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Abstract

Excess or deficiency of nitrogen affects wheat yield significantly. Several destructive and
non-destructive methods are used for nitrogen diagnosis to support precision fertilizer
management in wheat. Recently, UAV-based remote sensing combined with machine
learning has emerged as a promising approach for wheat nitrogen assessment. A system-
atic review was conducted to identify strengths and gaps in the methodologically diverse
literature. The PRISMA approach was used to identify relevant literature from Scopus and
Web of Science databases. The extracted data were used for comparative quantitative
analysis to evaluate whether studies targeted direct nitrogen variables or proxy traits, how
validation rigor influenced reported performance, and which growth stages were most
commonly associated with nitrogen diagnosis. Across studies with comparable reported
performance, direct nitrogen studies showed a median selected R? of 0.855, while close-
proxy and indirect-proxy studies showed median selected R? values of 0.868 and 0.841,
respectively. Validation design also differed markedly across the literature. Most studies
relied on internal-only validation, and these studies showed a higher median selected R2
(0.860) than studies using independent-like validation (0.825), suggesting that reported
performance may often be optimistic under less rigorous validation frameworks. Growth-
stage analysis showed that nitrogen diagnosis was most commonly investigated from
jointing to grain filling with most studies focusing on multiple growth stages rather than
on a single stage. This indicates the use of a broader diagnostic window rather than iden-
tifying single stages of practical importance. In conclusion, the reviewed literature repre-
sents a mixture of direct nitrogen and proxy or indirect studies with stronger within-study
predictive capacity than in providing robust and transferable performance for practical
nitrogen management. Future research should focus on direct nitrogen diagnosis and
adopt independent validation designs to link diagnosis outputs to actionable precision
nutrient management.
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1. Introduction

Cereals are central to global food security and agricultural economies. They are
among the most cultivated crops covering 745 million ha worldwide [1] and wheat is the
most produced cereal accounting for 29.5% of the area under cereals cultivation (Figure
1). Nitrogen is one of the most important nutrients governing wheat growth, productivity,
and grain quality. It plays an important role in canopy development, chlorophyll for-
mation, photosynthetic activity, biomass accumulation, and grain formation, whereas ni-
trogen deficiency can reduce growth and yield and affect nitrogen use efficiency [2]. On
the other hand, excessive nitrogen application increases production costs and contributes
to environmental problems such as nitrate losses and greenhouse gas emissions [3]. There-
fore, improving nitrogen management in wheat is an agronomic as well as environmental

priority.

(a) World area harvested by crop group (FAOSTAT)
745.0

(b) Cereals share

Cereals Pulses Roots and  Vegetables Sugar crops
tubers

Figure 1. (a) Area under cultivation of different crop groups and (b) share of different cereals.

Conventional approaches for crop nitrogen status assessment include blanket ferti-
lizer recommendations, visual diagnosis, and destructive tissue sampling. However, gen-
eralized recommendations have their limitations as they often fail to capture within-field
variability, delay in visual symptoms appearance, and destructive sampling is labor-in-
tensive and difficult to repeat across space and time [4]. These limitations have increased
interest in rapid, non-destructive approaches that can monitor crop nitrogen status at high
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spatial resolution. In recent years, remote sensing has become an important tool for crop
nitrogen assessment [5]. Among remote sensing platforms, unmanned aerial vehicles
(UAVs) offer practical advantages for field phenotyping and crop monitoring. UAVs can
collect imagery at user-defined times, provide very high spatial resolution, and capture
fine-scale within-field variability under real agronomic conditions [6].

The increasing availability of RGB, multispectral, hyperspectral, thermal, and fused
sensing systems has further strengthened the role of UAVs in precision agriculture. At the
same time, advances in machine learning have greatly expanded the analytical capacity
of UAV-based crop monitoring. Compared with conventional linear or empirical ap-
proaches, machine learning methods can accommodate nonlinear relationships, high-di-
mensional spectral information, and complex interactions among crops, environment, and
management variables [7]. As a result, a rapidly growing body of literature now reports
strong predictive performance for nitrogen-related traits in wheat using UAV imagery
combined with machine learning [8-10].

Despite this rapid progress, an important question of what exactly is being predicted,
and how robust the evidence is, remains unresolved. The current literature is highly di-
verse in terms of target variables, validation strategies, and growth-stage reporting. Some
studies directly estimate crop nitrogen indicators such as plant nitrogen concentration
(PNCQ), leaf nitrogen concentration (LNC), plant nitrogen accumulation (PNA), leaf nitro-
gen accumulation (LNA), or nitrogen nutrition index (NNI) [11-13], whereas others focus
on related but indirect outcomes such as chlorophyll content, biomass, or nitrogen treat-
ment classes [10,14,15]. Although all of these outcomes may be useful in specific contexts,
they are not equivalent from the perspective of true nitrogen diagnosis. A model that ac-
curately predicts a proxy trait does not necessarily provide the same agronomic infor-
mation as a model that directly estimates crop nitrogen status.

A second challenge is model validation. Many studies report strong predictive per-
formance, but validation strategies vary substantially. Most studies use internal train-test
splitting or cross-validation [11,16,17], whereas a smaller group of studies has begun to
evaluate transferability through temporal, spatial, external, or cross-domain validation
designs [18-20]. Model validation is important because predictive performance estimated
under internal validation may overstate how well a model will transfer to new conditions.
For UAV-based nitrogen diagnosis to support practical nitrogen management, robustness
across fields, seasons, and management settings is just as important as within-dataset ac-
curacy.

