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Plant diseases and pests endanger agriculture and forestry signiﬁcantly around the world. The implementation of
non-contact, highly-eﬃcient, and aﬀordable methods for detecting and monitoring plant diseases and pests over
vast areas could greatly facilitate plant protection. In this respect, diﬀerent forms of remote sensing methods
have been introduced for detecting and monitoring plant diseases and pests in many ways. This review outlines
the state-of-the-art research achievements in relation to sensing technologies, feature extraction, and monitoring
algorithms that have been conducted at multiple scales. Based on their characteristics and maturity in detecting
and monitoring plant diseases and pests, sensing systems are classiﬁed into groups that include: visible & nearinfrared spectral sensors (VIS-NIR); ﬂuorescence and thermal sensors; and synthetic aperture radar (SAR) and
light detection and ranging (Lidar) systems. Based on the data acquired from these remote sensing systems and
sensitivity analysis, a variety of remote sensing features are proposed and identiﬁed as surrogates in the detection and monitoring processes. They include (1) optical, ﬂuorescence, and thermal parameters; (2) imagebased landscape features; and (3) features associated with habitat suitability. We also review the algorithms that
link the remote sensing features with the occurrence of plant diseases and pests for identifying, diﬀerentiating
and determining severity of diseases and pests over large areas. The algorithms including statistical discriminant
analyses, machine learning algorithms, regression-based models and spectral unmixing algorithms using data
collected at a single time or multiple times. Finally, according to the review, we provide a general framework to
facilitate the monitoring of an unknown disease or pest highlighting future challenges and trends.

1. Introduction
Plant diseases and pests are severe threats to worldwide agriculture
and forestry (Oerke, 2006; Strange and Scott, 2005). Knowing the location, extent and severity of the occurrence of diseases and pests is
essential in guiding plant protection procedures. Given the fact that
conventional ﬁeld scouting of plant diseases and pests is labor intensive, prone to be subjective and generally shows low eﬃciency, remote sensing (RS) techniques can be a key supplement to enable the
monitoring of plant diseases and pests at a coarse scale (Mahlein,
2015).
Remote sensing of plant diseases and pests could be viewed as an

approach of “radiodiagnosis” of plants, which is able to provide noncontact and spatially continuous monitoring of diseases and pests eﬃciently. The incipient studies and applications about this can be traced
back to the 1980s. Riley (1989) mentioned that through visual interpretation of aerial or satellite images, it is possible to identify the damaged areas due to plant diseases and pests. Nilsson (1995) illustrated
various applications of remote sensing and image analysis in plant
pathology. With a rapid development of computer science and sensing
technology, a wide spectrum of RS data have been used to detect diseases and pests. For the last few decades, studies on sensing systems,
feature extraction and algorithms have been carried out at multiple
scales, revealing new possibilities in remotely monitoring plant diseases
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and pests (Mahlein, 2015; Moran et al., 1997; Sankaran et al., 2010;
Seelan et al., 2003; West et al., 2003; Martinelli et al., 2015). In this
process, connections between RS methodologies and plant pathology
theories have been strengthened thus improving our understanding of
the agriculture system in many aspects. For example, existing studies
not only focus on detecting the occurrence of a speciﬁc disease or pest,
but also seek to discriminate diﬀerent diseases and pests concurrently,
assess their infection severities, and map their distributions at plot or
regional levels (Franke and Menz, 2007; Huang et al., 2007; Mahlein
et al., 2013; Zhang et al., 2015). The methods identiﬁed for features
extraction and modeling go beyond conventional spectral features and
statistical discriminant methods, including some novel signal processing techniques and intelligent machine learning algorithms (Hahn,
2009; Zhang et al., 2014a). In some cases, the detection and monitoring
of diseases and pests have begun to show a great potential in some
practical applications, such as facilitating the precision spray in ﬁeld for
disease and pest control (Huang et al., 2007; Yang et al., 2010), support
high throughput phenotyping of plants (Furbank and Tester, 2011;
Shakoor et al., 2017) or loss assessment in agricultural insurance investigations (Zhang et al., 2015). In this review, based on a thorough
literature survey (Appendix A), we summarize the state-of-the-art research achievements in RS systems, features, and monitoring algorithms applied to remotely monitor plant diseases and pests, including
the potential future trends and challenges of these techniques.

Table 1
Plant damages due to diseases and pests detected by remote sensing.
Plant damages

Representative
diseases or pests

1. Reduction of biomass,
decrease of LAI

Armyworm in maize

2. Lesions or pustules due to
infection

Yellow rust, powdery
mildew in wheat

3. Destruction of pigments
systems (chlorophyll,
carotenoid, anthocyanin,
etc.)

Bacterial blight of
rice

4. Wilting

Aphid in wheat

Symptoms

2. Principles in monitoring plant diseases and pests
It should be noted that the occurrence of plant disease or pest can
cause single or multiple forms of destruction as illustrated above. In
fact, the remotely sensed monitoring should be able to capture the
accumulation of symptoms. Given that the disease infection or pest
attack usually behaves as a temporal process, diﬀerent forms of symptoms may superimpose or interact with each other and will show up
with varied severities over diﬀerent stages (Yue et al., 2018; Huang
et al., 2007; Zhang et al., 2012b). For example, the yellow rust in winter
wheat will initially cause lesions on leaves and decrease of chlorophyll
content at the beginning stage. Without proper control, the damaged
photosynthetic system will lead to decrease of biomass and will impede
the water metabolism in plant (Li et al., 1989). As a result, the severely
infected plants will show a wilting symptom at a later stage. Such a
temporal pattern of the symptom changes will thus complicate the
detection and monitoring of some diseases and pests. Therefore, it is
necessary to identify speciﬁc RS features at diﬀerent development
stages of the disease or pest attack. From a positive perspective, distinctive temporal patterns in the occurrence of symptoms may also
permit the extraction of corresponding temporal features, which combined as unique signature for the disease or pest can be used to reduce
the monitoring uncertainty (Eklundh et al., 2009; Zhang et al., 2014b).

In observing the pathogen and host interactions, diﬀerent crop
diseases and pests would cause a variety of symptoms and plant damages, which form a physical basis for their remotely sensed monitoring. It should be noted that not all plant diseases and pests are
suitable for remotely sensed detection as some of them lack identiﬁable
characteristics. While on the other side, some soil borne diseases and
root diseases that cause systemic eﬀects on the physiology of plants can
be detected as well. Therefore, an essential requirement in detecting
and monitoring plant diseases and pests via remote sensing lies in the
presence of a certain response that is able to be detected by a speciﬁc
sensor or sensors system.
Among the plants’ symptoms and physiological changes that are
caused by diseases or pests, we found there are four types of damages
associated with remote sensing (Table 1): (1) Reduction of biomass and
decrease of LAI. This type of destruction usually occurs in some pest
attacks. Pests (e.g., armyworm in maize) can eat plant parts (e.g., leaf,
stalk), and thus cause a signiﬁcant loss of leaf area and biomass (Zhang
et al., 2015). However, given that this destruction lacks spectral speciﬁcity, its monitoring always encounters the issue of high uncertainty.
(2) Lesions or pustules due to infection. Lesions or pustules, which are sori
or necrotic tissues caused by diseases and pests, are the most common
symptoms. The lesions and pustules tend to vary among diseases and
pests in their color and shape. It should be noted that the in-canopy
distribution and abundance of these lesions and pustules (e.g., uniformly distributed within the canopy or localized at the bottom) can
have a great inﬂuence on their detectability (Cao et al., 2013; Moshou
et al., 2004). (3) Destruction of pigment systems. In many cases, the disease infection and pest attack can cause destruction of chloroplast or
other organelles, leading to variations in pigments contents (e.g.,
chlorophyll (Chl), carotenoid (Car) and anthocyanin). Hyperspectral RS
observations are usually required to detect this type of response
(Grisham et al., 2010; Zhang et al., 2012a). (4) Wilting. The loss of rigidity due to dehydration is not a very common symptom for plant
diseases and pests and it can be easily confused with drought stress. The
piercing and sucking behavior of some pests (e.g., beetles or aphid) will
cause wilting of the plants (Cheng et al., 2010). Besides, in some severely infected situations, the damaged vascular system will block the
water ﬂow in plants and thus cause dehydration to the entire plants
(Calderón et al., 2013).

