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Highlights
Unmanned aerial vehicle-based hyper-
spectral imaging (HSI) and machine
learning (ML) techniques are applied for
crop field data collection such as yield,
nitrogen content, leaf chlorophyll, bio-
mass estimation, leaf area index (LAI),
and biotic and abiotic stress.

It is very difficult to identify with certainty
best practices for specific applications
and for targeted crop species because
The past few years have seen increased interest in unmanned aerial vehicle
(UAV)-based hyperspectral imaging (HSI) and machine learning (ML) in agricul-
tural research, concomitant with an increase in published research on these
topics. We provide an updated review, written for agriculturalists, highlighting
the benefits in the retrieval of biophysical parameters of crops via UAVs relative
to less sophisticated options. We reviewed >70 recent papers and found few
consistent results between similar studies. Owing to their high complexity and
cost, especially when applied to crops of low value, the benefits of most of the
research reviewed are difficult to explain. Future effort will be necessary to distill
research findings into lower-cost options for end-users.
the results are frequently contradictory;
models or indices sometimes perform
well, but other times they do not.

ML and HSI are useful and sophisticated
techniques, but treating them as first-
option methods may be detrimental in
the long term. Favoring HSI in situations
where a multispectral sensor performs
equally well only delays end-user adop-
tion of technology owing to cost and
complexity.
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Precision agriculture researchers increasingly choose complex methods and tools
The recent prominence of UAVs has led to increased interest in application of HSI (see
Glossary) in agriculture, thus broadening the range of scientists who now engage in remote
sensing research. HSI has emerged in precision agriculture research as an increasingly
affordable and viable tool for the characterization of abiotic, biotic, and qualitative properties of ag-
ricultural crops at multiple scales. The volume and complexity of data generated by such systems
often necessitates the use of methods that generalize trends and/or patterns. In accord, it is now
standard to pair HSI withMLmethods in UAV research workflows to address this need (Figure 1).

A current and relevant review of UAV research involving HSI and ML is lacking, and as such is not
available to researchers moving into this area of precision agriculture. Singh et al. [1] wrote a
laudable review of ML techniques for agricultural applications based on what was known and avail-
able at the time of writing. Maes and Steppe [2] reviewed the use of UAVs in agriculture and offered
many interesting aspects and perspectives. However, the scale and pace of change in this area of
agriculture over the past 5 years is apparent and the relevance of these papers is in decline. Adao
et al. [3] conducted a comprehensive review of UAVs and HSI, but this (now-dated) review summa-
rized only 13 papers on HSI and agriculture, the most recent of which was written in 2013. More re-
cently, Nex et al. [4] provided an inclusive discussion of hardware and operations; however, this work
was not written from an agronomic standpoint. Saric et al. [5] provide an interesting but somewhat
superficial critical narrative of current HSI applications. Over the previous 3 years the body of knowl-
edge in this area has grown, and Scopus lists >100 papers published in the agricultural domain that
satisfy a keyword search for 'UAV' (or derivatives) and 'hyperspectral' since 2019. Considering the
quantity of research papers produced between 2015 and 2022 as another factor, the level of interest
in HSI mounted on UAVs within the research community has been stagnant during this period. A
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Figure 1. Unmanned aerial vehicle (UAV) research workflow.
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Glossary
Electromagnetic spectrum: the
range of frequencies of electromagnetic
radiation and associated wavelengths.
Sensors are categorized based on the
portions of the spectrum to which they
are sensitive. Most agricultural
applications focus on wavelengths in
portions of the spectrum associated
with wavelengths between 400 and
1000 nm because of the availability and
affordability of sensors that provide
coverage over this spectral range which
encompasses green (495–570 nm), red
(630–680 nm), and near-IR (NIR; 780–
900 nm). These areas are selected
because of their sensitivity to
physiological traits of crops such as
chlorophyll. The red edge (690–770 nm)
has attracted significant attention since
the amplitude of the red edge peak
correlates strongly with chlorophyll
content.
Hyperspectral imaging (HSI): the
sensor collects electromagnetic
radiation in hundreds to thousands of
extremely narrow bands. The range of
wavelengths covered varies by sensor.
The outcome of HSI is the ability to plot a
near-continuous spectrum where
minute differences may be observed.
This level of detail may result in a large
dataset that requires preprocessing to
select specific bands of interest.
Machine learning (ML): generally
refers to automated computer models
that could follow supervised or
unsupervised learning, and this includes
classification, regression, identification,
detection, and clustering. ML can be
applied to identify specific bands of
interest from large datasets, such as
those produced from HSI, for the
identification or detection of specific
plant stresses.
Multispectral imaging (MSI): the
sensor collects electromagnetic
radiation in relatively broader bands that
average incoming radiation over a wider
range of wavelengths. In general, these
sensors collect radiation in three to ten
bands. Common agricultural sensors
typically include bands for green, red,
and NIR, and many now also offer red
edge.
Precision agriculture: a management
strategy that gathers, processes, and
analyzes temporal, spatial, and individual
data, and combines these data with
other information to support
management decisions according to the
estimated variability to improve the
preliminary investigation conducted on the Web of Science platform involved a comprehensive
search encompassing the topics of UAVs, remote sensing, and agriculture, followed by a secondary
search incorporating the additional keyword 'hyperspectral'. Analysis of the retrieved papers re-
vealed a relative ratio, denoted as the percentage of HSI papers to general UAV papers. Notably,
this percentage exhibited an initial value of 19% in 2015, which subsequently peaked at 20% in
2019, before declining to 18% in 2022. This indicates that there has been a lack of recent growth
in UAV-based HSI research, which stands in stark contrast to the overall expansion in UAV studies
focusing on agriculture. The data indicate that HSI is currently experiencing a state of stagnation,
whereas research utilizing UAVs continues to exhibit a steady upward trend. What are the reasons
behind the stagnation of interest in HSI? This review analyzes many elements and applications, and
allows a response to be formulated.

