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Abstract: Unmanned aerial vehicles (UAVs) equipped with multi-sensor remote sensing
technologies provide an efficient approach for mapping spatial and temporal variations
in vegetation traits, enabling advancements in precision monitoring and modeling. This
study’s objective was to analyze UAV multiple sensors’ performance in monitoring winter
wheat chlorophyll content (SPAD), plant nitrogen accumulation (PNA), and N nutrition
index (NNI). A two-year field experiment with five N fertilizer treatments was carried
out. The color indices (CIs, from RGB sensors), vegetation indices (VIs, from multispectral
sensors), and temperature indices (TIs, from thermal sensors) were derived from the
collected images. XGBoost (extreme gradient boosting) was applied to develop the models,
using 2021 data for training and 2022 data for testing. The excess green minus excess red
index, red green ratio index, and hue (from CIs), and green normalized difference vegetation
index, normalized difference red-edge index, and normalized difference vegetation index
(from VIs), showed high correlations with three N indicators. At the pre-heading stage, the
best performing CIs correlated better than the VIs; this was reversed in the post-heading
stage. CIs outperformed VIs in SPAD (CIs: R2(coefficient of determination) = 0.66, VIs:
R2 = 0.61), PNA (CIs: R2 = 0.68, VIs: R2 = 0.64), and NNI (CIs: R2 = 0.64, VIs: R2 = 0.60)
in the pre-heading stage, whereas VI-based models achieved slightly higher accuracies
in post-heading and all stages compared to CIs. Models built with CIs + VIs significantly
improved the models’ performance compared to single-sensor models. Adding TIs to
CIs and CIs + VIs further improved the models’ performance slightly, especially at the
post-heading stage, resulting in the best model performance with three sensors. These
findings highlight the effectiveness of UAV systems in estimating wheat N and establish
a framework for integrating RGB, multispectral, and thermal sensors to enhance model
accuracy in precision vegetation monitoring.

Keywords: UAV-based remote sensing; multi-sensor integration; multispectral; RGB;
thermal; vegetation monitoring; XGBoost modeling

1. Introduction
Nitrogen (N) is a vital macronutrient in promoting plant growth through facilitating

photosynthesis and increases both the quantity and quality of crop yields [1–3]. However,
excessive N application can disturb grain filling [4], lodging [5,6], and environmental
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pollution. Hence, precise crop N estimation and optimized N fertilizer management are
crucial for food security and environmental protection in crop production [7,8]. Remote
sensing technologies, particularly platforms based on unmanned aerial vehicles (UAVs),
offer significant advantages over conventional ground-based sampling and chemical analy-
ses in monitoring N status. UAVs provide high spatial and temporal resolution, allowing
for flexible and detailed assessments during critical growth stages [9,10].

Among UAV-mounted sensors, multispectral, RGB, and thermal sensors are widely
employed for crop monitoring. Multispectral sensors are commonly used due to their abil-
ity to capture reflectance across key spectral regions, including near-infrared and red-edge,
which are closely associated with chlorophyll and N content [11]. While multispectral
sensors dominate N estimation research, RGB sensors offer complementary advantages,
including cost-effectiveness, user-friendliness, and the ability to capture high-resolution
spatial and color features related to crop N levels. Furthermore, thermal sensors capture
physiological responses, such as canopy temperature changes caused by N-related transpi-
ration differences, making them a valuable addition to crop monitoring systems [12–15].

Most existing studies have focused on single sensors or partial combinations of sensors
(e.g., RGB and multispectral) to evaluate their impact on N estimation accuracy. In recent
years, UAVs and UAV sensor development have often allowed simultaneous measurements
by combining RGB with multispectral data (e.g., the new DJI Mavic 3 Multispectral (DJI
Sciences and Technologies Ltd., Shenzhen, China) platform, or the dual gimbal set-up on
the DJI M300 and DJI M350 models), RGB with thermal sensors (e.g., DJI XT2 or DJI H20T),
and multispectral with thermal sensors (e.g., Micasense Altum series (AgEagle, Seattle, WA,
USA)). Researchers have demonstrated the effectiveness of combining multiple sensors to
enhance crop N status monitoring. Xu et al. developed a novel set of modified coverage-
adjusted spectral indices, calculated by integrating vegetation indices from multispectral
images with vegetation coverage derived from RGB images [16]. Their findings showed that
sensor data fusion significantly improved the accuracy of maize leaf N content estimation,
particularly during the transition from the vegetative growth stage to the reproductive
growth stage (R2 = 0.59, RMSE = 22.02%, NRMSE = 8.37%). Furthermore, Xu et al. achieved
higher accuracy in estimating rice leaf N content by integrating RGB and multispectral
images compared to using multispectral images alone [17]. The combination of different
feature types (including bands, vegetation indices, and gray level co-occurrence matrix
features) was found to produce the best performance. The above studies are based on using
RGB and multispectral images to evaluate N status, and the contribution of thermal data
to the accuracy of N estimation models remains poorly explored. Some researchers have
integrated multispectral and thermal sensors (Micasense RE-MX (AgEagle, Seattle, WA,
USA) + Zenmuse (DJI Sciences and Technologies Ltd., Shenzhen, China)) to evaluate water
stress in winter wheat and soil moisture conditions in maize [18,19]. However, these studies
have not emphasized the critical role of thermal data in N estimation. Ding et al. fused
multi-source remote sensing data (including RGB, multispectral, and thermal sensors) to
enhance winter wheat N content prediction accuracy [20]. However, this study processed
images from various sensors as separate entities, utilizing distinct spectral variables for
input into varied models to assess crop N conditions, with limited exploration of data
integration from multi-sensor sources. Matese and Di Gennaro described a UAV platform
integrating RGB, multispectral, and thermal sensors for precision viticulture, focusing on
vine vigor, water stress, and missing plant detection. However, this study did not extend the
approach to nitrogen monitoring [21]. Additionally, Liu et al. demonstrated that integrating
near-end fluorescence sensors with multi-source data fusion significantly improved the
accuracy of N models for wheat across the entire growth period [22]. However, the large-
scale application on drone platforms still needs to be explored. As such, exploring the
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combination of these sensors and fully integrating them into data processing to build a
simple and effective nitrogen monitoring framework is becoming increasingly important.

Consequently, this paper aims to achieve three objectives: (1) to analyze and com-
pare the performance of UAV-mounted RGB, multispectral, and thermal sensors for N
estimation, highlighting their unique strengths and stage-specific contributions across
crop growth stages; (2) to assess whether the fusion of multiple sensors enhances model
accuracy by capturing complementary spatial, spectral, and physiological information;
and (3) to develop a unified, scalable framework for UAV-based nitrogen estimation using
independent training and testing datasets to ensure precision and reliability.

