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Abstract

Leaf nitrogen content (LNC) is an important physiological indicator for evaluating citrus
nutritional status, photosynthetic capacity, and fertilization demand. However, conven-
tional LNC determination mainly relies on field sampling and laboratory chemical analysis,
which are destructive, time-consuming, labor-intensive, and limited in spatial continu-
ity, making them unsuitable for large-scale real-time nitrogen monitoring in complex
orchard environments. To achieve rapid and non-destructive estimation of citrus LNC,
this study developed a UAV multispectral inversion framework integrating object-based
canopy extraction and machine learning models. Field experiments were conducted in
a citrus orchard in western Hubei Province, China. Multi-temporal UAV multispectral
images were collected from April to October 2025, and ground measurements of citrus
LNC were collected simultaneously. First, minimum distance classification (MDC), maxi-
mum likelihood classification (MLC), and object-based image analysis (OBIA) were used
for land-cover classification of citrus orchard images, and their canopy extraction per-
formance under complex orchard backgrounds was compared. Subsequently, multiple
vegetation indices were calculated from the extracted citrus canopy spectra, and sensitive
spectral features were selected through correlation analysis. Finally, seven models, includ-
ing simple linear regression, quadratic regression, partial least squares regression (PLS),
back propagation neural network (BP), extreme learning machine (ELM), particle swarm
optimization-extreme learning machine (PSO-ELM), and particle swarm optimization-back
propagation neural network (PSO-BP), were constructed to systematically evaluate the
inversion performance of citrus LNC across the entire growth period. The results showed
that: (1) OBIA achieved higher classification accuracy and temporal stability in citrus
orchard land-cover classification, with overall accuracy ranging from 68.86% to 85.65% and
Kappa coefficients ranging from 0.56 to 0.72, outperforming MDC and MLC. This indicates
that OBIA can effectively reduce the interference of bare soil, grass, shadows, and other
non-target objects on canopy spectral extraction. (2) The correlations between vegetation in-
dices and LNC varied markedly among different growth stages, suggesting that the spectral
response of citrus LNC has strong phenological dependence and that a single vegetation
index is insufficient to stably characterize LNC variation across the whole growth period.
(3) At the whole-growth-period scale, multi-index fusion models outperformed single-index
models, among which EVI, TVI, and MTVI showed relatively strong cross-stage sensitivity.
(4) Optimized machine learning models generally outperformed traditional regression
models and unoptimized machine learning models. Among them, PSO-BP achieved the
best performance, with a validation R2 of 0.68 and an RMSE of 1.54 g kg−1, representing
an increase in R2 of 23.64% compared with the PLS model and 25.93% over the baseline
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BP model in terms of R2. Overall, this study demonstrates that OBIA-based canopy spec-
tral quality improvement combined with PSO-optimized machine learning can effectively
improve the stability and reliability of UAV multispectral estimation of citrus LNC under
complex orchard backgrounds. The proposed framework provides technical support for
citrus nitrogen diagnosis, precision fertilization, and intelligent orchard management.

Keywords: citrus; leaf nitrogen; land-cover segmentation; inversion

1. Introduction
Citrus is an important fruit crop with extensive cultivation area, high consumption,

and active international trade, and contributes significantly to agricultural production,
regional economic development, and modern agricultural system development [1,2]. In
China, citrus production is mainly distributed in the hilly and mountainous regions of
southern China. However, limited irrigation conditions, frequent seasonal droughts, and
imbalanced nutrient supply have constrained citrus tree vigor, fruit development, and the
stability of yield and quality [3,4]. Crop physiological and biochemical parameters are
important indicators for characterizing plant growth status and its temporal dynamics,
and they are also core targets in agricultural remote sensing monitoring [5]. Real-time
monitoring of crop physicochemical parameters can effectively identify water and nitrogen
deficiencies as well as growth stress information, thereby providing a basis for precision
agricultural management [6]. Leaf nitrogen content (LNC), as a key physiological indica-
tor reflecting crop nitrogen nutritional status, photosynthetic capacity, and tree growth
condition, is closely associated with crop growth, development, and yield formation [7,8].
Conventional LNC determination mainly relies on field sampling and laboratory chemical
analysis. Although these methods provide high measurement accuracy, they are destruc-
tive, labor-intensive, time-consuming, and difficult to apply to large-scale continuous
monitoring, making them insufficient for the requirements of precision orchard manage-
ment [9]. In recent years, unmanned aerial vehicle (UAV) remote sensing has become an
important tool for rapid crop growth parameter retrieval and nutritional status diagnosis
owing to its high spatial resolution, flexible observation capability, and non-destructive
monitoring advantages [10,11]. Meanwhile, integrating multi-source remote sensing data
with machine learning methods to construct crop physiological parameter retrieval models
can further improve feature extraction from high-dimensional spectral data and enhance
modeling accuracy, providing a new technical pathway for rapid nitrogen monitoring in
orchards [12].

With the development of agricultural production toward intelligent and precision
agriculture, UAV remote sensing has been widely applied in fruit tree growth monitoring,
nutrient diagnosis, pest and disease detection, yield estimation, and variable-rate fertiliza-
tion decision-making [13,14]. Compared with satellite remote sensing and conventional
aerial platforms, UAV platforms have the advantages of relatively low cost, high mobility,
reduced susceptibility to cloud and atmospheric interference, and the ability to acquire
multi-temporal high-resolution observations, thereby better meeting the requirements of
fine-scale orchard monitoring [15]. In practical applications, deriving vegetation indices
from UAV multispectral imagery is a commonly used approach for retrieving physiologi-
cal parameters such as crop nitrogen status, chlorophyll content, and biomass. Previous
studies have shown that vegetation indices can enhance the relationship between physi-
ological parameters and specific spectral bands, while reducing the influence of external
factors such as soil background, illumination conditions, and viewing geometry on spectral
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information [16,17]. At present, researchers have used UAV multispectral imagery and
machine learning algorithms to estimate nitrogen or chlorophyll content in fruit trees such
as grapevine, citrus, and pear, demonstrating the potential of UAV remote sensing for fruit
tree nutrient monitoring [18]. Nevertheless, existing studies still face several challenges.
For example, reported coefficients of determination (R2) for UAV multispectral-based LNC
estimation in fruit trees generally range from approximately 0.60 to 0.85 depending on crop
species, growth stage, and spectral features, while model performance often declines under
heterogeneous orchard backgrounds due to canopy-background spectral mixing [19,20]. In
addition, most existing studies focus on optimizing spectral features or machine learning
algorithms individually, whereas relatively few have systematically integrated canopy
extraction, spectral feature optimization, and model construction into a unified workflow,
leading to challenges such as complex data processing procedures, limited model general-
ization ability, and reduced accuracy of canopy spectral extraction under heterogeneous
orchard backgrounds.

In high-resolution UAV imagery, the accuracy of land-cover classification and canopy
extraction directly affects subsequent spectral feature extraction and retrieval of physiologi-
cal parameters. Traditional remote sensing image classification methods, such as Minimum
Distance Classification, Mahalanobis Distance Classification, and Maximum Likelihood
Classification, mainly rely on pixel-level spectral information for discrimination [21]. How-
ever, UAV imagery generally has high spatial resolution, where a single land-cover object
is usually represented by multiple pixels, and intra-class spectral variability and spatial
structural complexity are enhanced. This may lead to “spectral variability within the same
class” and “spectral similarity between different classes” phenomena, resulting in spec-
tral confusion, object occlusion, shadow effects, and salt-and-pepper noise [22]. Previous
studies have shown that object-based methods can comprehensively utilize spectral, shape,
texture, and spatial structural features, and generally achieve higher classification accuracy
and better classification stability than traditional pixel-based methods [23–25]. The essence
of UAV remote sensing image extraction lies in selecting appropriate classification methods
to identify and classify image pixels or target objects [26]. Therefore, in the preprocessing
of UAV remote sensing imagery for citrus orchards, improving land-cover classification
accuracy, effectively removing non-target background information, and optimizing canopy
spectral information quality are key prerequisites for accurate inversion of citrus LNC.

Multispectral remote sensing inversion of LNC has been widely conducted in an-
nual crops such as rice, wheat, maize, and potato, and has gradually developed toward
quantitative and refined monitoring [27]. Studies have shown that the sensitive vegetation
indices corresponding to crop LNC differ among growth stages, and multi-index modeling
generally improves estimation accuracy and robustness [28]. Compared with annual crops,
perennial woody fruit trees such as citrus have more complex canopy structures, multiple
layers of branches and leaves, greater individual tree variability, and continuous nitrogen
transport and redistribution among roots, trunks, branches, leaves, and fruits. As a result,
the relationship between citrus LNC and canopy reflectance is more susceptible to pheno-
logical stage, tree structure, and orchard background conditions [29–31]. At present, studies
on remote sensing inversion of citrus leaf nitrogen are still mainly focused on the detached
leaf, single-leaf, or single-growth-stage canopy scale, while research on multi-temporal
citrus canopy spectral extraction and LNC inversion under complex orchard backgrounds
remains relatively limited [32,33]. Compared with previous studies that mainly focus on
vegetation index optimization or machine learning model improvement, relatively few
studies have explicitly considered the impact of canopy extraction quality on subsequent
LNC inversion under heterogeneous orchard environments. To address this limitation, this
study integrates canopy extraction, spectral feature construction, and machine learning
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modeling into a unified UAV multispectral inversion framework for citrus LNC estimation.
This framework enables a systematic evaluation of how canopy spectral quality improve-
ment influences inversion performance across different growth stages. In addition, unlike
most existing studies conducted at single growth stages or limited temporal scales, this
study performs multi-temporal analysis across the whole citrus growth period, providing a
more comprehensive understanding of phenological effects on spectral–nitrogen relation-
ships. This is particularly important in complex orchard environments where bare soil,
grass, plastic mulch film, shadows, and field facilities can introduce significant spectral
contamination, thereby affecting the reliability of canopy-based nitrogen inversion.

