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Abstract: Plant diseases of an infectious nature are the reason for major economic losses in agricul-
ture throughout the world. The early, rapid and non-invasive detection of diseases and pathogens
is critical for effective control. Optical diagnostic methods have a high speed of analysis and non-
invasiveness. The review provides a general description of such methods and also discusses in more
detail methods based on the scattering and absorption of light in the UV, Vis, IR and terahertz
ranges, Raman scattering and LiDAR technologies. The application of optical methods to all parts
of plants, to a large number of groups of pathogens, under various data collection conditions is
considered. The review reveals the diversity and achievements of modern optical methods in de-
tecting infectious plant diseases, their development trends and their future potential.

Keywords: optical methods; plant pathogens; plant diseases; spectroscopy; fluorescence; LiDAR;
Raman; FTIR; LIBS

1. Introduction

Plant diseases are considered a risk due to the complexity of the detection and iden-
tification of specific features at the early stages [1]. Phytopathogens can affect both plants
and harvested crops. Timely diagnostics can lead to the mitigation of more than half of
the total crop production losses around the globe, as well as reducing the use of pesticides,
through the forward isolation of infected plants and, as a result, preventing disease dis-
semination. Early diagnosis is more preferable than increasing the area of agricultural
land, the use of pesticides and the introduction of disease-resistant GMO crops [2]. The
second most important point for diagnosis is the monitoring of fruit diseases at the post-
harvest stage, which is important for the consumer and for the health of the future crop
in the case of cereal seeds [3].

Traditionally, plant diseases are detected by visual inspection. It is inherently a man-
ual method, time-consuming and inaccurate, and subsequent laboratory evaluation is
used to increase the accuracy, which is often expensive and complicated. Today, the fol-
lowing laboratory methods are used: enzyme-linked immunosorbent assay (ELISA), pol-
ymerase chain reaction (PCR), in situ hybridization (FISH), immunofluorescent analysis,
chromatography, aptamer-based methods, fluorescence and flow cytometry. A large
number of serological and microbiological methods are also applied. All these methods
are widely used for the detection of phytopathogens and make it possible to uniquely
identify a pathogen. Various reviews are devoted to a detailed description of these meth-
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ods—for example, [4]. Currently used technologies for plant disease detection and identi-
fication require personnel to have skills and knowledge in the fields of plant physiology
and pathology, the usage of reagents and equipment and sample preparation. In this case,
significant time costs are required, and an important role can be played by the human
factor, which leads to errors in diagnosis. The obstacles to the use of conventional tech-
niques are the reason that innovative technologies are continually being developed, such
as machine vision and neuronets, remote sensing (ground, air, satellite), “electronic
noses”, some X-ray methods, potentiometry, thermal image analysis methods, radar tech-
nologies and, finally, optical methods. The recent promotion of optical methods in the
field of phytopathology is overviewed and evaluated within this review article. Optical
methods are distinguished by their speed, ease of use, the possibility of screening large
areas, low price and a small number of attendants. Table 1 compares the advantages and
disadvantages of optical and classical laboratory methods. The development of technical
means to obtain optical information, monitoring systems and computer data processing
also contribute to the active introduction of optical methods in the field of detection of
phytopathogens.

Table 1. Comparison of advantages and disadvantages of optical and classical laboratory methods.

. - Methods
Comparative Characteristics .
Optical Laboratory

Non-invasiveness Yes Almost always not
Speed of obtaining results Less than tens of secondsSeveral hours to days
Early diagnosis Yes Often not
Study of large areas Yes No
User professionalism Not important Important
Price per analysis Comparatively low Comparatively high
Determining the type of pathogen No Often yes
Pathogen can be found Surfaces Anywhere

To date, optical methods are extensively applied not only in diverse aspects of biol-
ogy and medicine [5,6] and the food industry [7,8], but also in crop production. Optical
methods are used to determine the quality of fruits [3,9,10], maturity [11], the presence of
defects [12], the content of valuable substances [13,14], in production processing [15], to
determine the biomass of green cover and also for the diagnosis of plant diseases associ-
ated with both environmental factors (humidity, availability of nutrients, light, tempera-
ture, wind, etc.) and biological agents (rodents, birds, insects [16-18], nematodes [19],
fungi, bacteria, viruses). The focus of this review is recent achievements in the develop-
ment of various spectroscopy and imaging techniques for the detection and recognition
of infectious plant diseases.

Losses of agricultural crops from pathogens account for approximately 50% of all
losses caused by biogenic factors [20]. To date, more than 660,000 papers have been pub-
lished on optical methods for the diagnosis of plant diseases. The publication patterns in
this area over the past 10 years are shown in Figure 1. During these years, interest in the
topic has been steadily growing. The main advantages of optical diagnostic methods are
non-invasiveness, non-destructiveness, the lack of sample preparation and fast data ac-
quisition. Another important advantage of optical methods is the possibility of remote
sensing (using satellite imagery, various aircraft, ground moving equipment) and use in
stream measurements (conveyors and sorting lines). Regarding the disadvantages, it is
necessary to note the complexity and sometimes ambiguity of the interpretation of the
data obtained, the influence of external factors—e.g., illumination parameters (intensity,
angle of incidence of light [21]) and contamination—and the heterogeneity of the samples
under study.
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Figure 1. Publication activity regarding optical methods for plant disease diagnostics (in English)
from 2013 to 2022 (search query optical methods, plant diseases). The data were obtained using the
Google Scholar search engine.

2. Fundamentals of Optical Methods’ Utilization for Plant Pathogen Diagnosis

Most of the plant pathogen diagnosis methods are based on spectral analysis (Figure
2) to bind or unbind to spatial coordinates. In fact, spectroscopic methods—absorption
(transmission) spectroscopy and reflective spectroscopy (more often in the visible or near-
IR bands), Raman spectroscopy and fluorescence spectroscopy —are methods that do not
bind spectral features to coordinates. Spectroscopic methods are often readily available,
inexpensive and use simple and compact instruments based on an illumination source
and a photodetector. The main challenge in spectroscopy is to find the ranges of wave-
lengths that have the maximum transmittance, absorption or reflection rates for the spe-
cific sample—in the visible spectral range, this corresponds to the sample tinge. Optical
methods where the optical parameters of the objects under study are linked to their spatial
coordinates are called spectral imaging methods [22]; often, these are hyperspectral or
multispectral imaging and spatially resolved spectroscopy. In such methods, each pixel of
a spectral image contains information about the radiation intensities in the selected spec-
tral ranges. The combination of spectral imaging methods with UAVs, etc., allows us to
use this concept for the monitoring of large agricultural areas. Visualization, including
combined (with various mutually complementing techniques), is the most popular
method, due to the high discernability of the results for the operator.
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Figure 2. Optical schemes and frequency of application of the main optical methods used to detect
plant diseases.