3. The remote sensing systems available for monitoring plant
diseases and pests
A variety of RS systems are available that can be potentially applied
for detecting and monitoring plant diseases and pests. Performing with
both passive and active radiation, these RS systems permit data acquisition ranging from gamma ray to microwave. To eﬃciently detect
and monitor plant diseases and pests, many eﬀorts have been made to
apply diﬀerent RS systems in capturing the infection symptoms (e.g.,
scabs, pustules, etc.), physiological responses (e.g., changes of pigment
content, water content, etc.) and structural changes (e.g., canopy
structure, landscape structure, etc.) caused by plant diseases and pests
(Hahn, 2009; Mahlein, 2015; Sankaran et al., 2010). Based on sensing
principles and technical maturity, the sensing systems can be generally
categorized into three types on the issue of plant diseases and pests
monitoring: (1) Visible and near infrared (VIS-SWIR) spectral systems;
(2) Fluorescence and thermal systems; and (3) Synthetic aperture radar
2
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Table 2
Remote sensing systems for detection and monitoring plant diseases and pests.
RS systems

Main features

Advantages & Disadvantages

Application maturity

VIS-SWIR

Determine damages caused by plant
diseases and pests by reﬂectance in VISSWIR region

Stable, oﬀers reliable monitoring results.
But performs poorly on early detection

High (Corresponding instruments and
algorithms are available at relatively low
price)

Fluorescence &
thermal

Capture presymptom physiological
changes

Have a potential to provide presymptom
detection. But currently diﬃcult to apply
in large area

Medium (Most current systems are for
research, which are expensive with low
applicability)

SAR & Lidar

Capture structural or morphological
changes due to diseases and pests

Able to indicate structural plant changes.
The systems and case studies are
currently very scarce

Low (Mostly remain at a conceptual stage)

Schematic diagram

Notes: the diagrams for demonstration are modiﬁed from Box. 2 in Furbank and Tester (2011); Fig. 2, Fig. 3 in Murchie and Lawson (2013).

(SAR) and light Detection and Ranging equipment (Lidar) systems
(Table 2). For wavelength that is shorter than visible bands (i.e., gamma
ray, X ray, ultraviolet ray), the sensors usually work in an active way
implying poor portability. These sensors are mainly used for in-door
test of plant diseases and pests, particularly in vegetables and fruits.
Corresponding studies to these techniques were reviewed in Zhang
et al. (2014c), and thus, they are not included in this review. It should
be realized that the above mentioned categorization of sensing systems
is not in strict accordance with the wavelength ranges or sensing modes,
but try to emphasize the role of sensing system in the monitoring of
plant diseases and pests.

diseases and pests at an early stage or under complicated scenarios
(Hillnhütter et al., 2011; Huang et al., 2007; Prabhakar et al., 2011;
Thomas et al., 2018). Per multi-spectral RS data, a number of studies
illustrate that the multi-spectral RS data, particularly those with high
spatial and temporal resolution, are also eﬀective in some monitoring
cases (Franke and Menz, 2007; Qin and Zhang, 2005; Yang et al., 2010;
Yuan et al., 2015; Zhang et al., 2014b). More importantly, compared
with hyperspectral data, multi-spectral data are currently advantageous
due to greater availability, ﬁner spatial resolution and lower cost,
which is suitable for serving as a reasonable input data for some operational monitoring applications.

3.1. VIS -SWIR systems

3.2. Fluorescence & thermal systems

Since solar energy has the largest portion in the visible and near
infrared (VIS-NIR) bands, the sensors with these bands can usually
acquire high-quality data with a relatively high signal-to-noise ratio. As
a mature and inexpensive technology, the VIS-NIR sensors are readily
available at multiple RS platforms (i.e., ground-based, aerial-based and
satellite-based platforms), which are potentially ideal for the monitoring of plant diseases and pests. In the VIS-NIR spectral domain,
various symptoms and physiological changes of diseases and pests (e.g.,
pigment destruction, cellular damage, scab, etc.) show speciﬁc responses in spectral reﬂectance (Delalieux et al., 2007; Mahlein et al.,
2013; Moshou et al., 2004; Zhang et al., 2012a). Besides, some bands in
the shortwave infrared (SWIR) region (wavelength: 1000–2500 nm) are
sensitive to water content in plant or soil, and they are appropriate
complements to conventional VIS-NIR sensors (wavelength:
400–1000 nm) particularly in indicating habitat characteristics of plant
diseases and pests (Xu et al., 2007; Zhang et al., 2013). Given that SWIR
channels are included in some advanced RS satellite sensors (i.e.,
Landsat 8-TM, HJ-CCD, Sentinel-2, etc.), more corresponding work is
expected. As two important branches of VIS-NIR sensors, both the hyperspectral and multi-spectral sensors are widely used in the monitoring of plant diseases and pests. The high spectral resolution of hyperspectral sensor allows the capturing of some weak or inconspicuous
spectral changes which is of great importance in monitoring plant

Thermal infrared and ﬂuorescence RS systems are able to track the
respiration and photosynthetic processes of plants, which allow presymptomatic monitoring of plant diseases and pests. To obtain the
ﬂuorescence response of plants, laser-induced ﬂuorescence (LIF) is the
most promising technique. Some commercialized ﬂuorometers, such as
portable chlorophyll ﬂuorometer PAM series (i.e., PAM2100,
PAM2500, IMAGINE-PAM, etc. from Heinz Walz GmbH), apply saturation pulse technique and induced LED light sources at ﬁxed wavelength (i.e., 655 nm and 735 nm) to generate some important ﬂuorescence indicators (e.g., the maximal quantum yield (Fv/Fm), nonphotochemical ﬂuorescence quenching (NPQ), the operating eﬃciency
of PSII (ФPSII), etc.) and to record some kinetics curves and parameters. In addition, by coupling laser emitting light source (e.g., He–Ne
light source) with an analytical spectrometer (e.g., FieldSpec TM UV/
VNIR, ASD Inc., Boulder, CO., USA), the continuous ﬂuorescence
spectra can be measured, allowing the extraction of ﬂuorescence features at a continuous wavelength (Tartachnyk et al., 2006). In detecting
wheat leaf rust, Römer et al. (2011) achieved an accurate (93%) presymptomatic disease detection based on the ﬂuorescence spectra over
370–800 nm and a robust polynomials ﬁtting approach.
In addition to the ﬂuorescence response, the infection of diseases
and pests may sometimes change the respiration and evapotranspiration rates of plants, which can lead to noticeable shifts of thermal
3
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diseases and pests, it is worth noting that the studies were conducted at
varying scales, which are mainly at leaf, canopy, plot and regional levels. At leaf or canopy scales, most studies were conducted based on
controlled experiments. The research objectives are: (1) to understand
the remote sensing response mechanisms of the diseases or pests, and
(2) to identify sensitive and reliable RS features (Jones et al., 2010;
Zhang et al., 2012a). The leaf level monitoring provides a relatively
pure signal of symptoms caused by a disease or pest, which helps understand their spectral responses. Studies at canopy level would be
complicated by spectral signals that are inﬂuenced both by canopy
structure and morphology. In detecting the damage by an insect known
as rice leaf folder, Huang et al. (2012) selected spectral bands and indices at both leaf and canopy levels. Despite overlap of the most sensitive bands and indices at leaf and canopy levels, there were fewer
bands and indices identiﬁed at a canopy level. A similar pattern is also
observed in detecting spider mite damage in peach (Luedeling et al.,
2009). Canopy level sensing can provide information that can be linked
well with observations acquired by airborne or satellite RS sensors. In
monitoring powdery mildew of winter wheat, the spectral curves of
normal, slightly infected and severely infected samples showed a generally consistent pattern between leaf and canopy levels. Canopy level
disease spectral responses as indicated by spectral ratio curves of original bands and some vegetation indices were highly correlated with
those at a plot level (Fig. 1, Zhang et al., 2012a; Yuan et al., 2015;
Navrozidis et al., 2018). Studies at plot and regional levels focused
more on the utilization of RS features and mapping applications. Based
on some manned or unmanned airborne (i.e., UAV) RS systems, or high
resolution satellite RS systems, the damage mapping at plot level can
achieve satisfactory accuracy (Huang et al., 2007; Yang et al., 2010;
Dash et al., 2017), which may facilitate the precise spray of fungicides
or pesticides in ﬁeld. Per the mapping at a regional level, given the
complexity of landscape, the mapping accuracies at this level are
usually low (e.g., 78% in Zhang et al., 2014b). But the eﬃcient monitoring over vast areas is valuable for the regional level plant protection. Since there is a signiﬁcant diﬀerence in background eﬀects across
diﬀerent scales, it is critical to check the eﬀectiveness of RS features and
the recalibration of models in an upscaling process.