We provide an updated review, written for agriculturalists, highlighting the benefits (if any) of HSI and
ML technologies in the retrieval of biophysical parameters of crops via UAV. The focus of this review
is to summarize the most recent work in this area and to answer two questions that speak to the
needs identified earlier (see Outstanding questions). Ultimately, wemust consider whether choosing
increasingly complex methods and tools will improve precision agriculture and lead the community
towards breakthroughs that can meaningfully improve the science and its value to society.

Primer on HSI and ML
The use of UAVs equipped with wideband visible and near-IR (NIR) sensors has been common in
agricultural applications for more than a decade. Nevertheless, these sensors have limited spec-
tral range and are not sufficiently narrow to accurately characterize subtle differences in leaf reflec-
tance characteristics resulting from various stressors. HSI sensors, which provide high-resolution
spectroscopy over a broad range of wavelengths, were initially employed in satellites and later in
crewed aircraft. However, these sensors can be expensive, bulky, and challenging to engineer
owing to the complexities involved in their design and optics.

Over the past decade advances in sensor technology, optics, and electronic amplifiers have en-
abled the development of smaller HSI sensors that can be mounted on UAVs and that can sense
narrow bands in the visible and lower end of the NIR spectra (700–1000 nm). HSI sensors are
classified according to the manner in which they operate. Sensors, commonly referred to as
'pushbroom', use a line-scanning approach wherein the spectral information is captured using
a line array of sensors, and spatial information is obtained through the movement of the sensor
in the air. Pushbroom sensors capture a single line of spectral data during each exposure.
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resource use efficiency, productivity,
quality, profitability, and sustainability of
agricultural production.
Remote sensing: the use of sensors to
collect electromagnetic radiation that is
favored because it allows nondestructive
sampling in agriculture. Remote sensing
can be conducted with handheld
devices or from platforms such as
unmanned aerial vehicles (UAVs),
ground robots, planes, and satellites.
Vegetation indices (VIs): unitless
quantities obtained through arithmetic
operations applied to two or more
reflectance bands. Many VIs have been
developed for use in agriculture to
enhance the detectability of phenomena
of interest; however, ML can be used to
create new indices based on trends in
data. Due to the higher data volume,
there are more options for calculating
indices from data collected with HSI
relative to MSI
Successive flight lines are necessary to create a continuous spectral image over the target area.
The data collected are stored as pixels, which represent what was captured within the instanta-
neous field of view of the sensor. Pushbroom sensors provide exceptional spatial and spectral
resolution and can generate images with spatially resolved information. However, these sensors
have limited capacity in terms of covering a small portion of the IR range, and there are challenges
associated with integrating a positioning system to acquire high-quality data and a limitation of
slower UAV operating speeds. A competing option is a 2D spectral imager. These sensors differ
in their functionality in that they are capable of capturing spectral information across two spatial di-
mensions during each exposure. Current 2D imagers are able to capture spectral bands either se-
quentially or simultaneously in a single snapshot. Furthermore, multicamera systems can
synchronously record spectral bands using multiple cameras. A primary deciding factor concerns
the cost associated with the implementation of the HSI system, as well as the complex logistics of
its integration into a UAV. The aforementioned aspect pertains to the weight of the HSI sensor and
its adaptability to various gimbals and UAVs. Pushbroom systems in particular necessitate GPS
with exceptionally high resolution. Furthermore, flight planning regarding overlap and duration is crit-
ical to achieve high-quality orthomosiac images. Nonetheless, the advent of these sensors has facil-
itated the development of ML applications with limited capabilities.

It is evident that both RGB composite and multispectral imaging (MSI) have the potential to
offer superior spatial resolution compared with HSI owing to the latter's trade-off between spatial
resolution and signal-to-noise ratio (although current market offerings now include HSI systems
with high spatial resolution capabilities). However, hyperspectral data contain rich spectral infor-
mation that can be used to identify and distinguish subtle changes in stress based on leaf reflec-
tance in ways that these (generally) lower-cost options cannot. Such an advantage can be used
to justify the application of HSI to a range of topics in agricultural research. Conversely, this logic
can also be reversed to conclude that HSI is misapplied to investigations related to visibly obvious
stress or stresses than can be detected over a broad range of spectra (e.g., lodging, mid-stage
nutrient deficiency). Further, the precise reflectance information provided by HSI comes at a cost.
The high dimensionality of the data results in datasets of wavelengths that are highly correlated
and thus require feature or dimensionality reduction. For this reason, researchers use ML ap-
proaches to analyze the data. However, ML is not without its challenges. For instance, advanced
ML classification techniques such as support vector machines perform better than statistical
models but they are difficult to optimize [6]. They also offer the opportunity for seemingly endless
choice. Researchers can and do choose wavelengths, wavelets, vegetation indices (VIs), tex-
ture features, and all combinations thereof as inputs to ML models. Neural networks, and specif-
ically convolution neural networks, are a class of ML methods that are well suited for spectral-
spatial approaches and have been commonly adopted for research [7,8]. Large, deep
convolutional neural networks were initially shown to classify very large (~1.2 million images)
datasets with very good accuracies. They are well adapted for HSI data classification and are cur-
rently a popular classification method for several benchmark hyperspectral datasets [9]. Further,
several variations to the original convolutional neural networks have been proposed specifically
for hyperspectral classification [10–15].