2. Materials and Methods
2.1. The Experimental Design

This study was carried out at the China Agricultural University Experimental Station,
located in Zhuozhou city, Hebei Province, China (Figure 1), during the 2021 and 2022
growing seasons. The site lies within a typical temperate monsoon climatic zone in a
continental semi-humid region (Dwb under the Köppen classification). The annual mean
precipitation is 560 mm and the soil texture is sandy (based on the USDA’s soil texture
triangle [23]), with the main physicochemical soil properties described in Table 1. Winter
wheat (var. Nongda no. 212) was seeded on 12 October 2020 and 10 October 2021, with
rows 0.15 m apart, and a seeding rate of 270 kg ha−1 in 2020–2021 and 330 kg ha−1 in
2021–2022.
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Figure 1. Treatments of the experiment (N0, N1, N2, N3, and N4 represent the nitrogen fertiliza-
tion level).

Table 1. Physicochemical properties of the soil (0–80 cm) at the experimental site.

Items Content Annotation

pH 8.3 Determined by acid–alkali indicator method
Organic carbon (g kg−1) 20.2 Determined by ultraviolet–visible spectrophotometer

Available phosphorus (mg kg−1) 32.5 Determined by ultraviolet–visible spectrophotometer
Exchangeable potassium (mg kg−1) 55.0 Determined by atomic absorption spectroscopy method

Nitrate nitrogen (mg kg−1) 14.0 Determined by ultraviolet–visible spectrophotometer
Ammonia nitrogen (mg kg−1) 4.6 Determined by ultraviolet–visible spectrophotometer

Five different N application levels were set up in 2021–2022 (Table 2). All these
treatments received a basic fertilization at the seeding of 54, 138, and 81 kg ha−1 of nitrogen,
phosphorus, and potassium, respectively. This application was based on typical practices
in this region. Then, five top-dressing N treatments were set up between the tillering and
filling stages of winter wheat (N0–N4). The N3 treatment corresponds to the conventional
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N application rate recommended by local practice. N0, N1, N2, and N4 represent 0%, 33%,
67%, and 133% of N3 (top-dressing N application), respectively. Each plot had a length
and width of six meters. All plots were optimally managed, including uniform irrigation,
weeding, and pesticide application.

Table 2. Winter wheat N fertilizer application rates in the experiment (kg ha−1).

Year Date N0 N1 N2 N3 N4

2021

12 October 2020 54 54 54 54 54
30 March 2021 0 30 60 90 120
25 April 2021 0 30 60 90 120
10 May 2021 0 6.7 13.3 20 26.7

Total 54 120.7 187.3 254 320.7

2022

10 October 2021 54 54 54 54 54
2 April 2022 0 30 60 90 120

27 April 2022 0 30 60 90 120
19 May 2022 0 6.7 13.3 20 26.7

Total 54 120.7 187.3 254 320.7

2.2. UAV Platform and Image Acquisition

The DJI M300 Pro UAV (DJI, China) was employed as the platform (Figure 2). RGB
images and thermal images were collected synchronously by an integrated camera (Zen-
muse H20T, DJI Sciences and Technologies Ltd., Shenzhen, China). Simultaneously, 5-band
multispectral images were obtained with a red-edge multispectral camera (MicaSense
Red-Edge MX, AgEagle, Seattle, WA, USA). The specific parameters are given in Table 3.
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Figure 2. Unmanned aerial vehicle remote sensing platform and sensors.

Table 3. Parameters of the RGB, thermal, and multispectral sensors.

Parameters RGB Thermal Multispectral

Spectral band blue (450 nm), green
(520 nm), and red (660 nm) 8–14 µm

blue (465–485 nm), green (550–570 nm),
red (663–673 nm), red-edge (712–722 nm),

and near-infrared (820–860 nm)
Resolution (pixels) 4050 × 3040 640 × 512 1280 × 960
Focal length (mm) 4.5 13.5 5.5

Ground sampling distance
at 50 m flight height (cm) 1.0 4.5 3.5

Flights were conducted under clear sky and calm wind conditions. The images were
collected six times in 2021 and five times in 2022 between 11:00 and 13:00, as shown in
Table 4. All flight operations were planned using the DJI Pilot app (DJI, China), with image



Remote Sens. 2025, 17, 498 5 of 27

acquisition based on a 75% forward and 75% lateral overlap for thermal images. The UAV
flew at an altitude of 50 m, maintaining a speed of 2.1 m s−1.

Table 4. Dates and growth stages of UAV data collection.

Year Dates and Growth Stages

2021 6 April (Tillering), 22 April (Jointing), 30 April (Booting),
7 May (Heading), 11 May (Flowering), 18 May (Filling)

2022 8 April (Tillering), 15 April (Jointing), 25 April (Booting),
4 May (Heading), 14 May (Filling)

2.3. Image Data Processing
2.3.1. Image Processing

The raw images were imported into Pix4D Mapper 4.4 to create ortho-mosaic im-
ages [24]. All ortho-mosaics were processed in QGIS 3.22 and assigned to various sampling
plots. The ExG (Table A1) was applied to isolate vegetation pixels of RGB and thermal
images, by converting the ExG map into a binary image using Otsu’s thresholding method
(OTSU) [25] to remove the soil background. NDVI map (Table A2) was used to isolate
vegetation pixels of multispectral images (Figure 3).
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2.3.2. Calculation of Color Indices, Vegetation Indices, and Thermal Indices

In total, fourteen color indices (CIs) were calculated from the RGB ortho mosaics
(Table A1), using the RGB color space [26–35]. In addition, thirteen additional indices were
calculated after conversion to other color spaces based on the formulas (Table A1) [36,37].

Eighteen vegetation indices (VIs) were derived from the multispectral data and utilized
to build N prediction models for winter wheat (Table A2) [38–54].

Two thermal indices (TIs) were derived from the thermal data. Brightness temperature
(Tbr, K) was calculated using DJI Thermal SDK 1.2 software, which applied atmospheric
correction based on air temperature (Ta, K), relative humidity (RH, %), and flight altitude
(m). Ta and RH were measured at the experimental site using a HOBO U30 weather station
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(Onset Computer Co., Bourne, MA, USA). Surface temperature (Ts, K) was then calculated
using Equations (1) and (2) [55,56]:

Ts =
4

√
T4

br − (1 − ε)×T4
bg

ε
(1)

Tbg =
4
√

0.7×T4
a (2)

in which ε is the emissivity, assumed to be 0.99 (typical value for dense vegetation). Tbg is
the background temperature (K).

