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Feeding the world’s growing population is a challenge, even 
compounded, since climate change has a considerable 
impact on crop yields and food supplies (Godfray et al., 
2010). By 2050, nearly 10 billion people will be there on 
Earth. Thus, it will be necessary to ensure that the crop 
production is sufficient to meet the needs of the human 
population (Bruinsma, 2009). FAO estimates that the world 
food production will have to rise by 60% to keep pace with 
a demographic change (FAO, 2009). This goal is challenging, 
primarily because climate change will impact the plant 
productivity. Moreover, it also presents the challenges of 
drought, extreme weather events and rising temperatures 
all over the world (Godfray et al., 2010).

Parfitt, Barthel, Macnaughton (2010) report that for every 
degree Celsius that the global thermostat rises by, there 
will be a 5 to 15% decrease in the overall crop production. 
The most important food crops are more prone to abiotic 
stresses because of the high yield and quality losses (Wang, 
Frei, 2011). The issue of the ongoing climate change needs 
to be addressed from a perspective of plant physiology 
by knowing the laws of physiological processes in the 
plant (Becklin et al., 2016). Various molecular mechanisms 
and morphological and anatomical structures have been 
developed in plants to overcome different stress factors. 
Cognition of these processes will allow their subsequent 
application and use in the cultivation practice and breeding 
of plants (Hasanuzzaman, Nahar, Alam, Roychowdhury, 
Fujita, 2013; Morales et al., 2020).

There are two main (non-GMO) ways to get higher 
increases in the crop yields through breeding – either 
by increasing the total biomass production (increasing 

photosynthesis) or by decreasing the crop variability 
(increasing tolerance to abiotic stress) (Long, Zhu, Naidu, 
Ort, 2006; Araus, Slafer, Reynolds, Royo, 2002). However, 
they both are polygenic in their nature, so provision of 
thousands and thousands of individuals is needed. Just 
alone the mechanisms and structures of stress tolerance 
have a great variability. Thus, it functions as an important 
determination and subsequent breeding for the specific 
resistance (Khan, Sovero, Gemenet, 2016; Sallam, Alqudah, 
Dawood, Baenziger, Börner, 2019).

Phenotyping is therefore essential to accelerate and 
facilitate development in conventional, molecular, and 
transgenic breeding. By connecting the analysis of the 
genotype-phenotype-environment with high yielding, 
stress-tolerant plants can be selected far more rapidly and 
efficiently than is currently possible (Rahaman, Chen, Gillani, 
Klukas, Chen, 2015). Phenotyping research and knowledge 
are required to understand the emerging and unknown 
threats to the global food security. 

Traditional plant phenotyping tools, which rely on the 
selection of traits from a small sample of plants, have very 
limited throughput (Ubbens, Stavness, 2017). Non-invasive 
and rapid techniques (Figure 1) have great potential to 
increase the scale vastly, together with the throughput of 
the plant phenotyping activities. Among such techniques, 
we can include new imaging technologies, robotic and 
phenotyping platform and ground-based and aerial 
imaging platforms. The technique of the plants phenotyping 
has expanded dramatically in the last 5 years (Yang et al., 
2020).
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Field phenotyping imaging technologies

Visible spectral range imaging (RGB)
The essence of digital image recording is to imitate human 
perception and thus, to tell information about the state of 
an object or environment. The cameras used are sensitive 
in the visible spectral range. Raw data is obtained in grey 
or RGB (Red – Green – Blue) colour images. RGB images are 
’classical‘ photographs. Conventional RGB cameras, which 
often work in phenotyping, provide higher quality and 
fast recording at a very reasonable price (Li, Zhang, Huang, 
2014). RGB images distinguish plants from the surrounding 
background. However, the segmentation of plants and 
background is complicated by numerous factors, such as 

Figure 1 An overview of different imaging techniques in the plant phenotype application used for the automated detection and 
identification of environment – the plant interactions. These sensors are implemented in breeding, forest and 
agriculture applications, together with plant phenotyping on different scales, from single cells through single plants to 
entire ecosystems
Source: Oerke, Mahlein, Steiner, 2014

RGB fluorescence 
imaging

thermal 
imaging

mulrispectral hyperspectral high-throughput 
phenotyping

Table 1 Description of the typical devices and software used in plant phenotyping measurement

Type Sensor Sensor Model Manufacturer Examples

Colour digital 
camera

Nikon, Canon Nikon 5200, Canon EOS 60D Tokyo, Japan Kleefeld, Gypser, Herppich, Bader, Veste (2018)

Sony Sony NEX-5N Tokyo, Japan Sugiura et al. (2016).

