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Abstract
1. Rapid technological advancements and increasing data availability have im-

proved the capacity to monitor and evaluate Earth's ecology via remote sens-
ing. However, remote sensing is notoriously ‘blind’ to fine- scale ecological 
processes such as interactions among plants, which encompass a central topic 
in ecology.

2. Here, we discuss how remote sensing technologies can help infer plant– plant in-
teractions and their roles in shaping plant- based systems at individual, commu-
nity and landscape levels. At each of these levels, we outline the key attributes 
of ecosystems that emerge as a product of plant– plant interactions and could 
possibly be detected by remote sensing data. We review the theoretical bases, 
approaches and prospects of how inference of plant– plant interactions can be 
assessed remotely.
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1  |  INTRODUC TION

The use of remote sensing technologies to capture broad- scale 
ecological patterns is rapidly expanding. In plant ecology, the en-
hanced ability of remote sensing to collect biophysical and physi-
ological data opens a wide range of opportunities to systematically 
characterise the development and performance of individual plants, 
the composition and structure of plant communities, and the func-
tioning and dynamics of ecosystems in a fast, non- destructive way, 
at multiple spatiotemporal scales (Gamon et al., 2016; Magney 
et al., 2019; Zellweger et al., 2019). Despite the continuous devel-
opments, remote- sensing applications lack significant capacities, 
especially regarding the inference of key ecological processes. For 
example, it is notoriously challenging to remotely sense how plants 
interact with one another, which is a central question in plant ecol-
ogy. Plant– plant interactions often act as key drivers of community 
assembly and functioning (Bilas et al., 2021) and determine evolu-
tionary processes (Thorpe et al., 2011). They also play a central role 
in dictating primary productivity (Postma et al., 2021) and mediating 
climate change impacts on ecosystems (van Loon et al., 2014).

Inferring the direction and magnitude of plant– plant interactions 
has strongly relied on manipulative experiments that are labour- 
intensive and time- consuming and are therefore often restricted to 
small spatiotemporal scales (Schöb et al., 2012). Also, traditional ap-
proaches often interfere with the studied system, hampering result 
replication (Catchpole & Wheeler, 1992; Jimenez- Berni et al., 2018). 
These drawbacks typically fall into the domain where remote sens-
ing technologies have clear advantages. However, the link between 

plant– plant interactions and remote sensing indicators remains 
elusive.

Emerging research is beginning to overcome this major barrier. 
Clearly, interactions per se cannot be directly captured by sensors. 
However, many outcomes of key plant– plant interactions in shap-
ing plant traits, community structure, ecosystem states, and land-
scape patterns can be reflected in remote sensing signals (e.g., 
Getzin et al., 2022; Xu, Holmgren, Van Nes, Maestre, et al., 2015). 
Therefore, many interaction attributes (e.g., direction and strength) 
can be indirectly inferred through remote sensing of interaction 
outcomes. Developing reliable remote sensing approaches to plant– 
plant interactions hinges on linking remote sensing signals with in-
teraction attributes and interaction outcomes. Establishing these 
links necessarily requires the systematic integration of remote sens-
ing tools with ecological theories, field observations, experiments 
and models. This paper reviews how remote sensing technologies 
can help infer plant– plant interactions and improve understanding of 
their roles in shaping ecological systems from individual to landscape 
levels (Figure 1). Our scope is focused on the following aspects:

 (i) Competition and facilitation— which are the key interactions in 
shaping plant communities (Holmgren et al., 1997).

(ii) Three types of interaction inference:
• mechanisms of pairwise plant– plant interactions (Inference I);
• relative strengths of particular plant– plant interactions 

(Inference II);
• emerging net outcomes of co- occurring plant– plant interac-

tions (Inference III).

3. At the individual level, we illustrate how close- range remote sensing tools can 
help to infer plant– plant interactions, especially in experimental settings. At the 
community level, we use forests to illustrate how remotely sensed community 
structure can be used to infer dominant interactions as a fundamental force in 
shaping plant communities. At the landscape level, we highlight how remotely 
sensed attributes of vegetation states and spatial vegetation patterns can be 
used to assess the role of local plant– plant interactions in shaping landscape 
ecological systems.

4. Synthesis. Remote sensing extends the domain of plant ecology to broader and 
finer spatial scales, assisting to scale ecological patterns and search for generic 
rules. Robust remote sensing approaches are likely to extend our understanding 
of how plant– plant interactions shape ecological processes across scales— from 
individuals to landscapes. Combining these approaches with theories, models, 
experiments, data- driven approaches and data analysis algorithms will firmly 
embed remote sensing techniques into ecological context and open new path-
ways to better understand biotic interactions.