emission levels (Nicolas, 2004). In detecting an attack of fungal pathogen (Plasmopara viticola) in grapevine, Stoll et al. (2008) found that
thermal imagery can eﬃciently monitor the irregularities in temperature at an early development stage. Through analysis of thermal images,
Falkenberg et al. (2007) successfully diﬀerentiated biotic (root rot) and
abiotic (drought) stresses in cotton. The potential of ﬂuorescence and
thermal techniques in the early detection of plant diseases and pests
were also conﬁrmed by some other studies (e.g., Chaerle and Van Der
Straeten, 2000; Murchie and Lawson, 2013; Raza et al., 2015).
However, there are also some limitations to using ﬂuorescence and
thermal RS systems in monitoring plant diseases and pests. Firstly, the
measurement of some important ﬂuorescence parameters (e.g., Fv/Fm,
NPQ, ΦPSII) requires dark adaption to the plant, which thus limits the
eﬃciency and feasibility of this technique at large scale. Besides, given
that the ﬂuorescence signals are relatively weak and easy to be confused with natural light, most current ﬂuorometers were designed for
the measurement at leaf or canopy levels, which constrained their applications in large areas. A possible way to eﬃciently use ﬂuorescence
and thermal techniques in the monitoring of plant diseases and pests is
to couple them with some other RS systems, such as hyperspectral
systems. Some emerging studies have succeeded in extracting ﬂuorescence signals directly from canopy spectra (Hu et al., 2018; Zhao et al.,
2014), thus, oﬀering an opportunity to map plant diseases and pests
with sensor fusion approaches (e.g., multi-spectral/hyperspectral,
thermal and ﬂuorescence maps). The advantages of early stage sensitivity and high speciﬁcity from both systems are expected to improve
the performance of the monitoring system (Bauriegel and Herppich,
2014).
3.3. SAR & Lidar systems
At present, few studies applied SAR and Lidar RS in the monitoring
of plant diseases and pests, which might be due to the weak relationship
between SAR and Lidar parameters and the symptoms of plant diseases
and pests. However, SAR and Lidar can be used to delineate plant
characteristics and their environments, which can potentially be used in
the monitoring of diseases and pests. Given that regions with a cloudy
and rainy weather are favorable to many plant diseases and pests, the
presence of clouds impedes the application of VIS-NIR RS images. As an
active way of remote sensing, the cloud penetrating capability of SAR
enables monitoring in all-weather condition (Singh et al., 2007). With
the development towards full polarimetric and high resolution, SAR has
been used in retrieving plant water content, soil characteristics and
some structural parameters of plant canopy, especially for some tall
plants (e.g., trees, corn, sugarcane, etc.) (Capodici et al., 2017; Pichierri
et al., 2018). These observations can potentially be used for delineating
the habitat characteristics of plant diseases and pests. In detecting
sorghum pest infestation, Singh et al. (2007) linked several polarizations (i.e., HH- and VV-) and incidence angles at X-band (9.5 GHz) with
the pest occurrence in a sorghum ﬁeld, which suggests the possibility to
include microwave RS data in pest monitoring (Singh et al., 2007).
The Lidar system is capable of obtaining detailed canopy morphology information. The point cloud data for plant canopy, collected
by Lidar sensors, enables the reconstruction of 3D canopy structure,
which can indicate damages or biomass loss due to diseases or pests.
Some plant diseases, such as sclerotinia blight of peanut, can alter
plants’ canopy morphology signiﬁcantly (Butzler et al., 1998) and could
be potentially detected by Lidar sensors. Thus, it might be possible to
discriminate their occurrence and impact looking at temporal series of
Lidar data over a crop season. The SAR and Lidar RS observations may
become eﬃcient supplements to VIS-NIR observations in monitoring
plant diseases and pests (Martinelli et al., 2015).

4. Remote sensing features for plant diseases and pests
monitoring
To apply RS observations in monitoring plant diseases and pests, it
is crucial to identify eﬀective and distinctive RS features. So far, a
variety of RS features were proposed or identiﬁed for detecting plants’
symptoms caused by diseases and pests, or for delineating their habitats. The RS features mainly include: VIS-NIR spectral features, ﬂuorescence and thermal features, and image-based and landscape features
(Table 3). Given that damage mechanisms vary signiﬁcantly among
diseases and pests, a sensitivity evaluation of RS features is usually
necessary to guarantee eﬀective monitoring.
4.1. VIS-NIR spectral features
As VIS-NIR sensors are the most popular RS systems in monitoring
plant diseases and pests, VIS-NIR spectral features are frequently used.
Among these features, band reﬂectance is the simplest form. Most
studies have identiﬁed the green, red and NIR spectral regions as being
sensitive to a variety of plant diseases and pests (Fig. 2; Bauriegel et al.,
2011; Delalieux et al., 2007; Garcia-Ruiz et al., 2013; Huang et al.,
2012; Jones et al., 2010; Luedeling et al., 2009; Prabhakar et al., 2011;
Yang, 2010). Spectral reﬂectance values can be transformed in diﬀerent
ways, such as spectral derivatives, continuous removal transformation
and continuous wavelet transformation. These spectral transformations
have been also implemented although in fewer numbers (Fig. 2) to
increase the capability in capturing infection symptoms. Spectral derivative transformation is usually performed to capture the convex

3.4. Multiple scales in monitoring plant diseases and pests
In reviewing studies on using remote sensing to monitor plant
4
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Fig. 1. Spectral response of powdery mildew in wheat at multiple scales. (A) leaf level spectral response (modiﬁed from Fig. 2 in Zhang et al., 2012a); (B) canopy
level spectral response; (C) canopy level spectral ratio [(Diseased-Healthy)/Healthy] by resampling spectral measurements to SPOT-6 channels; (D) spectral ratio
derived from SPOT-6 satellite images. (B, C, and D are modiﬁed from Fig. 5 and Fig. 6 in Yuan et al., 2015. The spectral variation pattern as shown in C and D are
consistent with each other. NDVI, TVI and ARVI are abbreviations for Normalized Diﬀerence Vegetation Index, Triangular Vegetation Index and Atmospherically
Resistant Vegetation Index, respectively).

provides a quantitative method to characterize concave-convex shape
features around speciﬁc absorption positions along a spectrum, which
performed well in detecting tomato leaf miner and wheat powdery
mildew (Xu et al., 2007; Zhang et al., 2012a). Recently, as an emerging

characteristics (e.g., position and amplitude of red-edge) of plants’
spectra. Huang et al. (2012) observed a noticeable blue-shift of the rededge peak as indicated by the 1st derivative value in rice plants that
were infested by rice leaf folder. Continuous removal technique
Table 3
Remote sensing features for monitoring plant diseases and pests.
Category
Spectral features

Fluorescence and
thermal
parameters

Feature Types
reﬂectance
• Original
indices (detailed see Table 4)
• Vegetation
spectral features
• Derivative
removal spectral features
• Continuous
features
• Wavelet
derived from laser-induced
• Parameters
ﬂuorescence spectra, e.g., F686/F740
associated with saturation pulse
• Parameters
method, e.g., Fv/Fm, NPQ, ΦPSII, Fv′/Fm′,
etc.