Based on these considerations, this study uses UAV multispectral imagery of a cit-
rus orchard and measured LNC data to investigate canopy spectral extraction and LNC
inversion under complex orchard backgrounds. First, minimum distance classification,
maximum likelihood classification, and object-based image analysis are applied to classify
UAV imagery of the citrus orchard, and the applicability of different classification methods
for identifying citrus canopies, bare soil, grass, and other land-cover types is compared.
Second, citrus canopy multispectral information is extracted based on the classification
results with relatively higher accuracy, and multiple vegetation indices are calculated to
analyze the relationships between vegetation indices and LNC across different growth
stages. Finally, univariate regression, partial least squares regression, and machine learning
inversion models are constructed and compared to evaluate the application potential of
UAV multispectral data based on object-based canopy extraction for citrus LNC inversion.

This study aims to establish a UAV multispectral monitoring workflow for complex
orchard backgrounds, including land-cover classification, canopy extraction, spectral fea-
ture selection, and LNC inversion, and to clarify the role of object-based image analysis
in improving citrus canopy spectral information quality and LNC inversion stability. The
results are expected to provide technical support for rapid nitrogen nutritional diagnosis,
precision fertilization, and intelligent orchard management in citrus orchards, and to pro-
vide a reference for UAV remote sensing inversion of physiological parameters in perennial
fruit trees under complex background conditions.

2. Materials and Methods
2.1. Overview of the Study Area

The experiment was conducted in 2025 at the Smart Irrigation Experimental Sta-
tion of China Three Gorges University, located in Xiling District, Yichang City, Hubei
Province, China (30◦41′ N, 110◦20′ E; altitude: 343 m). The study area is characterized
by a mid-latitude subtropical continental monsoon climate. The groundwater table in the
experimental area is deeper than 25 m; therefore, its influence on soil water movement
and crop physiological responses at the surface is assumed to be negligible. To ensure
consistency in experimental management, all cultivation practices, including pest and
disease control, pruning, and other orchard management measures, were kept consistent
with routine orchard management, except for the irrigation treatments.

The experimental site is located in a typical subtropical monsoon climate zone, with
a multi-year mean air temperature of 17.53 ◦C and an annual mean relative humidity of
74.49%. The orchard soil is classified as brown soil. The occupied area per citrus tree was
12 m2. The basic soil physical properties and fertility characteristics were as follows: soil
bulk density was 1.48 g cm−3; field capacity was 25.7% on a mass water content basis;
available N, P, and K contents were 1.32, 1.84, and 14.54 g kg−1, respectively; soil organic
matter content was 15.6 g kg−1; and soil pH was 5.6. The plant material was 13-year-old
Yichang mandarin trees (Citrus reticulata Blanco), planted at a spacing of 4 m × 3 m, with
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relatively uniform growth conditions. The geographical location of the study area is shown
in Figure 1.
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Figure 1. Study Area Location.

2.2. Experiment Design and Ground Data Collection

Four irrigation treatments were established in this experiment, including full irrigation
(W1: 80–90% of field capacity), mild water deficit (W2: 70–80%), moderate water deficit (W3:
60–70%), and severe water deficit (W4: 50–60%), to represent different soil water conditions
affecting citrus growth. In addition, two nitrogen application levels were established,
including a low nitrogen treatment (N1: 150 kg ha−1) and a high nitrogen treatment (N2:
300 kg ha−1) [34,35]. The experimental design combining irrigation and nitrogen treatments
is presented in Table 1. Urea (46% N), monopotassium phosphate (52% P2O5 and 34% K2O),
and potassium sulfate (50% K2O) were used as fertilizer sources. Based on previous studies
and local high-yield orchard management practices, phosphorus fertilizer was applied once
as a basal fertilizer before bud emergence. Nitrogen fertilizer was applied in four splits,
accounting for 50% as basal fertilizer, 15% during the budding and flowering stage, 15%
during the young fruit stage, and 20% during the fruit expansion stage. Potassium fertilizer
was applied in two splits, with 33.4% as basal fertilizer and the remaining 66.6% during
the fruit expansion stage. Each irrigation–nitrogen treatment combination was replicated
three times to ensure the representativeness and statistical reliability of the experimental
data. Irrigation was applied using a surface drip irrigation system. Drippers were installed
0.4 m away from the tree trunk in the east, south, west, and north directions, respectively.
The discharge rate of each dripper was 2 L h−1, and the operating pressure of the system
was maintained at 0.1 MPa. Irrigation volume was precisely controlled using a water
meter. Except for the irrigation and nitrogen treatments, all other cultivation practices,
including pest and disease control, pruning, and routine orchard management, were carried
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out according to local standard orchard management practices to ensure consistency and
reproducibility of the experimental conditions.

Table 1. Statistics of the Citrus Leaf Nitrogen Content Dataset.

Date Samples Maximum
(g kg−1)

Minimum
(g kg−1)

Average
(g kg−1)

Standard Deviation
(g kg−1)

Variation
Coefficient (%)

04-08 18 37.62 25.17 28.58 3.55 12.42
04-15 18 36.95 25.08 29.02 3.30 11.38
05-10 18 31.49 22.14 27.28 2.52 9.25
05-19 18 29.92 24.14 26.71 1.91 7.15
05-29 18 30.43 22.05 26.79 2.21 8.24
06-11 18 29.91 21.58 26.52 2.17 8.17
07-03 18 29.42 20.65 25.29 2.40 9.49
07-14 18 26.80 21.44 24.26 1.52 6.28
07-30 18 33.05 21.36 26.33 2.97 11.28
08-18 18 28.74 22.41 24.70 1.95 7.88
09-21 18 28.83 21.81 25.80 2.23 8.65
10-27 18 27.48 21.17 23.74 1.89 7.94

To ensure data independence and avoid potential data leakage, a tree-level sampling
strategy was adopted in this study. A total of 27 citrus trees were initially selected, and
18 trees were randomly chosen for model development. For each selected tree, three repli-
cate measurements were collected to ensure sampling robustness. Among these replicates,
two were used for model calibration and validation, while the remaining replicate was
reserved exclusively for independent checking and was not involved in any stage of model
training or performance evaluation. This strategy ensured that samples from the same
tree were not simultaneously included in both training and validation sets, thereby main-
taining strict independence between datasets. During each sampling campaign, mature
leaves were systematically collected from the outer canopy in the east, west, south, and
north directions. A total of 12 leaves were collected from each tree to ensure sample rep-
resentativeness. Ground measurements were conducted from 8 April to 27 October 2025,
at intervals of 17–20 days. All measurements were carried out under clear-sky natural
illumination conditions between 10:00 and 12:00 local time. Each ground sampling cam-
paign was conducted synchronously with UAV multispectral image acquisition to ensure
spatial and temporal matching between ground observations and remote sensing data.
After outlier removal, a total of 216 valid ground-based LNC observations were obtained
throughout the experimental period. Leaf samples collected for laboratory analysis were
first washed sequentially with tap water and distilled water to remove surface contami-
nants. The samples were then enzyme deactivated at 105 ◦C for 30 min and subsequently
oven-dried at 80 ◦C until constant weight was achieved. The dried leaf samples were
ground and passed through a 0.45 mm sieve to obtain uniform powder samples for chem-
ical analysis. Leaf nitrogen content (LNC) was determined using the Kjeldahl digestion
method, and quantified using a Smartchem 450 automated discrete analyzer (AMS Alliance,
Rome, Italy).

2.3. UAV Multispectral Data Acquisition and Processing

Spectral data were acquired using a DJI Phantom 4 Multispectral (P4M) UAV (SZ DJI
Technology Co., Ltd., Shenzhen, China). The multispectral imaging system mounted on the
UAV consists of one RGB sensor and five monochrome narrowband sensors, with detailed
parameters listed in Table 2. To ensure the quality of spectral data, several pre-flight tests
were conducted before formal image acquisition to optimize the flight parameter settings.
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The final flight scheme was determined as follows: both forward and side overlaps were
set to 80%, the flight altitude was 29 m, corresponding to a ground sampling distance of
1.6 cm, and the flight mode combined waypoint navigation with nadir image acquisition
along the main flight route. The main UAV flight parameters are shown in Table 3.

Table 2. Main Specifications of the DJI P4M.

Parameter Parameter Value

Take-off weight 1487 g
Diagonal axis distance (without paddles) 350 mm
Maximum Flight Altitude 6000 m
Maximum Ascent Speed 6 m/s (autonomous flight); 5 m/s (manual control)
Maximum Horizontal Flight Speed 50 km/h (Positioning Mode); 58 km/h (Attitude Mode)

Imaging Sensor Six 1/2.9′′ CMOS sensors, including one color sensor for visible imaging
and five monochrome sensors for multispectral imaging

Resolution Effective pixels per sensor: 2.08 million (total pixels: 2.12 million)
Maximum Photo Resolution 1600 × 1300 (aspect ratio 4:3.25)

Optical Filters

Blue (B): 450 nm ± 16 nm;
Green (G): 560 nm ± 16 nm;
Red (R): 650 nm ± 16 nm;
Red Edge (RE): 730 nm ± 16 nm;
Near-Infrared (NIR): 840 nm ± 26 nm

Table 3. Primary UAV Flight Parameter Settings.