Type software

RGB PlantCV LemnaGrid (LemnaTec GmbH, Aachen, Germany) ImageJ

Figure 2 An illustrative figure showing the result of 
simultaneous analysis of control and salt-stressed 
Arabidopsis plants by RGB, hyperspectral and Chl 
fluorescence imaging
Source: Humplík, Lazár, Husičková, Spíchal, 2015

soil, shadows and miscellaneous objects. Therefore, various 
robust algorithms are created to eliminate such variations 
(Fernandez-Gallego et al., 2019).

Digital cameras are easy to handle and are a simple source 
of RGB (red, green, and blue) that enable measurements of 
the shoot area and detect mass, plant height and width, 
canopy density, other morphometric data, leaf colour and 
senescence. By measuring dimensions of the visible plant 
tissue over time, we can monitor growth of plants. Changes 
in growth are very sensitive indicators of plant stress. 
Morphology and colour distribution can serve as indicators 
of developmental processes and stress responses (Figure 2).

Colour band properties obtained from red, green, and 
blue (RGB) data may not adequately assess the biophysical 
properties of the interesting vegetation objects (Putra, 
Soni, Marhaenanto, Harsono, Fountas, 2020). It is generally 
preferred to use a combination of RGB and other phenotyping 
techniques; for example, 3D-based remote sensing is more 
effective. Several studies have shown the applicability of 
RGB to obtain relevant information about plants status, 
e.g. to evaluate growth and flowering dynamics (Ge, Bai, 
Stoerger, Schnable, 2016; Guo, Fukatsu, Ninomiya, 2015), 
growth of plant shoots (Golzarian et al., 2011), and yield 
traits (Fernandez-Gallego et al., 2019), to count seedlings in 
a field (Liuet al., 2016), predict plant density (Ranđelović et 
al., 2020), plant stress (Enders et al., 2019; Briglia et al., 2019; 
Li et al., 2018) and more. Description of the typical devices 
and software used in plant phenotyping measurement are 
listed in Table 1.

Fluorescence imaging
Chlorophyll fluorescence (ChlF) analysis is a non-destructive 
technique that has been used for plant phenotyping for 
several years and is one of the most popular techniques 
used in photosynthesis research (Buschmann, Langsdorf, 
Lichtenthaler, 2008). As ChlF imaging is non-destructive, 
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it can be easily combined with other methods (e.g. gas 
exchange, thermal imaging, UV imaging) and can follow 
changes in photosynthesis, too (Rolfe, Scholes, 2010). 

The principle of measurement excitation of ChlFscence 
is accomplished by illuminating samples with visible or 
UV light lasers (light-emitting diode) and capturing image 
of fluorescence by device cameras (CCD). Fluorescence 
imaging permits the simultaneous capture of fluorescence 
emission from four spectral bands – blue (F440), green 
(F520), red (F690), and far-red (F740) (Kalaji et al., 2016). 
Another broadly-used approach for measuring ChlF is to 
measure through the principle of using light induction 
kinetics (known as Kautsky effect). These methods allow the 
measurement of photochemical and non-photochemical 
processes involved in the fluorescence quenching occurring 
in the presence of actinic light. 

From the measurements of fluorescence, parameters 
can be calculated. These are the minimum (F0) and 
maximum (Fm) fluorescence yield, steady-state value of 
fluorescence yield (Fs), photochemical quenching (qP), non-
photochemical quenching (NPQ), or the effective quantum 
yield of energy conversion in PSII (ϕPSII).