The foundations of the implemented methods lie in the phenomena of the absorption,
transmission, reflection, scattering or fluorescence of electromagnetic waves. The ex-
tracted information also depends on the light source wavelength and the analyzed spec-
tral range. It is believed that the NIR region will have higher accuracy in plant disease
detection in comparison with the MIR and vis—NIR regions [23]. The majority of ordinary
radiation sources are broadband light sources, mainly natural light (solar energy). Tech-
niques using sunlight are sometimes referred to as passive scanning techniques. For active
scanning, pulsed laser sources (fluorescence methods, Raman spectroscopy, LiDAR) are
used more often. Less often, lasers are used in a continuous emission mode. Data analysis
makes it possible to link the identified spectral features with the presence of disease in a
plant, to identify, differentiate and determine the severity of the disease. The most wide-
spread mathematical algorithms to identify spectral regions suitable for class division are
linear discriminant analysis (LDA) and principal component analysis (PCA) [24], partial
least square discriminant analysis (PLS-DA) [25], quadratic discriminant analysis (QDA)
and analysis of variance (ANOVA) [26]. The choice of mathematical algorithm in this case
often depends on the method of data acquisition. For image analysis, machine learning
methods are more often used. The most frequently used are support vector machines
(SVM) [27] (which are noise-tolerant and high-precision, but not suitable for large data
and bear a low processing rate) and neural networks. These include artificial neural net-
works (ANNSs) [28], which reliable, convenient and suitable for processing noisy data and
solving complex problems but require large number of training samples and processing
time; convolutional neural networks (CNNs) [29]; backpropagation neural networks
(BPNNs); and random forest (RF) with its related representative, the decision tree. Special
indexes, discriminative analysis, extreme learning machine (ELM), joint sparse represen-
tation-based classification (JSRC); pixel-wise (PW); and self-organizing maps (SOM). The
successive projection algorithm (SPA), regression-based models and spectral unmixing al-
gorithms, etc. (Figure 3), are used much less often. In the case of methods that provide a
large amount of data as a measurement result, data pre-processing may be required: base-
line correction, normalization, noise removal (smoothing), the Savitsky—Golay first deriv-
ative [30], a wavelet transform [30], the removal of extrema, differentiation, use of the least
squares method, PCA transformation and accounting for background fluorescence in Ra-
man spectroscopy [31].
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Figure 3. Frequency of application of mathematical algorithms for analysis of data obtained using
optical methods. Linear discriminant analysis (LDA), principal component analysis (PCA), cluster
analysis (CA), regression analysis, artificial neural network (ANN), support vector machine (SVM),
random forest (RF).

The choice of diagnostic method relies on the pathogen localization, the analyzed
(subjected to inquiry, target) part of the plant, the type of pathogen being studied and the
diagnostic conditions. Diagnostic methods can be based, on the one hand, on the search
for the optical properties of characteristic pathogens—usually the appearance of charac-
teristic (secondary) metabolites or protective compounds. On the other hand, they may be
based on alterations in the optical response of the plant itself: changes in the content of
chlorophyll and other pigments, or changes in photosynthetic activity, structure and the
composition of the cell wall [32]. Fine remote diagnostics can be used; for example, by
applying LiDAR, problems can be detected via the appearance and morphology of plant
parts or the content of CO2, and root diseases can be determined from the aerial parts.
Researchers should take into account that it is not always possible to associate changes in
plant parameters with specific pathological changes: diagnosis in such cases is based
mainly on statistical patterns [33]. The study can be carried out both in the field and in the
laboratory. A feature of the field conditions, as a rule, is the presence of natural light, and
the principal requirement is the possibility of remote sensing. In the controlled conditions
of laboratories [34] and post-harvest sorting lines [10], any conditions can be created, alt-
hough there are also limiting factors: in laboratories, it is often the size of the premises; in
line conditions, it is dust and soil residues. To scan and diagnose large areas, instruments
for remote sensing from ground platforms, aircraft and satellites are used [35]. The major-
ity of optical methods are non-destructive and non-invasive, but, for certain purposes,
there is a need for and benefit of invasive monitoring methods. Surface-enhanced Raman
spectroscopy of mycotoxins [36] provides a good example of a damaging method. The
studied part of the plant—in the field —includes green parts, shoots or the whole plant.
On sorting lines, it may include the fruits, root crops and root tubers [37]. The whole plant
or the green parts of plants are examined in approximately a quarter of cases. This is due
to the easy accessibility for monitoring, especially for remote observation, and to the im-
portance of assessing the state of the plant as a whole for the early diagnosis of diseases.
For the green parts of plants, more often than for fruits, fluorescence methods are used,
sometimes in combination with other optical techniques. For the photosynthetic parts of
the plant, the most common methods are based on chlorophyll fluorescence. The seeds are
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the most frequently studied part of the plant (nearly half of all cases), due to the im-
portance of cereals to humans. The study of mycotoxins using Raman spectroscopy [36]
should be mentioned as a specific point. The fruit is examined in approximately one tenth
of cases and roots in approximately one in five studies (Figure 4).

Seeds
45%
oy

Green parts
18%

Whole plant
5%

Figure 4. Frequency of application of optical diagnostic methods to different parts of plants.

If classified according to the objects of study, then most of the work is devoted to the
study of pathogenic fungi, and fungi from the Fusarium genus are dominant (Figure 5).
This group of pathogen express a natural prevalence as an infectious agent of agricultural
crops. Every type of pathogen causes changes in the host organism, and the choice of di-
agnostic method may be associated with the nature of these changes. For example, viruses
often cause discoloration, mosaics and chlorosis. Bacteria cause much more heterogene-
ous changes—for example, the appearance of rot may begin, as well as spotting, burns,
withering, the development of bacterial cancer or gum disease [34]. It is preferable to iden-
tify the disease before the appearance of visible symptoms; often, optical methods can
achieve this. A study of the literature allows us to conclude that the choice of agricultural
crop for the study and application of optical methods correlates with the importance of its
culture for humans—for example, the vast majority of publications are devoted to cereals.
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Figure 5. Frequency of application of optical methods for studied pathogens from different taxo-
nomic kingdoms.