Parameter Value

Number of Waypoints 91
Flight Speed (m/s) 2.0
Flight Altitude (m) 29

Ground Resolution (cm/pixel) 1.6
Forward and Side Overlap (%) 80.0

Camera Tilt Angle (◦) −90
Main Flight Line Angle (◦) 11

Radiometric calibration was performed using a MAPIR Spectral Reflectance Calibra-
tion Panel (MAPIR, Inc., San Diego, CA, USA), which consists of four diffuse reflectance
panels with different known reflectance values (Figure 2). Before acquiring multispectral
images of the citrus orchard, the calibration panel was horizontally placed on a flat ground
surface. The UAV was then manually controlled to fly to a vertical height approximately
seven times the panel dimension, where calibration panel images were collected.

 

Figure 2. Unmanned aerial vehicle and Calibration panel.
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Under favorable illumination and stable environmental conditions, calibration panel
images were first acquired before each flight for subsequent radiometric correction. To
reduce background interference and improve the accuracy of spectral measurements, sup-
plementary images were collected using a handheld multispectral camera aimed vertically
at the canopy samples under controlled environmental conditions, ensuring that the ex-
tracted reflectance data could accurately represent the spectral characteristics of the leaf
surface. Image stitching, distortion correction, and radiometric calibration were performed
using DJI Terra software V4.3.0, while extraction of the five spectral bands was conducted
using ENVI 5.3.

2.4. Vegetation Index Selection

Crop spectral responses are jointly influenced by species, cultivar characteristics, and
growth stages. Differences in physiological and biochemical properties among crop species
or among phenological stages within the same crop can lead to marked variations in
spectral reflectance across the electromagnetic spectrum. In particular, dynamic changes
in physiological and structural parameters such as leaf nitrogen content, chlorophyll
content, and canopy structure directly affect the absorption and reflection of radiation in
specific spectral regions, including the visible, red-edge, and near-infrared bands, thereby
altering the shape and intensity of canopy spectral reflectance curves [36]. Therefore,
constructing sensitive spectral indicators based on multispectral reflectance characteristics
is an important basis for remote sensing inversion of crop physiological parameters.

The vegetation index (VI) is a spectral indicator constructed by mathematically com-
bining reflectance data from different bands acquired by multispectral or hyperspectral
remote sensing sensors. It can enhance vegetation signals, reduce interference from external
factors such as soil background and illumination conditions, and, characterize vegetation
growth status and physiological traits. Appropriate band combinations are facilitate the
extraction of key biophysical information related to crop growth, nutritional status, biomass
accumulation, and stress responses, thereby providing quantitative support for agricultural
monitoring, crop classification, and physiological parameter inversion. Considering the
close relationships among leaf nitrogen content, chlorophyll synthesis, photosynthesis,
and canopy spectral response, the vegetation indices selected in this study cover spectral
regions closely associated with vegetation nutritional status, including the visible, red-edge,
and near-infrared bands, to enhance the sensitivity of the models to variations in citrus leaf
nitrogen content. Based on previous studies [37–39], several vegetation indices closely re-
lated to crop nitrogen nutrition and canopy spectral response were selected for subsequent
analysis. The names of the indices and their corresponding band combinations are listed in
Table 4.

Table 4. Vegetation spectral indexes and calculation formulas.

Vegetation Index Calculation Formula

(Transformed Chlorophyll Absorbtion Ratio Index,
TCARI) [37] TCARI = (RE − R)− 0.2 × (RE − G)

(Normalized Difference Vegetation Index, NDVI) [37] NDVI = NIR−R
NIR+R

(Enhanced Vegetation Index, EVI) [37] EVI = 2.5×(NIR−R)
NIR+6×R−7.5×B+1

(Difference Vegetation Index, DVI) [37] DVI = NIR − R

(Renormalized Difference Vegetation Index, RDVI) [37] RDVI = NIR−R√
NIR+R
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Table 4. Cont.

Vegetation Index Calculation Formula

(Transformed Vegetation Index, TVI) [37] TVI =
√

NIR−R
NIR+R

(Modified Chlorophyll Absorption in Reflectance Index,
MCARI) [37] MCARI = 3 × ((RE − R)− 0.2 × (RE − G)× RE

R )

(Visible Atmospherically Resistant Index, VARI) [38] VARI = G−R
G+R−B

(Normalized Difference Water Index, NDWI) [38] NDWI = G−NIR
G+NIR

(Normalized Difference Blue Index, BNDVI) [38] BNDVI = 1−(B/ NIR)
1+(B/ NIR)

(Normalized Difference Red-Edge Index, NDRE) [38] NDRE = 1−(RE/ NIR)
1+(RE/ NIR)

(Green Red Vegetation Index, GRVI) [38] GRVI = (G/ NIR)−(R/ NIR)
(G/ NIR)+(R/ NIR)

(Atmospherically Resistant
Vegetation Index, ARVI) [38] ARVI = NIR−(2×R−B)

NIR+(2×R−B)

(Leaf Chlorophyll Vegetation Index, LCVI) [39] LCVI = 1−(RE/ NIR)
1+(RE/ NIR)

(Modified Triangular Plantation Index, MTVI) [39]

MTVI

= 1.5 × (1.2 × (NIR − G)

−2.5 × (R − G))

×
√
((2 × NIR + 1) 2 −

(
6 × NIR − 5 ×

√
R
)
)−0.5)

2.5. Land-Cover Classification of Citrus Orchard Remote Sensing Images

Because different land-cover types may exhibit spectral similarity in the visible and
multispectral bands, and because citrus canopies are spatially discontinuous, directly
extracting canopy spectral information from original images may be affected by non-target
background objects. This may further influence subsequent vegetation index calculation
and the accuracy of leaf nitrogen content inversion. Therefore, land-cover classification
was first conducted on citrus orchard remote sensing images, and citrus canopy regions
were then extracted for subsequent spectral feature analysis.

Based on visual interpretation of the true-color orthophotos of the citrus orchard,
training samples for different land-cover types were established using the Regions of
Interest (ROI) function in ENVI software. According to the actual land-cover characteristics
of the study area, the image objects were classified into four categories: citrus canopy, grass,
bare soil, and other objects. The “other objects” category mainly included ground cloth,
roads, field data acquisition equipment, and other non-vegetation or non-target objects. To
ensure the representativeness of training samples, ROI samples were uniformly selected
from different land-cover distribution areas, with approximately 30 ROIs established
for each class. The class attributes of the samples were determined through manual
visual interpretation.

To compare the applicability of different classification methods under complex orchard
backgrounds, minimum distance classification (MDC), maximum likelihood classification
(MLC), and object-based image analysis (OBIA) were applied to classify UAV images of the
citrus orchard. MDC is a supervised classification method based on the distance between
the spectral mean vectors of different classes. It calculates the distance between each pixel
to be classified and the mean vector of each training class, and assigns the pixel to the class
with the minimum distance [40]. This method is simple in principle and computationally
efficient, but it is sensitive to intra-class spectral variability and land-cover mixing. MLC is

https://doi.org/10.3390/agriculture16151570

https://doi.org/10.3390/agriculture16151570


Agriculture 2026, 16, 1570 10 of 33

based on the mean vectors and covariance matrices of training samples for each class. It
assumes that the spectral features of each class follow a normal distribution and performs
classification according to the maximum posterior probability criterion. Compared with
MDC, MLC can account for the spectral variance and covariance characteristics within
each class and therefore has relatively stronger discriminative ability. However, its results
still mainly rely on pixel-level spectral information and are susceptible to shadows, mixed
pixels, and background heterogeneity in high-resolution imagery [41].

The OBIA method first segments remote sensing images based on spectral similarity
and spatial adjacency, merging adjacent pixels with similar characteristics into image objects
with practical land-cover significance. Then, using objects as the basic classification units,
OBIA integrates spectral, shape, texture, and spatial structure features for classification [42].
Compared with traditional pixel-based classification methods, OBIA can reduce salt-and-
pepper noise and the effects of mixed pixels in high-resolution UAV imagery to some extent,
making it more suitable for orchard scenes with irregular canopy boundaries and complex
background objects. To ensure reproducibility and consistency of OBIA classification, the
segmentation and merging processes were implemented in ENVI software using a fixed
parameter configuration across all image acquisition dates. Specifically, multiresolution
segmentation was performed with a scale parameter of 80, shape weight of 0.2, and
compactness of 0.7. These parameters were selected based on iterative visual assessment
and were consistent with commonly reported parameter ranges in previous object-based
image analysis studies for UAV-based orchard mapping [43–45].

After classification, confusion matrices were constructed based on manually inter-
preted samples. Producer’s accuracy (PA), user’s accuracy (UA), overall accuracy (OA), and
the Kappa coefficient were used to evaluate the land-cover identification performance of
different classification methods. Therefore, the method with higher classification accuracy
and temporal stability was selected to extract citrus canopy regions, which were then used
as masks for multispectral band reflectance extraction and vegetation index calculation.
This procedure effectively reduced the interference of bare soil, grass, shadows, and other
non-target objects on citrus canopy spectral information, thereby providing reliable canopy
spectral data for subsequent leaf nitrogen content inversion model construction.