Temperature, e.g.,
• Absolute/relative
T −T
co-occurrence method (CCM) based
• Color
texture features (e.g., uniformity, mean
leaf

Image-based and
landscape features

Habitat associated
features

•
•
•
•

Characteristics

Reference

Capture spectral variations caused by disease
infection or pest infestation. The spectral features are
capable of describing either variation of bands’
reﬂectance intensity or changes in shape of spectral
curves.
Pre-symptomatic indicators of plant diseases and
pests. The ﬂuorescence parameters measure changes
in photosynthetic system due to plant diseases and
pests. The thermal parameters indicate changes in
plant transpiration intensity.

Sankaran et al. (2010); Huang et al. (2012);
Xu et al. (2007); Zhang et al. (2012a); Luo
et al. (2013); Zhang et al. (2014a)

Tartachnyk et al. (2006); Kuckenberg et al.
(2009); Iqbal et al. (2012); Bauriegel et al.
(2014); Stoll et al. (2008); Calderón et al.
(2013)

air

intensity, variance, entropy, contrast, modus,
etc.)
Landscape features (e.g., class area, shape
index, clumpiness index, etc.)
Tasseled Cap Transformation (TCT) based
parameters (i.e., greenness, brightness,
wetness);
Land Surface Temperature (LST);
Vegetation Indices (VIs, such as TVI, SAVI,
PRI, WI, NDWI, etc.) related to plants’ vigor
parameters, like biomass, pigments/water
contents

Capture the spatial pattern at both micro and macro
levels based on image processing. At a micro level,
features capture the distribution of scabs on leaves,
while at a macro level, features indicate the
landscape pattern of damages.

Pydipati et al. (2006); Yao et al. (2009);
Backoulou et al. (2011); Backoulou et al.
(2013); Kautz et al. (2011)

Indicate habitat suitability of plant diseases and
pests. Some features (e.g., TCT-greenness, VIs)
reﬂect the growing status of host plants; whereas
some other features (e.g., TCT- wetness, LST)
indicate environmental conditions in ﬁeld.

Zhang et al. (2013); Coops et al. (2009);
Wolter et al. (2008); Brown et al. (2008);
Bhattacharya and Chattopadhyay (2013)

5
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Fig. 2. Frequency (number of studies included in this review) using sensitive spectral bands in detecting plant diseases and pests. These sensitive bands included both
the original spectral reﬂectances (in blue) and their transformed forms (in red) such as spectral derivative, continuous removal and continuous wavelet transformation. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

ﬂuorescence parameters such as the maximum quantum eﬃciency of
photosystem II (PSII) primary photochemistry (Fv/Fm), the maximum
eﬃciency of PSII photochemistry in light adapted material (Fv′/Fm′),
non-photochemical quenching (NPQ), and the eﬀective quantum yield
of photosystem II (ΦPSII) were adopted in the detection of plant diseases and pests (Cséfalvay et al., 2009; Iqbal et al., 2012; Scholes and
Rolfe, 2009). In comparison to spectral features and ﬂuorescence features, features that are derived from thermal infrared sensors for detecting plant diseases and pests are relatively simple and straightforward. Basically, the leaf or canopy temperature is the most important
indicator. In a greenhouse environment, the temperature diﬀerence
from leaf to air (Tleaf − Tair) was found to be helpful in diagnosing presymptomatic infection of downy mildew disease in grapevine (Stoll
et al., 2008). Falkenberg et al. (2007) demonstrated that the canopy
temperature map that was acquired by an IR camera can clearly indicate early infection of cotton root rot.
Given that the optical, thermal and ﬂuorescence observations can
provide complementary information about infection symptoms, fusion
of these approaches is expected to enhance detection of stress (Berdugo
et al., 2013; Calderón et al., 2013; Stratoulias et al., 2015). For instance,
in detecting verticillium wilt of olive, Calderón et al. (2013) applied
optical, ﬂuorescence and thermal features to achieve early detection of
the disease and discrimination of infection levels.

method, continuous wavelet analysis (CWA) is introduced in detecting plant diseases and pests (Cheng et al., 2010; Luo et al., 2013).
Owning to the capability in capturing some inconspicuous changes of
spectral shape, the CWA derived features exhibit superior performance
over some conventional spectral features in detecting yellow rust in
winter wheat (Zhang et al., 2014a).
Apart from the amplitude of reﬂectance and transformed spectral
bands, various forms of vegetation indices (VIs) are widely used in
detecting and monitoring plant diseases and pests. Per algebraic combinations of original bands, VIs are able to emphasize some important
biophysical properties or functionality of plants (Table 4). Given that
the variation of plant pigment content can induce strong and clear
spectral responses, a number of VIs are used in detecting plant diseases
and pests that aﬀect plant pigments, such as chlorophyll, carotenoid,
anthocyanin, pigments ratio like Car/Chl and also the xanthophyll cycle
(Steddom et al., 2003; Coops et al., 2006; Huang et al., 2007; Naidu
et al., 2009; Prabhakar et al., 2011; Zhang et al., 2012a, b; Oumar and
Mutanga, 2013). In addition, some VIs that are inﬂuenced by multiple
plant parameters (e.g., LAI, biomass) or general vigor of plants (e.g.,
Normalized Diﬀerence Vegetation Index (NDVI), Green NDVI (GNDVI),
Triangular VI (TVI), and Optimized Soil-Adjusted Vegetation Index
(OSAVI)) are found to be sensitive to a variety of diseases and pests
(Adelabu et al., 2014; Eklundh et al., 2009; Hillnhütter et al., 2011; Luo
et al., 2013; Prabhakar et al., 2011; Steddom et al., 2003; Yuan et al.,
2014a; Zhang et al., 2012a). In addition, because some diseases or pests
will cause plant wilting, Xu et al. (2007) applied a water band index
(IWB) to detect leaf miner infestation of tomato. Naidu et al. (2009)
found that the water index (WI) was sensitive to leafroll disease of
grapevine. Moreover, to detect some speciﬁc diseases or pests, new VIs
were specially developed. For example, Apan et al. (2004) developed a
disease-water stress index (DSWI) for detecting orange rust of sugarcane. Luo et al. (2013) proposed an aphid index (AI) to detect the
infestation of aphid. In detecting leafhopper of cotton, Prabhakar et al.
(2011) proposed a leaf hopper index (LHI) based on identiﬁed sensitive
bands.

4.3. Image-based and landscape features
Based on individual RS systems (i.e., VIS-NIR, ﬂuorescence,
thermal), imaging observations can be acquired and analyzed for
monitoring of plant diseases and pests. Such image-based analysis
permits detailed mapping of the infection areas and estimation of severity using the texture or landscape features (Fig. 3; Bauriegel et al.,
2011; Cséfalvay et al., 2009; Scholes and Rolfe 2009). The color cooccurrence method (CCM) is commonly used for extracting texture
features (e.g., uniformity, mean intensity, variance, correlation, product moment, inverse diﬀerence, entropy, information correlation,
contrast and modus, etc.), which are important for detecting plant
diseases and pests, particularly at a micro (leaf) level (Donohue et al.,
2001; Shearer and Holmes, 1990). Using a total of 13 CCM-based features, Pydipati et al. (2006) identiﬁed grape leaves infected by greasy
spot, melanose and scab, achieving a classiﬁcation accuracy of over
95%. Based on a set of shape and texture features, Yao et al. (2009)
classiﬁed rice bacterial leaf blight, rice sheath blight and rice blast with
an accuracy of 97.2%. In addition to the image texture features, some
spatial metrics (i.e., landscape features) extracted from the RS images
can identify the spatial distribution pattern of plant diseases and pests
and provide valuable indication in their monitoring at a macro (plot or