Other chlorophyll fluorescence imaging systems 
with different measurement protocols or with different 
combinations of measurement techniques are being 
developed, for example, integrating into a high-throughput 
phenotypic analysis. 

However, implementation of the large plant populations 
screening in a field environment is difficult, because most 
often, they use hand-held fluorimeters, which are more 
cumbersome and time-consuming.

There are many examples of successful application 
of ChlF for studying reactions to different environmental 
stresses, such as temperature (Hou et al., 2016), drought 
(Bürling et al., 2013; Banks, 2018), salinity (Hniličková, 
Hnilička, Martinková, Kraus, 2017), and nutrient deficiency 
(Simkó, Gáspár, Kiss, Makleit, Veres, 2020; Aleksandrov, 
2019). This technique can also be used to screen multiple 
plants, for example in agriculture (Betemps et al., 2012; 
Baluja, Diago, Goovaerts, Tardaguila, 2012; Van Iersel et 
al., 2016; Miao et al., 2018; Sytar, Bruckova, Plotnitskaya, 
Zivcak, Brestic, 2019), forestry (Hernández-Clemente, North, 
Hornero, Zarco-Tejada, 2017; Sonti, Hallett, Griffin, Trammell, 
Sullivan, 2020), climate change studies (He et al., 2019; Luus 
et al., 2017), and plant breeding programmes (Watanabe, 
Fekih, Kasajima, 2019; Kalaji, Guo, 2008). In addition, the 

chlorophyll fluorescence imaging technique can easily be 
used at different scales – from the whole plant (Eguchi, 
Konishi, Hosoi, Omasa, 2008; Miao et al., 2018) through the 
leaf (Montero et al., 2016; Leipner, Oxborough, Baker, 2001) 
to the cellular resolution (Noble et al., 2017). Several typical 
sensors that were implemented in the fluorescence imaging 
technique and representative products are listed in Table 2.

Thermal imaging
Thermal imaging is a technique that allows visualization of 
infrared radiation of an object, indicating as temperature. 
The surface temperature of any object can be mapped in 
a high resolution in two dimensions.

Thermal imaging is now an established technology for 
study of plant water relations and specifically for stomatal 
responses and for the phenotyping of plants. Methods of 
the remote sensing of the leaf temperature can be a way 
to detect changes in the physiological status of plants and 
plant responses to biotic or abiotic stresses.

In agriculture, thermal imaging can be used to monitor 
the plant stress responses, such as water stress (Egea, 
Padilla-Díaz, Martinez-Guanter, Fernández, Pérez-Ruiz, 2017; 
Khorsandi, Hemmat, Mireei, Amirfattahi, Ehsanzadeh, 2018; 
Xu et al., 2016), temperature stress (Poirier-Pocovi, Volder, 
Bailey, 2020; Park et al., 2017), nutrient stress (Christensen 
et al., 2005) and be used further in irrigation scheduling 
(Zovko, Boras, Švaić, 2018; Parihar, Praveen, Padgaonkar, Giri, 
2020), crop protection (Lenthe, Oerke, Dehne, 2007; Mahlein 
et al., 2019; Wang, Poque, Valkonen, 2019), and breeding 
programmes (Sirault, James, Furbank, 2009; Pushpavalli, 
Kanatti, Govindaraj, 2020).

Remote sensing has been used by ecologists in larger-
scale studies such as landscape ecology (Hwang, Chandler, 
Shaw, 2020; Nowakowski, Frishkoff, Agha, Todd, Scheffers, 
2018), forestry (Chen, Yu, Yan, Wang, 2019; Song et al., 2017), 
and species diversity (Leuzinger, Körner, 2007). 

Thermal imaging has been used by many researchers 
in agro-food industries, horticultural products, detection 
of bruises in fruits (Zeng, Miao, Ubaid, Gao, Zhuang, 2020; 
Kuzy, Jiang, Li, 2018), detection of spoilage by a microbial 
activity (Chelladurai, Jayas, White, 2010; ElMasry et al., 2020), 
content volatile compounds (Ding, Dong, Jiao, Zheng, 2017; 
Dong, Jiao, Li, Zhao, 2019), and food quality evaluation 
(Ghosh, Rana, Nayak, Pradhan, 2016; Sanchez, Hashim, 
Shamsudin, Nor, 2020). Several typical sensors are listed in 
Table 3.