2.6. Construction of Machine Learning Models

The accuracy of model inversion is largely affected by the modeling method and its
ability to characterize relationships among variables. To improve the inversion accuracy of
citrus leaf nitrogen content (LNC) and compare the applicability of different algorithms
in multispectral parameter inversion, seven models were selected in this study, includ-
ing simple linear regression, quadratic regression, partial least squares regression (PLS),
back propagation neural network (BP), extreme learning machine (ELM), particle swarm
optimization-extreme learning machine (PSO-ELM), and particle swarm optimization-back
propagation neural network (PSO-BP). These models were used to construct citrus LNC
inversion models.

During model construction, the whole-growth-period sample dataset was randomly
divided into a training set and an independent validation set at a ratio of 70% and 30%,
respectively. The training set was exclusively used for model development, including
parameter optimization and internal performance evaluation, whereas the validation set
was only used for the final accuracy assessment. To optimize model parameters and reduce
the risk of overfitting, a five-fold cross-validation strategy was implemented within the
training set for all seven models. Specifically, 70% of the samples were used for model
training and parameter optimization, while the remaining 30% were used for model
validation and accuracy evaluation. This data partitioning strategy provided sufficient
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sample information for model training and, through the use of an independent validation
set, helped reduce random fluctuations in model evaluation metrics, thereby improving
the stability and reliability of model performance assessment.

To examine the consistency of sample distributions between the training and validation
sets, the Kolmogorov–Smirnov test (K–S test) was further applied to the two datasets. The
results showed that the p-values under all model data partitioning conditions were greater
than 0.05 (α = 0.05), indicating that the null hypothesis that the training and validation sets
were drawn from the same population distribution was not rejected. This suggests that there
was no statistically significant difference between the training and validation sets. Therefore,
the data partitioning in this study had good representativeness and could, to some extent,
avoid model training and accuracy evaluation biases caused by sample distribution shifts.
The selection of the seven models follows a hierarchical modeling strategy to ensure
comprehensive comparison across different levels of model complexity. Specifically, linear
regression and quadratic regression were included as baseline statistical models to represent
simple linear and second-order nonlinear relationships between vegetation indices and
LNC. Partial least squares regression (PLS) was introduced as a multivariate linear method
capable of handling collinearity among spectral features. Back propagation neural network
(BPNN) and extreme learning machine (ELM) were selected as representative nonlinear
machine learning models with strong universal approximation capability. Furthermore,
particle swarm optimization (PSO) was integrated with BP and ELM (PSO-BP and PSO-
ELM) to evaluate whether global optimization of model parameters could further improve
inversion stability and accuracy under complex orchard conditions. Therefore, these models
collectively form a progressive framework ranging from simple statistical regression to
advanced optimized nonlinear learning models, enabling a systematic evaluation of model
performance for citrus LNC inversion.

(1) Simple Linear Regression

Simple linear regression (SLR) is a classical statistical modeling method used to char-
acterize the linear relationship between a single independent variable and a dependent
variable. Its basic principle is to establish a first-order functional relationship between
the dependent and independent variables based on given sample data, and to estimate
model parameters using ordinary least squares (OLS). This method generally minimizes
the residual sum of squares as the optimization objective, thereby reducing the overall
deviation between predicted and observed values and obtaining the regression coefficient
and intercept.

The SLR model has a simple structure and clear parameter interpretation, allowing the
direction and magnitude of the linear effect of the independent variable on the dependent
variable to be intuitively reflected. Therefore, it is commonly used for linear relationship
analysis, trend fitting, and basic prediction. However, because this model assumes a
linear relationship between the independent and dependent variables, its fitting ability and
prediction accuracy may be limited when the studied object exhibits obvious nonlinear
variation characteristics.

(2) Quadratic Regression

Quadratic regression (QR) is a nonlinear regression model developed by introducing
the quadratic term of the independent variable into the simple linear regression framework.
It is mainly used to describe curved or nonlinear response relationships between a single
independent variable and a dependent variable. By simultaneously incorporating the linear
and quadratic terms of the independent variable, this model can characterize acceleration,
deceleration, or turning-point trends in the response of the dependent variable as the
independent variable changes.
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Parameter estimation for QR is generally performed using the least squares method,
in which the constant term, linear coefficient, and quadratic coefficient are determined by
minimizing the residual sum of squares between the observed and fitted values. Com-
pared with simple linear regression, quadratic regression retains a relatively simple model
structure and interpretable parameters while enhancing the ability to describe nonlinear
relationships. Therefore, it is suitable for fitting and predicting data with single-peak,
single-valley, or marginal-effect variation characteristics. However, because the model
includes only a quadratic term, its ability to represent complex high-dimensional nonlinear
relationships remains limited.

(3) Partial Least Squares Regression

Partial least squares regression (PLS) is a multivariate linear modeling method widely
used in chemometrics. As an extension of multiple linear regression (MLR), PLS can
effectively handle datasets with high-dimensional input variables, multicollinearity, and
noise interference, making it suitable for modeling tasks in complex systems where strong
correlations exist among variables [46]. As a dimensionality-reduction regression method,
PLS extracts latent variables that maximize the covariance between predictor variables and
the response variable. This process effectively alleviates problems associated with high
dimensionality, multicollinearity, and noise, thereby improving the interpretability and
predictive performance of the model.

(4) Back Propagation Neural Network

The back propagation neural network (BPNN) is a multilayer feedforward neural
network trained using an error back propagation algorithm. It generally consists of an
input layer, one or more hidden layers, and an output layer. Its core training mechanism
includes two processes: forward propagation of signals and backward propagation of errors.
During forward propagation, input variables are mapped layer by layer through neurons
and activation functions to generate the model output. During backward propagation,
the model calculates the error between predicted and observed values and adjusts the
network weights and bias parameters layer by layer using gradient descent or its improved
algorithms, thereby continuously reducing the loss function value and improving model
fitting accuracy.

Compared with traditional regression models, BPNN does not require a predefined
functional form between variables. It can effectively approximate complex nonlinear rela-
tionships through the nonlinear mapping capability of hidden neurons, and therefore has
strong applicability in multivariate nonlinear regression, pattern recognition, classification
prediction, and complex system modeling. In this study, the number of hidden neurons
was set to 12 based on empirical testing and model performance comparison. However,
the training process of BPNN usually requires repeated iterative optimization, resulting in
relatively high computational cost. In addition, its performance is easily affected by factors
such as network architecture, learning rate, initial weights, and sample size. Therefore, in
practical applications, model parameters should be reasonably configured according to
data characteristics to improve model stability and generalization ability.

(5) Extreme Learning Machine

Extreme learning machine (ELM) is an efficient learning algorithm designed for train-
ing single hidden layer feedforward neural networks (SLFNs). In this study, the number of
hidden layer nodes was set to 50 based on repeated experiments and previous literature
recommendations for remote sensing regression tasks. Its training mechanism differs
substantially from that of conventional SLFN models. During the training process, ELM
does not iteratively optimize the input-layer parameters. Instead, the input weights and
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hidden-layer biases are randomly initialized, and the output weights are then analytically
determined by minimizing a regularized loss function composed of the training error term
and the norm of the output weights, based on the Moore–Penrose (MP) generalized inverse
theory [47,48].

The main advantage of ELM lies in its ability to substantially improve training effi-
ciency by avoiding the time-consuming gradient-based back propagation process used
in traditional neural networks, while retaining the nonlinear modeling capability and
universal approximation performance of SLFNs [49]. Since ELM does not require iterative
optimization of hidden-layer parameters, it can rapidly determine output weights after
random initialization of hidden-layer parameters. Therefore, ELM exhibits strong computa-
tional efficiency and generalization capability in high-dimensional nonlinear regression
and classification tasks, and has been widely applied in regression.

(6) Particle Swarm Optimization

The core idea of ELM is to randomly initialize the input-layer weights and hidden-
layer biases, and then analytically determine the output-layer weights by minimizing the
training error. Although this non-iterative training mechanism greatly improves model
training efficiency, the random initialization of input-layer weights and hidden-layer biases
may introduce uncertainty into model prediction. To alleviate this problem and enhance
model predictive performance, particle swarm optimization (PSO) was introduced in this
study to globally optimize the initial parameters of ELM.

PSO is a swarm-intelligence-based global optimization algorithm inspired by the
foraging behavior of bird flocks. In this study, the PSO population size was set to 30, and
the maximum number of iterations was set to 150. The inertia weight and acceleration
coefficients were set to commonly used values (w = 0.729, c1 = 1.49445, c2 = 1.49445) to
balance global exploration and local exploitation. By dynamically updating each particle
according to its individual historical best position and the global best position of the
population, PSO guides the search process to achieve a balance between global exploration
and local exploitation [50]. This method has the advantages of fast convergence, simple
implementation, and strong robustness, and has been widely applied in complex nonlinear
system modeling.

In this study, PSO was applied to optimize the input-layer weight matrix and hidden-
layer biases of the ELM model, aiming to overcome the uncertainty caused by random
parameter initialization and thereby improve the stability and generalization ability of the
model in nonlinear inversion tasks. The overall structure and optimization workflow of the
model are shown in Figure 3.

Figure 3. PSO optimized BP and ELM training flow.
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2.7. Evaluation Indicators

The accuracy of the LNC inversion models based on vegetation indices extracted from
UAV multispectral remote sensing was evaluated using the coefficient of determination
(R2), root mean square error (RMSE). The specific expressions are as follows:

R2 = 1 − ∑n
i=1(Xi − Yi)

2

∑n
i=1

(
Xi − X

)2 (1)

RMSE =

√
1
n∑n

i=1(Yi − Xi)
2 (2)

In the equations, Xi denotes the observed value, Yi denotes the predicted value, and X
represents the mean of the actual values. A higher coefficient of determination (R2, closer
to 1), along with lower values of root mean square error (RMSE) closer to 100%, indicate
more stable model performance, better fitting accuracy, and stronger predictive capability.