As reference methods, laboratory methods for the determination of phytopathogens
are usually used (microbiological, real-time PCR [24,25], immunochromatographic,
ELISA [38], as well as artificially controlled infection (in laboratory studies, in most cases),
visual control, electron microscopy). To supplement this and obtain a broader overall pic-
ture, combinations of multiple optical methods are often used. Approaches that combine
various optical methods, such as hyperspectral and fluorescent imaging [39,40], as well as
optical and other methods, such as visible and thermal imaging [41,42], hyperspectral,
fluorescent and thermal imaging, have also become widespread [43]. The photochemical
infection index, which is an integrating effect of viral infection on the kinetic parameters
of fluorescence and reflection spectra of pepper leaves, was used by the authors of [44]. In
[45], ATR-FTIR and Raman and fluorescence spectroscopy were used to detect Fusarium
seed blight. The accuracy of pathogen detection with a method that uses the joint pro-
cessing of data from two methods becomes higher than when using a single method.

3. Spectral Imaging

The most extensive class of methods is based on the detection of light that is reflected,
rarely absorbed or passed through the object. This group of methods is represented by
both visualization-related methods and methods of direct spectral imaging. The latter in-
volve obtaining images of an object in which each pixel carries spectral information, by
increasing the number of spectral bands and reducing their width: RGB imaging and mul-
tispectral (MSI) and hyperspectral imaging (HSI). Most often, such shooting is carried out
using narrow-band filters, forming a large number of images, or multi-band filters where
a smaller number of images is used.

RGB images are sequences of frames taken consecutively after red, green and blue
filters and coincide with the intensity of the radiation reflection for the corresponding col-
ors (RGB) by plant chromophores. For this purpose, both special cameras and
smartphones are used [46].

Hyperspectral imaging (HSI) is an advanced, intricate technique that uses reflectance
data collected in a wide spectral band, typically between 350 and 2500 nm, to reconstruct
a spatial image of a plant through sensitive techniques of special image processing. HSI is
a combination of spectroscopy and digital photography and the images form an image
cube [47,48]. Since this method provides a large amount of information, it allows us to
detect a wider range of diseases than RGB visualization. Among imaging modalities, HSI
has the greatest potential (Table 2). At the same time, HSI has disadvantages: high costs,
the complexity of sensors and optical components, long data acquisition times and the
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complexity of processing and analysis. These shortcomings of HSI limit the practical ap-
plication of the method, mostly in situations where a short response interval or large-area
surveys are required [49]. The development of efficient methods to process HSI data re-
mains an unfulfilled objective due to the presence of more than three dimensions, result-
ing in an excess of information and noisiness. Additional difficulties include the depend-
ence on the observation angle [50], which refers to the dependence on the orientation of
the samples [28]. The HSI instruments themselves are very expensive to install on farms
and now are mainly used for satellite and aerial imaging [51].

The value and nature of the information obtained from the spectral data depend on
the wavelength range. The visible range corresponds to human vision; however, a large
amount of valuable data on the plant tissue composition and structure is contained in the
infrared part of the spectrum. The source of illumination for HSI is natural light, and the
analyzed spectral range is determined by the parameters of the detector.

Table 2. Hyperspectral devices utilized for plant pathogen diagnosis.

Wavelength Object Pathogen, Disease Analysis Ref.
. LWPLSR, CARS-ISSPA method for selection of
382-1030 nm Barley kernels Deoxynivalenol (FHB) feature variables, PLS-DA for discrimination [52]
Asi 5 1 analysi LDA, with opti
350-2500 nm_ Soybean leaves sian soybean rusf (' ungus Spectral analysis and , w1t. optimum 53]
Phakopsora pachyrhizi) wavelengths chosen by successive procedure
Rice blast and rice sheath blight Raw data, features and decision fusion; PCA and
400-1000 nm Rice leaves (fungal), rice leaf blight autoencoder to extract features; regression and  [54]
(bacterial) CNN models; identification using SVM
400-1000 nm Grapevine Grapevine vem-clgarmg VIS, Deep learning; discriminative indices [55]
early asymptomatic stage
10002600 nm Apple leaves Fungus Venturia I.naequalzs, apple PLS-DA classification model [56]
scab, early detection
Significant wavelengths by PLS-DA mode;
lav’ o . h
900-1700 nm Napa cabbage Pectobacterium, soft rot disease G(,) ay’s derivative da.lta preparation approac [57]
with subsequent choise of wavelength based on
projection scores; flexible significance
Diffusion model to obtain optical absorption
(pa) and reduced scattering (us’); PCA to
550-1000 nm Peach fruits =~ Fungus Rhizopus stolonifer downgrade dimensionality and reveal features; [58]

400-1000 nm

528-1785 nm
450-1000 nm

Pearson’s correlation coefficient to discover
connection of quality evaluation with optical
criteria

1 lati lysis; PLS-DA Is;
Early discase during post-harvestspedra correlation analysis; PLS-DA models;

Blueberries adequate spectral band definition along with [59]
or storage . S .
special self-adjusting data pre-processing
Wheat kernels Fusarium head blight Fusarium index (1411 nm) [60]
Wheat leaf rust Puccinia triticing SMA, least squares method, Fisher function, [61]

spectral disease indices (605, 695, 455 nm)

CARS-ISSPA —competitive adaptive reweighted sampling—iterative selection of successive projec-
tions algorithm; CNN —convolutional neural network; FHB—Fusarium head blight; LDA —linear
discriminant analysis; LWPLSR —full-wavelength locally weighted partial least squares regression;
PLS-DA —partial least squares discriminant analysis; SMA —spectral mixture analysis; SVM —sup-
port vector machine.

To classify the states of plants, unique spectral markers and vegetation indices [50]
are often used, which comprise different ratios of intensities at certain wavelengths, usu-
ally in the visible and near-IR ranges. A plant in an intact state contains more chlorophyll
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and reflects more light energy in the 670-760 nm spectral band. Plant disease causes the
destruction of chlorophyll (range <700 nm); changes in the concentrations of carotenoids,
anthocyanins and xanthophylls; and the destruction of cell structures (range >700 nm),
which can be reflected in vegetation indices [62-64]. Vegetation indices can describe the
general condition of a plant—the normalized difference vegetation index (NDVI) (NIR—
Red/(NIR + Red)) reveals a decrease in carotenoid content, critical plant rational features
such as the status of the chlorophyll amount and leaf area index, changes in photosynthe-
sis rate (photochemical reflectance index) and chlorophyll degradation (normalized phae-
ophytinization index). Most of the widely used vegetation indices are mentioned and de-
scribed, for example, in [65]. In addition to identifying plant stress associated with chlo-
rophyll content, these indices can assess biomass and vegetation cover density [66].