Table 2 Description of the typical devices and software used in plant phenotyping measurement

Type Sensor Sensor Model Manufacturer Examples

Fluorescence 
sensor

Open FluorCam Open FluorCam FC 
800-O

Photon Systems 
Instruments, Brno, 

Czech Republic

Pérez-Bueno, Pineda, Cabeza, Barón 
(2016); Kleefeld et al. (2018)

Z200 Z200 
Open- FluorCam

Qubit Systems Inc, 
Kingston, ON, Canada Singh, Jones, Shukla, Saxena (2017)

Multiplex ® Multiplex 3 Force-A, Orsay, France Bürling et al. (2013)

Type software

Fluorescence 
imaging

PlantScreenTM Analyser (Photon Systems 
Instruments, Brno, Czech Republic)

ImagingWin (Heinz Walz GmbH, 
Effeltrich, Germany)

QUBIT Systems (Kingston, ON, 
Canada)
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generally refers from 3 to 10 bands. Each 
band has a descriptive title (UV, NIR, and 
IR) and there is no continuum between 
the bands. The vegetation index is the 
result of the measurements, which 
quantify biomass or plants. Vegetation 
indices are algebraic combinations 
of several spectral bands, designed 
for quantitative and qualitative 
evaluations of the vegetation cover. 
They are used in spectral remote 
sensing for hyperspectral imagery and 
multispectral imagery.

Multispectral sensors provide 
an effective and a low-cost solution, 
when it comes to acquiring data for 
various applications. Several sensors 
are listed in Table 4. Measured data 
are widely used for analysing the 
crop biophysical and biochemical 
parameters and for plant monitoring 
and protection (Stagakis, Markos, 
Sykioti, Kyparissis, 2010). The potential 
of multispectral imaging techniques 
for agriculture has been demonstrated 
several times, such as monitoring 
the effects of water stress (Ballester, 
Brinkhoff, Quayle, Hornbuckle, 2019; 
Zhang, Zhang, Niu, Han, 2019), water 
use efficiency (Zúñiga, Khot, Jacoby, 
Sankaran, 2016; Thorp, Thompson, 

Due to the progress in the detector 
technology and image processing, 
cheap thermal cameras with very 
high thermal sensitivity have become 
available in recent years (Figure 3). 
These cameras are used alone or in 
combination with other phenotyping 
sensors.

However, there are also limiting 
factors of the method. Changes in 
ambient conditions lead to changes 
in plant temperature, making the 
comparison through time difficult. 
Therefore, its calibration is often 
required. Furthermore, it is also difficult 
to separate soil temperature from plant 
temperature in sparse canopies. These 

shortcomings should be eliminated 
in the future by combining thermal 
imaging with imaging at other spectral 
wavelengths.

Multispectral imagery
Multispectral imagery enables to see 
RGB, infrared, ultraviolet and reflected 
EM radiation. Multispectral imaging is 
very similar to hyperspectral imaging 
in the aspect of obtaining UV and 
VIS‐IR spectra for all pixels in the 
image of a test sample. Multispectral 
imaging concentrates on several 
wavebands that are preselected, based 
on the application. Depending on the 
application, the multispectral imaging 

Table 3 Description of the typical devices and software used in plant phenotyping measurement

Type Sensor Sensor Model Manufacturer Examples

Thermal sensors

FLIR Flir SC660, FLIR I7 FLIR systems, Wilsonville, OR, 
USA

García-Tejero et al. (2018);
Santesteban et al. (2017)

thermoMap thermoMap senseFly, Cheseaux-sur-
Lausanne, Switzerland

Sagan et al. (2019);
Raeva, Šedina, Dlesk (2019)

Fluke Fluke Ti32 Fluke Corporation, Everett, WA, 
USA

Elsayed et al. (2017);
Omran (2017)

Type software

Thermal imaging ENVI (Exelis Visual Information 
Solutions, Boulder, CO, USA)