2.8. Data Analysis and Software

Data processing, statistical analysis, and visualization were conducted using multiple
software platforms. Microsoft Excel 2019 (Microsoft Corporation, Redmond, WA, USA)
was used for preliminary data organization and descriptive statistics. Statistical analyses,
including analysis of variance (ANOVA), were performed using SPSS 20 (IBM Corporation,
Armonk, NY, USA). Origin 2023 (OriginLab Corporation, Northampton, MA, USA) was
employed for correlation analysis and graphical visualization. MATLAB R2018b (The
MathWorks, Inc., Natick, MA, USA) was used for model development, nonlinear regression,
image processing, and three-dimensional visualization. Geographic data processing and
map production were conducted using ArcGIS 10.6 (Esri, Redlands, CA, USA).

3. Results
3.1. Spectral Feature Extraction of Citrus Leaves and Their Responses to Water and
Nitrogen Regulation

These spectral variations under different water and nitrogen treatments are closely
related to LNC, as nitrogen availability regulates chlorophyll concentration and leaf bio-
chemical composition, which in turn affects canopy reflectance, particularly in the red and
red-edge regions. Therefore, analyzing spectral response differences under water–nitrogen
regulation provides a physiological basis for subsequent LNC inversion modeling.

(1) Acquisition of Citrus Canopy Spectral Information

Based on the true-color remote sensing images acquired from the citrus orchard
and the established land-cover classification system, regions of interest (ROIs) for citrus
canopy, grass, bare soil, and other land-cover types were selected as training samples.
Minimum distance classification (MDC) (Figure 4), maximum likelihood classification
(MLC) (Figure 5), and object-based image analysis (OBIA) (Figure 6) were then applied to
classify the citrus orchard remote sensing images.

The classification results of the three methods showed that MDC and MLC achieved
relatively lower classification accuracy, with more evident misclassification. In the clas-
sification results on April 8 and April 15, citrus canopy identification was susceptible to
interference from grass, resulting in misclassification in some areas. In addition, during the
late fruit color-break and sugar-accumulation stage from late September to late October,
MDC was more sensitive to changes in bare soil distribution, and its classification results
were strongly affected by the bare soil background. In contrast, OBIA showed stronger
capability in citrus canopy identification for orchard remote sensing imagery. It effectively
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reduced the interference of noise on canopy spectral features, and its classification results
exhibited higher overall stability, with relatively less influence from other land-cover types
and external factors.

Figure 4. Remote sensing classification results of the citrus orchard based on the minimum
distance method.

Figure 5. Remote sensing classification results of the citrus orchard based on the maximum
likelihood method.
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Figure 6. Remote sensing classification results of the citrus orchard based on object-based classification.

The land-cover classification results obtained from the three classification methods
based on remote sensing images were used to construct corresponding confusion matri-
ces. The classification accuracy of each method at different image acquisition dates was
quantitatively evaluated. By comprehensively analyzing overall accuracy, user’s accuracy,
producer’s accuracy, and the Kappa coefficient, the applicability and accuracy of the three
classification methods for land-cover classification of citrus orchard remote sensing images
at different stages were assessed. The evaluation results are presented in Tables 5 and 6.

The three classification methods achieved relatively high classification accuracy for
bare soil and grass, whereas their classification performance for citrus canopy and other
land-cover categories differed to some extent. For the bare soil category, MLC and OBIA
maintained relatively high PA and UA values in most periods, reaching over 80% in some
cases. This indicates that these two methods had strong discrimination ability for bare
soil in citrus orchard remote sensing images and produced relatively stable classification
results. In contrast, the PA and UA of MDC for bare soil fluctuated considerably, with
relatively low accuracy in some periods, suggesting that this method was more susceptible
to interference from other land-cover types.

Table 5. Producer’s accuracy and user’s accuracy of different classification methods.

Date Feature Category
MDC MLC OBIA

PA UA PA UA PA UA

04-08

Citrus tree canopy 77.76 45.33 88.09 55.84 76.57 74.09
Bare soil 46.78 66.37 78.95 69.81 79.00 86.09

Grass 45.92 82.01 69.17 91.29 85.5 89.99
Others 61.86 46.30 72.19 49.59 84.05 69.49

04-15

Citrus tree canopy 67.99 43.64 70.38 51.86 79.61 86.02
Bare soil 43.59 71.31 67.28 85.61 70.35 84.68

Grass 32.71 21.60 81.81 67.07 79.70 85.38
Others 56.38 45.95 68.31 82.69 82.74 90.44
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Table 5. Cont.

Date Feature Category
MDC MLC OBIA

PA UA PA UA PA UA

05-10

Citrus tree canopy 71.86 42.79 86.40 58.30 83.88 77.82
Bare soil 55.95 85.07 65.81 92.29 69.07 90.40

Grass 83.77 47.19 87.60 49.69 86.74 78.32
Others 59.75 95.05 77.79 86.38 79.94 93.26

05-19

Citrus tree canopy 71.99 46.35 89.08 53.12 87.39 80.40
Bare soil 71.01 39.17 75.69 45.36 77.32 67.33

Grass 49.36 79.66 54.36 87.30 55.35 81.98
Others 35.38 80.41 75.28 74.77 82.18 84.44

05-29

Citrus tree canopy 74.59 50.49 86.93 56.33 86.35 83.88
Bare soil 66.48 54.32 84.41 62.49 83.51 64.44

Grass 43.83 65.54 43.61 77.62 55.02 82.47
Others 38.20 74.68 80.00 77.51 69.87 78.28

06-11

Citrus tree canopy 74.19 50.00 81.87 54.68 75.92 84.83
Bare soil 59.44 48.61 88.42 47.30 81.89 62.81

Grass 35.72 79.82 45.13 88.87 47.49 87.82
Others 59.62 67.08 63.92 92.92 74.30 78.97

07-03

Citrus tree canopy 70.94 43.17 76.63 55.38 69.98 80.77
Bare soil 63.38 50.71 79.06 41.51 70.56 68.76

Grass 37.50 81.97 44.03 84.86 44.03 81.97
Others 59.33 63.38 63.358 71.82 70.40 78.58

07-14

Citrus tree canopy 65.92 50.76 67.80 49.99 60.83 85.16
Bare soil 64.13 42.30 86.60 40.75 80.66 67.36

Grass 31.98 76.92 51.42 83.76 44.73 80.64
Others 55.31 62.46 56.81 74.70 59.30 82.77

07-30

Citrus tree canopy 60.03 55.87 58.08/ 51.34 67.38 80.31
Bare soil 57.98 43.95 90.06 49.76 79.51 65.03

Grass 40.40 80.61 49.62 84.70 48.12 80.01
Others 50.30 60.04 57.26 66.12 60.23 83.23

08-18

Citrus tree canopy 65.82 53.27 66.10 62.06 67.38 78.50
Bare soil 53.87 48.36 90.21 49.46 69.51 66.01

Grass 39.59 83.64 41.52 87.54 50.95 85.12
Others 53.71 50.07 50.91 58.57 59.21 81.67

09-21

Citrus tree canopy 70.44 52.48 84.75 57.6 81.30 86.54
Bare soil 56.48 48.83 80.57 63.71 86.74 47.66

Grass 35.05 78.37 41.22 87.29 48.36 88.70
Others 51.26 81.15 60.89 80.23 68.58 84.04

10-27

Citrus tree canopy 66.52 54.67 67.06 60.94 78.32 82.62
Bare soil 50.10 45.94 71.6 53.56 86.13 56.99

Grass 39.31 79.13 46.98 86.39 53.72 90.04
Others 53.34 46.64 62.75 59.50 71.95 74.25

Note: MDC refers to the minimum distance classification method, MLC refers to the maximum likelihood
classification method, and OBIA refers to the object-based feature extraction classification method. Among the
accuracy evaluation metrics, PA represents producer’s accuracy, and UA represents user’s accuracy.

For the grass category, the UA values of the three methods were generally higher than
the PA values, grass was less frequently misclassified as other land-cover types, although
some other objects were still incorrectly identified as grass. OBIA showed higher PA and
UA values than MDC and MLC in most periods. The PA of MDC for grass was mostly
below 50%, reflecting relatively low classification accuracy, while the accuracy of MLC was
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intermediate between MDC and OBIA. For citrus canopy identification, differences among
the classification methods were more pronounced. OBIA maintained relatively high UA
and PA values in most periods, especially during the middle and later growth stages of
citrus, when its UA was mostly higher than 80%. MLC ranked second, with PA and UA for
citrus canopy reaching 70–85% in some periods, although its stability was slightly lower
than that of OBIA. Compared with OBIA, MDC generally showed lower UA values for the
citrus canopy category, with values below 50% in some periods.

Table 6. Overall accuracy and Kappa coefficient of different classification methods.