△T (◦C) and CWSI were calculated as Equations (3) and (4):

∆T =Ts − Ta (3)

CWSI =
Ts − Tpot

Tdry − Tpot
(4)

The parameters Tpot (◦C) and Tdry (◦C) denote the surface canopy temperature of a
winter wheat plant when transpiration is at its maximum rate (Tpot) and when the plant is
not transpiring at all (Tdry). Tpot and Tdry were computed directly for each measurement
day utilizing the histogram method in this study. They were determined as the surface
temperatures corresponding to the 1st percentile (Tpot) and 99th percentile (Tdry) of the
polygon records observed on flying day.

2.4. Field Sampled Data Acquisition and Determination

A SPAD Chlorophyll Meter (SPAD-502Plus, Minolta, Osaka, Japan) measured the
SPAD values of the first fully expanded leaf, with the average calculated from three random
measurements per leaf. Each plot’s average SPAD value was determined from ten leaves.
Therefore, 15 sets of data in each growth stage were obtained, resulting in a total of 90 sets
of data obtained in 2021 and 75 sets of data obtained in 2022.

Simultaneously, destructive sampling was conducted to identify the plant N status.
Two rows of 30 cm long segments (avoiding boundary rows) were sampled. The above-
ground biomass (AGB) for each plot was measured after oven-drying samples at 105 ◦C for
1 h, then at 75 ◦C until constant weight. Plant nitrogen concentration (PNC) was analyzed
using the Kjeldahl method, and plant N accumulation (PNA) values were calculated for
each plot [57] (Equation (5)):

PNAa = PNCa×AGB (5)

where PNAa is the plant’s actual measured N accumulation (g m−2), PNCa is the plant’s
actual measured N concentration (%), and AGB is the above-ground biomass (g m−2).

The critical plant N concentration (PNCc, %) is required for optimal AGB production,
and is calculated using the critical N dilution curve (Equation (6)) developed by Yue
et al. [58], from data collected in sixteen nitrogen rate experiments in the North China Plain
between 2000 and 2011:

PNCc = 4.15 × (AGB/100)−0.38 (6)

The N nutrition index (NNI) is defined as the ratio of PNAa to PNAc * AGB (Equa-
tion (7)):

NNI = PNAa/(PNCc ×AGB) (7)

In each plot, winter wheat was harvested from a 1 m2 area at maturity and threshed
to determine grain yield (at 13% moisture content). Relative yield (RY) was calculated
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as the ratio of grain yield at a specific N rate to the highest yield recorded across all N
application rates.

2.5. Statistical Analysis and Machine Learning Algorithm

To effectively reduce data dimensionality and integrate information from multiple
sensors [59,60], principal component analysis (PCA) was employed to reduce the number
of independent variables while preserving as much relevant information as possible [61].
For CIs and VIs, the top 10 indices with the highest correlation coefficients with SPAD,
PNA, and NNI were selected. Principal components (PCs) were retained based on eigen-
values exceeding one, following the Kaiser criterion. The cumulative variance explained
by the retained PCs was calculated to ensure that more than 95% of the total variance
was preserved. The original feature space was transformed into a new space defined by
the selected PCs. Each PC was interpreted based on the loading values, identifying the
contribution of individual indices.

The ensemble learning algorithm called XGBoost (extreme gradient boosting) was used
to evaluate winter wheat N status. Based on a boosting strategy [62], XGBoost improves
a weak learner, specifically the CART model, by analyzing learning errors and adjusting
sample weights iteratively [63]. The objective function is defined as Equation (8):

obj =
m

∑
i=1

L(yi, ŷi )+
n

∑
k=1

Ω(fk) (8)

The model’s accuracy is closely tied to its hyperparameters. In this study, a grid
search method was used to explore the optimal combination of hyperparameters, including:
learning rate [0.01, 0.05, 0.1], max tree depth [3, 5, 7], n estimators [100, 200, 500], min child
weight [1, 5, 10], and reg alpha [0, 0.1, 0.5, 1]. These hyperparameters were optimized
through tenfold cross-validation and grid search on training datasets. Other parameters
were set as follows: gamma = 0.1, max delta step = 0, subsample = 0.5 and colsample bytree
= 0.7. Data analyses were conducted using Jupyter Notebook with Python 3.10.

Figure 4 illustrates the flowchart of this study, outlining data acquisition and pro-
cessing, feature extraction and analysis from multiple images, and the development and
comparison of models. The dataset obtained from the two-year winter wheat experiment
was joined for analysis. To discern the specific attributes of wheat during different growth
stages, the mixed dataset was divided into two sub-datasets based on the pre-heading stage
(combining tillering, jointing, and booting) and the post-heading stage (combining heading,
flowering, and filling). Ensuring the robustness and comprehensiveness of the models with
designated input variables, we used the 2021 dataset to train the data, and the 2022 dataset
as an independent test dataset. First, the top 10 indices of correlation between RGB and
multispectral sensors with SPAD, PNA, and NNI, as well as the two temperature indices,
were used for PCA. Then, the selection of the top n principal components (PCs) from one
sensor (CIs or VIs) or multiple sensors (CIs + TIs, CIs + Vis, and CIs + TIs + VIs) followed
the criterion of eigenvalues exceeding one. These selected PCs were employed as input
variables for the XGBoost model. Subsequently, the PCs for 2022 were derived through
spectral information and the eigenvectors from data of 2021. The dependent variables were
SPAD, PNA, and NNI.
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Figure 4. The general workflow of the study. CIs, color indices; TIs, thermal indices; VIs, vegetation
indices; PCs, principal components; PNA, plant nitrogen accumulation; NNI, nitrogen nutrient index;
XGBoost, extreme gradient boosting algorithm.

One-way analysis of variance analysis (ANOVA) was used to test whether the different
N fertilizer application rates had a significant effect on SPAD, PNA, and NNI at the 0.05
probability level. Curves and figures were drawn with Origin 2023 Pro software (Origin Lab
Corporation One Roundhouse Plaza, Northampton, MA, USA). The model’s performance
was assessed using the coefficient of determination (Equation (9)), root mean square error
(Equation (10)), and normalized root mean square error (Equation (11)):
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where yi is the measured value of SPAD, PNA, or NNI, ŷi is the predicted value of SPAD,
PNA, and NNI, the average of the measured values is represented by y, and n refers to the
total number of samples.