Review structure and literature selection process
Based on a Scopus search, we selected 72 of a possible 106 research articles published between
2019 and 2022. The search was conducted on 1 May 2022. We applied the following search
strings for data aggregation: (drone* OR 'unmanned aerial vehicle' OR uav* OR 'unmanned aircraft
system*' OR uas* OR 'remotely piloted aircraft*') AND (hyperspectral OR hyper*). We selected
papers only in the agricultural sector and then classified them for crop and application. Papers
must have collected HSI via UAVs to be included (Table 1).
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Table 1. Categorization of Scopus search results for UAVs and HSI (and derivatives) reviewed in this articlea

Application Crops

Blueberry Citrus
fruit

Corn Cotton Forages Field
beans

Pome
fruit

Potato Rice Sorghum Soybean Tomato Viticulture Wheat

Biomass − − 1 − 1 − − 1 − 1 − 1 − 5

Chlorophyll − − 4 − − − 1 1 2 − − − − 2

Disease − 3 − − − 1 2 1 − − 2 − 7

Nutrients − − − 1 − − 1 − 2 − − − 1 3

Yield − 1 − − 2 1 − − 4 − 1 − − 4

Other 1 5 1 2 − − 1 2 − − 1 2 −

a−, no published reports were retrieved.
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This review is structured as follows. Selected applications in precision agriculture research will be
discussed in turn. Then follows a general discussion of the key themes that evolved from our
review of the literature. The review concludes with recommendations. For the purposes of this
review, ML is defined as per the definition in the Glossary. Several authors offer a general discus-
sion of ML that can further broaden our understanding of the technique [16,17].

Selected applications in precision agriculture
Disease detection
Disease featured prominently in the literature surveyed. Of the 16 papers reviewed, the majority
targeted diseases of wheat (Triticum aestivum L.) [18–24]. Detection before visible symptomology
is often critical for preventing major crop loss. However, if infection is asymptomatic in its early
stages, detection is considerably more challenging and might be difficult to identify via remote
sensing unless a targeted effort is made for detection (i.e., scouting). Terentev et al. [25] offer a
thorough, critical, and candid review of HSI for early disease detection that is recommended for
readers with an interest in this specific application. In addition, Mahlein et al. [26] provide further
background on this topic. A significant confounding factor in disease detection is differential
symptomology resulting from the disease life cycle, which may necessitate a suite of techniques
tailored to the detection of mixed disease stages under field conditions (i.e., the ability to simulta-
neously detect early and late stages of disease) [27].

Rust diseases (Puccinia spp). are an economically significant stress on cereal crop production
system. Authors in this section reviewed applied UAV-based HSI methodologies for detection of
yellow (also referred to as stripe) rust (Puccinia striiformis f. sp. tritici) [18,20,22,23]. Some authors
focused on a specific growth stage for detection [18–22], whereas others focused on detection
timing [20] or waited for conducive weather windows that led to natural disease development
[23]. Zheng et al. [18] detected yellow rust at grain filling stage with 90% accuracy by applying
ML techniques to wavelength features and VIs. Relative to healthy wheat, diseased wheat had an
upward trend in reflectance measured in visible bands (i.e., 400–700 nm) and a downward trend
in NIR bands. Although this result was consistent with other research conducted by the same
author, it was in opposition to the experience of other researchers (e.g., [28]). Bohnenkamp et al.
[23] reported 780 nm in particular as being the most important band for yellow rust detection for
ground-level sampling, and 510 and 830 nm for a UAV-based platform. These authors further re-
ported that the red portions of the electromagnetic spectrum had no significance for detection
in their ML-based supervised classification and regression approach. The HSI results correlated
well with visual assessment of disease. The importance of the NIR portion was attributed to rust-
induced senescence of the lower crop canopy. Guo et al. [20] noted an initial increase in NIR
Trends in Plant Science, February 2024, Vol. 29, No. 2 199
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reflectance, that then subsided with increase in inoculation time. Based on this finding, the best de-
tection period was mid-infection (23–30 days after inoculation) when using their VI-based partial
least squares regression model. The accuracy of early detection was improved when texture fea-
tures were incorporated into the model. Zhang et al. [22] applied a deep convolutional neural net-
work approach to HSI collected at multiple wheat growth stages, and produced close to 90%
accuracy at later stages (i.e., grain filling). Joint spatial–spectral information was critical to the suc-
cess of this approach over competing options that relied on spectral data only and other ML
models such as random forest. A combination of spectral bands, VIs, and wavelet features pro-
duced acceptable outcomes [R2 = 0.88; root mean square error (RMSE) = 2.58] for the detection
of another significant disease of wheat, fusarium head blight (Fusarium graminearum), in a field en-
vironment using an ML model [19]. The highest accuracy for head blight detection was obtained
with a back-propagation neural network [24]. Similar to rust detection in wheat, wavelengths of
665–685 nmand 705–880 nmwere helpful to extract areas of rice false smut (Ustilaginoidea virens)
occurrence: specifically, decreased reflectance at 755 nm and increased reflectance at 680 nm
were critical indicators [28]. An et al. [28] reported higher accuracies from their ML-based method
relative to the non-ML approach of spectral similarity analysis; however, they also noted the latter
had stronger physical interpretability.