4. Spectroscopy (General Characteristics)

Absorption-transmission spectroscopy provides information similar to reflection
spectra but is less popular due to the peculiarities of taking spectra in the natural environ-
ment (in the field) (Table 3). Infrared and Raman spectroscopy are vibrational spectros-
copy methods. Unlike UV and visible spectroscopy, which reflect the electronic transitions
of molecules, infrared and Raman spectroscopy describe the vibrational states of mole-
cules and molecular vibrations of a certain frequency, coinciding with the transition en-
ergy of a bond or group. Raman and IR spectroscopy are methods that are similar in terms
of the information obtained, but they are based on different phenomena. The incidence of
inelastic light scattering serves as a basis for Raman spectroscopy: a laser interacts with
molecular vibrations and rotations and causes a change in molecular polarizability. Thus,
Raman spectroscopy relies on changes in the polarizability of a chemical entity, while IR
spectroscopy takes into account dipole momentum changes. It is necessary to calculate
the relative frequencies at which the sample scatters radiation to perform Raman spectros-
copy. IR spectroscopy evaluates the overall frequencies of radiation absorption for the
particular sample. Raman spectroscopy is responsive to homonuclear molecular bonds; it
is able to distinguish between single, double and triple bonds between carbon atoms. IR
spectroscopy is sensitive to vibrations of heteronuclear functional groups and polar
bonds.

5. IR Spectroscopy

IR spectra are usually roughly divided into three parts: near-IR (NIR) (780-2500 nm),
mid-IR (MIR) (2500-25,000 nm) and far-IR (FIR) (25,000-300,000 nm). NIR and MIR spec-
troscopy allow us to extract information about chemical constituents and generate so-
called “fingerprints”. MIR spectra are useful to explore fundamental vibrations and asso-
ciated rotational vibration patterns, while NIR spectra promote overtones or harmonic
vibrations’ easy activation. In complex mixtures, NIR spectroscopy has the advantage of
analyzing the spectral characteristics of chemical bonds such as the “stretching” and bend-
ing of the C-H, N-H, O-H and S-H interconnections. Spectroscopy in the MIR range pro-
vides more overall spectrum information concerning the chemical functional groups on
the sample surface. Usually, the MIR spectrum is split into four sub-ranges, namely the
fingerprint (1500-400 cm-1), the double bond (2000-1500 cm™) and the triple bond (2500-
2000 cm™') ranges, and the elongation of X-H bonds (4000-2500 cm™). Fingerprint bands
in absorption spectra are “neither obvious nor sharp” [67]. For complex substances, these
bands cannot be directly tied with specific compounds, and they cannot be considered
indicators of internal substance changes. Moreover, the vibrational groups of water mol-
ecules may easily conceal the peak absorption values of plants [68].
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Table 3. Application of spectroscopic methods for plant pathogen and disease diagnosis.
Spect
TI;;Z roscopy Wavelength Object Pathogen/Disease Analysis Ref.
. . Pathogen type not
Vis-NIR P k
' 250-1000 nm | P determined/Powdery Vegetative indices [69]
spectroscopy leaves .
mildew
C ber Podosph
450-1100 nm P oaospIaeT . Vegetative indices and SIMCA [70]
leaves xanthii/Powdery mildew
Candidatus Liberibacter Stepwise regression in conjunction with
NIR spectroscopy 900-2600 nm Potato solanacearum/Zebra chip PwW & J [71]
- canonical DA
disease
A genetic algorithm for feature selection
in combination with image analysis
ding and LDA, QDA and k-nearest
1100-2 h 1 gracdiig ’ 72
00-2300 nm Chestnuts - Mold neighbors (kNN) for classification; a [72]
Savitzky-Golay first derivative spectral
pretreatment
NIR reflectance 800-2500 nm Honeycri.sp Pathog.en tprT not . QDA, SVM 73]
spectroscopy apple fruits determined/Bitter pit
Korean
PLS-DA; multipl thematical
1175-2170 nm hulled Fusarium sp./Fusarium - uftiple athematica [74]
pretreatments
barley
I lic F j
1000-2500 nm 1 Act gartic Fusariimm _ PLSR [75]
cloves proliferatum/Fusarium
350-2500 nm
Wheat ) New spectral classification index
Vis-NIR 1887, 1872 F /F i 7
is—N (1887, 18 Kernels usarium sp./Fusarium (NSCI) method [76]
reflectance nm)
spectroscopy 800-2500 nm Almond Pathogen type not Canonical DA 771
kernels determined/Fungal
Sclerotinia
40004 -1 Oilseed PLSDA, SVM and ext 1 i
MIR spectroscopy 000-400 em* Oilseed rape sclerotiorum/Sclerotinia 5 L SVMand extreme learning [78]
leaves machine
stem rot
sea/Ri
Magnap ?rthe 81 sea/Rice Raw data fusion, feature fusion and
blast Rhizoctonia .. .
400- . e decision fusion; PCA and autoencoder
Rice leaves solani/Rice sheath . [54]
4000 cm™! to extract features; regression and CNN
Xanthomonas oryzae pv. . e .
. . models; identification using SVM
oryzae/Rice leaf blight
L . Quantitative partial least squares
Wheat p t .
FTIR spectroscopy 833-2500 nm Ieaveeas s M;g::: serrzzzzmzsf (QPLS), support vector regression [79]
p-/=HIp (SVR) and QPLS + SVR
1000-2500 PLS; calibrati dels based on th
m Paddy rice Fusarium sp./Fusarium ca ibration Moders based on the [80]
partial least squares regression method
Oil palm Ganoderma
650—-4000 cm™ treep boninense/Basal stem rot Descriptive [81]
disease
Powderized
oil palm Ganoderma
4000-800 cm™! Ramet: boninense/Basal stem rot Relative lignin/carbohydrate ratio [32]

roots, stems
and leaves

disease
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Savitzky—Golay first derivative pre-
PYLCV (P 11 i hod, DWT; cl
4000-400 cm-1 Chilli plants CV( ?pper yellow procegsmg me‘t od, DWT; cluster [30]
leaf curl virus)/Leaf curl analysis, multilayer perceptron NN,
SVM, LDA
FTIR 2977, 1544 P
spec’froscc.)py 977,1544,  Cucumber seudoPeronospom . Cluster analysis (82]
+ thermal imaging 1050 cm™! leaf powder cubensis/Downy mildew
Sweet
ATR-FTIR Xylella fastidiosa/Cit
1530-700 cm-1 orange tree - el fastidiosa/Citrus ) qp [83]
spectroscopy variegated chlorosis
leaves
hol ' ]
1800-900 cm-1 Whole . Geotrichum candzdum/SourPCA_LDA [84]
tomato fruit rot
650-4000 -t Perennial Neotyphodzum sp./Choke 1\/'Iult1d1r.nens1onal factor aﬁalyms, [85]
ryegrass disease hierarchical cluster analysis
P B irus/Leaf Itivari 1 hods:
10002500 nm apaya egomovirus/Lea Multivariate exploratory methods [86]

leaves distortion PCA, PLS-DA

CNN —convolutional neural network; DA —discriminant analysis; DWT —discrete wavelet trans-
form; LDA —linear discriminant analysis; NN —neural network; PCA —principal component anal-
ysis; PLSDA —partial least squares discriminant analysis; PLSR —partial least squares regression;
SIMCA —soft independent modeling of class analogy classification; SVM —support vector machine;
QDA —quadratic discriminant analysis.