3. Results
3.1. Statistical Characteristics of Winter Wheat Nitrogen Indicators
3.1.1. SPAD and Plant Nitrogen Accumulation

SPAD and PNA showed significant differences between the different treatments
(Figures 5 and 6) (p < 0.05). Notably, SPAD and PNA had higher values with increas-
ing N application, with the highest values from the N4 treatment and the lowest from
the N0 treatment. Across both years of the experiment, the N0, N1, and N2 treatments
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exhibited differences among themselves and from all other treatment levels in relation to
SPAD and PNA. The N3 and N4 treatments presented relatively similar values, with the N4
treatment consistently displaying slightly higher values, but not differing significantly from
the N3 treatment in most growth stages. Overall, the N application experiments provided
a well-suited dataset marked by substantial variability, thereby facilitating the objectives of
this study.
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3.1.2. Nitrogen Nutrition Index

The critical N concentration curve established in prior studies and the measured AGB
and PNC and are shown in Figure 7 to validate the reliability of NNI in this experiment.
Following analysis of variance, the data obtained from different N treatments were divided
into a N-limiting group (N0, N1, N2, and N3 treatments) and a non-N-limiting group (N4
treatment). PNC of winter wheat in the N-limiting group at different growth stages in 2021
was distributed below the curve, while that of non-N-limiting group was generally dis-
tributed above the curve. In the subsequent year, deviations were observed at tillering and
jointing stages. This discrepancy arose from the combination of higher PNC and lower AGB
of winter wheat. Consequently, certain data points from the N-limiting group surpassed
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the critical N concentration curve, resulting in diminished verification efficacy. However,
the verification accuracy improved at winter wheat booting, heading, and filling stages.
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Figure 7. The critical nitrogen dilution curve of winter wheat.

Based on the critical N concentration curve, NNI was calculated using the AGB and
PNA data obtained in this experiment. The significance analysis results for NNI under
different treatments are shown in Figure 8. It is evident that N treatment effects on wheat
growth varied across different growth stages and years. Significant NNI levels were
observed during the heading stage in 2021 and early growth stages in 2022 for certain
treatments, highlighting the effectiveness of N application during these periods. Conversely,
the N0 treatment consistently showed insufficient nitrogen supply across all stages.
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Figure 9 shows the correlation between winter wheat RY and NNI. It can be seen that
NNI and RY were consistent with the changing trend of linear regression plus platform. The
turning point of NNI was 1.14, 1.24, 1.16, 1.15, 1.11, and 1.09 at tillering, jointing, booting,
heading, flowering, and filling stages, respectively. Similarly, the relationship between RY
and NNI adhered to a downward-opening quadratic function. In general, the N treatment
experiment in this study can better match the critical N concentration curve established
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by previous studies, so the calculated NNI can reflect the nitrogen deficit status of wheat.
Overall, the N treatment experiments fitted well with the critical N concentration curve,
so the calculated NNI effectively reflects the N deficit status of winter wheat, facilitating a
more precise assessment of nutritional requirements.
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3.2. Relationship Between Wheat Nitrogen Indicators and Remote Sensing Variables

The Pearson coefficients (r) between wheat N indicators and CIs, VIs, and TIs were
calculated across the growth stages (Figures 10–12). At the pre-heading stage, high corre-
lations were found between SPAD values and CIs, such as NDLuv (r = 0.70 in 2021 and r
= 0.67 in 2022) and red (r = −0.65 in 2021 and r = −0.67 in 2022) (Figure 10a). RGRI and
H performed best in the post-heading stage, followed closely by NDLab and ExR. For the
overall data, the CIs with the highest correlations with SPAD were ExGR (r = 0.67) and red
(r = −0.65). The top five CIs most correlated with SPAD were red, ExR, ExGR, H, and NDLuv
across all stages when data from 2021 and 2022 were combined. For the VIs (Figure 10b),
NDRE, NDVI, and GNDVI showed high correlations with SPAD at the pre-heading stage.
The correlation between most VIs and SPAD improved in the post-heading stage, and the
|r| values of NDVI, NDRE, GNDVI, and TCARI reached above 0.61 in the 2-year data.
NDRE was most correlated with SPAD in all stages (r = 0.67 in 2021 and r = 0.65 in 2022).
When 2-year data were combined, NDVI, NDRE, GNDVI, TCARI, and RERVI had the high-
est correlations with SPAD in all stages. Overall, the performance of the best-performing
VIs and CIs was very similar. Correlations between SPAD and the TIs (Figure 10c) were
considerably lower. The r values of TIs with SPAD ranged from −0.22 to −0.50, −0.27 to
−0.64, and −0.32 to −0.50 in the pre-heading, post-heading, and all stages, respectively.

Figure 11 shows the correlations between PNA and CIs (Figure 11a), VIs (Figure 11b),
and TIs (Figure 11c). Most CIs showed higher correlation with PNA in the pre-heading
stage than in the post-heading stage. ExG (r = 0.65), ExGR (r = 0.67), ExR (r = −0.67), MGRVI
(r = 0.68), and H (r = 0.66) correlated best with PNA when combining the data of 2021 and
2022 in the pre-heading, post-heading, and all stages, respectively. Except for EVI, DVI, and
MCARI, most VIs showed high correlations (|r| > 0.45) with PNA. RVI, NDRE, GNDVI,
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and SIPI were constantly well correlated with PNA across the growth stages, with r values
ranging from 0.55 to 0.75, 0.61 to 0.77, 0.50 to 0.67, and −0.51 to −0.67, respectively.
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Figure 11. Correlation between CIs, VIs, TIs, and PNA of winter wheat. PNA represents plant
nitrogen accumulation. CIs, VIs, and TIs stand for color indices, vegetation indices, and temperature
indices. Asterisks (*) indicate the indices that were within the top 5 best performing CIs and VIs by
combining 2021 and 2022 in all stages.
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nutrient index. CIs, VIs, and TIs stand for color indices, vegetation indices, and temperature indices.
Asterisks (*) indicate the indices that were within the top 5 of the best performing CIs and VIs by
combining 2021 and 2022 in all stages.

The correlations between TIs and PNA in the post-heading stage (r values ranging
from −0.41 to −0.68) were higher than those in the pre-heading stage (r values ranging
from −0.25 to −0.39). The two-year data were well correlated, which provided a stable
dataset for this study.

For the CIs, ExR, ExGR, RGRI, H, and NDLab showed high correlations with NNI when
all data are combined (Figure 12). Similar to the PNA, the VIs had a stronger correlation
with NNI in the post-heading stage than in the pre-heading stage. Among these VIs, NDVI
and GNDVI produced the highest correlation with NNI in the pre-heading stage (r = 0.64
by combining 2021 and 2022), while NDVI and NDRE produced the highest correlation
(r = 0.67 by combining 2021 and 2022) in the post-heading stage. Except for DVI and
CIRE, the absolute values of r between VIs and NNI reached above 0.50 in all stages when
pooling the data from 2021 and 2022. In total, spectral responses varied across growth
stages, influenced by the dynamic nature of crop nitrogen uptake and canopy development.
In early stages, high-resolution RGB indices were more effective for nitrogen estimation
due to soil background noise. As the canopy matured, red-edge indices and thermal data
became more reliable, reflecting their sensitivity to physiological and structural changes.