A smaller collection of papers investigated disease detection in tomato (Solanum lycopersicum L.)
[27,29] and potato (Solanum tuberosum L.) [30,31]. Abdulridha et al. [27,29] utilized HSI at both
the laboratory and field scale to detect tomato plants infected with bacterial spot (Xanthomonas
perforans) and target spot (Corynespora cassiicola) [29], as well as plants infected with tomato
yellow leaf curl virus (family Geminiviridae) [27]. The latter publication was necessitated by the
problematic observation that multiple diseases attack tomato crops simultaneously in some en-
vironments. The authors used both artificial neural networks and stepwise discriminant analysis
for classification. The artificial neural network had higher accuracy [29]. Although the relative
strength varied among the 35 VIs applied, photochemical reflectance index [32] and normalized
difference vegetation index (NDVI) 850 [33] were the best VIs for detecting both bacterial and tar-
get spot. The spectral signature of yellow leaf curl virus-infected tomato differed from that of
plants infected with bacterial spot and target spot, particularly in the NIR [27]. Infection increased
red and NIR reflectance, and there were visible changes in reflectance from 550 to 700 nm, and
well as from 700 to 850 nm. Higher accuracy was obtained by the non-ML approach in most
cases. From the VIs investigated, it was concluded that the modified triangular VI [34] and the
renormalized difference VI [35] can accurately detect and classify all three of these diseases. Un-
surprisingly, given its importance, both articles on potato devoted focus to detection of late blight
[Phytophthora infestans (Mont.) de Bary]. Franceschini et al. [30] applied a simple volumemaximi-
zation technique to separate healthy potatoes from those infested with late blight, and further es-
timated severity levels using a pixel-wise log-likelihood ratio. These two methods were shown to
detect/assess disease severity at percentages of affected leaf area as low as 2.5–5.0%. A deep
learning model using 125 HSI wavebands produced an overall accuracy of 98% for the same dis-
ease [31]. Both studies were conducted in field environments, and both authors cautioned that
more research will be necessary to address the variability inherent in field-level studies.

Last, several articles have been recently published that examine the use of UAV-based ML/HSI
research in citrus [36–38] and pear [39]; all address different diseases, including citrus gummosis
(Phytophthora spp.) [38], citrus bacterial canker (Xanthomonas citri subsp. citri) [37],
huanglongbing (Candidatus Liberibacter asiaticus) [36], and fire blight (Erwinia amylovora) [39].
Moriya et al. [38] compared HSI with MSI for the detection of citrus gummosis. The authors
observed a peak near 560 nm and greater hemispherical conical reflectance factor values from
trees infected with gummosis. More interestingly, HSI produced 15% better classification (94%
200 Trends in Plant Science, February 2024, Vol. 29, No. 2
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vs. 79%) than MSI. However, the authors were quick to note that the near-80% accuracy should
encourage future research into the potential of MSI. Deng et al. [36] identified a small collection of
important wavelengths for the detection of huanglongbing; however, the major contribution of
this article may be the proposed neural network model. Such a model can provide guidance in
where to prune infected trees; however, an important tradeoff is that it was also prone to false
positives. In a study that was developed under a laboratory setting and subsequently field-
tested with a UAV, Abdulridha et al. [37] applied two ML methods – a K-nearest neighbor algo-
rithm and a neural network radial basis function – for the detection of citrus bacterial canker,
boasting accuracies of >94% from both methods. Among the 31 VIs selected for study, water
index [40] was considered to be the best for accurately distinguishing between healthy and in-
fected leaves, whereas the anthocyanin reflectance index [41] and the transformed chlorophyll
absorption in reflectance index [37] with radial basis function were of most use in classifying in-
fected and healthy trees under field conditions. Schoofs et al. [39] were also able to distinguish
healthy trees from those infected with fire blight in pear orchards by calculating a standardized dif-
ference VI using wavelengths of 611 nm and 784 nm.

The authors in this section made comments regarding the methods used by UAVs to collect HSI
data that were a potential mismatch (i.e., a potential limitation that should be addressed in re-
search methodology) for disease detection [19,30,39]. Ma et al. [19] specifically highlight that
spectroscopic measurements of wheat are typically collected from the side, whereas UAV flights
collect data perpendicular to wheat ears. Off-nadir measurement was also suggested for detect-
ing late blight given that disease onset generally occurs in the lower potato canopy [30], as well as
for fire blight in pear due to the observation that infection hidden within the tree was easily
overlooked by the classifier [39]. Each of the aforementioned authors presents a valid argument
regarding the viewing angle, as they exclusively utilized snapshot cameras – the sole type of
sensor that is capable of conducting the stated experiments.

Yield estimation
At all levels, yield is the single biggest response variable. Individual farmers view high yields as a
testament to their ability to optimize production quality and quantity. Unsurprisingly, yield is the
second most studied application. Of the 11 papers in this section, rice (Oryza sativa L.) [42–45]
and wheat [46–49] encompass the majority. Although not specific to HSI, van Klompenburg et
al. [50] offer a review on use of ML (as well as deep learning) for yield estimation, and found
that the majority of the works cited relied on neural networks.