ERDAS-IMAGINE (Intergraph 
Corporation Part of Hexagon, 

Huntsville, AL, USA)

FLIR Tools (FLIR Systems, 
Wilsonville, OR, USA)

Figure 3 Sample images of thermal imaging of wheat plants. Obtained from cheap 
Smartphone Cat S60 with an integrated thermal imaging camera FLIR® 
Source: Wilsonville, OR, USA

Table 4 Description of the typical devices and software used in plant phenotyping measurement

Type Sensor Sensor model Manufacturer Examples

Multispectral 
sensors

RedEdge™ RedEdge™ MultiSpectral 
camera

MicaSense Inc., Seattle, WA,
USA

Ballester et al. (2019);
Zhang et al. (2020)

Parrot Parrot® Sequoia™ Parrot Drones S.A.S, Paris, France Thorp et al. (2018)

Tetracam Tetracam mini-MCA-6 Tetracam, Inc., CA, USA Torres-Sánchez et al. (2013);
De Castro et al. (2015)

Type software

Multispectral 
imaging Esri (Redlands, CA,USA) Tetracam (Tetracam Inc., Chatsworth, 

CA, USA)
Pix4Dmapper (Pix4D SA, 

Switzerland),
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Harders, French, Ward, 2018), detection of diseases (De 
Castro, Ehsani, Ploetz, Crane, Abdulridha, 2015; Veys, 
Hibbert, Davis, Grieve, 2017; Zhang et al., 2018), weed 
management (Torres-Sánchez, Peña-Barragán, Gómez-
Candón, De Castro, López-Granados. 2013; Huang, Reddy, 
Fletcher, Pennington, 2018), also in breeding programmes 
(Potgieter et al., 2017; Delgado Fajardo, 2018; Barnhart, 
2020) or forestry (Awad, 2018; Franklin, 2018; Stoyanova, 
Kandilarov, Koutev, Nitcheva, Dobreva, 2018; Aleshko, 
Bogdanov, Shoshina, Ilintsev, 2020).

Hyperspectral analysis
Hyperspectral imaging, like other spectral imaging, collects 
and processes information from across the electromagnetic 
spectrum. Solar radiation is measured in wavelengths 
in the interaction with the surface of the objects. In the 
case of vegetation, the reflectance signal is in the visible 
spectral range (400–700 nm). Chlorophyll pigments a and b 
selectively absorb blue (400–500 nm) and red (600–700 nm) 
wavelengths for photosynthesis (Ashraf, Maah, Yusoff, 2011; 
Hallik et al., 2017). With light passing from the visible zone to 
the near-infrared part of the spectrum (NIR, 700–1,200 nm), 
a sharp increase in reflectance can occur (Medina et al., 
2018). Further increase in wavelengths then leads to 
a gradual decrease in reflectance, because of the absorption 
of infrared radiation by water and other leaf components. 
Spectral reflectance is measured up to 2,500 nm (Knipling 
1970; Boegh, Soegaard, Thomsen, 2002). Spectral reflectance 
curves indicate the reflectance of the objects. Such curves 
can give us information about the condition of the plant as 
well as of the whole vegetation.

The measurement is recorded as a reflectance curves 
graph. The most common applications of this method in 
phenotyping include the use of reflectance (hyperspectral) 
indices for field phenotyping to determine biomass growth, 
greenery, nitrogen content and photosynthesis status 
(Mistele, Schmidhalter, 2008; Fu, Meacham-Hensold, Guan, 
Bernacchi, 2019). Non-invasiveness, reliability and good 
specificity of the individual indices in the cases where the 
user has been verified and confirmed, are all the advantages 
of this method. However, their application to new crops or 
other traits requires a thorough verification and selection of 
the appropriate indices. The method is highly suitable for 
the field applications, including air vehicles but also ground 
carriers. A large amount of generated data and currently still 

too high cost of the equipment, especially the hyperspectral 
cameras (Li, Zhang, Huang, 2014), are the disadvantages of 
this method.