Besides direct nitrogen diagnosis and model validation, wheat growth stage repre-
sents a third unresolved issue. Nitrogen status and its spectral expression are not static
during the wheat growing season. Instead, they change with canopy development, nitro-
gen uptake, remobilization, and reproductive progression [21]. As a result, studies have
investigated UAV-based nitrogen diagnosis at different phenological stages, from early
vegetative growth to heading, anthesis, and grain filling [9,12,22,23]. However, it remains
unclear whether the literature supports one consistently optimal stage for nitrogen diag-
nosis or whether UAV-based assessment is better interpreted as effective across a broader
diagnostic window, as different studies highlight different stages or stage ranges as par-
ticularly informative [20,24-26].

Although several reviews have summarized the use of UAV sensors, vegetation in-
dices, and machine learning algorithms for crop monitoring [5,27], an important question
remains unanswered: whether UAV-based studies are truly diagnosing crop nitrogen sta-
tus or predicting traits that are only indirectly related to nitrogen. This distinction is im-
portant because high model accuracy for chlorophyll, biomass, yield, or nitrogen treat-
ment class does not necessarily indicate reliable nitrogen diagnosis. In addition, reported
model performance cannot be interpreted without considering the independence and
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rigor of validation design. Therefore, the novelty of this review lies in moving beyond a
technology-centered summary and providing a structured assessment of target-directness
and validation rigor as two key indicators of the maturity and practical readiness of UAV-
based nitrogen diagnosis in wheat.

Therefore, the aim of this review was to analyze the evidence on UAV-based nitrogen
diagnosis in wheat and to evaluate the field beyond simple summaries of sensors and
algorithms. Specifically, this review addressed three primary questions: (i) whether pub-
lished studies directly diagnose crop nitrogen status or mainly predict proxy traits, (ii)
how rigorously predictive models are validated, and (iii) which growth stages are most
commonly associated with UAV-based nitrogen diagnosis. In addition, broader patterns
in sensor complexity, data fusion, and model complexity were examined to place the main
findings in a technological context. By combining systematic literature selection with
structured comparative quantitative analysis, this review provides a clearer assessment of
the current strengths, limitations, and future needs of UAV-based nitrogen diagnosis in
wheat.

2. Materials and Methods

2.1. Literature Search Strategy

The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
guideline was used to ensure transparency and reproducibility. A systematic search to
identify studies on UAV-based nitrogen assessment in wheat was conducted in Scopus
and Web of Science databases on 6 April 2026 [28]. The search strategy combined terms
related to wheat, UAV/UAS platforms, nitrogen status, and machine learning. Searches
were limited to English language journal articles published between 2017 and 2026. We
used Boolean operators (AND/OR), phrase searching, truncation (e.g., fertil*), and syno-
nyms to construct reproducible search expressions. The full database-specific search
strings are provided in Supplementary Table S1.

In Scopus, the search was performed in the TITLE-ABS-KEY field and returned 112
records. In Web of Science Core Collection, the search was performed using Topic Search
(TS) with equivalent keyword combinations and filters for article document type and Eng-
lish language, yielding 231 records. Records from both databases were downloaded in
Excel and RIS format. RIS files were imported into the Zotero reference manager to re-
move duplicates (n = 108). The remaining 235 records were used for title, abstract, and
full-text screening,.

2.2. Eligibility Criteria

Articles were considered eligible when they met all of the following criteria: (i) fo-
cused on wheat; (i) used a UAV platform for image acquisition; (iii) addressed nitrogen
diagnosis, nitrogen-related prediction, or a closely related nitrogen-response outcome;
(iv) used machine learning or predictive modeling and (v) the full text was accessible for
data extraction. Studies were excluded when one or more of the above-mentioned condi-
tions were not fulfilled.

During screening, 235 records were evaluated. After applying the eligibility criteria,
91 studies were initially retained. During the full-text extraction phase, three studies were
subsequently removed because the full articles were not accessible for complete extrac-
tion, resulting in a final dataset of 88 studies. Among excluded records, the main reasons
for exclusion were wrong crop (n = 80), wrong outcome (1 = 60), wrong platform (n = 2),
and review articles (1 = 2). These study-selection steps are summarized in Figure 2. The
completed PRISMA 2020 [28] checklist is provided in Supplementary Table S2.
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Figure 2. PRISMA flow diagram of the literature inclusion and exclusion process for this study

(Source: adapted from Page et al. [28]).

2.3. Study Screening and Selection

Study screening was conducted in a stepwise manner. Titles and abstracts were first
reviewed to remove records that were clearly outside the scope of the review. Records
that appeared potentially relevant, or for which eligibility remained uncertain at the title
and abstract stage, were retained for full-text assessment to avoid premature exclusion.
Full texts were then assessed against the predefined inclusion and exclusion criteria. Only
studies that passed full-text screening and contained sufficient information for extraction
and comparative analysis were retained in the final dataset. Where the full article could
not be accessed, or where essential methodological information was unavailable for relia-
ble extraction, the study was not included in the final review. Details of study inclusion
and exclusion are given in Supplementary Table S3.

2.4. Data Extraction

A structured data-extraction sheet was developed in Microsoft Excel and used to rec-
ord information from each included study in a standardized manner. The final extraction
file contained 88 studies and 41 variables per study. Extracted information covered bibli-
ographic details, experimental context, sensing platform, target outcome, model charac-
teristics, validation design, growth-stage reporting, and model-performance information.
The main extracted variables included: study identifier and bibliographic details, experi-
mental details, wheat type, nitrogen treatment structure, growth stage or stages evalu-
ated, sensor type, use of data fusion, nitrogen-related target variable, model family,
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validation approach, selected model-performance metric, and study-level notes relevant
to interpretation.

Screening and data extraction were conducted using a predefined eligibility and ex-
traction framework developed before full-text screening. Four reviewers independently
screened titles and abstracts, and potentially eligible records were retained for full-text
assessment. Full-text eligibility and data extraction were then checked by a second re-
viewer. Disagreements were resolved through discussion, and when necessary, by con-
sultation with a senior reviewer until consensus was reached. The review protocol was
not formally registered; however, the search strategy, eligibility criteria, coding frame-
work, and data-extraction variables were defined before final synthesis to improve trans-
parency and reproducibility. Studies for which the full text was inaccessible were ex-
cluded because complete methodological and performance information was required for
reliable coding and comparison. We acknowledge that this criterion may introduce avail-
ability bias, and this issue has been added as a limitation of the review. The full data-
extraction framework, extracted data, and coding dictionary are provided in Supplemen-
tary Tables 54-56.