Three of the four papers on rice yield estimation have a common author.Wang et al. [42] collected
HSI with UAV flights at four different phenological stages, and combined VIs with textural indices
to estimate rice yield, and used bands from red (728–740 nm) and NIR (776–824 nm) to calculate
a version of NDVI. Relative versions of VIs (e.g., Relative NDVI) have also been investigated for
their use in rice yield estimation [43]. These relative versions are created by using all possible
two-band combinations of discrete channels in the range 500–900 nm. Finally, in [44] the authors
added florescence information into VI-based models. From these investigations they concluded
that the use of HSI from multiple flights improves the estimation accuracy [42], that applying rel-
ative VIs in a multiple growth-stage model improves estimation accuracy [43], and that flores-
cence information not only improves the estimation accuracy but does so at an earlier stage
[44]. The fourth paper on rice compared five ML algorithms to ascertain which offered the best
classification for screening of high-yield japonica rice in breeding lines [45], and selected
XGBoost, an ensemble learning algorithm that combines multiple ML algorithms. The study
found that regression was a poor indicator of yield and opted against its use. Of interest is the
conclusion that lodging was of critical importance to yield prediction. Although the authors
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addressed this limitation through texture analysis, there are alternative UAV-based options for the
detection of lodging that may be better suited than HSI (e.g., low-cost RGB composite cameras
to generate digital surface models produced from structure from motion).

Both Moghimi et al. [48] and Costa et al. [49] applied HSI to the wheat breeding environment, the
former usingMLmethods for analysis and the later relying on non-MLmethods. Soybean [Glycine
max (L.) Merr] breeding was also investigated, and prediction at R5 had the best results for
targeting a single growth stage [51]. Tao et al. [47] combined VIs and crop height information es-
timated from HSI, using both ML and non-ML models for yield estimation of wheat. In their inves-
tigation, partial least squares regression marginally outperformed ML models, and the results
were consistent with ground measurements. Li et al. [46] also estimated wheat yield with VIs de-
rived fromHSI, and applied threemethods to filter down from 60 indices to reduce the dimension-
ality of the data. Approximately one-third of the VIs selected were composed of three or four
bands, and VIs which included red edge wavelengths were rated highly. The importance of
such multiband VI could be an argument for the application of HSI, rather than MSI options, to
such problems. Four candidate ML models were the basis for a decision-level fusion model
that performed significantly better than single ML models [46]. A similar approach and outcome
was reported for alfalfa (Medicago sativa L.) yield prediction [52]. Conversely, another forage
yield prediction study that relied on non-ML methods concluded that 29 wavebands from 450
to 800 nm provided comparable or even better prediction results than field spectroscopy using
hundreds of wavebands in the range from 350 to 2500 nm [53].

Nutrient status estimation
Nitrogen (N) is a crucial nutrient that influences crop growth and development, as well as yield and
quality. N deficiency affects the photosynthetic output of crops, but an excess of N can also in-
duce plant stress. Moreover, excess N is an environmental concern and a financial issue for
farmers. Consequently, reliable real-time N content monitoring is crucial for precise field manage-
ment and fertilizer application decision-making. Therefore, it is not surprising that, of the eight
papers in this category, the vast majority focus specifically on estimating N in major field crops
of wheat [54–57], rice [58], and cotton (Gossypium hirsutum L.) [59]. A deeper discussion of
N sensing, including HSI and ML, can be found in Berger et al. [60]. An area of emerging interest
may be the detection of other nutrients now mediated by HSI (e.g., [61,62]).

Li et al. [56] created multiple lookup tables using a radiative transfer model (non-ML) correspond-
ing to a single growth stage to combine leaf area index (LAI) and leaf N density, and selected VI to
estimate canopy N density in winter wheat. They observed that using this approach improved
computational time and estimation accuracy. Liu et al. [55] investigated the relationship between
HSI reflectance and N nutrition index – the ratio of the plant N concentration to the critical N con-
centration [57] – at four wheat growth stages. Regardless of stage, red edge wavelengths were
sensitive to N nutrition index. The estimation accuracy was also consistent with that of ground
measurements collected using a handheld spectrometer. Zhang et al. [54] created a suite of
two-band VIs from wavelengths between 458 and 830 nm and compared those that were well
correlated with wheat leaf N content against VIs in previous literature. These authors also included
texture features which improved the monitoring of N content. Although many studies do report
that additional information such as texture improved the prediction, Wang et al. [58] commented
that neither ML or non-ML methods improved the performance of VI-only models, perhaps indi-
cating that VI-based estimation is optimal in rice, but mixed results were obtained in cotton [59].
However, the authors of [59] also reported that simpler remote sensing approaches provided
some of the strongest predictions of N in their trial, noting that VIs with fewer bands were more
successful in detecting canopy N. Although most papers in this section focused exclusively on
202 Trends in Plant Science, February 2024, Vol. 29, No. 2
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N estimation, other authors focused instead on potassium [61] or on a range of macronutrients
(including N) [62].

Chlorophyll content estimation
Chlorophyll is an important pigment associated with photosynthetic ability, and by extension
crop growth. Measurement of chlorophyll can be a proxy indicator for a host of metrics of
interest in precision agriculture (including topics presented separately in this review). The
spectral response of pigments such as chlorophyll has long been studied, and many VIs are
targeted at measuring the relative difference in the activity of these pigments [63]. The ten pa-
pers in this section were drawn from a diverse array of crops, but the majority focus on corn
(Zea mays L.) [64–68].