4.2. Fluorescence and thermal parameters
In detecting plant diseases and pests with ﬂuorescence or thermal
sensors, a couple of parameters were introduced or developed to associate the ﬂuorescence or thermal signals with infection symptoms.
Based on the continuous ﬂuorescence spectra, some studies applied
ratio of ﬂuorescence (e.g., F686/F740) amplitude at ﬂuorescence peaks
to achieve pre-symptomatic detection for some pathogens (Bürling
et al., 2012; Kuckenberg et al., 2009; Tartachnyk et al., 2006). In addition, based on the saturation pulse ﬂuorescence analysis, a series of
6
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In addition to the RS features that can be directly related with damages caused by plant diseases and pests, some attempts were made to
apply RS data to delineate habitat suitability of the pathogens or pests.
The Tasseled Cap Transformation (TCT) based parameters (i.e., greenness, brightness, wetness) associated with plant vigor and soil moisture
were found to be eﬃcient surrogates of habitat suitability, as in many
cases stressed plants are prone to be attacked by diseases and pests
(Coops et al., 2009; Wolter et al., 2008; Zhang et al., 2013). Besides the
TCT-based parameters, VIs and land surface temperature (LST) are also
important parameters for delineating habitat status. Some VIs associated with biomass, pigments concentrations and water content of
plants (i.e., TVI, SAVI, PRI, MSI, MSAVI2, WI, and NDWI) are highlighted in the monitoring of larval mosquito, spruce budworm, tree
woolly adelgid and wheat powdery mildew (Brown et al., 2008; Wolter
et al., 2008; Zhang et al., 2013; Williams et al., 2017). LST, which is
able to track the transpiration intensity of plants, is available from some
satellite imagery products (e.g., MODIS-LST), or is retrieved from
thermal bands of many satellites (e.g., Landsat TM, ASTER, HJ-IRS)
(Bhattacharya and Chattopadhyay, 2013; Zhang et al., 2013). In the
monitoring of wheat habitat for powdery mildew and aphid, Yuan et al.
(2017) purposely extracted VIs, TCT parameters and LST from Worldview 2 and Landsat 8 satellite images to address both the crop growth
status and environmental conditions. The appropriate habitat for both
disease and pest can be monitored with a validation accuracy of 82%.
Moreover, considering the complexity of habitat characteristics, ancillary information such as terrain attributes, solar radiation and some
meteorological parameters (e.g., temperature, humidity, rainfall) can
be jointly used with RS features in habitat monitoring (Coops et al.,
2006; Hicke and Logan 2009; Kharuk et al., 2009; Zhang et al., 2013;
Chen et al., 2014). Zhang et al. (2013) constructed a disease forecasting
model by integrating RS features and meteorological parameters. Their
results suggested that the addition of RS information resulted in a signiﬁcant improvement of accuracy from 69% to 78%.

(RNIR = RG)/(RNIR + RG)

0.5 [120 (R750 = R550) = 200 (R670 = R550)]
1.16 (R800 = R670)/(R800 + R670 + 0.16)
R950/R900
R900/R970
[(R712 = R752)/2] = R732
(R740 = R887)/(R691 + R698)
R800/R1660
(R1124 = R691)/(R1124 + R691)

GNDVI

TVI
OSAVI
IWB
WI
RVSI
AI
DSWI
LHI

Reﬂect plant stresses
Purposely developed VIs for detecting
speciﬁc diseases or pests

powdery mildew (Wheat)
leafhopper (cotton)
leaf miner (Tomato)
leafroll (Grapevine)
leafroll (Grapevine); aphid (wheat)
aphid (wheat)
orange rust (sugarcane)
leafhopper (cotton)

(Rred = Rnir)/(Rred + Rnir)
NDVI

Sensitive to plant water content

Associated with multiple plant
parameters (e.g., LAI, biomass) and
general plant vigor

Zhang et al. (2012c)
Prabhakar et al. (2011);
Steddom et al. (2003); Oumar and Mutanga (2013)
Oumar and Mutanga (2013)
Steddom et al. (2003); Oumar and Mutanga (2013);
Coops et al. (2006)
Steddom et al. (2003); Eklundh et al. (2009);
Adelabu et al. (2014); Yuan et al. (2014b);
Hillnhütter et al. (2011); Prabhakar et al. (2011)
Zhang et al. (2012c); Luo et al. (2013); Prabhakar
et al. (2011)
Yuan et al. (2014b)
Prabhakar et al. (2011)
Xu et al. (2007)
Naidu et al. (2009)
Naidu et al. (2009); Luo et al. (2013)
Luo et al. (2013)
Apan et al. (2004)
Prabhakar et al. (2011)
powdery mildew (Wheat)
leafhopper (cotton)
Rhizomania (sugar beet); bronze bug (Eucalyptus)
bronze bug (Eucalyptus)
Rhizomania (sugar beet); bronze bug (Eucalyptus); pine beetle
(whitebark pines)
Rhizomania (Sugar Beet); pine sawﬂy (Scots pine); mopane worm
(mopane woodland); powdery mildew (Wheat); Heterodera
schachtii and Rhizoctonia solani (sugar beet); leafhopper (cotton)
powdery mildew (Wheat); aphid (wheat); leafhopper (cotton)
MCARI
NPCI
CRI
ARI
RGR

CARI

regional) level. Given that disease and pest infestations show distinctive
spatial patterns in their occurrence and dispersion (e.g., in comparison
to other plant stress such as drought), a series of landscape metrics,
such as class area, shape index, contiguity index, proximity index,
clumpiness index can be used to discriminate them (Mcgarigal and
Marks, 1995; Kautz et al., 2011). A typical example is the diﬀerentiation of Russian wheat aphid and other stresses (i.e., drought and
agronomic conditions) (Backoulou et al., 2011; Backoulou et al., 2013).
In quantifying spatio-temporal dispersion of bark beetle infestations.
Beyond the optical, ﬂuorescence and thermal features, the imagebased features provide another perspective in monitoring plant
diseases and pests. The images of some optical, ﬂuorescence and
thermal features can be used for further extraction of texture or landscape features, which embodies a simple synergy of the features in
monitoring plant diseases and pests.
4.4. Features associated with habitat characteristics

(|(a 670 + R670 + b)|/(a + 1) ) (R700/R670)
a = (R700 = R550)/150, b = R550 = (a*550)
[(R701 = R671) = 0.2 (R701 = R549)]/(R701/R671)
(R680 = R430)/(R680 + R430)
ARI=(R510)−1 = (R700)−1
ARI=(R550)−1 = (R700)−1
Rred/Rgreen

powdery mildew (Wheat)

Huang et al. (2007); Naidu et al. (2009); Prabhakar
et al. (2011)
Zhang et al. (2012c)
Yellow rust (Wheat); leafroll (Grapevine); leafhopper (cotton)

Related with variations of pigments (i.e.,
Chl, Car, Anth) and their transformation
status
1/2

(R531 − R570)/(R531 + R570)
PRI

2

Formula
VI

Table 4
Vegetation indices used for detecting or monitoring of plant diseases and pests.