2.5. Coding Framework and Harmonization

The included literature used inconsistent terminology, variable reporting depth, and
heterogeneous analytical targets; therefore, a harmonization step was conducted after in-
itial extraction. This step was designed to convert the raw extraction sheet into a manu-
script-oriented analytical dataset that could support transparent cross-study comparison.
The coding and harmonization process followed the same pool of studies retained
through the PRISMA-based selection process and did not alter the final study count. The
final harmonized study-level dataset used for the systematic review is provided in Sup-
plementary Table S7, and the decision rules used for coding and selection of comparative
metrics are summarized in Supplementary Note S1.

2.5.1. Coding of Target-Directness

The primary nitrogen-related outcome of each study was classified into one of four
categories, namely Direct N, close proxy, indirect proxy, or treatment class only.

e Direct N was used for studies in which the primary target was a direct nitrogen-sta-
tus variable. Direct nitrogen status variables included plant nitrogen concentration,
plant nitrogen accumulation, leaf nitrogen concentration, leaf nitrogen accumulation,
canopy nitrogen content, or nitrogen nutrition index.

e Close proxy was used for studies that included variables strongly related to nitrogen
status but were not themselves direct nitrogen measures. Studies focusing on SPAD,
chlorophyll, or canopy chlorophyll content were classified as a close proxy because
chlorophyll measurement is not a direct estimation of nitrogen but it is largely used
as an alternative.

e Indirect proxy included broader agronomic traits influenced by nitrogen, such as bi-
omass, yield, or leaf area index. These traits do not directly estimate nitrogen but are
nitrogen-dependent.

e  Treatment class only referred to studies predicting nitrogen treatment classes or re-
lated categorical outcomes rather than continuous nitrogen-status traits. For exam-
ple, studies focused on identifying nitrogen application classes were classified as a
treatment class only.

When multiple outcomes were reported, the primary study-level coding was as-
signed to the outcome judged most central to the nitrogen-diagnosis purpose of the study,
based on the abstract, methods, results emphasis, and reported best model.
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2.5.2. Coding of Validation Rigor

Validation procedures were coded according to their degree of independence and
then grouped into broader categories for comparison.

e Internal-only validation was used for random train—test splits, holdout validation
within the same dataset, k-fold cross-validation, repeated internal resampling, and
related within-dataset partitioning approaches.

¢ Independent-like validation was used when the validation design included temporal
separation, spatial separation, site-to-site transfer, experiment-to-experiment trans-
fer, or any explicitly external or cross-domain testing scenario.

2.5.3. Coding of Growth Stage

Growth-stage information was extracted and standardized to common stage labels,
including regreening, tillering, jointing, booting, heading, anthesis, grain filling, and ma-
turity. Studies were also categorized according to whether they evaluated single-stage,
multi-stage, or unclear growth-stage designs. Where the full text explicitly indicated one
practically optimal stage, that study was additionally flagged for best-stage comparison.

2.5.4. Coding of Sensor and Model Complexity

Sensor type was harmonized into final categories including RGB, multispectral, hy-
perspectral, and multi-sensor systems. Data fusion was coded as yes or no depending on
whether a study explicitly combined multiple data types or sensor sources. Primary sen-
sor class and data fusion were coded as separate variables. Primary sensor class refers to
the main image-acquisition hardware or sensing source used in the study, such as RGB,
multispectral, hyperspectral, or multi-sensor systems. A multi-sensor system was used
when a study relied on more than one sensor type as a central part of image acquisition
or model input. In contrast, data fusion refers to the analytical integration of multiple data
streams or feature types, such as spectral indices with texture features, UAV imagery with
satellite or environmental data, or multi-source model inputs. Therefore, a study could
have a single primary sensor class but still be coded as using data fusion if additional
feature types or data sources were combined during analysis. Model families were also
standardized into broader classes such as traditional machine learning, ensemble machine
learning, deep learning, and hybrid or physics-informed approaches.

2.6. Reporting Bias and Certainty of Evidence Assessment

Reporting bias and the certainty of evidence were assessed narratively because the
review used descriptive quantitative synthesis rather than a formal meta-analysis. Report-
ing bias was considered in relation to possible selective reporting of best-performing mod-
els, incomplete reporting of comparable performance metrics, inconsistent reporting of
validation procedures, and limited availability of negative or poorly performing results.
Certainty of evidence was assessed for the main review findings by considering study risk
of bias, consistency, directness, precision, and possible reporting bias. Certainty was rated
as high, moderate, low, or very low. Reporting bias and certainty of evidence assessments
are provided in Supplementary Tables S8 and S9, respectively.

2.7. Analytical Questions

The review was organized around six research questions, of which the first three
formed the core basis of the manuscript:
RQ1: Are UAV-based wheat studies directly diagnosing crop nitrogen status or mainly
predicting nitrogen-related proxies?
RQ2: How rigorous are the validation procedures used in the existing literature?

https://doi.org/10.3390/nitrogen7030068
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RQ3: Which wheat growth stages are most commonly associated with UAV-based nitro-
gen diagnosis?

RQ4: How complex are the sensing systems used across the literature?

RQ5: How frequently is data fusion employed?

RQ6: How complex are the modeling approaches used?

RQ1-RQ3 most directly address the conceptual and methodological maturity of the
field. Specifically, they allow evaluation of what is being predicted, how confidently re-
ported model performance can be interpreted, and when UAV-based diagnosis is most
commonly attempted. RQ4-RQ6 were used primarily to provide broader technological
context regarding the evolution of sensors, fusion strategies, and modeling complexity.