Methods Date OA (%) Kappa

MDC

04-08 58.77 0.42
04-15 52.42 0.31
05-10 71.61 0.57
05-19 64.70 0.45
05-29 64.30 0.47
06-11 51.55 0.30
07-03 54.28 0.35
07-14 49.62 0.29
07-30 43.56 0.25
08-18 40.83 0.22
09-21 53.09 0.32
10-27 49.19 0.30

MLC

04-08 73.75 0.60
04-15 72.62 0.60
05-10 72.21 0.59
05-19 65.55 0.51
05-29 66.73 0.55
06-11 57.25 0.40
07-03 57.93 0.41
07-14 59.08 0.42
07-30 58.14 0.42
08-18 52.60 0.31
09-21 57.52 0.41
10-27 54.74 0.35

OBIA

04-08 80.22 0.67
04-15 79.90 0.65
05-10 81.46 0.68
05-19 84.59 0.70
05-29 85.65 0.72
06-11 76.26 0.64
07-03 74.98 0.65
07-14 73.62 0.62
07-30 70.99 0.57
08-18 68.86 0.56
09-21 77.31 0.64
10-27 73.81 0.60

Note: MDC refers to the minimum distance classification method; MLC refers to the maximum likelihood
classification method; and OBIA refers to the object-based feature extraction classification method. Among the
accuracy evaluation metrics, OA represents overall accuracy, and Kappa denotes the Kappa coefficient.

The PA and UA values of each classification method for different land-cover categories
fluctuated to some extent with citrus growth and changes in surface cover conditions. OBIA
showed relatively small variations in classification accuracy across different periods and
was less affected by temporal changes. In contrast, the classification accuracy of MDC and
MLC changed more markedly with citrus phenological development, particularly during
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the rapid vegetation growth stage and the fruit color-break and sugar-accumulation stage,
when classification stability declined.

The OA and Kappa coefficients of the three classification methods showed a generally
consistent ranking, with OBIA outperforming MLC, and MLC generally outperforming
MDC. The OA of MDC ranged from 40.83% to 71.61% across different periods, while its
Kappa coefficient ranged from 0.22 to 0.57. The OA of MLC was markedly higher than that
of MDC, ranging from 52.60% to 73.75%, with Kappa coefficients between 0.31 and 0.60.
Compared with MDC and MLC, OBIA achieved the highest classification accuracy in all
periods, with OA ranging from 68.86% to 85.65% and Kappa coefficients ranging from 0.56
to 0.72.

Overall, the three classification methods showed certain feasibility for identify-
ing bare soil and grass in citrus orchards, but clear differences were observed in the
accuracy of citrus canopy recognition. Their overall performance followed the order
OBIA > MLC > MDC. OBIA achieved high and stable classification accuracy across differ-
ent periods.

As citrus growth and development progressed, the classification accuracy of different
methods exhibited distinct temporal variations. The OA values of MDC and MLC fluc-
tuated considerably over time and reached relatively high levels during the young fruit
stage of citrus, from mid- to late May, followed by a gradual decline from summer to the
fruit color-break and sugar-accumulation stage. The OA of MDC decreased markedly from
late July to mid-August, indicating that its classification results were strongly affected by
changes in vegetation cover and increasing surface complexity. In contrast, the decline in
OA for MLC during the same period was less pronounced, suggesting greater stability
than MDC, although certain temporal fluctuations remained.

By comparison, the OA of OBIA varied only slightly across different growth stages
and remained at a relatively high level overall, indicating strong temporal stability. Even
during the vigorous citrus growth stage and the later period when surface heterogene-
ity increased, OBIA maintained satisfactory classification accuracy. This suggests that
OBIA has greater adaptability to land-cover segmentation and citrus canopy extraction in
orchard scenes.

Overall, in multi-temporal remote sensing images of citrus orchards, OBIA outper-
formed MDC and MLC in terms of overall accuracy and classification consistency. More-
over, its classification results were more stable over time, making it more suitable for
fine-scale citrus canopy segmentation and multi-temporal monitoring.

(2) Response Characteristics of Crop Canopy Spectral Reflectance under Water and
Nitrogen Treatments

Based on the vector data and the selected optimal land-cover classification results,
citrus canopy spectral information under different treatment conditions was extracted using
ENVI software. To ensure the representativeness and reliability of the extracted spectral
features, three vector samples were selected for each treatment to obtain the corresponding
citrus canopy spectral data. Based on the extracted spectral information, the effects of
water and nitrogen application levels on citrus canopy spectral characteristics were further
analyzed, as shown in Figure 7.

As citrus growth progressed, the reflectance of different spectral bands exhibited
distinct temporal variation patterns. Among them, Rred, Rblue, and Rgreen showed relatively
consistent trends, generally increasing first and then decreasing. These bands reached
relatively high values during the budburst and flowering stage from mid- to late April, and
their reflectance was markedly higher than that observed at other growth stages. Changes
in leaf structure and physiological activity during this period made the visible bands
more sensitive to phenological differences. In addition, RNIR showed relatively moderate
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variation, with reflectance gradually increasing as the growth period progressed, reflecting
the progressive development of canopy structure. RRE fluctuated only slightly throughout
the whole growth period, with no pronounced differences among stages, indicating a
relatively stable spectral response.
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Figure 7. Response characteristics of crop canopy spectral reflectance under water and nitrogen
regulation. Note: Rred, RRE, Rblue, Rgreen, and RNIR represent the reflectance of the red, red-edge,
blue, green, and near-infrared bands, respectively. W1 indicates full irrigation; W2 indicates mild
water deficit; W3 indicates moderate water deficit; and W4 indicates severe water deficit. N1 and
N2 represent low-nitrogen and high-nitrogen treatments, respectively. Different lowercase letters
indicate significant differences among the water and nitrogen treatments (W × N combinations) at
the 0.05 significance level.

To further interpret the physiological relevance to LNC inversion, differences in band
reflectance under different irrigation and nitrogen treatments were analyzed, highlighting
the influence of treatment conditions on spectral characteristics. Rred showed higher
reflectance under W2N1 and W3N2 treatments, whereas the lowest value was observed
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under W2N2, indicating that this band was relatively sensitive to changes in water–nitrogen
combinations. RRE exhibited generally higher reflectance under W2N1, but relatively lower
values under W3N1 and W4N1, showing certain treatment-dependent differentiation.
Similar patterns were observed for Rblue, with high values mainly concentrated under
W2N1 and W3N2, while lower reflectance values mostly occurred under W4N2. The
response pattern of Rgreen was generally consistent with those of the above bands, with
higher reflectance under W2N1 and W3N2 and lower values commonly observed under
W2N2. In addition, RNIR showed higher reflectance under W2N1 and W1N2, whereas
its reflectance under W3N2 and W4N2 was distinctly lower than that under the other
treatments, further indicating the effects of different water and nitrogen configurations on
citrus canopy structural characteristics.

3.2. Inversion of Citrus Leaf Nitrogen Content Based on UAV Multispectral Remote Sensing

(1) Correlation Analysis

Correlation analysis based on the whole-growth-period dataset showed that several
vegetation indices were significantly correlated with LNC. EVI exhibited a significant
positive correlation with LNC, whereas DVI, RDVI, TVI, and MTVI showed negative
correlations. Across the whole growth period, EVI had the highest correlation coefficient
with LNC, while GRVI showed a relatively weak correlation. The response characteristics of
vegetation indices to LNC varied markedly among different datasets and index formulation,
indicating that different vegetation indices differed in their sensitivity to leaf nitrogen status.

(2) Linear Regression Models

The enhanced vegetation index (EVI), which showed the strongest correlation with
LNC across the whole growth period, was used as the independent variable in both a simple
linear regression model and a quadratic regression model for LNC estimation (Figure 8).
The model expressions are shown in Equations (3) and (4). During model construction, the
sample dataset was randomly divided into a training set and a test set at a ratio of 70% and
30%, respectively. To ensure the scientific validity and balance of the data partitioning, the
Kolmogorov–Smirnov (K–S) test was performed on the training and test datasets before
model training to evaluate the consistency of their distribution characteristics. The results
showed that the p-values of all tests were greater than 0.05 (α = 0.05), indicating that the null
hypothesis that “the training and test sets followed the same population distribution” could
not be rejected. This suggests that there was no statistically significant difference between
the two datasets, and that the data partition was representative and could effectively reduce
the influence of sample distribution shift on model evaluation.

The model simulation and validation results showed that the simple linear regression
model achieved an R2 of 0.52 and an RMSE of 2.14 g kg−1 for the training set, and an
R2 of 0.49 and an RMSE of 2.55 g kg−1 for the test set (Figure 9). In comparison, the
quadratic regression model improved the training-set R2 to 0.54, but its RMSE increased to
2.43 g kg−1. Moreover, its performance on the test set declined, with an R2 of 0.45 and
an RMSE of 2.57 g kg−1 (Figure 10). These results indicate that although the quadratic
model exhibited slightly stronger nonlinear fitting ability during training, its generalization
performance and prediction stability for unseen samples were inferior to those of the
structurally simpler linear model, suggesting a certain risk of overfitting.

LNC = 11.94 + 1.14EVI (3)

LNC = 17.36 − 3.78EVI + 1.09EVI2 (4)
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Figure 8. Correlation between vegetation indices and leaf nitrogen content across the whole growth
period. Note: * indicates a significant correlation at the 0.05 level (p < 0.05), and ** indicates a highly
significant correlation at the 0.01 level (p < 0.01). LNC represents leaf nitrogen content.
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Figure 9. Univariate linear regression model for leaf nitrogen content.
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Figure 10. Univariate quadratic regression model for leaf nitrogen content.
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EVI represents the enhanced vegetation index, and LNC represents leaf nitrogen content.
Based on the correlation analysis between vegetation indices and LNC, the enhanced

vegetation index (EVI), transformed vegetation index (TVI), and modified triangular vege-
tation index (MTVI), which showed relatively high correlations with LNC, were selected
as independent variables to construct a multi-index inversion model. The model form is
shown in Equation (5). These three vegetation indices are derived from combinations of two
to three spectral bands, thereby incorporating multi-band spectral sensitivity information
while only moderately increasing the feature dimensionality. This helps achieve a balance
between information representation ability and model complexity [51].