3.3. Principal Component Analysis of Spectral Index

A comprehensive array of the top 10 CIs and VIs with higher correlation with SPAD,
PNA, and NNI was employed in the PCA for calculating the top PCs. The first two principal
components are shown in Figure 13 for analyses of CIs, VIs, and combinations of CIs + TIs,
CIs + VIs, and CIs + TIs + VIs by combining the data of 2021 and 2022. For the PCA of the
CIs (Figure 13a), 95.0% of the data variation was explained by the first two components.
The VARI, GRVI, MGRVI, and H were strongly positively, and a*, ExR, and RGRI were
strongly negatively correlated to PC1, with NDLuv more correlated with PC2 (Figure 13a).
For the PCA of VIs (Figure 13b), the first principal component explained 77.8% of the
variance, while the second principal component explained 12.9% of the variance. The
top two PCs explained 83.2% and 83.1% of the variation in the CIs + TIs and CIs + VIs,
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respectively. For the CIs + TIs (Figure 13c), nearly all CIs were very strongly correlated with
PC1, and the two TIs as well as NDLuv were positively correlated with PC2. For the CIs +
VIs (Figure 13d), NDLab, TCARI, and green leaf index GLI were most strongly correlated
with PC1. These were also the variables relating most strongly to PC1 for the combination
of CIs + TIs + VIs (Figure 13e), where both TIs correlated more with PC2.
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Figure 13. Principal component axes 1 and 2 of the PCA performed on the color indices (CIs),
vegetation indices (VIs), and thermal indices (TIs) by combining 2021 and 2022.

Table 5 shows the number of principal components (PCs) used as inputs for the
XGBoost model (eigenvalue > 1 was retained). The cumulative contribution variance
reached more than 95% for all models.

Table 5. The number of PCs and cumulative contribution variance of PCA as input for the models.

PCA Results CIs VIs CIs + TIs CIs + VIs CIs + TIs + VIs

PCs 4 4 5 6 6
Contribution variance

(%) 98.1 96.0 96.8 97.0 95.2

Note: CIs, TIs, and VIs represent color indices, thermal indices, and vegetation indices, respectively. PCs represents
principal components.
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3.4. Estimation Nitrogen Models of Winter Wheat Using Different Sensors

The XGBoost models for SPAD, PNA, and NNI estimation were validated using the
independent test dataset of 2022 (Table 6). The results of the train dataset can be seen in
Table A3 (Appendix A). There was little difference in the model accuracy of the SPAD
model based on CIs at the pre-heading stage and the post-heading stage. Model accuracy
dropped when data from all growth stages were mixed, especially for NNI (R2 = 0.64
(pre-heading stage), R2 = 0.65 (post-heading stage) and R2 = 0.53 (all stages)). The SPAD
models based on VIs achieved better test results at the post-heading stage (R2 = 0.70,
RMSE = 4.89, NRMSE = 8.8%) compared to the pre-heading stage (R2 = 0.61, RMSE = 5.01,
NRMSE = 10.1%). Similar results were obtained for PNA and NNI. CIs outperformed VIs
in all SPAD, PNA, and NNI estimation models in the pre-heading stage. However, the
models built using VIs achieved higher accuracy in the post-heading stage and all stages
compared to CIs. Models based on CIs explained 66%, 68%, and 64% of the variability
at the pre-heading stage, and 67%, 67%, and 65% in the post-heading stage, of SPAD,
PNA, and NNI, respectively. For the models based on VIs, the results in the post-heading
stage improved compared with the pre-heading stage, with R2 increasing from 0.61 to 0.70
(SPAD), from 0.64 to 0.73 (PNA), and from 0.60 to 0.67 (NNI), respectively. SPAD and NNI
models built by CIs and VIs using separate datasets of pre-heading and post-heading stages
obtained better test results than the combined datasets of both stages. The test results of
PNA in different stages varied.

Table 6. Model test results of nitrogen estimation models of winter wheat.

SPAD PNA (g m−2) NNI

R2 RMSE NRMSE
(%) R2 RMSE NRMSE

(%) R2 RMSE NRMSE
(%)

Pre

CIs 0.66 4.53 9.1% 0.68 3.61 23.5% 0.64 0.16 14.5%
VIs 0.61 5.01 10.1% 0.64 3.87 25.1% 0.60 0.18 16.1%

CIs + TIs 0.69 4.32 8.7% 0.70 3.43 22.3% 0.65 0.16 14.1%
CIs + VIs 0.74 3.32 6.7% 0.78 3.10 20.1% 0.68 0.15 13.2%

CIs + VIs + TIs 0.75 3.29 6.6% 0.81 3.04 19.8% 0.71 0.15 12.9%

Post

CIs 0.67 5.02 9.0% 0.67 5.77 22.6% 0.65 0.15 14.4%
VIs 0.70 4.89 8.8% 0.73 5.24 20.5% 0.67 0.14 13.5%

CIs + TIs 0.74 4.33 7.8% 0.77 4.61 18.0% 0.70 0.12 11.7%
CIs + VIs 0.77 4.06 7.3% 0.77 4.62 18.1% 0.72 0.12 11.6%

CIs + VIs + TIs 0.79 3.88 6.9% 0.81 4.43 17.3% 0.73 0.11 11.2%

All

CIs 0.56 5.95 11.3% 0.64 5.78 28.7% 0.53 0.23 22.1%
VIs 0.60 5.63 10.7% 0.68 4.93 24.5% 0.57 0.21 20.5%

CIs + TIs 0.65 4.99 9.5% 0.71 4.78 23.7% 0.61 0.19 17.8%
CIs + VIs 0.71 4.42 8.4% 0.80 3.65 18.1% 0.66 0.18 16.9%

CIs + VIs + TIs 0.71 4.31 8.2% 0.79 3.79 18.8% 0.64 0.18 17.2%
Note: PNA and NNI represent plant nitrogen accumulation and nitrogen nutrient index, respectively. CIs, TIs,
and VIs represent color indices, thermal indices, and vegetation indices, respectively.