The first three questions therefore structured the main review and the narrative de-
velopment of the manuscript, whereas the latter three questions supported interpretation
of broader trends in the literature.

2.8. Quantitative Analysis Strategy

A formal inverse-variance meta-analysis was not conducted because the included
studies did not report sufficiently standardized effect-size information. In particular,
many studies lacked one or more of the following elements required for rigorous cross-
study pooling: a clearly defined held-out test sample size, an explicitly independent vali-
dation structure, a standardized outcome endpoint, or a consistent rule for selecting one
comparable model result per study. In addition, the included literature varied substan-
tially in whether the reported outcome represented a direct nitrogen variable or a proxy
trait, further limiting strict effect-size comparability.

Therefore, this review adopted a descriptive quantitative synthesis based on selected
R?values extracted from each study. This approach was chosen to enable transparent com-
parison of major patterns in the literature while respecting the heterogeneity of reported
targets, validation strategies, and modeling pipelines. The analytical workflow was im-
plemented after completion of study selection, data extraction, and harmonization, and
was based on the final pool of studies retained through the PRISMA-guided review pro-
cess.

For each comparison group, descriptive quantitative summaries were calculated, in-
cluding the number of studies, the number of studies with usable R? values, mean R?,
median R?, first and third quartiles, interquartile range, and minimum and maximum val-
ues. Figures were then prepared to visualize the distributions of target categories, valida-
tion rigor, selected R? values across major groups, and the frequency of growth stage cov-
erage across the literature. This strategy was considered more appropriate than formal
pooled meta-analysis because it allowed the review to address the main conceptual ques-
tions of interest without imposing statistical assumptions that were not adequately sup-
ported by the published reporting structure of the included studies.

2.9. Sensitivity-Oriented Interpretive Subsets

To reduce conceptual confounding and strengthen interpretation, core subsets were
also created for sensitivity-oriented comparison. For RQ1, a Direct N core dataset was
prepared using only studies directly estimating nitrogen-status variables. For RQ2, a True
N diagnosis core dataset was prepared using studies that both addressed direct nitrogen
outcomes and reported usable performance values for validation comparison.

2.10. Data Management and Presentation

All extraction, coding, harmonization, and summary analyses were conducted using
Microsoft Excel, with additional support from Python 3.11.15 packaged by Anaconda,
Inc., with Matplotlib 3.10.8, Pandas 3.0.2, and NumPy 2.4.3 for summary statistics and
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Number of studies

30

25

figure preparation. Study characteristics, analytical coding, summary tables, and figures
were generated from the final harmonized workbook to ensure consistency between the
extracted data and manuscript outputs.

3. Results

3.1. Overview of the Evidence Base

A total of 88 studies were included in the final review. The number of studies focus-
ing on UAV-based nitrogen diagnosis in wheat has increased during the last five years,
with a marked increase in 2025 (Figure 3).

Annual publication trend of included studies

29

Publication year

Figure 3. Annual publication trend of included studies. The figure shows the number of UAV-based
wheat nitrogen assessment studies included in this review by publication year. The 2026 count re-
flects records identified up to the database search date of 6 April 2026.

Among the included studies, most focused on winter wheat (1 = 80), while the re-
maining studies (1 = 6) assessed spring wheat and two studies (n = 2) focused on durum
wheat without a clearly specified seasonal type. Geographically, the evidence base was
highly concentrated in China, followed by India, with comparatively limited representa-
tion from other countries (Figure 4).
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Global distribution of included studies on UAV-based nitrogen diagnosis in wheat

A. Global spatial coverage

B. Studies by country
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Gerrnany-3
United Kingdom-Z
usallill2
Norway-Z
Ukraine. 1!
Turkey. 1
Switzerland. 1
Spain. 1
Serbia. 1
Morocco. il
Italy. h
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Number of studies

Figure 4. Geographic distribution of the included UAV-based wheat nitrogen assessment studies.
Panel (A) shows the countries in which at least one included study was conducted. Panel (B) sum-
marizes the number of included studies by country. For multi-country studies, each country was
counted once. The figure highlights the geographic concentration of the current evidence base and

the uneven global distribution of UAV-based wheat nitrogen assessment research.

In terms of sensing platforms, the literature showed a clear preference for advanced
remote sensing approaches. Multispectral sensing was the most common primary sensor
class (n = 37), followed by hyperspectral sensing (n = 21) and multi-sensor systems (1 =
21), whereas RGB-only approaches were less frequent (1 =9). Data fusion was coded sep-
arately from the primary sensor class and was nearly balanced across the dataset, with 45
studies incorporating fused data sources and 43 studies relying on non-fusion workflows.
With regard to modeling approaches, the literature was dominated by more complex an-
alytical methods, particularly ensemble machine learning models (n = 31), followed by
hybrid or physics-informed approaches (1 = 16) and traditional machine learning models

https://doi.org/10.3390/nitrogen7030068
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Target directness

Direct N
(n=61)

Close proxy
(n=10)

Indirect proxy
(n=17)

(n = 14). Overall, these patterns indicate that recent research has increasingly moved to-

ward more information-rich sensors and computationally advanced modeling frame-
works. A summary of the main characteristics of the included studies is provided in Table

1, while the co-occurrence of sensor type, target-directness, and validation structure

across the included literature is summarized in Figure 5.

Table 1. Summary characteristics of included studies [8-20,22-26,29-98].