Measured spectral data are used to calculate the 
vegetation indices (ratios or differences among values 
on certain wavelengths), such as normalised differential 
vegetation indices (NDVI and his variations), enhanced 
vegetation index (EVI), wide dynamic range vegetation index 
(WDRVI), and many more. These indices usually correlate 
with some characteristics of the aboveground biomass, 
such as pigment content, biomass size, LAI, greenness or 
water content, and also, they are used as predictors of total 
biomass or crop yields (Prabhakara, Hively, McCarty, 2015; 
Cabrera-Bosquet et al., 2011). 

Hyperspectral remote sensing is used in a wide array of 
fields as ecology, food processing, mineralogy, surveillance, 
astronomy, agriculture and many more. The applications 
of spectral indices in the phenotyping of tolerance to the 
biotic factors such as pests (Huang, Wang, Liu, Fu, Zhu, 2014) 
and diseases are also highly interesting (Ritchie, Holzinger, 
Li, Pendergrass, Kim, 2015). 

The estimation of water content in leaves, using the 
indices based on the reflectance measurements, is relatively 
a frequented area (Yi, Bao, Wang, Zhao, 2013; De Bei, 
Fuentes, Wirthensohn, Cozzolino, Tyerman, 2017; Kovar 
et al., 2018, 2019). Such data can be used to identify the 
onset and intensity of the plant drought stress. Among the 
other favourite areas belong, for example, the detection of 
nitrogen status (Zhao, Reddy, Kakani, Reddy, 2005; Feng, Yao, 
Zhu, Tian, Cao, 2008), salt stress (Sytar et al., 2017; Moghimi, 
Yang, Miller, Kianian, Marchetto, 2018), heavy metal (Liu, Liu, 
Ding, Wu, 2011) and any more. Several sensors, which were 
implemented in hyperspectral imaging and representative 
products, are listed in Table 5. 

Sensor carriers – phenotyping platforms
Automation and robotics, new sensors, and imaging 
technologies have led to the advent of a new field, the high-
throughput phenotyping. This has been applied to various 
combinations of sensing technologies (multispectral 
imaging) and different sensor carriers (phenotyping 
platforms). Multispectral sensing technologies can 
usually provide data from a large number of instruments 
(hyperspectral cameras, thermal imaging cameras, 
chlorophyll fluorescence cameras, and RGB-3D cameras, 

Table 5 Description of the typical devices and software used in plant phenotyping measurement

Type Sensor Sensor Model Manufacturer Examples

Hyperspectral 
sensors

PIKA PIKA II Resonon, Inc., Bozeman, MT 
59715, USA

Moghimi et al. (2018); Moghimi, Yang, 
Anderson, Reynolds (2019)

FieldSpec FieldSpec 3
Field Spec Pro

Analytical Spectral Devices, 
Boulder, America

De Bei et al. (2017);
Zheng et al. (2016)

Hyperspec Micro-
Hyperspec®

Headwall Photonics, 
Fitchburg, MA, USA

Camino et al. (2018); Kalisperakis, Stentoumis, 
Grammatikopoulos, Karantzalos (2015)

Type software

Hyperspectral 
imaging 

hyperspectral scanning and image 
rendering software (Headwall 

Photonics Inc., Fitchburg, USA).

Hyperspec® III (Headwall Photonics, 
Fitchburg, MA, USA)

spectral view software (Headwall 
Photonics Inc., Fitchburg, MA)
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etc.). In fact, sensors with different spectral bands enjoy 
different advantages – they can simultaneously measure 
several parameters (chlorophyll content, chlorophyll 
fluorescence, water content, etc.) and also they are non-
destructive, easy for use and fast (Agati, Traversi, Cerovic, 
2008).

Phenotyping sensor carriers are called phenotyping 
platforms. They can be either fixed platforms, flying 
platforms or mobile platforms (Figure 4).

Controlled environment-based phenotyping platforms 
are being developed in the public domain and are also 
being sold commercially. They have been deployed in 
growth chambers or greenhouses (Lemna Tec, Plantscreen, 
WIWAM, GrowScreen, etc.). These platforms are specifically 
designed for research and large-scale phenotyping, but 
for a limited range of plant species. The advantage is that 
the controlled environments offer cultivation conditions 
that can be set to the experimental needs (from humidity 
through temperature to irrigation) and can be repeatedly 
applied to reproducibility of observations or to a different 
plant material. The disadvantage is that they cannot be used 
for field measurements.