Similarly to the methods used by Li et al. [56], Wang et al. [69] utilized HSI and PROSAIL to obtain
both leaf and canopy chlorophyll content. They also obtained LAI which indicates the flexibility of
this approach to fill multiple needs. Likewise, Shu et al. [67] applied their competitive–adaptive
reweighted sampling-partial least squares regression model to HSI to obtain leaf chlorophyll con-
tent, as well as aboveground biomass (AGB) and total leaf area. Vanbrabant et al. [70] developed
a robust and reliable canopy chlorophyll content retrieval model for pome fruit treemonitoring with
UAV platforms. Higher accuracies were achieved for HSI data than for MSI data based on
linear models (R2 = 0.8 vs. 0.6, respectively). Cao et al. [71] proposed an inversion model to
predict chlorophyll content of rice based on five characteristic bands (410, 481, 533, 702, and
798 nm). Although the proposed model performed reasonably well (R2 = 0.791), the authors
noted that the accuracy could be improved by increasing the amount of data collected by the
UAV platform. Zhu et al. [65] justified the lack of significant differences between their four models
(a mix of ML and non-ML) for estimating leaf chlorophyll content in wheat and corn by
commenting on their limited samples and input variables (which enumerated fewer than ten
after correlation analyses). Similarly to [71], Li et al. [72] used a combination of ML and non-ML
models for estimating chlorophyll in potato. As with other studies, their model strength was
variable, and some models were more appropriate at different stages of growth. Yang et al.
[73] commented that the addition of soil organic matter and soil total N improved the accuracy
of their estimates of relative chlorophyll content in wheat leaves. The potential benefits of
multiangle datasets for VI-based estimation in corn and soybean was examined, but the improve-
ment was minimal if not detrimental to the outcome, and VI selection was viewed as being more
critically important than collection angle [64]. Other authors examined the confounding issues of
lodging [68] and soil background [66] on HSI for estimating corn canopy chlorophyll.

Biomass measurement and LAI calculation
Remote sensing solutions for biomass measurement have long been valued for their non-
destructive nature. The relative balance between crop and soil is often a concern given the
potential for spectral mixing with larger spatial resolutions. The influence of LAI in particular
on VI is a well-documented phenomenon. For readers with a special interest in this area, a
recent review article on biomass-related applications for UAV is available in Wang et al.
[74] and foundational HSI research on VI for LAI is available in Haboudane et al. [34].
The majority of the ten papers in this section focused on field crops, particularly wheat
[75–78].

The use of HSI in this respect was justified by the findings of Zhu et al. [79] who noted that most
multispectral cameras for agriculture do not provide sufficient information on spectral reflectance
nor do they reduce the influence of environmental noise. This assertion was based on simulated
broadbands derived from HSI which were used to determine the effects of bandwidth on LAI
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retrieval. Tao et al. [75] identified red edge wavelengths as particularly relevant to LAI and AGB.
Many authors in this section targeted strategies for how a UAV-based HSI could improve upon
labor-intensive measurement of AGB. Yue et al. [76] applied a wavelet decomposition approach
to overcome the perceived limitation that VI methods underestimated AGB in the later growth
stages of wheat. Although the accuracy was dependent on the ground resolution of the crop
canopy image, these authors declared that their proposed technique was highly accurate
(best R2 = 0.89). However, they also noted a positive but weak correlation between AGB
and HSI when multiple growth stages were considered. Similarly, Li et al. [78] demonstrated
that individual VI measurements could not accurately estimate AGB across the entire season,
but good relationships were obtained between a specific VI and growth stage combination.
Zhang et al. [80] pursued a related investigation in corn, and found that the highest accuracy
was obtained at growth stage V6 when using XGBoost, and this was also superior for other
stages. The authors cited the lower number of necessary samples as an advantage of ML
models in their study. XGBoost was also favored for use in wheat [77]. Taking another tack,
Masjedi et al. [81] applied ML models to multidate remote sensing and ground reference
data for predictive models of sorghum [Sorghum bicolor (L.) Moench] biomass. Although the
features extracted from their HSI provided the most accurate predictions, the addition of light
detection and ranging (LiDAR) data to the model significantly improved the accuracy. This
was also observed in potato, where crop height improved the accuracy of AGB prediction
[82]. The work of Astor et al. [83] also included a multisensor fusion model for predicting
fresh matter yield of eggplant, tomato, and cabbage. However, the sensor fusion model did
not result in optimal performance for any of the crops investigated, and crop height was only
beneficial for tomato. Zhao et al. [84] used additional field data to estimate LAI and AGB, and
found that pigments, carbon, and N were also significant predictors of AGB in grasslands.

Additional applications
The available literature included 15 articles on various topics that may be of interest to some re-
searchers. Topics that were not covered more fully, but for which some articles were returned
in the search results, include water use and stress [85,86], crop emergence [87], forage quality
[88], and insect damage [89]. Two papers on aspects of viticulture were also included in the
search results [90,91]. Several articles presented assorted methodologies relevant to application
of HSI to precision agriculture research [92–95]. Some authors built upon existing work (e.g.,
[93,96], extensions of [97]). Zhao et al. [98] present an interesting application of UAV-based
HSI to map grassland species diversity. Yan et al. [99] considered the benefits of multiview angles
for vegetation classification, noting that the overall accuracy was ~25% better than that of tradi-
tional UAV orthophoto-based classification.