The simulation and validation results showed that the multi-index partial least squares
regression model achieved an R2 of 0.59 and an RMSE of 1.73 g kg−1 for the training set, and
an R2 of 0.55 and an RMSE of 1.96 g kg−1 for the test set (Figure 11). Overall, its performance
was superior to that of the inversion model constructed using a single vegetation index,
indicating better stability and predictive capability.

LNC = 26.09 + 0.99EVI − 0.12TVI − 0.16MTVI (5)
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Figure 11. Partial least squares regression model for leaf nitrogen content.

EVI represents the enhanced vegetation index; TVI represents the transformed vegeta-
tion index; MTVI represents the modified triangular vegetation index; and LNC represents
leaf nitrogen content.

(3) Nonlinear Regression Models

The inversion performance of different modeling methods was compared. Both
the conventional BP neural network and ELM models effectively estimated LNC across
the whole growth period. For the BP model, the training set achieved an R2 of 0.64
and an RMSE of 1.83 g kg−1, while the test set achieved an R2 of 0.54 and an RMSE of
1.69 g kg−1 (Figure 12a). For the ELM model, the training set achieved an R2 of 0.62 and
an RMSE of 1.77 g kg−1, and the test set also achieved an R2 of 0.57 and an RMSE of
1.81 g kg−1 (Figure 12b). These results indicate that, without hyperparameter optimization,
the fitting ability of the two models for training samples was relatively limited, and their
improvement in inversion accuracy for independent samples was small, suggesting that
their generalization performance remained constrained to some extent.
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Figure 12. Machine learning inversion model for leaf nitrogen content.

After introducing the PSO algorithm for global optimization of model weights and
biases, the inversion accuracy of both PSO-BP and PSO-ELM models improved markedly.
For the PSO-BP model, the training-set R2 increased to 0.73 and the RMSE decreased to
1.48 g kg−1, while the test-set R2 reached 0.68, representing a 25.93% improvement over
the baseline BP model (Figure 13a). Meanwhile, the test-set RMSE decreased from 1.69
to 1.54 g kg−1, corresponding to a reduction of 8.88%, indicating strong nonlinear fitting
ability and favorable generalization performance. The PSO-ELM model also showed stable
improvement in accuracy, with a training-set R2 of 0.69 and an RMSE of 1.56 g kg−1, and
a test-set R2 of 0.66, representing a 22.22% improvement over the baseline ELM model
(Figure 13b). Its RMSE decreased to 1.66 g kg−1, with a reduction of 1.78%.
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Figure 13. PSO-optimized machine learning inversion model for leaf nitrogen content.

Compared with the baseline models, the PSO optimization strategy narrowed the
generalization gap between the training and test sets, indicating that the optimized
models achieved a more reasonable balance between model complexity control and
generalization ability.

In summary, the PSO-BP model slightly outperformed the PSO-ELM model in terms of
inversion accuracy, whereas PSO-ELM showed certain advantages in model simplicity and
computational efficiency. The introduction of the particle swarm optimization algorithm
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significantly improved the stability and reliability of vegetation-index-based LNC inversion
models under multi-temporal remote sensing data conditions, providing solid technical
support for precise nitrogen monitoring and water–nitrogen regulation decision-making in
citrus orchards.

(4) Performance Comparison of Nonlinear Regression Inversion Models

To comprehensively evaluate the statistical consistency and overall performance of
different machine learning models in LNC inversion, a Taylor diagram was used to compare
the simulation results of each model (Figure 14). By simultaneously displaying the standard
deviation (SD), R2, and RMSE between model predictions and observations within the
same coordinate system, the Taylor diagram provides an intuitive assessment of a model’s
ability to reproduce observed variability and its overall fitting performance.

Figure 14. Performance comparison of machine learning inversion models.

Taylor diagrams were constructed separately for the training and test sets to avoid
statistical bias caused by mixing different sample datasets. The observed values were used
as the reference point, with their standard deviation representing the actual variability
of the corresponding dataset, the correlation coefficient set to 1, and RMSE equal to 0.
The position of each model point was determined based on the prediction results and the
corresponding observed values. The SD, R2, and RMSE values used in the Taylor diagram
were calculated based on the final prediction results of each model on the complete training
or test set, thereby ensuring comparability among different models.

At the training-set scale, the PSO-BP and PSO-ELM models showed standard deviation
values closer to those of the observations. Among them, the PSO-BP model exhibited the
highest correlation and the lowest RMSE, indicating better model fit. In contrast, the
conventional BP and ELM models showed larger deviations in both standard deviation
and correlation. For the test set, the distances between model points and the observational
reference point varied among models. PSO-BP and PSO-ELM still maintained relatively
high correlations and low RMSE values, indicating favorable generalization ability, whereas
the unoptimized models showed relatively weaker statistical consistency.

The Taylor diagram results further confirmed the effectiveness of the PSO strategy in
improving model stability and generalization performance. They also demonstrated that
PSO-BP achieved the best overall performance for LNC inversion across the whole growth
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period. This analysis provides an intuitive and reliable statistical basis for the comparative
evaluation of different model performances.

4. Discussion
This study focused on canopy spectral extraction and leaf nitrogen content (LNC)

inversion in citrus orchards under complex background conditions. The applicability of
minimum distance classification (MDC), maximum likelihood classification (MLC), and
object-based image analysis (OBIA) for land-cover classification of multi-temporal UAV
remote sensing images of citrus orchards was systematically compared. Furthermore, the
relationships between vegetation indices and LNC, as well as the inversion performance of
different modeling methods across the whole growth period, were analyzed. The results
showed that citrus orchards have complex land-cover compositions and discontinuous
canopy distributions, and the selection of land-cover classification methods directly affects
the quality of canopy spectral information extraction, thereby influencing subsequent
vegetation index calculation and the stability of LNC inversion models.

From the land-cover classification results, all three methods showed certain ability to
identify background objects such as bare soil and grass, indicating that some non-woody
land-cover types in citrus orchards have spectral differences from tree canopies that can be
captured by remote sensing images. However, during the identification of citrus canopies
and vegetation-related land-cover types such as grass, the PA and UA values of MDC and
MLC were relatively low, with more evident misclassification. This result is consistent
with previous studies, which reported that in complex agricultural landscapes such as
orchards, different vegetation types are prone to the phenomena of “different objects with
similar spectra” or “the same object with different spectra”, thereby reducing the accuracy
of supervised classification based on pixel-level spectral information [52]. MDC and
MLC mainly rely on pixel-level spectral features for classification. When citrus canopies
are sparse, canopy boundaries are irregular, or surface cover is complex, background
information such as grass, bare soil, and shadows can be mixed with canopy spectra,
thereby amplifying classification errors.

In contrast, OBIA showed better classification performance in citrus canopy identifica-
tion, and its PA, UA, OA, and Kappa coefficients were higher than those of MDC and MLC
in most periods. OBIA does not rely on individual pixels as classification units; instead,
it segments images into homogeneous objects and integrates spectral, shape, texture, and
spatial features for classification. Therefore, OBIA can reduce the influence of mixed pixels
and salt-and-pepper noise at the object scale [53]. For citrus orchards with complex canopy
morphology, fragmented background objects, and strong spatial heterogeneity, OBIA can
better maintain the spatial integrity of canopy objects, thereby improving the accuracy
and stability of canopy extraction. Further analysis from the temporal perspective showed
that the classification accuracy of MDC and MLC fluctuated markedly with citrus growth
and development. In particular, during the middle and late growth stages and the fruit
color-break and sugar-accumulation stage, OA and Kappa coefficients decreased to varying
degrees. In contrast, OBIA showed relatively small variations in classification accuracy
across different periods, indicating stronger temporal stability. This stability is attributed to
object-based segmentation, which maintains spatial homogeneity across growth stages [54].

Canopy spectral quality directly influences vegetation index calculation and the relia-
bility of LNC inversion models. In this study, the reflectance of different spectral bands
showed differentiated responses to growth stage changes and water–nitrogen treatments.
Among them, reflectance in the visible bands was mainly affected by leaf pigment con-
tent and apparent canopy color changes, whereas reflectance in the near-infrared band
reflected leaf internal structure and canopy spatial structure to a greater extent [55]. As
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citrus growth progressed, the canopy gradually became denser, leaf area index increased,
and near-infrared reflectance was enhanced. In contrast, reflectance in the visible bands was
jointly affected by changes in chlorophyll content, leaf overlapping, and canopy shading
effects, resulting in more complex variation patterns. Because leaf nitrogen is an important
basis for chlorophyll synthesis and photosynthetic metabolism, nitrogen application levels
can alter canopy spectral responses by affecting leaf nitrogen accumulation and chlorophyll
formation. Previous studies have shown that leaf nitrogen content is closely related to
reflectance in the visible and red-edge bands, and that appropriate nitrogen application is
conducive to increasing chlorophyll content and enhancing spectral sensitivity [56]. There-
fore, calculating vegetation indices based on citrus canopy spectra extracted by OBIA can
help reduce interference from non-target background information and more accurately
characterize changes in leaf nitrogen status.