Ground-based phenotyping platforms include 
handcarts, agricultural machinery and mobile robots, 
which are often referred to as ‘phenomobiles’. Equipped 
with different sensing payloads, fully-mobile platforms 
can perform observations of the multiple parcels in a field. 

Different field monitoring systems have been developed 
within the last few years, for example, field phenotyping 
for various plants such as maize (Qiu et al., 2019; García-
Santillán, Montalvo, Guerrero, Pajares, 2017), wheat 
(Sadeghi-Tehran, Virlet, Sabermanesh, Hawkesford, 2017), 
soybean (Kirchgessner et al., 2017), sugar beet (Benet et al., 
2018) and sorghum (Young, Kayacan, Peschel, 2019).

Aerial-based phenotyping platforms are being 
increasingly considered an alternative option to ground-
based phenotyping platforms. Airships, helicopters and 
drones could serve as flying platforms. The potential 
advantages of airborne phenotyping approaches are indeed 
higher than that of ground-based approaches, and for 
several reasons: from the air a wider viewing angle is possible, 
together with higher speed of travelling, also physical 
contact is absent and hence, no mechanical damage of the 
growing crops (non-destructive phenotyping) is reached 
and independence of wet soil conditions that prevent traffic 
on the ground is ensured. Satellite imaging is a great method 
for growing, devoted to the viewing satellite image data 
from around the world. Satellite imagery is in the quality of 
high-resolution and is used in agriculture, forestry, natural 
disasters (flood), geomorphology and water management. 
Using an airship or aerostat is suitable for flying over large 
areas, which we are not allowed to enter because of the 
vegetation density, or where ultra-quiet propulsion systems 
are needed, such as protected forests, rainforests and 

Figure 4 Examples of the devices used in plant phenotyping (plant phenotyping platform Photon Systems Instruments, Brno, 
Czech Republic; phenoMobile® Lite APPF, Australia; drone DJI P4 multispectral Delair-Tech, Delair, Toulouse, France)

Table 6 Description of the phenotyping platforms

Phenotyping platform Type Institution

Controlled environment-based 
phenotyping platforms

colour digital camera, hyperspectral camera, 
multispectral sensor, thermography, 

fluorescence sensor, CO2 sensor, radiometer, 
humidity sensor, etc.

Photon Systems Instruments, Brno, Czech Republic

LemnaTec GmbH, Würselen, Germany

Phenospex BV, Heerlen, The Netherlands

Keygene, Wageningen, The Netherlands

Ground-based phenotyping 
platforms

Field Scanalyzer Würselen, Germany

phenoMobile® Lite APPF, Australia

PlantScreenTM Field Systems Photon Systems Instruments, Brno, Czech Republic

Aerial-based phenotyping 
platforms

DJI P4 multispectral Delair-Tech, Delair, Toulouse, France

phenoAIR™ pod APPF, Australia

senseFlyeBee senseFly, Lausanne, Switzerland

Draganfly X4-P Draganfly Innovations Inc., Saskatoon, SK, Canada
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national parks (Dorrington, 2005). Unmanned aerial vehicles 
(UAV) and drones have been used for a wide variety of 
applications in agriculture, forestry, plant ecology, including 
mapping of the vegetation over small‐ up to medium‐sized 
regions. By observing experiments with high temporal 
frequency, the full plant growth phase can be tracked and 
analysed. High-resolution maps of the current stage can be 
generated to support the precision management strategy. 
There is currently a large number of experiments using 
the UAV in plant ecology (Nowak, Dziób, Bogawski, 2019; 
Cruzan et al., 2016), forestry (Klosterman, Richardson, 2017; 
Weil, Lensky, Resheff, Levin, 2017), and agriculture (Burkart, 
Hecht, Kraska, Rascher, 2018; Yue et al., 2017). Examples of 
several chosen platforms that were generally implemented 
to different aspects of plant phenotyping, are described in 
Table 6.