In general, methods based on IR spectroscopy can be considered partly invasive or
destructive. This classification is due to the sample preparation process. The process often
requires desiccation and grinding to implement IR spectroscopy. For example, a virus was
detected in chili plants [30], as well as downy mildew infection on cucumber leaves [82].
A modern modification of the IR spectroscopy method, ATR-FTIR, allows the rapid acqui-
sition of a transmission-like spectrum. The method uses an optically dense crystal, usually
a diamond, in contact with the object of study. ATR-FTIR allows for the non-invasive
measurement of the sample and a high spatial resolution, as well as the very precise de-
termination of the amount of light entering the sample. This technique was employed to
identify rot in tomato fruits [84] and also to assess citrus diseases [80]. An application of
FTIR to microscopy, FTIR microscopy, was used to identify potato phytopathogens in [87].

6. Raman Spectroscopy

The main benefit of Raman spectroscopy is the omission of the water effect on the
spectrum, while the disadvantages are the possible fluorescence of the sample, which can
conceal the spectrum, as well as possible sample destruction by the intense laser radiation
of the source. The use of NIR lasers eliminates sample fluorescence. Two thirds of the
surveyed studies employed IR lasers, and one third used green lasers. Raman shift detec-
tion is usually performed, on average, in the range of 700-1800 cm™. The intensity and
shifts of lines are analyzed, and sometimes the width of the peaks [88], corresponding to
compounds characteristic of plant organisms: chlorophyll, anthocyanins [89], carotenoids
(1000-1525 cm), polyphenols (1247 cm™) [90], lignin (1601-1630 cm™), xylan (approxi-
mately 1220 cm™) [27], cellulose (1000-1200 cm™) and pectin (approximately 800 cm™)
[91], as well as carbon (900-1300 cm™), amino acids and proteins (800-1500 cm™), lipids
(approximately 1740 cm™) and biotic stress hormones (1720 cm1) [92]. Shifts in the spec-
trum lines are associated with changes in molecules: pectins —esterification, carotenoids —
their degradation [93]. The possible use of Raman spectroscopy combined with Fourier
transform provides a high spectral resolution [94]. Raman imaging is also used [31,95].
Examples of Raman spectroscopy’s application to the diagnosis of differently originated
infections are listed in Table 4.

Raman spectroscopy is characterized by low signal intensity. Striving to increase the
receptiveness, precision and applicability of the method, an add-on technique has been
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developed to amplify the signal by applying a sample to a nanostructured surface. Infec-
tion is often accompanied by the emergence and accumulation of toxins. The detection of
alternariol and deoxynivalenol mycotoxins was demonstrated by the SERS method using
silver nanoparticles modified with pyridine [96,97]. The use of signal amplification with
nanoparticles is also applied in other spectroscopic methods—for example, in vis—NIR
spectroscopy [98].

Table 4. Raman spectroscopy instruments in the diagnosis of plant pathogens and diseases.

Method Object Pathogen/Disease Laser  Analysis Ref.
Winter wheat seeds  Fusarium sp./Fusarium 785 nm t-test + FDR test [36]
Tomato plants fzflma virus/Tomato yellow'leaf7qy 1\ Asca, PLS-DA [99]
fa;rclfrrcl)sco Paddy rice leaves Gibberella fujikuroi/Paddy rice blast 532 nm  Spectral [88]
P pyPacldy rice leaves Magnaporthe grisea/Blast disease 532nm BP-ANN [100]
Rose Rose rose_tte virus (RRV)/Plant 830 nm  PLS-DA [17]
deformation
Wheatand sorghum = o .6 sp./Ergot 1064 nm PLS-DA [93]
grain
Maize (Zea mays) . L
A. flavus, A. niger and Diplodia spp. 1064 nm OPLS-DA [101]
kernels
Raman Orange trees Liberibacter spp./Huanglongbing 831 nm OPLS-DA [25]
spectroscopyLeaves of orange and . . . K
hand-held  grapefruit Liberibacter spp./Huanglongbing 831 nm OPLS-DA [45]
Tomatoes Lz.berzbacter solanacearum/Liberibacter 780 nm_ PLS-DA 53]
disease
. Abutilon mosaic virus ANOVA, optimal band
Abutilon (AbMYV)/Bright yellow mosaic 1064 nm ratio [26]
Sweet orange, Persian . L
Raman lime, Mexican lime Ca‘nd'zdatus leerzbactmf 632.8, PCA, LDA [24]
asiaticus/Huanglongbing 785 nm
spectroscopytrees
portable Intact rape leaves S?lerotmza sclerotiorum/Sclerotinia 514.5 nm PCA, LS-SVM [102]
disease
Confocal  Citrus leaves Liberibacter spp./Huanglongbing 785 nm PCA, PLS-DA, BP-ANN  [90]
R
aman Pear fruit Alternaria alternate/Leaf spot, rot 532nm PCA [103]
spectroscopy
Raman Watermelon seeds A-czdovomx citrull/Bacterial fruit spot 785 nm ANOVA, optimal band [31]
disease ratio
hyperspectra Pathogen type not
li i ingl i 1 PLSR i 1
imaging  Single maize kerne determined/Mildew SR detection mode [95]
Classification: KNN and
SERS Maize Fusarium sp./Fusarium 785 nm LDA [104]
p- Quantification: MLR, PCR,
PLSR
Chinese cabbage Turnip yellow mosaic virus
plants (TYMV)/Leaf mosaic 785nm  PCA, LDA [105]
Linear correlation of SERS
Fresh sweet corns, Fusarium sp./Fusarium 785 nm peak 1nten§1ty with the [97]
kidney beans and oats concentration of
deoxynivalenol
Banana pseudostems besarzb.tm oxysporum f. sp./Fusarium 785 nm Comparisons of the SERS [106]
wilt, different developmental stages patterns
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ANOVA —analysis of variance; ASCA—ANOVA simultaneous component analysis; BP-ANN—
backpropagation artificial neural network; FDR —false discovery rate; KNN —k-nearest neighbors;
LDA —linear discriminant analysis; LS-SVM —least squares support vector machine; MLR —multi-
ple linear regression; OPLS-DA —orthogonal partial least squares discriminant analysis; PCA—
principal component analysis; PCR—principal component regression; PLSR —partial least squares
regression.

