (drone or satellite), plant height, SPAD, and plant N content (%N)) to determine an
algorithm for estimating N uptake (Figure 4). We evaluated four different combinations:
(i) NNall, included all four parameters, (ii) NNremote, included only NDVI, SPAD, and plant
height, (iii) NNNDVI, included only NDVI and plant height, and (iv) NNSPAD, included
only SPAD and plant height. As expected, NNall provided the best fit (R2 = 0.95) with
the tested samples. However, NNall relied on real crop N concentration data, making the
model non-remote sensing. On the other hand, both NNremote and NNNDVI models showed
reasonable estimates of crop N uptake for the whole dataset (R2 = 0.84 and R2 = 0.84, re-
spectively). This indicates that a simple neural network model trained with NDVI and
plant height (with or without SPAD values) can provide acceptable information about
crop N status. When only satellite NDVI values are used as input variables to predict
wheat N uptake (R2 = 0.65), model accuracy decreased almost 20% as compared to sole
drone NDVI values. However, when plant height values are incorporated as input values
in conjunction with the satellite NDVI data, neural network model prediction accuracy
increased significantly with the R2 value of 0.83.
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Figure 4. The relationship between measured and simulated crop N uptake by the two-layer feed-
forward neural network (ANN) model. Data are shown for overall and separately for training,
validation, and for test samples.

4. Discussion
Irrigation had a significant impact on wheat biomass formation, with maximum fresh

biomass reaching 57.7 ± 1.1 t ha−1 compared to only 15.9 ± 1.0 t ha−1 in rainfed fields,
clearly showing the impact of drought stress. Grain yield showed similar trend, being c.a.
threefold higher in irrigated (8.2 ± 1.2 t ha−1) than in rainfed wheat (2.9 ± 0.9 t ha−1). These
values are consistent with regional averages, highlighting the critical role of water avail-
ability in Mediterranean wheat production [24,25]. In line with the differences in biomass
formation, total N uptake was also significantly higher under irrigation, highlighting the
strong interaction between the rate of biomass production, water availability and nitrogen
fertilization. Adoption of dynamic/real-time nitrogen management has potential to sustain
high wheat yields with improved resource-use efficiency and minimized environmental
impacts especially in regions with strong year-to-year yield fluctuations driven by variable
water availability.

4.1. Vegetation Indices and Wheat Traits

We investigated the association between fourteen spectral indices and crop biomass,
N concentration, plant height, and crop N uptake. Almost all spectral indices provide
reasonable predictions for crop biomass. Spectral indices calculated from the red edge
and near-infrared regions are well-known to contain useful information for predicting
vegetation biomass [26–28]. In our study, the Wide Dynamic Range Vegetation Index
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(WDRI) performed slightly better than NDVI, ClGreen, or ClRed_edge indices for predicting
biomass when pooled overall data. Gitelson et al. [14] reported that a simple modification
of the NDVI as WDRI (WDRI = (0.2 * ρNIR − ρred)/(0.2 * ρNIR + ρred)) increases correlation
with vegetation fraction by linearizing the relationship for wheat, soybean, and maize
canopies. However, the differences between WDRI and NDVI in our experiment were
minor (<5%) in both irrigated and rainfed wheat.

In irrigated wheat, NDRE, ClRed_edge, and ClGreen indices performed slightly better
than NDVI and WDRI indices in predicting both fresh and dry matter. The results sug-
gest that the NIR/red-edge and NIR/green ratio may better predict the denser canopy
traits. Previous studies have reported that red-edge-derived indices typically outperform
broadband indices [6,29]. In our study, broadband indices (NDVI, GNDVI, NDRE) also
show a strong positive relationship with biomass variables, including plant height. As
shown in Figure 2B, ClRed_edge alone have a very good relationship with the dry matter
biomass, specifically in irrigated wheat treatments. This suggests that the red-edge group
indices, such as ClRed_edge, are better predictors for biomass, particularly in high-yielding
dense canopies, when differences among water supplies and nitrogen treatment are mainly
related to chlorophyll content. Biomass estimation can further be improved by, for example,
using stratified two-parameter models that combine phenological variables with spectral
vegetation indices, as reported to enhance aboveground biomass allocation across winter
wheat growth stages [28]. In our study, however, our primary focus is the estimation of
crop N uptake.

Among spectral indices, red-edge–based metrics are among the most sensitive to vari-
ations in chlorophyll content and are widely used as an indicator of N deficiency [30–34].
However, our study found no significant correlation between leaf N content or SPAD
values (a reliable indicator for leaf chlorophyll content) and red-edge-based indices in
irrigated wheat. The relationship between biomass, leaf nitrogen/chlorophyll content
and total nitrogen uptake is highly dynamic and phenology dependent. Authors earlier
reported that crop N concentration decreases over time during crop development [35]. This
decrease can be attributed to (i) self-shading, causes non-uniform leaf-N content across
the canopy [36], (ii) an increasing proportion of plant structural and storage tissues [37],
and iii) the accumulation of structural biomass (cellulose, lignin, carbohydrates) that is
low in N [38]. This decrease (so called N-dilution effect) weakens correlation between
spectral indices and tissue N concentration and total N uptake [39]. The N-dilution ef-
fect is particularly pronounced during the vegetative growth stages due to the effect of
aboveground biomass on spectral reflectance being stronger compared with that of plant
N prior to flowering [18,40]. Thus, our study shows that during rapid canopy expansion
phase, the N-dilution effect may introduces bias and instability into spectral estimates of
plant N concentration, thereby limiting their reliability for N status assessment [14,41–43].
Similarly, authors reported that canopy-scale indices related to canopy N% needs to be
normalized with biomass [6]. Therefore, we conclude that, canopy-level spectral indices
(e.g., NDVI, red-edge metrics) seem to be more responsive to canopy size or leaf area index
than to chlorophyll or tissue N content. Spectral indices alone are reliable indicators for
biomass, but effective estimations of crop nitrogen uptake require additional modelling
and/or structural normalization.