Way Forward
In the rapid development of the genotyping methods, not 
the same attention was paid to the phenotyping methods. 
Development of the phenotyping methods can help to link 
the already identified gene sequences with the structure 
of plants by their morphology, growth and development 
characteristics, but also by their performance in a certain 
environment. However, without good phenotypic data, 
genotyping data cannot be used effectively to improve 
the plant properties. For this reason, efforts are underway 
to develop rapid and high-throughput plant phenotyping 
methods and to keep pace with revolutionary advances in 
genotyping techniques. 

Phenotyping techniques have developed very fast, but 
the automaticity in collecting data to screen large-scale 
plant populations under field conditions is required to be 
more promoted. Phenotyping focused on the use of the 
non-destructive methods is based on various measurement 
principles, few of them are mentioned above. Their summary 
comparison is given in Table 7. Phenotyping methods are 
currently widely used in agriculture. UAVs, which give 
farmers/scientists information about the complete field, 
have the greatest potential. Handheld applications are 
useful concerning the individual plants as they determine 
some parameters, which are useful for agriculture to 
remove some limiting factors (e.g., a nitrogen deficit). 
When it comes to breeding programmes, it is more difficult 
to perform measurements, control and data processing, so 
the labour and financial costs increase. It is questionable, 
whether the value of the data obtained exceeds the costs 
incurred. New phenotyping imaging and non-destructive 
methods are technically manageable and their investment 
intensity is acceptable, in some cases, even the costs 
are relatively low. Data acquired from the phenotyping 
imaging have a great scientific value and can reflect the 
real situation in the field conditions very well, as presented 
in this article.

Despite the great interest and intensive research, 
a number of questions remains unanswered, so the scope 
for innovation and new knowledge in this area is still very 
large. Availability of appropriate and novel sensors is 
a  key to implement urgent technological development 
needs. Optimising and innovating the algorithms is 

Table 7 A summary comparison of different imaging techniques

Imaging 
techniques

RGB Fluorescence 
imaging

Thermal 
imaging

Multispectral 
imaging Hyperspectral imaging

Sensor
cameras sensitive 

to the visible 
spectral range

fluorescence 
cameras and setups

near-infrared 
cameras

multispectral line 
scanning cameras hyperspectral cameras

Sensing method remote sensing remote sensing remote sensing remote sensing remote sensing

Range of the 
provided 
information 

growth dynamics; 
morphology; yield 

traits; flowering; 
weed and disease 

detection

photosynthetic 
status, state of PSII 

photochemistry 
(size of antennas, 
state of reaction 
centres, electron 
transport, etc.)

leaf temperature, 
stomata 

openness, insect 
infestation

leaf pigments, 
water status, 

photosynthetic 
activity, coverage 
density, panicle 

health status

leaf pigments, water 
status, photosynthetic 

activity, coverage 
density, panicle health 

status

Non-destructive 
measurement yes yes yes yes yes

Size of the 
measurement area

whole plants, part 
of the field

whole plants, part of 
a plant,

whole plants, 
part of the field

whole plants, part 
of the field

whole plants, part of the 
field

Possibility of image 
information yes yes yes yes yes

Technical 
limitations 
(deceleration)

non non
(*dark adaptation)

frequented 
calibration

frequented 
calibration frequented calibration

Environmental 
limitations

shadows, 
overexposure 
automatically 

processing image

sensitive to changes 
in temperature and 

light intensity

sensitive to 
temperature 

changes, 
necessary direct 

sunlight

cloudless weather, 
adequate sun 

above the horizon

cloudless weather, 
adequate sun above the 

horizon
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important, especially to increase the data management and 
computational efficiency. Parameters such as soil nutrient, 
temperature, humidity and solar radiation should be 
recorded to build a corresponding database for analysing 
the relationship between phenotyping and genotyping 
of plants. Monitoring the environment of plants is also 
necessary.

The crop productivity limits are a major challenge for 
agricultural and biological research to overcome the global 
limiting factors. Plant phenotyping is one of the potential 
solutions to the crop improvement through breeding.
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