K E Y W O R D S
alternative stable states, community structure, competition, facilitation, non- invasive imaging, 
plant– plant interactions, remote sensing, self- organization, spatial pattern, transient dynamics
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(iii) Three levels of ecological organization:
• individual level (Section 2), at which interactions have typically 

been inferred by changes of morphological, physiological and 
functional traits of interacting plant individuals/species in the 
field or in experimental settings;

• community level (Section 3), at which interactions have typi-
cally been inferred by scrutinizing spatial and functional struc-
tures (e.g., over-  or under- dispersion) of plant communities. 
While the term ‘community’ may be used for a wide range of 
spatial scales (Vellend, 2016), here the community level is re-
stricted to a field plot scale, typically 10– 100 m2.

• landscape level (Section 4), at which landscape patterns and 
states, in combination with theoretical models, can indicate 
interactions from snapshots or time series of remote sensing 
data.

At each level, we summarize the key plant– plant interaction 
outcomes captured by remote sensing data (Table 1) and review 

the relevant theoretical bases and approaches of how plant– plant 
interactions can be inferred by remotely measuring these outcomes. 
This non- exhaustive review focuses on key ideas, transformative ap-
proaches, major challenges and future outlooks toward building rig-
orous links between remote sensing and ‘cryptic’ biotic interactions.

2  |  INFERRING INDIVIDUAL-  LE VEL 
INTER AC TIONS WITH CLOSE-  R ANGE 
REMOTE SENSING

Remote sensing has been mostly applied to characterise large- scale 
systems. However, incorporating (high- precision) remote sensing tools 
at small spatial scales substantially enhances measurement efficiency 
for individual plants and can verify its reliability at larger scales (Lines 
et al., 2022). More importantly, this extended application of remote 
sensing tools, in combination with other innovative technologies, 

F I G U R E  1  A general framework illustrating the use of remote sensing tools for inferring plant– plant interactions. Note that the listed 
items are not necessarily exclusive to each other for ‘remote sensing tools’ and ‘ecological attributes’.
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provides opportunities for testing fundamental theories and generat-
ing new insights on plant– plant interactions. In this context, we refer 
to these tools as ‘close- range remote sensing’, which includes close- 
range photogrammetry, terrestrial lidar and other relevant imaging 
technologies that are not conventionally classified as remote sensing 
(such as ‘phenotyping’: Fiorani & Schurr, 2013; Sun et al., 2022).

Generally, it is straightforward to infer the net outcomes and 
strengths of plant– plant interactions (i.e., Inference II and III) at the 
individual level. For example, in well- controlled settings for paired/
grouped plant individuals that compete for certain resources or fa-
cilitate one another, one can directly make these inferences by using 
close- range remote sensing tools to measure relative changes in 

TA B L E  1  Summary of elements in inferring plant– plant interactions using remote sensing, including biotic/ecological attributes, typical 
remote sensing tools used for measuring these attributes, and inference of interactions that could be made correspondingly. Inference I: 
mechanisms/pathways of particular plant– plant interactions; Inference II: relative strengths of particular plant– plant interactions; Inference 
III: net outcomes of co- occurring plant– plant interactions

Level Attributes measured Typical remote sensing tools Inference

Individual Whole plant Volume, height, biomass Non- invasive imaging, lidar II & III

Leaf Size (e.g., length, wise, area, volume) Non- invasive imaging, lidar II & III

Posture (e.g., zenith, azimuth and dihedral angles) Non- invasive imaging, lidar I, II & III

Chemistry (e.g., chlorophyll, water, nutrients, 
structural and defence components)

Hyperspectral, multispectral, 
lidar

I & II

Temperature Thermal imaging II

Branch Size (e.g., length, diameter, volume) Non- invasive imaging, lidar II & III

Posture (e.g., zenith, azimuth, and dihedral angles) I & II

Spatial occupation within crown II & III

Crown Size (length, width, depth, volume, projected leaf 
area)

Non- invasive imaging, lidar II & III

Openness, foliar density, branch density II & III

Foliar physical profile (area, volume) I & II

Foliar chemical profile (e.g., chlorophyll, element 
contents)

I & II

Spatial occupation openness (e.g., foliar density, 
branch density)

II & III

Stem Size (e.g., volume, diameter) Non- invasive imaging, lidar II & III

Height I, II & III

Reproduction Flower (inflorescence volume) Non- invasive imaging, lidar II & III

Fruit (volume, shape) II & III

Root Single root (e.g., diameter, length, orientation, 
volume)

Tomographic technologies I & II

Root system (e.g., distribution, biomass, density) Tomographic technologies, 
ground- penetrating radar

I, II & III

Community Spatial attributes Plant locations Lidar II & III

Plant density

Plant size (e.g., tree height, crown volume, diameter 
at breast height)

Canopy architecture (radiation regime, leaf 
orientation distribution)

Leaf area index

Spectral attributes Vegetation indices Hyperspectral, multispectral, 
lidar, solar- induced 
fluorescence