7. Fluorescent Methods

Fluorescence is the phenomenon of the re-emission of absorbed light with some loss
of energy due to the structural features of the substance. In contrast to reflection spectros-
copy, fluorescent methods are 2-5 times more sensitive [107]. The concentrations and
chemical modifications of molecules make it possible to judge the functional state of the
plant; therefore, the measurement of fluorescence is often associated with biochemical and
physiological changes induced by pathogens and/or other factors [108]. For example, the
R/NIR ratio (e.g., F690/F730 or F685/F740) makes it possible to assess the amount of chlo-
rophyll and thus the stress state of the plant. The F450/F690 ratio is frequently chosen to
disclose the plant stress degree and is often used in remote sensing. Similar to optical
technologies based on reflection/transmission, there is fluorescence spectroscopy as well
as fluorescence imaging. Xenon lamps in spectrofluorometers are used as radiation
sources in laboratory studies [109], and LEDs are used in applied work [110]. The method
of laser-induced fluorescence stands somewhat apart. With the income generated by the
usage of laser light sources with high intensity, it became possible to study whole plants
even with remote sensing instruments, to discover the development of stress caused by
herbicides [35] and pathogens [111,112]. Natural lighting is often a hindrance to fluores-
cence methods. Often, this problem is solved by pulsed laser operation. Another means to
remove such interference is to correct the obtained spectrum for the background spectrum
with the laser turned off [35]. Solar radiation is not always a hindrance to measurement;
for example, there is an interesting method to detect sunlight-induced chlorophyll fluo-
rescence —a method based on the isolation of Fraunhofer lines, 687 and 760 nm, overlap-
ping with the red and far-red bands of the chlorophyll spectrum used for remote sensing
[113]. The intensity of chlorophyll fluorescence in plants usually decreases under stress
conditions [114]. Examples of the use of fluorescence methods for the detection of plant
pathogens and diseases are presented in Table 5.

There are two types of fluorescence: blue—green, with a maximum of approximately
440 nm (F440) and a shoulder of approximately 520 nm (F520) —mainly due to the pres-
ence of phenolic compounds (flavonoids)—and red, with maxima of approximately 680
nm (F680) and 740 nm (F740), due to the presence of chlorophyll. The intensity of fluores-
cence in the spectrum of the blue-green range increases with stress. For example, it has
been shown that in the emission spectra of leaves infected with downy mildew, a maxi-
mum appears at a wavelength of 390 nm. This maximum was 4-14 times more intense
than the maximum at 450 nm in control leaves. A biochemical study showed that the ap-
pearance of this fluorescence maximum was associated with the accumulation of stilbene,
which allowed the researchers to deduce that stilbene fluorescence in leaves can be an
important advanced marker of pathogen attacks [115]. Moreover, the blue-green range of
the fluorescence spectrum was used in another work to distinguish leaves infected with
powdery mildew of the vine [116]. Using a multicolor fluorescent imaging system,
changes in the intensity of UV-induced blue (F440) and green (F520) fluorescence in path-
ogen-infected leaves were recorded. It was found that these changes were associated with
an increase in the concentrations of phenolic compounds involved in plant protection (sco-
poletin, chlorogenic and ferulic acids) [24]. In general, phenolic compounds are of partic-
ular importance in phytopathology and are mentioned in many other works [117,118].
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Table 5. Application of fluorescence methods for the diagnosis of plant pathogens and diseases.

Ligh
1ght Excitation/Emission Object Pathogen/Disease Ref.
Source
532 nm/547-850 nm Citrus leaves Xanthomonas citricitrus canker [112]
405 nm/420-900 nm Citrus leaves Liberibacter spp./Huanglongbing [119]
% s . citri/Ci
442 nm/450-850 nm Orange trees anthomonas axonopodis pv. citri/Citrus [120]
canker
532 nm/550-850 nm Citrus limonia plants - V1homonas axonopodis po. citri/Citrus 1,
canker
X s o citri/Ci
Laser 405 nm/500-700 nm Grapefruit plants anthomonas axonopodis po. citrifCitrus )
canker
337 nm/370-800 nm Winter wheat leaves D /meria Graminis F. sp. Tritici/Powdery g,
mildew
B ] inis F. sp. Tritici/P
338 nm/410-620 nm Winter wheat leaves Z.umerm Graminis F. sp. Tritici/Powdery [123]
mildew
405 nm/430-800 nm Apple fruit and potato .
527 nm/660-720 nm tuber Pathogen type not determined/Rot [124]
650 nm/670-850 nm Olive tree orchards Verticillium dahliae/Verticillium wilt [43]
655 nm/670-850 nm Olive tree orchards Verticillium dahliae/Verticillium wilt [42]
ine leafroll- i i Leaf
635 nm/670-850 nm Grapevine leaves Grapevme eafroll-associated virus 3/Lea [38]
curling
LED 460 nm/500-540 nm Tobacco leaves Potato virus X/Leaf mosaic and mottling [125]
650 nm/670-850 nm Tobacco leaves Cucumber mosaic virus/Leaf mosaic [34]
405 nm/560, 580, 690 nm Grapevine leaves Erysiphe necator/Powdery mildew [116]
Path
470 nm/530, 550, 690 nm Sweet orange tree at og?n type not ' [126]
leaves determined/Huanglongbing
650 nm/670-850 nm Ginseng leaves Pythium irrequlare Buisman/Water molds  [127]
280-390 nm/390-600 nm Grapevine leaves Plasmopara viticola/Downy mildew [115]
200—400 nm/220-400 nm Grapevine leaves Venturia inaequalis/Scab and rot [128]
232,362, 424, 4 2 235— Wheat, oat and barl
32,362, 424, 485, 528 nm /235 cat, oatand bariey Fusarium sp./Fusarium [129]
700 nm seeds
Wide-range 200-400 nm/220-380 nm Winter wheat seeds Fusarium sp./Fusarium [130]
light 200-3000 nm/747, 762, 780 nm Olive tree orchards Verticillium dahliae/Verticillium wilt [43]
200-400 440, 520, 680, 740 ) ..
SOUTCes m nm/ Melon leaves Dickeya dadantii/Soft rot [131]
200-3000 nm/687, 759.5, 684, Cassava mosaic virus/Cassava mosaic
Cassava leaves } ) [113]
757.5 nm virus disease
350-420 nm/550, 690 nm Winter wheat leaves  Puccinia striiformis/Yellow rust [132]