Domain Category Studies (n)  Studies (%)

Study environment Field 88 100

Wheat type Winter wheat 80 90.91
Wheat type Spring wheat 6 6.82
Wheat type Durum wheat 2 2.27
Primary sensor class Multispectral 37 42.05
Primary sensor class Hyperspectral 21 23.86
Primary sensor class Multi-sensor systems 21 23.86
Primary sensor class RGB 9 10.23
Data fusion Yes 45 51.14
Data fusion No 43 48.86
Model class Ensemble ML 31 35.23
Model class Hybrid/physics-informed 16 18.18
Model class Traditional ML 14 15.91
Model class Neural network/Deep learning 20 22.73
Model class Linear/statistical 7 7.95
Validation grouping Internal-only 65 73.86
Validation grouping Independent-like 23 26.14
Target group Direct N 57 64.77
Target group Indirect proxy 17 19.32
Target group Close proxy 10 11.36
Target group Treatment class only 4 4.55
Stage assessment type = Multi-stage 74 84.09
Stage assessment type  Single stage 8 9.09
Stage assessment type  Not clear 6 6.82

Note: Percentages are based on the 88 studies included in the review.

Sensor type

Multispectral
(n=37)

ectral
n:gl)

Hyp(ers
\
y
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4

RGB
(n=9)

Validation grouping
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Figure 5. Alluvial overview of target-directness, sensor type, and validation grouping. Flow widths
are proportional to the number of studies. Flow colors correspond to the target-directness categories

shown in the first column.

3.2. Direct Nitrogen Diagnosis Versus Proxy-Based Prediction

One of the main aims of this systematic review was to determine whether UAV-based
studies in wheat are diagnosing nitrogen status or instead predicting related proxy traits.
Across the 88 included studies, 57 studies were classified as addressing direct nitrogen
outcomes, 10 studies focused on close proxies, 17 studies targeted indirect proxies, and 4
studies were limited to treatment-class prediction only (Figure 6A). For quantitative anal-
ysis, the most commonly reported model performance metric (R?) was used. Among stud-
ies with comparable selected R? values, 52 direct nitrogen studies, 10 close-proxy studies,
and 12 indirect-proxy studies were available for structured quantitative comparison. The
median selected R? for direct nitrogen studies was 0.855, with an interquartile range (IQR)
of 0.104 and an overall range of 0.54-0.99. Studies based on close proxies showed a median
R2 of 0.868 (IQR = 0.137, range = 0.71-0.98), while indirect proxy studies showed a median
R2 of 0.841 (IQR =0.103, range = 0.72-0.95) (Figure 6B; Supplementary Table S10).

Selected R? across target categories
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T I
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o
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class only (n=52) (n=10) (n=12)
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Figure 6. Target-directness and validation rigor in UAV-based wheat nitrogen assessment studies.
Panel (A) shows the distribution of included studies according to nitrogen-related target category.
Panel (B) shows the distribution of selected R? values across target categories for studies with usable
R2. Panel (C) shows the distribution of included studies according to validation grouping. Panel (D)
shows selected R? values for internal-only and independent-like validation studies with usable R2.
Selected R? refers to the single study-level model-performance value extracted according to the pre-
defined coding rules for descriptive comparison.
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These descriptive patterns show that relatively high predictive performance has been
reported across all target categories, including studies that did not directly estimate plant
nitrogen traits. This pattern is important because it indicates that strong reported model
accuracy should not automatically be interpreted as evidence of true nitrogen diagnosis.
A substantial portion of the UAV-wheat literature still relies on proxy outcomes that may
be agronomically useful but are conceptually different from direct assessment of crop ni-
trogen status. Therefore, the apparent maturity of the field may be somewhat overstated
if direct and proxy-based studies are interpreted as equivalent.

3.3. Validation Rigor in the UAV-Wheat Nitrogen Literature

A second major objective of this review was to assess how rigorously model perfor-
mance has been validated in the existing literature. Of the 88 included studies, 65 studies
were categorized as using internal-only validation, and 23 studies used independent-like
validation (Figure 6C). This indicates that most studies still evaluate model performance
using internal data-splitting strategies rather than more stringent validation frameworks
that better reflect practical deployment.

For structured quantitative comparison, 51 internal-only studies and 18 independent-
like studies reported usable selected R? values. The median selected R? under internal-
only validation was 0.860 (IQR = 0.100, range = 0.61-0.98), whereas studies using inde-
pendent-like validation showed a lower median R? of 0.825 (IQR = 0.158, range = 0.54—
0.99) (Figure 6D; Supplementary Table S10).

Among the independent-like studies with usable selected R? values (1 = 18), valida-
tion strategies were not uniform. Most of the studies focused on transferability or cross-
domain validation (n = 8), followed by external dataset validation (n = 4), temporal vali-
dation (n = 3), spatial validation (n = 2), and independent holdout validation (1 =1). When
separated by validation subtype, temporal validation showed a median selected R? of
0.840, spatial validation showed a median selected R? of 0.865, independent holdout vali-
dation showed a median selected R2 of 0.780, external dataset validation showed a median
selected R? of 0.791, and transferability or cross-domain validation showed a median se-
lected R? of 0.835. These values should be interpreted descriptively because subgroup
sizes were small and validation designs differed across studies. Nevertheless, this break-
down shows that independent-like validation in the UAV-wheat nitrogen literature in-
cludes multiple levels of rigor rather than a single uniform category. It also supports the
broader finding that although several studies have begun to test temporal, spatial, exter-
nal, or transferability-related robustness, most evidence remains limited compared with
the large number of internally validated models.

Although high model performance was reported under both validation groupings,
the descriptive pattern suggests that performance tends to be somewhat lower when val-
idation becomes more rigorous. This supports the concern that a sizeable fraction of pub-
lished UAV-based nitrogen diagnosis studies may report optimistic performance esti-
mates due to reliance on internal-only validation schemes. As a result, the literature ap-
pears stronger in terms of within-dataset predictive performance than in demonstrating
robustness across independent conditions, seasons, sites, or experimental settings.
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3.4. Study Risk of Bias and Certainty of Evidence

Potential reporting bias was mainly related to the selective reporting of best-perform-
ing models, incomplete availability of comparable performance metrics, and heterogene-
ous reporting of validation procedures. These issues were particularly relevant to com-
parative model-performance findings based on selected R? values. Certainty of evidence
was higher for descriptive study-count findings, including target-trait categories and val-
idation strategies, because these were based on clear study-level coding across all in-
cluded studies. In contrast, certainty was lower for comparative performance patterns
across sensor types, fusion status, model classes, and validation groups because of heter-
ogeneous target traits, unequal subgroup sizes, selected performance reporting, and dif-
ferences in modeling workflows. The reporting bias and certainty assessments are sum-
marized in Supplementary Tables S8 and S9.