Literatures
Pathogen (Host)
Traits

J. Zhang, et al.

4.5. Sensitivity analysis for selection of features
Given that the plant diseases and pests may cause signiﬁcantly
diﬀerent symptoms and varied habitat characteristics, it is always necessary to conduct a sensitivity analysis to identify the most appropriate
RS features for the monitoring of plant diseases and pests. To achieve
this, some statistical analyses have been applied to assess feature sensitivity. For example, in classifying diseases and pests types, or diﬀerentiating infection levels, an independent t-test and Analysis of
Variance (ANOVA) were frequently used (Yuan et al., 2014b; Zhang
et al., 2012b). The Pearson correlation analysis is the preferred sensitivity analysis method for identifying RS features (Huang et al., 2012;
Zhang et al., 2014a; Zhang et al., 2012a). In addition, the predictive
residual sum of squares (PRESS) statistic of the partial least squares
7
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Fig. 3. A conceptual graph of texture features and
landscape features used for detecting and monitoring plant diseases and pests (a) CCM-based
texture features in detecting diseases (modiﬁed
from Fig. 1 and Fig. 2 in Pydipati et al. 2006); (b)
speciﬁc landscape pattern in an infected ﬁeld
(modiﬁed from Fig. 1 in Backoulou et al. 2013).

example, in recognizing grapevines that were aﬀected by Vitis vinifera
L., a stepwise discriminant analysis was performed on a couple of selected bands and VIs, which achieved a maximal overall accuracy of
0.81 (Naidu et al., 2009). Using Fisher’s linear discriminant analysis
(FLDA), Yuan et al. (2014b) established a discriminant model in differentiating yellow rust, powdery mildew and aphid in winter wheat.
The discriminant model yielded an overall accuracy of 0.75. In addition, logistic regression is able to successfully detect rhizomania in
sugar beets (Steddom et al., 2003) and apple scab (Delalieux et al.,
2007).

(PLS) regression is also applied for evaluating feature sensitivity,
especially when a high level of collinearity exists among features
(Oumar and Mutanga, 2013). Moreover, a feature optimization
strategy, the RELIEF-F algorithm, is also introduced to identify features,
which is strongly robust. For instance, Mahlein et al (2013) applied the
RELIEF-F algorithm to determine several robust bands that can be used
to diﬀerentiate leaf spot, leaf rust and powdery mildew in sugar beet,
leading to a classiﬁcation accuracy over 85% for all classes.
Since the symptoms caused by diseases and pests tend to change
over time, it is critical to identify suitable features at diﬀerent stages. In
detecting wheat yellow rust, Zhang et al. (2012b) conducted a complete
analysis on the sensitivity of a variety of spectral features at ﬁve different stages. Varied patterns of feature sensitivity were observed at
diﬀerent stages. In detecting rice leaf folder, Yang et al. (2007) discovered that the sensitive band shifted signiﬁcantly from 757 nm at
tillering stage to 445 nm at heading stage. Besides, it should also be
noted that that feature sensitivity may vary across observation scales.
For instance, in the monitoring of rice leaf folder, Huang et al. (2012)
identiﬁed seven sensitive spectral regions (503–521, 526–545,
550–568, 581–606, 688–699, 703–715, and 722–770 nm) at a leaf-level
but only one region (747–754 nm) at a canopy-level was sensitive.
Based on PLS-PRESS, Luedeling et al. (2009) identiﬁed eight spectral
regions at a leaf level and two regions at a canopy level.

• Regression-based models
In determining the infection severity of plant diseases and pests,
regression-based methods are widely used. Huang et al. (2007) applied
linear regression to quantify the disease index (DI) of yellow rust in
wheat. Based on a microwave-derived parameter, Singh et al. (2007)
found that the high-order polynomial regression model could accurately identify the infestation damage levels of sorghum grasshopper.
Instead of univariate regression models, multivariate regression models,
such as multiple linear regression (MLR) or partial least squares regression (PLSR) using diﬀerent features are commonly used in the
monitoring of plant diseases and pests (Yang et al., 2007; Huang et al.,
2012). Compared with traditional MLR, PLSR has an advantage due to
its capability in not only lowering the dimensionality of raw data but
also retaining the majority of its variance. In detecting the bacterial
spot of tomato (caused by Xanthomonas perforans), Jones et al. (2010)
found that PLSR exhibited a better performance than MLR in determining the disease severity. A similar pattern was also found in estimating the disease severity of wheat powdery mildew by Zhang et al.
(2012a).

5. Techniques for monitoring plant diseases and pests
5.1. Algorithms for monitoring plant diseases and pests
To appropriately use the RS features that are extracted from different types of RS data for monitoring plant diseases and pests, a variety
of algorithms or their combinations are adopted or developed to enable
the following tasks: (1) detecting a speciﬁc disease or pest, (2) differentiating diseases and pests, and (3) retrieving the infection
severity. Here, we review existing algorithms for monitoring diseases
and pests, highlighting their research status (Table. 5).

• Machine learning and deep learning algorithms
Many machine learning algorithms play an important role in modeling for detecting plant diseases and pests. For example, spectral angle
mapping (SAM) can detect the head blight disease in wheat with a
hyperspectral imaging system (Bauriegel et al., 2011), and was useful
for monitoring wheat powdery mildew with a high-resolution SPOT-6
image (Yuan et al., 2015). Using a Quickbird image, together with
maximum likelihood classiﬁcation (MLC), Hicke and Logan (2009)
mapped the damage of mountain pine beetle with an accuracy of 91%.

• Statistical discriminant analysis
Firstly, considering some relatively simple scenarios in detecting
one speciﬁc disease/pest or diﬀerentiating diseases and pests, some
statistical discriminant analysis methods demonstrate excellent accuracy (Naidu et al., 2009; Moshou et al., 2011; Yuan et al., 2014b). For
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Table 5
A summary of algorithms that are frequently used in the monitoring of plant diseases and pests.
Category

Algorithms

Enabling Tasks

Relevant studies

Statistical discriminant analysis

Fisher linear discriminant analysis (FLDA)
Quadratic discriminant analysis (QDA)
Logistic regression
Univariate linear regression (ULR)
Multiple linear regression (MLR)
Partial least squares regression (PLSR)
Spectral angle mapping (SAM)
Maximum likelihood classiﬁcation (MLC)
Random forest (RF)
Iterative Self-Organizing Data Analysis (ISODATA)
Support vector machines (SVM)
Artiﬁcial neural network (ANN)
Linear spectral mixture analysis (LSMA)
Mixture tuned matched ﬁltering (MTMF)

A,B
A,B
A
C
C
C
A,B
A,B
B
B
B,C
B,C
A
A

Yuan et al. (2014b)
Moshou et al. (2011)
Steddom et al. (2003)
Huang et al. (2007)
Huang et al. (2012)
Jones et al. (2010)
Bauriegel et al. (2011)
Hicke and Logan (2009)
Adelabu et al. (2014)
Yang et al. (2010)
Römer et al. (2011)
Castro et al. (2015)
Fitzgerald et al. (2004)
Zhang et al. (2014b)

Regression based models

Machine learning algorithms

Spectral unmixing algorithms

Note tasks in detection of plant diseases and pests: A, detecting a speciﬁc disease or pests; B, diﬀerentiating diseases and pests; and C, retrieving the infection severity.

spectral unmixing analysis. In mapping diseases or pests with airborne
or space-borne images, the spectra of reference endmembers are usually
extracted directly from the images to avoid possible mismatch between
in-situ spectra taken by spectrometer and image-derived spectra. In the
monitoring of tomato late blight, Zhang et al. (2005) applied the
minimum Noise Fraction (MNF) transform and pixel purity index (PPI)
to identify endmember spectra for the diseased tomato plants.
As an advanced spectral unmixing algorithm, the mixture tuned
matched ﬁltering (MTMF) method is of interest because it does not
require that all materials (endmembers) within the image scene are
known. This is an advantage for monitoring of plant disease and pest
stresses, since their signature impacts are prone to be mixed with undeﬁned backgrounds (e.g., vigor diﬀerences, nutrient stresses, etc.).
With a Quickbird image, Franke and Menz (2007) applied the MTMF to
map disease severity in a wheat ﬁeld successfully. Zhang et al. (2014b)
showed that MTMF was eﬀective in mapping regional disease based on
moderate resolution HJ-CCD satellite images. The authors pointed out
that there is a possibility to combine the MTMF and PLSR to achieve a
better accuracy (increased from 72% to 78%) in the monitoring of
wheat powdery mildew.