Chlorophyll is a green pigment, the major indicator of the state, strength and health

of a plant [133]. A specific method to explore the concentration and state of chlorophyll—
its fluorescence —is founded on the study of the kinetic dependences of chlorophyll fluo-
rescence by the method of pulse-amplitude modulation. Chlorophyll fluorescence is a
non-invasive method for the measurement of the activity of photosystem II, and it is
widely used in plant physiology [5,134-138]. It is known that the kinetics of chlorophyll
fluorescence induction are associated with photochemical processes and processes in-
volved in energy dissipation. The kinetics of chlorophyll fluorescence induction are good
indicators of stress, which also makes it possible to observe pathological processes that
begin in the green parts of plants. The most extensively assigned chlorophyll fluorescence
parameters for the detection of disorders include the maximum quantum efficiency of
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photosystem II (Fv/Fm). Another parameter that is frequently changed is the index char-
acterizing non-photochemical fluorescence quenching (NPQ), which is a marker to trace
the absorbed light energy thermal dissemination. Pathologic processes usually cause a
decrease in the electron flow in the chloroplast’s electron transport chain; this weakening
immediately results in an Fv/Fm index decrease [24], as well as in increased values of the
NPQ index [125,139]. Interestingly, there is a study that shows multidirectional effects,
including an infection-induced change in Fv/Fm and NPQ at some stages of the develop-
ment of the disease [139]. It has been established that disease spread and host—pathogen
interactions can be studied both in space and time at the leaf level, also using NPQ and
Fq'/Fm' (photosystem II quantum efficiency in light) [140].

It should be noted that not all studies focus only on the blue or red bands of the
fluorescence spectrum. Multispectral fluorescence imaging, for example, originates from
the fluorescence of four characteristic regions near the intensity maxima at 440 nm, 520
nm, 690 nm and 740 nm [38]. Less important information is obtained by changing the
wavelengths of excitation or emission. Another type of fluorescence-based method that
has found application in phytopathology is time-resolved fluorescence spectroscopy
[141]. For example, an increase in the fluorescence span in the region of 410-620 nm was
shown in the presymptomatic diagnosis of wheat powdery mildew by laser-induced flu-
orescence with a nanosecond resolution using a gated integrator [123].

8. Laser-Induced Breakdown Spectroscopy (LIBS) Method

The method of laser-induced breakdown spectroscopy (LIBS) involves the spectra of
laser breakdown plasma, which are used to analyze samples [142-144]. A laser beam with
sufficient energy is wrapped up in the surface layer of the sample and is used to ionize it
[145]. At the end of laser exposure, the excited particles enter the ground state, generating
optical radiation, the spectral maxima of which correspond to certain chemical elements.
In [146], LIBS was used in association with SIMCA to directly measure, without any pre-
ventive procedures, the profiles of organic and inorganic signals from citrus leaves in-
fected with the Candidatus Liberibacter asiaticus (CLas) bacterium. The same entities (green-
ing disease and citrus canker) were studied in [147]. The use of LIBS for the diagnosis of
TMV in tobacco has been demonstrated [148]. In general, the method of laser-spark emis-
sion spectrometry is rarely used for plant pathogen detection. A brief overview of the sec-
ondary methods used for the detection of phytopathogens is given in Table 6.

Table 6. Application of minor methods for the diagnosis of plant pathogens and diseases.

Pathogen/ Analyzed

Principle = Method Object Disease Light Source Parameters Analysis of Data Ref.
PCA for feature extraction;
Liberibacter tho r.no.dels, quadra‘tlc
spp./Huanelon Peak discriminant analysis and
Citrus }‘:)}:n al; d &M pulsed Nd:YAG analvsis support vector machine
LIBS D15 laser (1064 nm, y (SVM). Pre-processing [147]
leaves Xanthomonas (200-1000 ! .
. 25 m]J, 4 ns) techniques: baseline
. spp./Citrus nm) .
Atomic correction, wavelet
. canker L .
emission multivariate denoising and
spectroscopy normalization
Pathogen type Raw data, feature and
not Pulsed Nd:YAG Peak decision fusion; PCA and
LIBS + : . . .
. Rice determined/Riclaser (Second  analysis autoencoder to extract
vis/NIR HSI . . . [54]
+ MIR ves e blast and rice harmonic, 532 (230-880 features; regression and
sheath blight, nm, 8 ns) nm) CNN models; identification

rice leaf blight using SVM
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Continuous He-

T MIR Path Peak
Photoacousti M . athogen type Ne laser (632.8 carc
. photoacousti Wheat ~ not . 10 mW analysis Descrintive [149]
C leaves determined/Br .. ’ (350-750 P
spectroscopy linearly
spectroscopy own rust . nm)
polarized)
FTIR Pathogen type Peak
photoacousti Rice not Wide-range analysis PCA + probabilistic neural [150]
C leaves determined/Riclight source (500-4000  network
spectroscopy e rust cm™)
Biospeckle,
hyperspectra Pezicula Continuous The correlation coefficient
Interferomet 1 imaging  Apple S diode lasers Biospeckle (BA), Fujii index, moment of
! malicorticis/ . ) . [151]
ry and fruit , (473,532,830  activity inertia (IM) and frequency
Bull’s eye rot .
chlorophyll nm) analysis-based method
fluorescence
Pathogen type co
LiDAR Bistatic Strawberr not Laser (1572.38 tocon2centratio Uncertainty analysis [51]
LiIDAR vy determined/Po 1572.98 nm) yanay
wdery mildew
Phase-shift Ganoderma Pulsed laser Canopy
mode Oil palm  boninense/Basal geometry  One-way ANOVA [152]
. (905 nm) .
LiDAR stem rot properties
Pathogen type Peak
Raman and Potato not Pulsed laser analysis
fluorescence tubers determined/Me 307 60 0y7 00 PCA [153]
LiDAR chanical (307 nm) (
nm)
damage

PCA —principal component analysis; CNN —convolutional neural network; ANOVA —analysis of
variance.

9. Photoacoustic Spectroscopy (PAS)

PAS is method of measuring the optical, pulsed or intensity-modulated radiation ab-
sorbed by a substance using an acoustic sensor (microphone or piezoelectric transducer).
The method is based on the thermos-optical mechanism of the excitation of pressure
waves upon the absorption of laser radiation. This method is insensitive to scattering and
reflection losses, requires no for sample provision and can be used for the detection and
diagnosis of various plant diseases as a valuable supplementary method [149]. The use of
the PAS method in the MIR range for the detection of raspberry powdery mildew [154]
and rice blast (rotten neck) [150] was demonstrated.