3.5. Growth-Stage Coverage and Practical Timing of UAV-Based Nitrogen Diagnosis

The timing of image acquisition is crucial in UAV-based nitrogen diagnosis, yet the
available evidence was less standardized than that for target type and validation rigor.
Most studies assessed crop nitrogen status across multiple growth stages (1 =74), whereas
only 8 studies focused on a single stage, and 6 studies were classified as unclear in stage
reporting. This indicates that growth-stage effects are widely recognized in the literature,
but they are often evaluated in multi-stage experimental frameworks rather than being
isolated through directly comparable stage-specific designs.

Across all included studies, the most frequently assessed growth stages were jointing
(n=>57), grain filling (n = 45), anthesis (n =42), booting (n = 41), and heading (n = 39). Other
stages, such as tillering (n = 18), regreening (n = 9) and maturity (n = 12) were less com-
monly represented (Figure 7A). A similar pattern was observed when analysis was re-
stricted to studies classified as direct nitrogen diagnosis, suggesting that the overall dis-
tribution of stage coverage was not driven solely by proxy-based studies.

Among single-stage studies (1 = 8), five studies focused on direct N while the remain-
ing three focused on indirect (1 = 1) or close proxy (n = 2). Among these limited stage-
specific comparisons, the median selected R? was 0.860 for jointing, 0.802 for heading, and
0.768 for anthesis, while the single tillering study reported an R? of 0.968. Although the
subset was small but we observed that reported R? values for indirect/close proxy at joint-
ing (0.925), heading (0.878), and anthesis (0.925) were higher than those for direct N stud-
ies (0.83 and 0.86 at jointing, 0.726 at heading, 0.61 at anthesis). It shows that model per-
formance varies at a given growth stage depending on the targeted outcome. However,
the current evidence is not conclusive and requires more in-depth research. A consoli-
dated summary of the quantitative analysis is provided in Supplementary Table S10.

Overall, the growth-stage evidence suggests that UAV-based nitrogen diagnosis in
wheat is most commonly explored from jointing to grain filling. However, the present
literature does not yet provide sufficiently standardized evidence to support one univer-
sally best growth stage for nitrogen diagnosis across all study contexts. Instead, the de-
scriptive patterns point to a relatively broad diagnostic window, with a stronger concen-
tration of research effort in the mid-to-late vegetative and early reproductive stages.

https://doi.org/10.3390/nitrogen7030068



Nitrogen 2026, 7, 68

15 of 26

Studies focusing on

single-stage

»
o
1

Number of studies

50 1

w
o
1

N
o
1

10 4

Regreening

3

57

Il All studies I Direct N only

Tillering Jointing Booting Heading Anthesis  Grain filling Maturity

Jointing Heading Anthesis Tillering

Figure 7. (A) Frequency of growth-stage coverage across the included studies, with the direct-nitro-
gen subset shown for comparison. (B) Frequency of growth stages covered in single-stage focused
studies.

3.6. Model Performance in Studies Focused on Direct N

Direct nitrogen-focused studies (1 = 57) were analyzed for variation in study charac-
teristics. Most of the studies (1 = 52) used R? to evaluate model performance while the
remaining studies (1 = 5) used other metrics to report model performance. Therefore, 52
studies were used to assess variations among study characteristics. For nitrogen diagnosis
in wheat, most studies focused on multi-stage data collection (n = 46). Multi-stage studies
had a higher mean R? (0.855) than single-stage studies (0.845) (Figure 8A). The interquar-
tile range was also comparable between the two groups (0.102 for multi-stage vs. 0.108 for
single stage). Clearer variation was observed among target nitrogen metrics and sensor
types (Figure 8B,C). Among nitrogen targets, model performance was the highest for CNC
(mean R2 = 0.863), followed by PNA (0.851), LNC (0.839), and PNC (0.838), whereas NNI
had the lowest mean R? (0.771). Median values followed a similar pattern, with PNC and
PNA both showing relatively strong central performance, while NNI tended to be lower.
However, CNC (n = 4) and LNA (n = 3) were reported in relatively fewer studies. For
sensor type, hyperspectral studies showed higher reported mean R? (0.872; median =
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0.870) in this descriptive dataset, followed closely by multispectral studies (0.852; median
= 0.860). Multi-sensor studies had a lower mean R? (0.774; median = 0.800), while RGB-
based studies had the lowest reported performance (mean R? = 0.615), although this cate-
gory included only two observations. These results suggest that hyperspectral sensing
was associated with the strongest predictive performance in the current dataset, whereas
RGB-only approaches appeared less effective.

Data fusion and validation type also showed noticeable descriptive differences (Fig-
ure 8D, E). Studies using fusion approaches (1 =30) showed a descriptive tendency toward
higher mean selected R? values than studies without fusion (0.840 vs. 0.813) and also
showed a slightly higher median R? (0.861 vs. 0.820). In addition, the fusion group had a
narrower interquartile range (0.075) than the no-fusion group (0.115), suggesting slightly
more consistent performance. For validation strategy, internal-only studies (n = 37) re-
ported a higher mean R? than independent-like studies (0.840 vs. 0.802), while independ-
ent-like validation showed a broader spread of values (IQR = 0.158 vs. 0.100). This pattern
is consistent with the expectation that internally validated models may report somewhat
more optimistic performance than those assessed under more independent conditions.
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Figure 8. Descriptive comparison of selected R? values among direct nitrogen studies. Selected R?
values from direct nitrogen studies with usable R? information were summarized by: (A) growth-
stage grouping, (B) nitrogen target metric, (C) sensor type, (D) data-fusion status, (E) validation
grouping, and (F) model family. Selected R? refers to the extracted study-level model-performance
value used for descriptive synthesis according to the predefined coding rules. Sample sizes are
shown below each category.