4.2. Neural Network Model Estimate for Nitrogen Uptake

Neural network tools are effective in modelling and predicting nitrogen uptake in
crops. For example, a study by Yang et al. [44] concluded that spectral indices are an
efficient input variable for machine learning models for predicting plant nitrogen content in
individual crops and across crops. As discussed above, canopy-scale spectral indices alone
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are insufficient for accurately estimating crop N status, since additional information on
biomass or canopy structure is required. Neural network models provide a powerful option
to capture these complex, nonlinear relationships and integrate multiple input variables for
improved estimation of crop N parameters. This is particularly important for modelling
the dynamic nature of crop N status throughout growth and development.

Jin et al. [27] showed that biomass estimation accuracy is further increased when,
for example, leaf area index is combined with spectral data. In our study, we combined
spectral indices with wheat N concentration (%), plant height (an indicator of growth stage
and biomass), and SPAD values (an indicator of leaf chlorophyll content) to enhance the
prediction accuracy of crop nitrogen uptake through spectral indices. Notably, the neural
network model performed best when all these parameters were included as input variables,
achieving an estimation with an R2 of 0.95 for N uptake. We still observed reasonable
estimates for crop N uptake when sole SPAD or plant height values were used as input vari-
ables (without N concentration) across the entire dataset, achieving an R2 of 0.84 (Figure 4).
The latter suggests that neural network models may give reliable estimates of crop N uptake
when plant height and NDVI values are used as input variable. Furthermore, SPAD values,
which are commonly used as a proxy for chlorophyll content, only marginally improved
model performance for nitrogen uptake estimation. When satellite NDVI values are used
as sole input variables to predict wheat N uptake (R2 = 0.65), model accuracy decreased
almost 20% as compared to drone NDVI values (Supplementary Figure S3). However,
when plant height values are incorporated as input values in conjunction with the satellite
NDVI data, neural network model prediction accuracy increased significantly with R2

value of 0.83 (similar to the input variable drone NDVI + plant height).
This finding carries significant practical implications for growers and indicates that by

utilizing easily measurable plant height or integrating simple plant height sensors in the
field, along with drone or satellite NDVI data, accurate estimates of wheat nitrogen uptake
can be achieved. In conclusion, our study suggests that a neural network model trained with
plant height data and spectral indices can effectively estimate nitrogen uptake in irrigated
and rainfed wheat. The integration of plant height and NDVI data enhances the capacity
to assess crop N status and enables more accurate, data-driven nitrogen management
decisions. Nevertheless, we should note that neural network models are data-driven and
may be sensitive to the representativeness of the training dataset; model performance may
vary in different agro-ecosystems. However, our findings suggest that when sufficiently
diverse training data are available, such models can be scaled to regional or even national
mapping of crop N status using satellite platforms. While our approach shows promise for
estimating wheat N uptake, the limited two-site dataset and non-randomized large plots
necessitate multi-site, multi-year validation before operational deployment.

5. Conclusions
The development of simple, remote sensing–based tools to map canopy nitrogen

status at the critical timing of mid-season fertilizer application could support sustainable
N management in both rainfed and irrigated wheat production. While canopy spectral
indices (particularly red-edge-based metrics) are reliable indicators of biomass, they do
not, on their own, provide sufficient information to determine crop nitrogen status under
field conditions. Neural network approaches can capture complex nonlinear relationships
between crop traits and spectral indices, enabling more accurate prediction of nitrogen
uptake than traditional methods. Our results clearly showed that including plant height
values (with or without SPAD measurements) in conjunction with NDVI data (from drones
or satellites) substantially improved prediction accuracy for nitrogen uptake. This integra-
tion enables more precise and efficient nitrogen management in both agricultural practice
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and crop research. By implementing neural network models together with plant height and
spectral indices, farmers can better optimize nitrogen supply with crop demand, resulting
in higher yields and a more sustainable approach to wheat production. Although our
approach shows promise for estimating wheat N uptake, future research should validate
model performance across diverse environments, wheat genotypes, and management sys-
tems, and assess scalability to regional or national monitoring efforts to ensure broader
applicability in precision nitrogen management.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/nitrogen6030082/s1, Figure S1A: Rainfed wheat field depicting
crop variability during various vegetation stage; Figure S1B: Irrigated wheat field depicting crop
variability during various vegetation stage; Figure S2: The relationship between drone and satellite
NDVI values in irrigated (blue dots) and rainfed (brown triangle) wheat; Figure S3: The relationship
between measured and simulated crop N uptake by the two-layer feed-forward neural network
(ANN) model; Table S1: Vegetation indices and calculation formula [14,30,45–52]; Table S2: RMSE
and R2 values of the two-layer feed-forward neural network (ANN) model; Table S3: Spearman
correlation coefficients (R) for relationships between selected agronomic parameters (FBM: fresh dry
matter, DBM: dry matter, Plant height, Crop N (%), SPAD, and N Uptake (N Uptake: total crop N
uptake) until BBCH72–75; Table S4: Spearman correlation coefficients (R) for relationships between
selected agronomic parameters (FBM: fresh dry matter, DBM: dry matter, Plant height, Crop N (%),
SPAD, and N Uptake (N Uptake: total crop N uptake) until BBCH72–75.
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