Discussion
Following our review we noted several points for discussion that need to be elaborated (Box 1).
The first is that, although ML and HSI are useful and sophisticated techniques, treating them as
first-option methods may be detrimental in the long term. From observation, applying these
techniques blindly may override logical thinking. There were applications were HSI demon-
strated potential advantages (e.g., non-N nutrient sensing, detection of some diseases) but
also instances where the use of HSI seemed unwarranted (e.g., the detection of crop lodging).
Few papers sought to justify use of HSI over competing options (some exceptions include
[38,39,79,91]). Moreover, HSI was seemingly applied to issues that are clearly visible to an ob-
server that should require only simple composite RGB sensors. The reported success in using
additional explanatory information such as texture (e.g., [21,42,54]) and structure (e.g., [81,83])
demonstrates that the higher spatial resolution of many commercially available low-cost RGB
composite sensors is worth a second look. Several authors pragmatically stated that, given
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Box 1. Best practices for applying HSI and ML tools

Be logical: evaluate whether the problem warrants HSI and ML by first determining whether these approaches will
overcome the limitations of simpler methods. Consider whether lower-cost or less complex methods are adequate. Then
ask whether the outcome will justify the effort.

HSI can enhance research capacity, but at a cost: although such methods can increase the speed of analysis, budget for
more time for data preparation and expect more cost for data collection, software, hardware, and even data storage.

Keep it simple: reliance on ML approaches to the exclusion of simple statistics has potential to reduce replicability, repro-
ducibility, and generalization. Research based on highly advanced methods may produce opaque solutions that limit
knowledge transfer, especially to scientists transitioning into this area of research from other areas of agriculture.

ML methods may offer a black box solution, but the results must be interpreted to be of value: simple ML methods can
provide a clearer understanding before engaging in more advanced ML methods that are less transparent. Such under-
standing is crucial for relating results to logical explanatory variables.

Remember the end goal: HSI and ML should be used to identify the key items that will allow complex technology to be
distilled into affordable end-user products. This can only be accomplished by reducing duplication and advancing
reproducible and generalizable discovery.

Trends in Plant Science
OPEN ACCESS
the cost of HSI, future researchers should consider a low-cost RGB composite or multispectral
sensor, perhaps paired with an ML model (e.g., [37,38,70,100]). Di Gennaro et al. [91] demon-
strated that in fact, with appropriate techniques, multispectral cameras provided acceptable
results, and accordingly they could not justify the price of HSI over MSI in their application.
Hassanzadeh et al. [101] suggested that key wavelengths should be programmed into a
more affordable MSI platform. Related to this, Costa et al. [100] developed a genetic algorithm
to estimate a calibrated (but not normalized, despite the name) NDVI from composite RGB or
MSI data, indicating that such a goal is achievable. HSI and ML have a role to play in research
and development where findings can be communicated to sensor manufacturers for a market-
ready targeted solution.

HSI presents more challenges for data collection, making it important to enhance the efficiency of
flight planning and data preprocessing to produce a quality dataset. The geometric and radiomet-
ric constraints of existing HSI sensors make them difficult to use. The critical step of reflectance
conversion using reference panels and/or irradiance sensors with empirical line calibration is an
example of the added complexity. The process of mosaicking UAV images involves merging a se-
ries of two or more images obtained from a UAV into a single, wide-field image. This technique
involves several key procedures, including image preprocessing, image registration, and image
fusion. Accurate mosaicking is a crucial aspect that cannot always be achieved through the
use of simple and cost-effective software and hardware. This is due to the requirement of a highly
precise on-board inertial measurement unit and GPS for the UAV, particularly in the case of line-
scanning cameras. However, snapshot hyperspectral cameras, which often have fewer band-
widths, can be processed using structure-from-motion software. To paraphrase the results of
Marang et al. [59], ML provided advantages that improved processing time and eased discovery
and testing of new spectral features from HSI. However, it also added more complexity to the
overall project and can easily require substantial preprocessing. Thus, although it can be an
effective tool when used appropriately, advantages in one area of research can be undone by
additional burdens in other areas of the work. If we select techniques that are beyond the
scope of what is necessary, we should expect to see improvements in accuracy that justify the
effort, not marginal gains. When an author comments that both satellites (potentially free)
and RGB composite sensors (low cost) have been successful in solving their problem of interest
(e.g., [47]), such statements should encourage us to consider whether there is a need for further
work with a more complex and expensive sensor, and how much improvement is possible. The
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combined yield estimation works of Wang et al. [42–44] demonstrated that adding more dates to
a model [43,44] or using more complex methods [44] can improve the accuracy. However, it re-
mains unclear how much improvement will be necessary to justify the additional cost of multiple
flights or multiple sensors.

ML techniques need a sufficiently large and balanced training dataset, and involve optimization of
model parameters. For this reason, high-quality training and validation datasets required by ML
methods are generally scarce. It is practical to begin with simple and classical statistical methods
before advancing to ML approaches. If warranted, supervised or unsupervised learning can then
be used to understand subtle differences in HSI reflectance. It is prudent to understand the data
before applying a (frequently) black box ML model. In our current situation, ML has been viewed
as a quick fix for our mindset of collecting as much data as possible – and then depend on ML
models to highlight what has value. There are downsides to this way of thinking. This approach
creates issues of repeatability and reproducibility, the hallmarks of good science. In ML, repro-
ducibility implies that an algorithm developed on one dataset can produce similar results on an-
other unrelated dataset collected for the same purpose. By this standard, many of the papers
we reviewed would have low reproducibility as it is unlikely that the models produced would ac-
curately represent the characteristics of general behavior or phenomena using data collected
from a different sensor and/or geography. One multiyear study presented herein did not include
an experimental design to test the generalization capability of the developed deep learning model
[48]; without such validation, the robustness and reproducibility of this model cannot be
thoroughly verified.