Differences were also evident across model complexity groups (Figure 8F). Neu-
ral/deep learning models showed the highest mean R? (0.876; median = 0.875), followed
by linear/statistical models (0.860), ensemble ML (0.833), traditional ML (0.818), and hy-
brid/physics-informed models (0.774); however, this should not be interpreted as general
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superiority. Ensemble ML had the largest number of observations (n = 21), indicating that
it was the most frequently represented modeling category in the dataset; however, its av-
erage performance remained below that of neural/deep learning models. Hybrid/physics-
informed models showed the lowest mean performance among the major model classes
and also displayed moderate variability. Taken together, these descriptive results suggest
modest performance advantages for fusion-based workflows, hyperspectral sensing, in-
ternal-only validation settings, and neural/deep learning models, although unequal sam-
ple sizes across categories mean that these comparisons should be regarded as descriptive
rather than definitive.

4. Discussion

The systematic review of the available literature shows that UAV-based wheat nitro-
gen assessment research has progressed considerably, with many studies reporting strong
predictive performance and increasingly using advanced sensors and machine learning
approaches. Nitrogen assessment in wheat varies depending on crop developmental
stage, sensor type used for data collection, target nitrogen characteristic, presence or ab-
sence of data fusion, data validation strategy, and model complexity used in the study.
The main contribution of this review is the conceptual separation of true nitrogen diagno-
sis from proxy-based prediction, together with an evaluation of how rigorously reported
model performance has been validated. Many UAV-based studies report high predictive
accuracy, but such accuracy has different implications depending on whether the target
variable is a direct nitrogen indicator, a close proxy, an indirect proxy, or simply a treat-
ment class. This distinction is essential because a model that performs well for chloro-
phyll, biomass, yield, or nitrogen treatment classification may be useful for crop monitor-
ing but cannot automatically be considered a nitrogen diagnosis tool. Similarly, strong
performance under internal train-test splitting or cross-validation does not necessarily
demonstrate field-level transferability. By jointly evaluating target directness and valida-
tion rigor, this review provides a clearer picture of where UAV-based wheat nitrogen as-
sessment is scientifically strong and where further evidence is needed before operational
use in precision nitrogen management.

The systematic review showed that most studies focused on multiple wheat devel-
opmental stages and the literature was concentrated from jointing to grain filling, partic-
ularly around jointing [9,10,31], booting [14,22], heading [43,46], anthesis [52], and grain
filling [33,71]. Nitrogen plays an important role at each developmental stage; therefore,
nitrogen assessment at multiple stages is beneficial but at the same time, the evidence was
not sufficiently standardized to identify one universally best stage for UAV-based nitro-
gen assessment. For further advancement in precision agriculture, it is important to iden-
tify critical stages for nitrogen assessment. Single-stage studies also focus on different de-
velopmental stages, including tillering [64], jointing [20,24,78], heading [15,53], and an-
thesis [26,52]. This variability suggests that the most useful stage likely depends on the
target variable, the sensor used, the nitrogen treatment structure, and the intended man-
agement objective. A stage that performs well for plant nitrogen concentration may not
be equally suitable for biomass-related proxies or grain-related outcomes later in the sea-
son. Likewise, a stage with strong predictive accuracy may still be less useful if it occurs
too late for meaningful nitrogen intervention. Future studies would therefore benefit from
explicitly testing stage-specific model performance in relation not only to prediction ac-
curacy but also to practical decision timing.

This systematic review found that a substantial part of the literature does not target
direct nitrogen variables but instead predicts close or indirect proxies. Several included
studies directly estimated crop nitrogen indicators such as PNC [11,18], LNC [94,97], LNA
[62], PNA [8,39], or NNI [13,45]. In contrast, other studies focused on chlorophyll-related

https://doi.org/10.3390/nitrogen7030068



Nitrogen 2026, 7, 68

18 of 26

traits, SPAD, biomass, yield, or nitrogen treatment classes [29,30,37,66]. Reported proxy
traits are agronomically important but they are not equivalent to direct assessment of crop
nitrogen status. Moreover, a proxy predicting model cannot be assumed to provide
equally reliable nitrogen diagnosis for management decisions.

In this review, high model performance (R? values) was observed for direct nitrogen
studies as well as for close proxy and indirect proxy studies. Close or indirect proxies are
more readily captured by spectral or structural canopy signals than direct nitrogen traits
themselves. Therefore, high reported performance does not indicate that UAV-based ni-
trogen assessment has been fully achieved. It is important to distinguish between direct
nitrogen diagnosis, nitrogen-related trait prediction, and general crop status estimation.
Treating these categories as interchangeable risks overstates the readiness of the field for
operational nitrogen management.

Another notable pattern in the dataset is the dominance of multispectral, hyperspec-
tral, and fused sensing approaches, together with frequent use of ensemble and hybrid
models. Multispectral and hyperspectral sensors cover a larger number of spectral bands
than RGB and can improve nitrogen assessment. RGB sensors have been reported to as-
sess nitrogen at very early stages [99,100] but advanced sensors are more widely used for
nitrogen assessment particularly for nitrogen diagnosis [23,61,70]. We also observed that
advanced models such as neural/deep learning models [57,69] showed higher selected R2
values in this dataset. It indicates that UAV-based remote sensing is utilizing advanced
sensors and models for nitrogen assessment in wheat but they can also reduce interpreta-
bility and increase cost. Practical usefulness of models does not only depend upon their
predictive strength but also on their ease of use, cost, and consistency. At present, the
research appears more centered on technological advancement than towards the opera-
tional decision support. The researchers have already started focusing on more operation-
ally relevant outputs, such as nitrogen class prediction, transferability-oriented valida-
tion, or cross-environment testing, but there is still a gap in connecting diagnosis outputs
to recommendation logic, variable-rate application strategies, decision thresholds, or eco-
nomically meaningful nitrogen classes.