Models built with both CIs and VIs markedly improved the model performance
compared to their respective single-sensor models. Adding TIs to the CIs also improved the
models’ performance throughout, but the models were not as good as the CIs + VIs-based
models. Finally, the models combining information from the three sensors (CIs + VIs + TIs)
obtained the best results in all models at the pre-heading stage and post-heading stage for
all three variables, and when all stages were combined for SPAD models. CI + VI-based
model performance exceeded that of CI + VI + TI-based models for PNA and NNI when
both growth stages were considered, although the differences between them were small.
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As can be observed in Figure 14, the predicted values of the five schemes were in
good linear correlation with the measured values of SPAD, PNA, and NNI. The results
indicated that the XGBoost algorithm significantly (p < 0.01) predicted winter wheat SPAD,
PNA, and NNI under different N treatments. However, it can also be seen that the models
typically overestimated at low values and underestimated at high values, especially in the
pre-heading stage and all stages of SPAD and NNI.
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The model for predicting all growth stages of NNI using the XGBoost algorithm by
combining data from RGB, multispectral, and thermal sensors is shown in Figure 15. The
N fertilizer stress on winter wheat varies at different growth stages. It is consistent with the
differences in NNI thresholds at different growth stages in Figure 9.
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4. Discussion
4.1. Assessement of Wheat Nitrogen Using UAV-Based Sensors: Monitoring Nitrogen Dilution
and Growth Stage Variability

Remote sensing data derived from UAV multispectral, RGB, and thermal sensors
provide valuable information about plant N content and distribution. The concept of
plant nitrogen dilution, typically observed during rapid growth phases, can be monitored
through changes in the spectral reflectance characteristics, especially in the red-edge and
near-infrared regions, which are closely linked to chlorophyll content and plant physi-
ological processes. As plants enter reproductive stages, the distribution of dry matter
and N transport often leads to a decrease in N concentration, which can be detected
through remote sensing techniques [10,63]. In this study, the results from 2021 (R2 = 0.90,
NRMSE = 10.6%) and 2022 (R2 = 0.84, NRMSE = 10.0%) confirmed the regional applicability
of the PNCc curve for diagnosing winter wheat N status and demonstrated the stability
of N concentration and AGB across growth seasons [64,65]. By incorporating nitrogen
dilution curves, we identified spectral indices that account for both chlorophyll content and
biomass accumulation, providing a mechanistic basis for feature selection. Furthermore,
the use of PCA revealed that the dominant spectral indices shifted from RGB-derived
indices in early stages to red-edge and thermal indices in later stages, aligning with changes
in nitrogen demand and canopy structure. Furthermore, NNI thresholds varied at different
growth stages (Figure 9); however, NNI below thresholds does not necessarily indicate N
deficiency, as factors such as drought stress [66] and the interaction of phosphorus and
potassium [67,68] can also influence soil N availability and the plants’ N translocation.

The observed tendency of the models to overestimate or underestimate N indicators
can be attributed to stage-specific and sensor-related factors (Figure 14). During early
growth stages, sparse vegetation increases the influence of soil background reflectance,
leading to overestimated nitrogen levels. Conversely, in late growth stages, dense canopy
conditions often result in the saturation of spectral indices, causing underestimation of
nitrogen levels. To address these biases, several strategies are recommended. Firstly,
soil-adjusted indices and high-resolution RGB data can be utilized to minimize soil interfer-
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ence during early growth stages, particularly in sparsely vegetated conditions. Secondly,
nonlinear regression methods and ensemble models offer promising solutions to handle
saturation effects in dense canopies, enhancing the accuracy of nitrogen predictions. Finally,
the integration of additional environmental variables, such as soil and weather data, can
provide complementary information to improve model robustness.

4.2. Performance of the UAV Multiple Sensors in Estimating Wheat N Status During Different
Growth Stages

The CI, VI, and TI data were extracted from RGB, multispectral, and thermal images
captured using a UAV platform. During the pre-heading stage, CI-based models outper-
formed VI-based models in diagnosing winter wheat N status, likely due to their heightened
sensitivity to color changes indicating early-stage crop nitrogen deficiencies [69,70]. For
instance, CIs such as ExG and ExGR achieved higher correlations with SPAD and PNA
compared to VIs. Meanwhile, the higher resolution of RGB images may make a greater
contribution to removing soil noise than multispectral images when estimating winter
wheat N status [16]. However, the accuracy of CI-based models tends to decrease noticeably
at the post-heading stage, reflecting their greater sensitivity to crop growth parameters
before canopy closure [32]. At post-heading stage, as crop canopies close and biomass
accumulates, VIs derived from multispectral sensors become more effective. Jiang et al.
(2020) noted similar findings in their UAV multispectral monitoring of winter wheat NNI,
achieving higher model accuracy in late growth stages (R2 = 0.71–0.81) compared to early
growth stages (R2 = 0.48–0.52) [57]. This divergence can be attributed to sparse vegetation
during early growth stages, where spectral reflectance is notably influenced by bare soil
surfaces [71]. The phenotypic observations collected from multispectral imaging display
a hysteresis, detecting variations in crop canopy structure more effectively during later
growth stages. This pattern is consistent with prior studies encompassing leaf area index
and leaf dry matter [72]. In addition, thermal data demonstrated its greatest contribution
during the late growth. Compared to using only CIs, the enhancement derived from com-
bining CIs and TIs was more pronounced during the post-heading stage, indicating that
this characteristic was more likely to be observed at the later stages of crop growth [12].
The contribution of thermal data is more pronounced during the post-heading stage when
nitrogen demand is high, and physiological responses to N stress are more noticeable.

It is evident that SPAD estimation models (NRMSE = 6.6%–11.3%) performed better
than PNA (NRMSE = 17.3%–28.7%) and NNI (NRMSE = 11.2%–22.1%). This is likely
because SPAD measurements are based on remote sensing (absorption and transmittance
in the red and near-infrared spectra), which align closely with UAV-based data. Conversely,
PNA and NNI reflect overall N leaf levels, with only about 1.7% and 19% of total N allocated
to chlorophyll and the light-harvesting complex, respectively [69].