In addition, some nonparametric classiﬁcation methods like random
forest (RF) and unsupervised classiﬁcation methods like Iterative SelfOrganizing Data Analysis (ISODATA) are also adopted in the monitoring of plant diseases and pests (Adelabu et al., 2014; Yang et al.,
2010).
Among machine learning algorithms, it is worth noting that
support vector machines (SVMs) have been widely applied in the
monitoring of a variety of plant diseases and pests. Based on some
ﬂuorescence features and SVM classiﬁers, Römer et al. (2011) achieved
early recognition of wheat leaf rust with an accuracy of 93%. In detecting Huanglongbing (HLB) in citrus, SVMs outperform many other
methods, including LDA, QDA, decision trees, k-nearest neighbours
(KNN), logistic regression and neural networks (Garcia-Ruiz et al.,
2013; Mishra et al., 2011). SVMs have also shown superior performance
to Random Forest and SAM in mapping pest defoliation and wheat
damage by powdery mildew (Adelabu et al., 2014; Mewes et al., 2011).
The capability of SVM in seeking a separating surface (hyperplane)
through an optimization procedure contributes to the higher performance in dealing with limited training samples, which is usually the
limitation in RS monitoring studies for plant diseases and pests.
In some complicated scenarios, artiﬁcial neural networks (ANN) and
its successor, Deep learning approaches exhibit a strong capability in
monitoring plant diseases and pests (Liu et al., 2010; Yuan et al., 2014a;
Castro et al., 2015; Ferentinos, 2018). With optimized spectral and
geometric parameters, Castro et al. (2015) achieved the early detection
of laurel wilt disease in avocado based on a feed-forward back propagation (BP) neural network. Besides conventional neural network
models, as pointed out in Kamilaris (2018) and Singh et al (2018), the
state-of-the-art deep learning models have recently been applied in the
agricultural domain, and will have great potential for diagnosing plant
stresses. Based on a large number (n = 87,848) of leaf images,
Ferentinos (2018) applied Convolutional Neural Networks (CNNs) in
detecting and diagnosing plant diseases with an accuracy of 99.53%.
However, it should be realized that the large number of labeled
samples required by most deep learning methods is a main challenge in their application. Therefore, how to collect large number of
training samples about plant diseases and pests from RS data is of
priority in future studies for the application of deep learning methods.

5.2. Mapping with single-phase or multi-phases RS images
In the monitoring of plant diseases and pests, mapping with singlephase and multi-phases RS images are two important approaches.

• Mapping with single-phase RS image
In this mode, an important premise is that the damage caused by
disease/pest has highly contrasting and distinct features at one particular stage. Corresponding studies are mainly conducted based on airborne (e.g., Yang et al., 2010; Zhang et al., 2005) or high resolution
satellite images (e.g., Oumar and Mutanga, 2013; Yuan et al., 2015). As
reported by Yang et al. (2010), in the case that the disease symptom has
a clear spectral response, such as for cotton root rot, both hyperspectral
and multispectral RS images were accurate at eﬀective monitoring.
Besides, it should be noticed that some novel channels, such as the rededge channel of some advanced satellite sensors (e.g., Worldview-2,3;
Rapideye) may help improve the monitoring performance. Oumar and
Mutanga (2013) found that the red-edge band and its relevant indices
that were derived from a single-phase WorldView-2 image were eﬀective in mapping damage caused by forest bronze bug. Given the fact
that many disease infections or pest infestations spread to the full canopy within a short period of time, the selection of optimum monitoring
time is important. For example, as reported in Yuan et al. (2015), wheat
powdery mildew could only be eﬃciently mapped at the grain ﬁlling
stage. Moreover, some prior knowledge about the mapping area that

• Spectral ummixing algorithms
Recently, spectral unmixing methods have been adopted in the
monitoring of plant diseases and pests by assuming the infected plant is
one speciﬁc endmember. Fitzgerald et al. (2004) conducted a constrained linear spectral mixture analysis for mapping damage in cotton
ﬁelds caused by spider mite. The deﬁnition of reference endmembers
for infected, healthy plants or plants under other status is a key issue in
9
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Fig. 4. Mapping plant disease and pest with single-phase RS image (A, mapping powdery mildew in wheat, modiﬁed from Fig. 4 and Fig. 7 in Yuan et al., 2015) and
multi-phases images (B, mapping armyworm in maize, modiﬁed from Fig. 12 in Zhang et al., 2015).

With the incremental number of applicable RS images, temporal
trajectories that are extracted from time-series RS data might allow the
delineation of the distinct temporal pattern of the infection/infestation.
RS data with high revisit frequency, such as MODIS, SPOT-VGT, have
been usually used for this type of monitoring (Eklundh et al., 2009;
Kharuk et al., 2009; Nagler et al., 2014). While monitoring some diseases or pests with a relatively slow development progress (e.g., some
forest diseases or pests), some time-series RS data with longer time
intervals can also be considered. For instance, Goodwin et al. (2008)
applied a sequence of Landsat TM data (8 images over 14 years) to track
the infestation dynamics of mountain pine beetle. Some classic vegetation indices, like NDVI, EVI, etc., are taken as proxies to construct the
temporal trajectory (Eklundh et al., 2009; Nagler et al., 2014). To ensure data quality and reliability of the temporal trajectories, some data
preprocessing such as spatial co-registration, radiometric normalization
and curve smoothing (e.g., TIMESAT for processing MODIS time-series
data) is necessary (e.g., Eklundh et al., 2009; Meddens et al., 2013).
Some temporal features such as change magnitude and change angles
that are derived from the temporal trajectory curves are used for
characterizing the temporal characteristics of infection/infestation in
the monitoring (e.g., Eklundh et al., 2009; Nagler et al., 2014).

may help exclude some possible co-occurring stresses (e.g., other diseases or pests, nutrient stresses) is always necessary in conducting such
a single-phase mapping.

• Mapping with RS images at multiple phases
In some scenarios when damages caused by diseases or pests are
prone to be confused with some other factors, the single-phase RS
image may not be suﬃcient for the mapping. Instead, multi-phase RS
images that contain the temporal characteristics and information about
spread of a disease infection or pest attack are important for monitoring
(Fig. 4). There are three general approaches for conducting multi-phase
mapping: (1) mapping with images from two phases, (2) mapping with
images from multiple phases (usually 3–5 phases) and (3) mapping
based on a speciﬁc temporal trajectory.
The two-phases monitoring approach is usually conducted at the
outbreak of plant disease or pest infestation. In this case, one image
should be taken before the outbreak event while another image should
be taken during or after the peak damage (Ji et al., 2004; Liu et al.,
2006; Zhang et al., 2015). Zhang et al. (2015) performed a change
detection analysis with two HJ-CCD images acquired before and after
the outbreak of armyworm. Their results suggested that compared with
single-phase damage mapping, the overall accuracy yielded by the twophases damage mapping increased signiﬁcantly from 50% to 79%.
Apart from the two-phases mapping protocol, multi-date RS images
(e.g., 3–5 phases) might bring about abundant multitemporal information for the monitoring. In mapping the red attack damage of
mountain pine beetle, Wulder et al. (2008) analyzed changes in the
Red–Green Index (ΔRGI) in successive pairs of Quickbird images acquired from four diﬀerent times, yielding true positive accuracies ranging from 89 to 93%. Zhang et al. (2014b) applied HJ-CCD images
(30 m resolution) from four dates to monitor both occurrence and severity of wheat powdery mildew at a regional scale. Based on a comprehensive feature selection process, they found that the multi-stage
spectral features were important in lowering mapping uncertainties and
yielded a mapping accuracy of 78%.