The second, related point for discussion is that, even after reviewing 3 years of peer-reviewed
science conducted by outstanding researchers, it is very difficult to identify with certainty the
best practices for specific applications because the results are frequently contradictory. This
is likely due to the fact that the response is nuanced and very specific to factors such as the
crop studied, its growth stage, and the overall specifications of the study environment. De-
spite finding considerable duplication in current literature, instead of improving confidence
this creates uncertainty because of conflicting results. Among the studies that examined mul-
tiple dates and growth stages, many authors found that separate models were needed for
each unique growth stage (e.g., [69,72]). They also observed that mixing growth stages in
models did not improve model quality (e.g., [58]). However, this was not universally true,
and some improvements were reported using multistage models (e.g., [43]). A suggestion
was made that this speaks to the need for multitemporal data [39], but again, are we likely
to see improvements in prediction that are commensurate with the increased cost and effort?
Interestingly, our conclusions in many ways accord with those of Terentev [25] who reviewed
the state of HSI in early-stage disease detection. Such parallel themes may indicate that this
is a pervasive issue throughout the community. Like us, the author also observed that there
was little consensus in research. This is unfortunate, but the only solution to this issue may
be that journals and their reviewers impose more stringent requirements that oblige re-
searchers to improve novelty, better convey the uniqueness of the approach, draw more con-
crete comparisons to the works of others, and offer more than marginal gains in knowledge
for publication.

One of the significant advances in the field of HSI is the use of all acquired narrowbands as input
for ML models. This type of analysis in particular has been of considerable importance. After per-
forming data preprocessing (e.g., applying smoothing techniques), it is common practice to utilize
the processed data in subsequent steps (e.g., employing first derivative or a sequence of deriv-
atives) rather than using them directly as the input. The implementation of this approach exhibits
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Outstanding questions
Is HSI superior to alternatives such as
MSI for the assessment or prediction
of biophysical parameters, and, if so,
can this added value justify the cost of
hardware and more complex data pro-
cessing and analyses? There was clear
value provided by HSI in instances
where the nuance provided by
narrow-band VIs or subtle distinctions
provided by a tight focus on specific
wavelengths (that might otherwise
have gone undetected in wider
bands). However, the large volume of
data often introduced redundancy
into the dataset – the infinite options
resulting from endless data and the
potential to use wavelengths, VIs,
wavelets, texture, and all combinations
thereof led to a lack of consistency in
identifying specific wavelengths that
were universally appropriate for spe-
cific applications.

Does ML improve the assessment and
prediction of biophysical parameters rel-
ative to classical statistical approaches?
Many strengths of ML were identified,
including narrowing research focus
through band selection and data dimen-
sionality reduction, reducing the burden
of data collection, and being more flexi-
ble that classical statistical approaches.
However, there was no consistent indi-
cation that thesemethodswere superior
to classical statistics; indeed, several au-
thors had comparable or better results
by using straightforward approaches
such as linear models.
greater resilience compared with employing MSI and RGB which rely on a limited number of
spectral bands and the presence of gaps between consecutive bands. The methodology of de-
termining themost distinctive spectral bands for specific applications has proved to be valuable in
downscaling HSI to MSI imagery. However, this approach does not yield satisfactory results
when employed in disease detection applications.

Rich spectral information in HSI can be used tomodel subtly different stressors on plants and iden-
tify the most informative spectral regions that represent these stressors. Since the cost of the HSI
sensor and amount of computation are high, identifying useful wavelengths and narrow
wavebands is more important for progress in precision agriculture. Advanced ML techniques
such as deep learning can produce highly accurate models using the entire spectral information
provided by HSI. However, this approach is both literally and computationally expensive, and
thus impractical for most farms. Future research should focus more on deep learning models
and should explore feature selection approaches. In contrast to other ML, deep learning methods
function independently of researcher control and influence regarding feature selection and optimi-
zation. This could move the field more quickly towards reliable and consistent methods because
researchers have limited options to select their 'preferred' ML method which may be less suitable
and thus produce inaccurate results. Furthermore, unless we can distill the knowledge gained from
these investigations into a lower-cost, multiband sensor, we will not advance the field of agriculture
to the benefit of the farmer. Therefore, researchers should pursue the development of ML models
that use targeted small regions of the full electromagnetic spectrum. Last, the use of shortwave IR
(SWIR) and wavelengths ranging from 1500 to 1800 nm and 2000 to 2350 nm has future potential
in research. The biochemical composition of foliage, including plant proteins, exhibits subtle
spectral characteristics in the SWIR region, but these have not yet been extensively investigated
in relation to various crop characteristics. However, at time of writing, few UAV-based SWIR sen-
sors are available in the market, and all are relatively expensive.

Concluding remarks
The past few years have generated many new publications but few outcomes that are broadly appli-
cable. Many authors appear to focus on using the maximum available data (and calculated derivates)
withmultiple analysismethodologies to identify the 'bestmodel' rather than the best practice for mea-
surement or prediction. The disadvantage of this approach is that theoretical knowledge is not ad-
vanced by results that are limited in their applicability to other situations. Many works that were
reviewed contained duplicative information and as such presented only marginal gains. This is unfor-
tunate because there are still many unanswered questions regarding the methods of data analysis
that are the most successful for these agricultural applications. Due to their high complexity and ex-
pense, especially when applied to crops of low value, the benefits of most of the research reviewed
are difficult to explain. Nonetheless, the recognition that HSI and ML techniques have significant po-
tential for enhancing the speed, accuracy, dependability, and scalability to meet numerous goals in
precision agriculture is itself an achievement. Therefore, future research should be evaluated with a
critical eye for reducing unwarranted duplication, striving harder to compare outcomes with other
works in a meaningful way, and advancing reproducible and generalizable discovery.
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