The synergy of UAV multi-sensors has been instrumental in improving crop growth
status estimation results. We found that the combination of CIs and VIs markedly enhanced
model performance compared to models utilizing either CIs or VIs across all growth
stages. CIs capture fine-scale color variations, which are most indicative of early-stage
N deficiencies. VIs provide insights into chlorophyll content and biomass accumulation,
which are crucial during later growth stages. TIs detect temperature variations, which
reflect N status beyond optical measurements. By combining these indices, the models
leverage high-resolution spatial data (RGB), robust spectral information (multispectral),
and physiological metrics (thermal), resulting in improved N prediction accuracy across all
growth stages.
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4.3. Contribution of Thermal Data to Nitrogen Diagnosis of Winter Wheat

In our study, most models demonstrated optimal outcomes when TIs were incorpo-
rated into CI + VI configurations, although the net effect was relatively limited. Pei et al.
found that different N application rates had a significant impact on wheat canopy tem-
perature [73]. This was also observed in a recent study involving winter wheat N content
models that integrated RGB, multispectral, and thermal features [20]. Thermal sensors
offer complementary information by capturing canopy temperature, which is closely linked
to plant physiological responses to N application [74]. This contribution is distinct from
CIs and VIs, which primarily focus on chlorophyll content and biomass. The observed
benefits can be attributed to three key factors. Firstly, increased N application enhances
photosynthesis and stomatal conductance, leading to higher transpiration rates, which cool
the plant canopy. Thermal sensors capture this cooling effect and detect changes in water
stress and transpiration, providing an indirect yet sensitive indicator of plant health and N
status [14,75]. Secondly, insufficient N application results in reduced growth, poor tillering,
and increased susceptibility to water stress, which collectively raise canopy temperatures.
Thermal sensors can directly capture these stress indicators, offering information not re-
flected in optical data [13,76]. Lastly, thermal data enhance the overall diagnostic capability
of models by adding a layer of information on water stress and physiological conditions,
which is absent in CIs and VIs. PCA (Figure 13) shows that thermal information is distinct
and not fully represented by CIs or VIs, indicating that thermal sensors play a unique and
complementary role in N status assessment compared to RGB and multispectral sensors.

4.4. Evaluation and Limitations of Winter Wheat Nitrogen Estimation Models

Despite the fact that we have used an independent test dataset, the performance of
the machine learning model compares relatively favorably to other studies. Jiang et al. [57]
using a fixed-wing drone, achieved R2 values of 0.82–0.87 and RMSE of 0.11–0.12 for NNI,
and R2 values of 0.83–0.84 and RMSE of 1.3–1.7 g m−2 for PNA. However, their model
incorporated multispectral remote sensing, meteorological parameters, and field manage-
ment variables, thereby introducing experimental complexity. Liu et al. [77] identified an
index ’G–B’ based on UAV RGB images as a robust vegetation index for SPAD prediction
(RMSE = 2.71, NRMSE = 6.5%), but their study lacked a truly independent test set. Al-
though existing studies indicate challenges in developing generalized models adaptable to
various growth stages due to differing optimal predictors across stages, this study adopted
a holistic approach that encompassed diverse growth stages. By defining pre-heading
and post-heading stages based on winter wheat’s vegetative and reproductive growth
phases in this study, it was not necessary to use stage-specific models in subsequent tests.
Remarkably, the models produced commendable performance across different growth
stages, indicating the potential of the ensemble method for evaluating winter wheat N
nitrogen status using UAV remote sensing in future growing seasons.

Nonetheless, this study presents some limitations. This study refrained from conduct-
ing an exhaustive comparison of accuracy across various machine learning algorithms,
although previous research supports XGBoost’s superior performance in monitoring crop
growth [78,79] and predicting yields [80]. This is attributed to its fusion of decision trees
and optimized hyperparameter selection [63]. The diverse N-fertilization treatments ap-
plied to winter wheat were designed to simulate real-world scenarios, resulting in varying
N nutrition statuses and providing a broad dataset for model training and testing. One
limitation of this study is the possible biases introduced by the specific years (2021 and
2022) and field conditions in which the experiments were conducted. The weather patterns,
soil characteristics, and other environmental factors across these years may have influenced
the results, particularly the stability of winter wheat PNC and AGB. This may limit the gen-
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eralizability of the findings to other years or conditions, as crop responses to N fertilization
can vary significantly with different climatic and soil conditions. Another consideration is
the scalability of this approach to different crops or geographic locations. While the UAV
remote sensing technology and the PNCc curve proved effective for winter wheat in the
studied region, the applicability of this method to other crops or regions with different en-
vironmental conditions remains uncertain. For instance, crops with varying growth habits,
N use efficiency, or canopy structures may require adjustments to the monitoring protocols
or the development of crop-specific PNCc curves. Furthermore, the practical application
of this approach at a larger scale presents additional challenges. Although UAVs offer a
flexible and relatively accessible means of monitoring crop N status, the integration of more
complex instrumentation, such as hyperspectral sensors or LiDAR, could enhance model
accuracy. However, these technologies may introduce cost and operational complexities,
potentially limiting their widespread adoption in large-scale farming. The potential of
using alternative devices, such as satellite-based sensors or ground-based platforms, could
also be explored to overcome these limitations, offering different alternatives between
resolution, cost, and ease of deployment. This study did not engage in N application
decision-making. To attain comprehensive validation, it is imperative to extend the scope
of investigation by incorporating data spanning multiple years or diverse geographical
areas in subsequent research.

5. Conclusions
This study demonstrates the effectiveness of UAV-based remote sensing in monitoring

the N status of winter wheat across different growth stages using multi-sensor models. The
results indicated that CIs of ExGR, H, and NDLab showed stronger correlations with SPAD,
PNA, and NNI in the early growth stages. Conversely, VIs of GNDVI, NDRE, and NDVI,
alongside two temperature indices (△T and CWSI), demonstrated superior performance
in the late growth stages. Model performance varied significantly across growth stages,
with CI-based models exceling during pre-heading, while VI-based models were superior
during post-heading and overall. The addition of TIs to CIs notably enhanced model
accuracy post-heading compared to CIs alone, with R2 increasing from 0.67 to 0.74 (SPAD),
from 0.67 to 0.77 (PNA), and from 0.65 to 0.70 (NNI). Furthermore, the combination of CIs
and VIs consistently improved predictive accuracy across pre-heading, post-heading, and
all stages. It is noteworthy that models encompassing the combined data from all three
sensors consistently exhibited the highest levels of accuracy, except for PNA and NNI at all
stages, where CI + VI-based models delivered superior performance. This study provides a
dependable framework for leveraging UAV-based remote sensing techniques to improve
data fusion and model performance, contributing to advancements in precision monitoring
and modeling of crop conditions.
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Appendix A

Table A1. Overview of the color indices (CIs—indices derived from RGB data) used in this study.