Another research gap observed in this review was the validation design. Most studies
in the present dataset used internal-only validation [17,58,60], and comparatively fewer
studies used independent-like validation [59,63,74]. Internal-only validation is associated
with optimistic model evaluation providing higher R? values while independent-like val-
idation is considered more rigorous. A similar trend was observed in the current dataset,
where the median selected R? values of independent validation were lower than those of
the internal-only validation. Model development is intended for use under practical con-
ditions; however, an internally validated model may have limited value for real-world
nitrogen recommendations. In this review, we observed that the field appears strong in
identifying informative spectral features and constructing accurate within-study models,
but still less developed in demonstrating transferability, generalization, and operational
robustness. The expanded validation analysis further shows that “independent-like vali-
dation” used different levels of independence, including temporal validation [9,39], spa-
tial validation [22], external dataset validation [14,45], independent holdout testing
[59,63], and transferability [18,86]. Although the number of studies in each subgroup re-
mains limited, this breakdown strengthens the conclusion that UAV-based wheat nitro-
gen models are increasingly being evaluated beyond internal train-test splits, but still re-
quire broader temporal, spatial, cross-site, cross-year, and external validation before they
can be considered operationally reliable for precision nitrogen management. Yu et al. [101]
also reviewed UAV hyperspectral remote sensing for crop nitrogen monitoring and em-
phasized the increasing importance of hyperspectral imaging, machine learning, deep
learning, hybrid modeling, independent testing, model transferability, and phenological
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confounding in crop nitrogen prediction. These conclusions are in line with the present
review, particularly our observation that advanced sensing systems and machine learning
approaches are increasingly used in UAV-based nitrogen studies, while independent val-
idation remains insufficiently addressed. However, our review extends that work by fo-
cusing specifically on wheat and by separating direct nitrogen diagnosis from close and
indirect proxy prediction. Future work should further improve model validation across
locations, years, crops, cultivars, management practices, and environmental conditions.

Overall, the review indicates that UAV-based wheat nitrogen assessment is a prom-
ising and rapidly developing research area that faces important conceptual and method-
ological challenges. The use of UAVs, advanced sensors, and machine learning has ena-
bled researchers to predict nitrogen-related traits non-destructively. However, to move
from nitrogen assessment to actionable nitrogen diagnosis, it is important to distinguish
between direct nitrogen diagnosis and proxy prediction. We also need to adopt independ-
ent validation designs and link diagnosis outputs to actionable management decisions.
Moreover, to reduce operational costs it is also important to identify critical nitrogen di-
agnosis stages using UAV-based systems. Therefore, future research should focus not
only on improving predictive accuracy within individual studies but also on demonstrat-
ing that UAV-based nitrogen diagnosis is transferable, interpretable, and operationally
useful under real production conditions.

5. Limitations of the Review

The systematic approach used in this review has some important limitations. The
literature search was restricted to Scopus and Web of Science and included only English
language journal articles. Availability bias may have been introduced by excluding stud-
ies for which full texts were inaccessible. Moreover, the comparative quantitative analysis
was based primarily on selected R? values rather than standardized effect sizes with
known variance. Many studies reported the best-performing model rather than a prespec-
ified single endpoint, which may favor optimistic comparison. Variability in target defi-
nitions, validation procedures, and growth-stage reporting limited the extent to which all
studies could be pooled quantitatively. Therefore, the present review should be inter-
preted as a systematic review rather than a meta-analysis. This approach provided a prac-
tical and transparent way to compare the field along conceptually important dimensions
that are often overlooked, particularly the distinction between direct nitrogen diagnosis
and proxy prediction, and the difference between internal-only and independent-like val-
idation designs.

6. Conclusions

This systematic review shows that UAV-based wheat nitrogen assessment has ad-
vanced rapidly through the use of multispectral and hyperspectral sensing, data fusion,
and machine learning approaches. However, its main contribution is the distinction be-
tween true nitrogen diagnosis and proxy-based prediction, together with the assessment
of validation rigor. High selected R? values were reported for both direct nitrogen traits
and proxy traits, indicating that predictive accuracy alone should not be interpreted as
evidence of reliable nitrogen diagnosis. Most studies relied on internal-only validation,
whereas independent-like validation was less common and generally showed lower re-
ported performance, suggesting that current evidence is stronger for within-study predic-
tion than for transferable field deployment. Descriptive growth-stage patterns indicate
that jointing, booting, heading, anthesis, and grain filling are the most commonly studied
stages, but standardized stage-specific validation is still lacking. Future research should
prioritize direct nitrogen indicators, agronomically meaningful metrics such as NNI,
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stronger temporal, spatial, cross-site, cross-year, and external validation, and clearer links
between diagnostic outputs and actionable precision nitrogen management.
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The following abbreviations are used in this manuscript:

UAV Unmanned aerial vehicle
UAS Unmanned aerial system
ML Machine learning

PRISMA  Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RGB Red-green-blue

PNC Plant nitrogen concentration

PNA Plant nitrogen accumulation

LNC Leaf nitrogen concentration

LNA Leaf nitrogen accumulation

CNC Canopy nitrogen content

NNI Nitrogen nutrition index

SPAD Soil-Plant Analysis Development (chlorophyll meter)
R? Coefficient of determination

IOR Interquartile range

NUE Nitrogen use efficiency

FAO Food and Agriculture Organization

RIS Research Information Systems file format
TS Topic Search

RQ Research question
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