10. Terahertz Time-Domain Spectroscopy

Terahertz time-domain spectroscopy is a technique used to explore the properties of
matter under the influence of short, picosecond, terahertz radiation pulses. When terahertz
radiation interacts with the object of study, a phase shift occurs, information about which
is extracted from direct measurements of the electric field of the pulse. The THz-TDS
method makes it possible to demonstrate the presence or absence of pathogens in plants;
however, it requires the time-consuming preparation of samples before measurement. It
has been shown that the THz-TDS method makes it possible to assess the degree of
Fusarium infection in cereal seeds (oats, wheat and barley) and late blight in potato tubers.
Changes are observed in refractive indices, absorption coefficients and dielectric functions
in healthy and infected plants [155]. Terahertz imaging has also been used to identify fun-
gal infections in chestnut trees [156], powdery mildew in tomato leaves [157] and wheat
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mold [158]. In general, a rise in the number of papers devoted to plant pathogen detection
based on the generation and detection of terahertz radiation can be expected in the near
future [159].

11. LiDAR Sensing

Light detection and ranging (LiDAR) is a technology that implies remote sensing by
active source of laser radiation [160]. LIDAR converts the measurement of the time lapse
between an emitted and registered laser pulse into the distance to target objects [161]. The
method makes it possible to study the morphology of plants by measuring angles and
distances with great accuracy, to “see” the lower layers of vegetation due to the ability of
laser radiation to penetrate through the gaps in the foliage. The major part of the method
consists of measuring the gap between the emitted and received pulsed laser beam re-
flected from an object or tested surface. There are two modes of LIDAR operation: (1) Li-
DAR “time of flight” measurements of the time taken for a generated laser pulse to travel
back and forth amid the sensor and the target; (2) phase-shift-based LiDAR, which
measures the laser beam’s phase alteration between oncoming and reflected signals. Li-
DAR uses different light sources: UV, vis or NIR. It should be noted that for agricultural
and forestry applications, an NIR light source is preferred.

The advantages of LiDAR are the high measurement speed, high accuracy, 3D visu-
alization, small size and relatively low price. At the same time, the application of the
method may be limited in the case of dust and high humidity; there are errors associated
with the position of the LiDAR (orientation angle, distance from the center of the tree);
and the vast volume of data saved in log-files also makes the method less convenient [162].
LiDAR can be used to detect phytopathogens. Thus, in [51], an indirect method for the
detection of strawberry powdery mildew by monitoring the CO:2 concentration is pre-
sented. The characteristic of the laser beam received by the detector gives information
about the medium through which the beam has passed. In infected plants, damage to the
green parts occurs, resulting in a reduction in the plant’s ability to absorb CO:z. In general,
the developed bistatic LIDAR system monitors CO2 concentration anomalies associated
with photosynthesis disorders, which are often associated with green mass diseases. An-
other paper also presents an indirect method of detection via the development and size of
the crown of the basal stem rot in maize palm [152]. Existing types of LIDAR sensing, such
as Raman and fluorescent types of LIDAR, are also used in phytopathology—for example,
to detect damaged potato tubers [153]. In general, LIDAR sensing is a technique with un-
derutilized application potential.

12. Conclusions

The experience in using optical methods for predominantly the early diagnosis of
plant diseases is considered. Optical methods often favorably differ from others in their
non-invasiveness and the speed of obtaining results. At present, optical methods are in-
creasingly being used in the study of the state of plants, their changes due to internal (nat-
ural changes during plant ontogenesis, ripening and aging of fruits) and external factors.
At present, an impressive database has been accumulated regarding the monitoring of a
variety of diseases in various plant objects using various optical methods.

The presented methods are extremely diverse. These methods are based on different
optical phenomena (reflection, absorption, fluorescence, scattering) and various radiation
sources (sunlight, broad-spectrum lamps, narrow-band laser sources) operating in differ-
ent modes (continuous and pulsed). The analyzed objects differ in scale by many orders
of magnitude (from fields to individual grains). The methods and techniques described in
the research are mostly non-destructive. In laboratory diagnostics, fluorescence methods
are more often used, while field studies are based on light reflection. In essence, these are
spectroscopic methods: methods of vibrational spectroscopy or reflective spectroscopy
based on the analysis of characteristic frequencies, with the subsequent formation of the
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corresponding indices and ratios. Hyperspectral imaging provides a huge amount of in-
formation (in spectral, spatial and temporal coordinates), which is both an advantage and
disadvantage, as there are difficulties in data processing and analysis and measurement
errors can accumulate. In our opinion, methods for the analysis of kinetic parameters, such
as the fluorescence lifetime and characteristics of photosynthetic processes, are underesti-
mated. LiDAR technologies are somewhat separate, used for the analysis of the shape, the
composition of the air around plants and the fluorescent characteristics of the vegetation
cover. The variety of optical methods allows the researcher to choose the most appropriate
one, depending on the scale of the monitored area, the required resolution, external con-
ditions and the object of study. The most universal methods are those based on reflectance
spectroscopy; the fluorescence methods and vibrational spectroscopy methods are more
specific regarding the nature of the object, and these methods are more unreliable when
used in the field. In general, the variety of methods corresponds to the variety of objects,
tasks and possibilities of research.

Future directions for the development of this area include improving the methods of
processing and analyzing data, taking into account environmental factors, which, first of
all, may be associated with the involvement of artificial intelligence. To increase the relia-
bility of the analysis, the use of a combination of several detection methods can be an
effective technique, since changes that occur in plants as result of disease can manifest
themselves in changes in the optical properties of tissues of various nature. An important
requirement for devices is portability and a light weight for installation on unmanned
aerial vehicles. Moreover, a necessary requirement for mass use for diagnostic systems of
this types is a low price and rapidity in obtaining results. Another important area of ac-
tivity is the search for new relations among the optical parameters of plants and their
morphology, physiology, biochemistry and molecular biology, which is also required for
the design of new optical methods for the detection of pathogens and diseases. At present,
the use of optical methods is of an empirical, experimental and exploratory nature. The
mechanism underlying the optical signs of the disease is not always understood, and there
are not sufficient works explaining how to predict these optical changes. Optical methods
have great potential in the future mass diagnostics of plant pathogens and diseases, alt-
hough they need further improvement, for both instrumental and analytical parts.
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