CIs Name Formula

red Normalized R red = R/(R + G + B)
green Normalized G green = G/(R + G + B)
blue Normalized B blue = B/(R + G + B)
ExG Excess green index ExG = 2 × g−r−b
ExR Excess red index ExR = 1.4 × r−g

ExGR Excess green minus excess red index ExGR = 3 × g−2.4 × r−b
VARI Visible atmospherically resistance index VARI = (g− r)/(g + r− b)
GLA Green leaf algorithm GLA = (2 × g− r + b)/(2 × g + r + b)
GLI Green leaf index GLI = (2 × g−r− b)/(2 × g + r + b)

RGRI Red green ratio index RGRI = r/g
GRVI Green–red vegetation index GRVI = (g− r)/(g + r)
NDYI Normalized difference yellowness index NDYI = (g− b)/(g + b)

MGRVI Modified green–red vegetation index MGRVI = (g2 −r2)/(g2 + r2)
RGBVI Red–green–blue vegetation index RGBVI = (g2− b × r)/(g2 +b × r)

H Hue

H = 60◦ × (g−b)/(Cmax −Cmin) if Cmax= r;
H = 60◦ × (b− r)/(Cmax−Cmin) + 120 if Cmax= g;
H = 60◦ × (r− g)/(Cmax−Cmin) + 240 if Cmax= b;

(Cmax= max(r, g, b), Cmin= min(r, g, b))
S Saturation S = (Cmax−Cmin)/Cmax
V Value V =Cmax
I Intensity I = (Cmax + Cmin)/2

L* Lightness
L∗= 116 (Y/ Y0)1/3−16 if Y/Y0> 0.008856;

L∗= 903.3(Y/Y0) otherwise(
Y = 0.213r + 0.751g + 0.072b, Y0= 100)

a* Green–Red component
a∗= 500×

[
(X/ X0)1/3 − (Y/ Y0)1/3

]
(
X = 0.421r + 0.358g + 0.180b,X0= 95.047)

b* Blue–Yellow component
b∗= 200×

[
(Y/Y0)1/3 − (Z/ Z0)1/3

]
(
Z = 0.019r + 0.119g + 0.950b, Z0= 108.883)

ab − ab = a∗ × b∗

NDLab Normalized difference CIELab index NDLab = (1 − a∗ − b∗)/(1 − a∗ + b∗) + 1
u* Green–Red component u∗= 13L[4X/(X + 15Y + 3Z)]− 4X0/(X0+15Y0+3Z0

)
v* Blue–Yellow component v∗= 13L[9X/(X + 15Y + 3Z)]− 9Y0/(X0+15Y0+3Z0

)
uv − uv = u∗ × v∗

NDLuv Normalized difference CIELuv index NDLuv = (1 − u∗ − v∗)/(1 − u∗ + v∗) + 1
Note: R, G, and B represent the average digital number values for each plot obtained from the RGB images, with
values ranging from 0 to 255.
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Table A2. Overview of the vegetation indices (VIs—indices derived from multispectral data) used in
this study.

VIs Name Formula

RVI Ratio vegetation index RVI = NIR/R
NDVI Normalized difference vegetation index NDVI = (NIR − R)/(NIR + R)
NDRE Normalized difference red-edge index NDRE = (NIR − RE)/(NIR + RE)

EVI Enhanced vegetation index EVI = 2.5 × (NIR − R)/(NIR + 6R − 7.5B + 1)
OSAVI Optimized soil adjusted vegetation index OSAVI = 1.16 × (NIR − R)/(NIR + R + 0.16)

DVI Difference vegetation index DVI = NIR − R

MCARI Modified chlorophyll absorption in reflectance
index MCARI = [(RE − R)− 0.2 × (RE − G)]× (RE/R)

TCARI Transformed chlorophyll absorption in
reflectance index TCARI = 3 × [(RE − R)− 0.2 × (RE − G)× (RE/R)]

GNDVI Green normalized difference vegetation index GNDVI = (NIR − G)/(NIR + G)
CIRE Red-edge chlorophyll index CIRE = NIR/RE − 1
EVI2 Enhanced vegetation index EVI2 = 2.5 × (NIR − R)/(NIR + 2.4R + 1)

GOSAVI Green optimal soil adjusted vegetation index GOSAVI = 1.16 × (NIR − G)/(NIR + G + 0.16)
MSR Modified simple ratio index MSR = (NIR/R − 1)/(NIR/R + 1)0.5

SAVI Soil adjusted vegetation index SAVI = 1.5 × (NIR − R)/(NIR + R + 0.5)
SIPI Structure insensitive pigment index SIPI = (NIR − B)/(NIR − R)

RERVI Red-edge vegetation index RERVI = NIR/RE
NDREI Normalized difference red-edge index NDREI = (RE − G)/(RE + G)

GCI Green chlorophyll index GCI = NIR/G − 1
Note: R, G, B, NIR, and RE represent the reflectance values of wheat in the red, green, blue, near-infrared, and
red-edge bands, captured by the multispectral camera.

Table A3. Model training results of nitrogen indicator models in different growth stages.

Growth
Stages

SPAD PNA (g m−2) NNI

R2 RMSE NRMSE
(%) R2 RMSE NRMSE

(%) R2 RMSE NRMSE
(%)

Pre

CIs 0.69 4.01 8.5 0.71 2.34 18.0 0.69 0.14 14.0
VIs 0.68 4.15 8.8 0.68 2.51 19.3 0.72 0.13 13.0

CIs + TIs 0.74 3.44 7.3 0.75 1.99 15.3 0.76 0.11 11.1
CIs + VIs 0.78 3.07 6.5 0.76 1.92 14.7 0.80 0.10 9.7

CIs + TIs + VIs 0.78 3.01 6.4 0.77 1.82 14.0 0.82 0.09 9.1

Post

CIs 0.74 4.03 7.4 0.76 3.01 13.5 0.67 0.15 16.0
VIs 0.77 3.66 6.7 0.81 2.53 11.3 0.72 0.13 13.4

CIs + TIs 0.79 3.41 6.3 0.81 2.25 10.1 0.75 0.11 11.7
CIs + VIs 0.80 3.23 5.9 0.86 1.95 8.7 0.76 0.10 11.1

CIs + TIs + VIs 0.81 3.04 5.6 0.86 1.89 8.5 0.80 0.09 9.6

All

CIs 0.66 4.63 9.1 0.71 3.35 19.6 0.63 0.17 17.0
VIs 0.71 4.14 8.1 0.73 3.21 18.8 0.69 0.16 15.7

CIs + TIs 0.81 3.52 6.9 0.8 2.66 15.6 0.73 0.13 13.2
CIs + VIs 0.84 3.09 6.1 0.82 2.34 13.7 0.75 0.12 12.2

CIs + VIs + TIs 0.84 3.12 6.1 0.83 2.21 12.9 0.75 0.13 12.5
Note: PNA and NNI represent plant nitrogen accumulation and nitrogen nutrient index, respectively. Pre, post,
and all represent pre-heading stage, post-heading stage, and all growth stages, respectively. CIs, TIs, and VIs
represent color indices, thermal indices, and vegetation indices, respectively.
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Figure A2. The PNA (g m −2) map of winter wheat based on the all−stage estimation model using 
CIs, VIs, and TIs. 
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