The statistical analysis of the dataset showed that citrus LNC varied among different
growth stages in terms of mean value, standard deviation, and coefficient of variation,
while the overall degree of variation remained moderate. This moderate dispersion not
only reflects the actual effects of water–nitrogen regulation and growth progression on
leaf nutritional status, but also provides the necessary numerical differentiation for remote
sensing inversion models. Previous studies have pointed out that either excessively small or
excessively large sample variation may reduce the sensitivity of spectral variables to target
parameters, thereby affecting model stability and generalization ability [57]. Therefore, the
LNC dataset used in this study has good statistical rationality and representativeness, pro-
viding a data basis for constructing whole-growth-period inversion models. Furthermore,
the LNC distribution characteristics and stage-specific validation results of the PSO-ELM
model are summarized in Supplementary Table S1. The higher stage-specific R2 values
(0.83–0.91) compared with the whole-growth-period validation were mainly attributed
to the relatively homogeneous physiological conditions within individual phenological
stages. However, R2 and RMSE reflect different aspects of model performance, and RMSE
is affected by the distribution range of measured LNC values. Therefore, higher R2 within
specific growth stages does not necessarily correspond to lower RMSE values.

Correlation analysis showed that the relationship between LNC and vegetation indices
had significant temporal dependence. The vegetation index with the highest correlation
differed among growth stages, indicating that a single vegetation index is insufficient to
stably characterize citrus LNC across the whole growth period. Changes in leaf nitrogen
content affect chlorophyll synthesis, red-light absorption characteristics, and red-edge
position, thereby altering the shape of canopy reflectance spectra. As a result, vegetation
indices constructed from different band combinations showed differentiated responses
to LNC. This pattern is associated with variations in pigment content, canopy structure,
and background effects during crop growth. In the early growth stage, citrus canopy
coverage was relatively low, and background information such as soil and inter-row grass
contributed substantially to canopy spectra, which interfered with the correlations between
some vegetation indices and LNC. As growth progressed, the canopy gradually closed,
background effects weakened, and canopy reflectance signals were increasingly dominated
by leaf physiological status and canopy structure, resulting in changes in the relationships
between vegetation indices and LNC.

The simple linear and quadratic regression models established for different growth
stages were both able to quantitatively estimate LNC, but their accuracy varied markedly
among stages. The quadratic regression model showed slightly higher fitting accuracy
than the simple linear regression model in some periods, indicating that the relationship
between vegetation indices and LNC may not be purely linear, but may also be influenced
by factors such as leaf internal structure, nitrogen allocation, and canopy background

https://doi.org/10.3390/agriculture16151570

https://doi.org/10.3390/agriculture16151570


Agriculture 2026, 16, 1570 28 of 33

variation, thus exhibiting certain nonlinear characteristics. However, simply increasing the
model order provided limited improvement in inversion accuracy. This is attributed to
increasing model complexity does not introduce new spectral information, and adjusting
the functional form alone is insufficient to substantially enhance the representation of
physiological processes. This is consistent with the view reported in previous studies
that increased model complexity does not necessarily lead to improved generalization
ability [58].

At the whole-growth-period scale, vegetation indices such as EVI, TVI, and MTVI
showed relatively strong sensitivity and were suitable as feature variables for cross-stage
LNC modeling. Linear and nonlinear models constructed using these vegetation indices
were able to achieve continuous inversion of citrus LNC to a certain extent. However, tradi-
tional linear models still showed limited adaptability under complex growth backgrounds
and nonlinear spectral response conditions. After introducing machine learning methods
such as BP neural network and ELM, the ability of the models to characterize nonlinear rela-
tionships was enhanced. This likely due to machine learning methods can comprehensively
utilize multi-dimensional vegetation index information and capture the nonlinear coupling
relationships among leaf nitrogen status, canopy structure, and background information.
Nevertheless, unoptimized models still showed certain accuracy differences between the
training and validation sets, indicating that model performance may be affected by initial
parameter settings, sample partitioning, and network structure. After introducing the
particle swarm optimization algorithm for global parameter search, PSO-BP and PSO-
ELM models both showed certain advantages in fitting accuracy and generalization ability.
This indicates that PSO optimization can improve the global optimality of model param-
eter combinations and reduce the effects of local optima and random initialization on
model performance.

To further evaluate the performance of the proposed framework, the obtained results
were compared with previous nitrogen estimation studies in citrus and other perennial
fruit crops. Previous studies have demonstrated that spectral-based approaches have
considerable potential for non-destructive nitrogen monitoring in citrus. For example, a
citrus canopy nitrogen estimation study based on the two-band vegetation index (TBVI)
achieved an R2 of 0.6071, indicating the feasibility of using spectral information for citrus
nitrogen diagnosis, although the prediction capability of individual vegetation indices
remains limited [59]. Another study using hyperspectral information combined with
the CEEMDAN–SR algorithm further improved the estimation of citrus leaf nitrogen
content, demonstrating that advanced spectral feature extraction methods can enhance
nitrogen prediction performance [60]. However, hyperspectral approaches generally rely
on high-dimensional spectral information and may have limitations in large-scale orchard
applications due to data acquisition and processing complexity. Compared with previous
studies, UAV multispectral-based machine learning methods have shown improved appli-
cability for orchard-scale nitrogen monitoring. Zhao et al. [61] estimated apple canopy leaf
nitrogen content using UAV multispectral imagery and machine learning models, reporting
validation R2 values ranging from 0.670 to 0.797 across different growth stages. In the
present study, the optimized PSO-BP model achieved a validation R2 of 0.68 with an RMSE
of 1.54 g kg−1 for whole-growth-period citrus LNC estimation, which falls within the
performance range reported for perennial fruit crops. The slightly different performance
among studies may be attributed to variations in crop species, canopy architecture, phe-
nological stages, sampling strategies, and feature extraction methods. Unlike approaches
directly using pixel-level spectral information or single vegetation indices, the proposed
framework integrates OBIA-based canopy extraction before spectral modeling, thereby
reducing contamination from soil, shadows, and inter-row vegetation. Therefore, the major
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contribution of this study is not only the improvement of prediction accuracy but also
the enhancement of spectral feature reliability and model stability under heterogeneous
orchard conditions.

In summary, OBIA showed clear advantages in land-cover classification and canopy
information extraction from citrus orchard remote sensing images. It maintained relatively
high and stable classification accuracy across different growth stages, thereby providing
a more reliable canopy spectral data basis for subsequent LNC remote sensing inversion.
Meanwhile, multi-temporal correlation analysis indicated that the spectral response of
citrus LNC had obvious growth-stage dependence, and a single vegetation index was
insufficient for stable monitoring across the whole growth period. The UAV multispectral
inversion workflow constructed by integrating object-based canopy extraction, multi-
vegetation-index feature selection, and optimized machine learning models can improve
the accuracy and stability of citrus LNC estimation in complex orchard scenarios to a certain
extent, and can provide methodological support for orchard nitrogen diagnosis, precision
fertilization, and intelligent orchard management.

5. Conclusions
This study proposes a UAV multispectral inversion framework for estimating citrus

leaf nitrogen content (LNC) under complex orchard backgrounds by integrating object-
based canopy extraction and machine learning models. The main points are as follows:

1. Background interference from soil, shadows, and non-canopy vegetation is iden-
tified as a key limiting factor in UAV-based spectral inversion. Object-based im-
age analysis (OBIA), by integrating spectral, spatial, and textural features, signifi-
cantly improves the purity of canopy spectral information purity compared with
pixel-based classification methods, thereby providing more reliable input data for
subsequent modeling.

2. Citrus LNC exhibits strong phenological dependency in its spectral response. The
relationships between vegetation indices and LNC vary across growth stages, indi-
cating that no single vegetation index can consistently characterize nitrogen status
throughout the whole growing period. Temporal variability therefore represents a
fundamental challenge in multi-stage nutrient monitoring.

3. Nonlinear modeling approaches outperform traditional linear and single-variable
regression models in capturing the complex relationship between canopy spectral
features and LNC. In particular, optimization algorithms improve model robustness
by optimizing parameter settings and reducing sensitivity to initial conditions, leading
to improved generalization across growth stages.

Compared with previous UAV-based nitrogen estimation studies in citrus and other
orchard systems, the proposed framework achieved comparable prediction performance
while providing improved robustness under heterogeneous orchard backgrounds. Dif-
ferences in accuracy may be related to orchard structure, temporal sampling frequency,
and feature extraction strategies. Unlike methods that directly use pixel-based spectral
information or single-stage vegetation indices, this study incorporates object-based canopy
extraction prior to spectral modeling, reducing mixed-pixel effects and background con-
tamination. This improves the physical consistency of input features and enhances model
stability across phenological stages rather than only improving peak accuracy.

Overall, the proposed framework combining object-based canopy extraction, multi-
index feature representation, and optimized machine learning models improves the stability
and robustness of UAV-based citrus nitrogen estimation in heterogeneous orchard environ-
ments. This approach enhances the reliability of spectral inversion and supports precision
nitrogen management.
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The proposed framework shows potential for precision nitrogen management in or-
chard systems; however, its current predictive performance suggests that it is more suitable
for relative nitrogen status assessment than direct fertilization recommendation. Model
transferability may be limited by site-specific canopy structure, management practices, and
seasonal variability, indicating the need for recalibration when applied to different orchards
or climatic conditions.

Future work should focus on multi-year and multi-location validation and the integra-
tion of structural and environmental variables to further enhance model transferability and
physiological interpretability.
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