5.3. A general framework for monitoring plant diseases or pests
Given the signiﬁcant diﬀerence among symptoms, development
process and host plants for both plant diseases and pests, a general RS
feature or monitoring model does not exist. However, strategies and
methodologies for monitoring plant diseases or pests present a certain
degree of common characteristics. Based on our review of the RS systems, features, algorithms, a general framework can be formulated,
which may provide a reference in monitoring not only known but also
any unknown diseases or pests (see ﬂowchart in Fig. 5). Firstly, it is
important for people to grasp some basic knowledge about the target
disease or pest, such as the damage type (referring to Table 1), development process, favorable habitats etc. Secondly, based on a speciﬁc
application scenario, researchers need to determine the monitoring
10
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Fig. 5. A framework for monitoring of plant diseases and pests through remote sensing observations. Speciﬁc methods are explained in the main text.

observations. Besides, it is worth attempting to use multi-angular remote sensing to increase the detecting capability to the lower canopy
levels (Li et al., 2015). The second issue is to accurately detect a
speciﬁc disease/pest under realistic ﬁeld conditions where several
crop stress may occur simultaneously. Currently, most monitoring
studies or applications are conducted in experimental ﬁelds or areas
with prior information, such as the type of diseases/pests or other
stresses occurred in the ﬁeld (Mahlein et al., 2013; Yuan et al., 2014b).
For an area that lacks corresponding information, it is challenging to
achieve a reliable and accurate monitoring result. In the future, it is
important to further explore the uniqueness of the features and transferability of the models. Some state-of-the-art algorithms, such as deep
learning algorithms, may play an important role in this process. Besides, it is necessary to promote the establishment of a knowledge base
about the background information about diseases or pests (i.e., geographical distribution, favorable habitats, soil types, climate conditions), along with a network of relevant ancillary data (e.g., meteorological data, soil data, and data from some wireless sensors networks).
The prior information may help exclude many possibilities and thus
lower uncertainty in the monitoring of plant diseases and pests under
complicated scenarios. The third issue is to continuously track the
dynamics of the diseases or pests at a ﬁne resolution. To achieve
this, the RS systems should have suﬃciently high resolution at all the
spatial, spectral and temporal dimensions. Currently, not a single RS
system is able to satisfy these requirements. Besides, bad weather is also
a major obstacle to the continuous acquisition of optical images. To
tackle this issue, it is important to explore the possibility of synergizing
high resolution satellite images with unmanned aerial vehicle (UAV)
images to construct a successive time-series RS data. Besides, the fusion
between optical RS data and radar data is also worthy of attention. The

scale and to clarify the required of RS data, particularly the type of RS
systems (referring to Table 2), and spatial and temporal resolutions of
the data. Thirdly, it is important to setup a set of experiments in order
to acquire training data to facilitate the feature selection and modeling
process. We advocate for a hierarchical process in data collection, including at least a leaf or canopy level experiment as it will help to
understand the explicit RS response to the disease/pest and a regional
scouting with synchronization of image acquisition for large scale accuracy. If possible, the latter will be conducted across several dates in
order to beneﬁt from multi-phase modeling approaches. Fourthly, the
monitoring model approach and algorithm need to be determined (referring to Table 5). Finally, a performance assessment is necessary to
determine whether the accuracy is suﬃcient.

6. Challenges and trends in monitoring plant disease and pests
Despite the encouraging progress that has been achieved in the
monitoring of plant diseases and pests during the last few decades,
some challenges still remain that hamper the implementation of the
techniques in practice. Studies on seeking solutions to these challenges
will shape future trends. The Table 6 illustrated the 4 aspects of issues
in monitoring plant disease and pests, and provided an analysis of
challenges and trends.
The ﬁrst issue lies in the detection of plant diseases or pests at
an early stage. Given the reliable RS monitoring of plant diseases and
pests are usually achieved when symptoms are fully exhibited, which
may be too late for guiding the prevention. To improve the detectability
of the diseases or pests at an early stage, it is important to further exploit the feasibility of ﬂuorescence, SAR, thermal and Lidar RS observations, and fuse them with the well-developed VIS-NIR RS
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Table 6
A summary of challenges and trends in monitoring plant disease and pests.
Issues
1. The detection of plant diseases or pests at
an early stage

2. Accurately detect a speciﬁc disease/pest
under realistic ﬁeld conditions

3. Continuously track the dynamics of the
diseases or pests at a ﬁne resolution

4. Data and information sharing

Challenges

Trends

▪ Most plant diseases or pests are symptomless or
only show very general symptoms at the early
stage
▪ The initial symptoms of some diseases or pests
tend to occur at mid to bottom layers in canopy
▪ Several crop stress may occur simultaneously
▪ Some plant diseases and pests may behave similar
symptoms
▪ The RS systems should have suﬃciently high
resolution at all the spatial, spectral and temporal
dimensions.
▪ Bad weather hampers the continuous acquisition
of optical images
▪ Lack of suﬃcient survey data in the modeling for
monitoring plant diseases and pests
▪ Increase the accessibility of the pooled data to
support data mining and model training

fourth issue is data and information sharing. Considering distributions and epidemics of plant diseases and pests is a transnational process, multinational collaboration is important for both research and
application. Presently, the lack of suﬃcient survey data is a bottleneck
in the modeling for monitoring plant diseases and pests. Therefore, it is
suggested to mobilize data collection during the cultivation processes.
For example, farmers or extension oﬃcers should be mobilized to record the occurrence and severity of diseases and pests in their managed
ﬁelds through a smart phone app. Then, it is critical that the pooled
data be easily accessible to support eﬃcient data mining and model
training with sophisticated algorithms. Here we expect the setup of
corresponding international projects and observation networks that
allow experiments, data collection, modeling and ideas shared at a
continental or global scale.

▪ Exploit the feasibility of ﬂuorescence, SAR, thermal and Lidar RS in
detecting early symptoms
▪ Use multi-angular remote sensing

▪ Explore the uniqueness of the features and transferability of the
monitoring models
▪ Establish a knowledge base that may help lower the uncertainty in the
monitoring.
▪ Synergize high resolution satellite images with unmanned aerial
vehicle (UAV) images to construct a successive time-series RS data
▪ Fusion between optical RS data and radar data

▪ Mobilize data collection during the cultivation processes
▪ Setup of corresponding international projects and observation networks
that allow experiments, data collection, modeling and ideas shared at a
continental or global scale

(1) An extensive database search in Thomas Reuters Web of Science
was conducted using keywords: “plant diseases”, “pests”, “remote
sensing”, “detection” and “monitoring”.
(2) A complementary publication list was generated by letting all the
co-authors provide relevant publications that are not included in
the searched list. Considering many publications in this sort directly
applied the pathogen (e.g., “powdery mildew”) and RS forms (e.g.,
“hyperspectral”) as keywords, it is impossible to include them all
through a general keywords ﬁlter. Given all the co-authors of this
paper are experienced in agricultural remote sensing, and plant
diseases and pests monitoring, the publications that were gathered
and accumulated thus provided an important complement to the
searched publication list.
(3) Based on the searched publication list (n = 286) and the complementary publication list (n = 109), a rigorous screen process
was implemented, which retained only publications that revealed
signiﬁcant innovative perspectives in RS systems, RS features, and
monitoring models.

7. Concluding remarks
Monitoring diseases and pests reliably, timely and eﬃciently over
vast areas is very important for plant protection assessment and management. During the last a few decades, various RS techniques have
been introduced for monitoring plant diseases and pests, and exhibited
great potential for complementing conventional laborious inspection. In
this review, we summarized the latest developments in corresponding
RS systems, RS features, feature selection techniques, monitoring algorithms and models for conducting a comprehensive, eﬀective monitoring of plant diseases and pests. We expect that this review of stateof-art research achievements in remotely sensed monitoring of diseases
and pests can provoke new thoughts and promote the development of
corresponding theories, techniques and methods both in academia and
production practice.

As a result, a total of 115 representative publications were included
in this review. It is found that the journals “Computers and Electronics
in Agriculture” (21 articles), “Remote Sensing of Environment” (19
articles) and “Precision Agriculture” (10 articles) had the greatest
amount of relevant publications. The pathogens/pests that attracted the
most attention focused on wheat powdery mildew (15 articles), wheat
yellow rust (7 articles) and pine beetle (6 articles). The pathogen and
host plants, the RS systems and platforms, as well as the monitoring
scale in all the case study publications were overviewed in the
Appendix B supplementary Table S1.
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