II & III

Leaf mass area

Foliar chemistry (e.g., chlorophyll, water, nutrients)

Landscape Landscape pattern Patch- size distribution Hyperspectral, multispectral, 
lidar

II & III

Spatial periodicity

Other spatial distribution features

Vegetation state Alternative stable states Hyperspectral, multispectral, 
lidar

II
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relevant plant traits (Figure 2a- e). By controlling the confounding 
factors and identifying the increase or decrease of a particular trait 
(for example, measured by the response ratio index), the resulting 
plant performance can be attributed to positive or negative inter-
actions (Nash Suding et al., 2003). The most obvious example is the 
positive or negative density dependence of plant size. By contrast, 
it is often less straightforward to infer the mechanisms underlying 
particular plant– plant interactions (i.e., Inference I). One central rea-
son is that plant– plant interactions include a range of diverse mech-
anisms, likely involving allelopathy (Wang et al., 2021), competition 
for light or water (Huber et al., 2021), plant– soil feedback (Crawford 
et al., 2019), and trophic cascades (Huang et al., 2019), to name a 
few. We cannot cover the numerous mechanisms, but use above-  
and below- ground examples to illustrate how remote sensing can 
boost interaction inference, especially where remote sensing tools 
play a game- changing role.

2.1  |  Inferring above- ground interactions with 
close- range remote sensing of plant traits

Morphological, physiological and functional traits are tightly linked 
to resource- acquisition and stress- response efficiency of plants 
(Kunstler et al., 2016), driving the processes and reflecting the out-
comes of plant– plant interactions (Butterfield & Callaway, 2013; 
Gross et al., 2009). Measuring plant traits is therefore essential 
to the inference of plant– plant interactions at the individual level. 
Non- invasive optical imaging techniques, which are the major com-
ponents of current ‘plant phenotyping’ methods, have been widely 
used.

Competition for light is an example of inferring above- ground 
interaction mechanisms using non- invasive imaging. A classic hy-
pothesis is that the red- to- far- red ratio (R:FR ratio, wavelengths 
of red and far red lights are around 660 and 730 nm, respectively) 

F I G U R E  2  Illustrations of close- range remote sensing data in studies of plant– plant interactions at the individual level. (a) A typical 
laboratory setting where plants are grown in the vicinity of neighbours. Conventional hand- based methods of measuring (b) above-  and 
(c) below- ground plant traits are often time- consuming. Non- invasive imaging as a close- range remote sensing tool can measure plant 
traits with high precision and efficiency. For example, (d) point cloud data from lidar can be used to reconstruct single leaves and spatial 
distribution of leaves, which can be used to retrieve the leaf size and posturing of plants. (e) Structure and distribution of root systems 
can be non- invasively measured and routinely tracked by MRI. Remotely sensed traits can be used to validate functional- structural plant 
models. (f) The well- validated models in turn can help to validate remote sensing inferences and to better predict the outcome of plant– plant 
interactions. The figure of an MRI- scanned root system in (e) is provided by IBG- 2: plant sciences, Forschungszentrum Jülich.

(a) (b) (c)

(d) (e) (f)
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serves as a cue for light competition between neighbouring 
plants (the ratio is circa 1.2 for direct sunlight, but becomes much 
lower than 1 for light that is intercepted or reflected by leaves) 
(Fernández- Milmanda & Ballaré, 2021; Huber et al., 2021). To 
test this hypothesis, a typical experimental design is to treat 
focal plants with fixed light availability but with higher fractions 
of far- red radiation, which mimic the changes of R:FR ratio in-
duced by neighbouring plants (e.g., Chitwood et al., 2015; de Wit 
et al., 2016; Vandenbussche et al., 2005), while precluding poten-
tial confounding factors invoked by the ‘true’ presence of neigh-
bours (such as lower light availability) (Morgan & Smith, 1976). In 
these experiments, plant traits, for example, height, leaf angle and 
tillering, are compared between the treatments and the refer-
ences to isolate the competition effect induced by the R:FR ratio 
(e.g., Casal et al., 1987; Gruntman et al., 2017; Rajcan et al., 2004). 
Shade- intolerant plants use declines in the R:FR ratio to infer the 
presence of competitors and respond with the ‘shade avoidance 
syndrome,’ for example, by increased elongation of petioles and 
stems, upward movement of leaves, and reduced branching or til-
lering (Huber et al., 2021) to maximize light capture (Vermeulen 
et al., 2008).

In light competition experiments, conventional hand- based 
measurements of plant traits are highly time- consuming and, more 
importantly, cause significant bias through disturbances. Even 
non- destructive plant handling can activate thigmomorphogenic 
pathways that may alter plant phenotypes (Braam & Davis, 1990). 
A range of non- invasive imaging technologies can solve these 
challenges by retrieving the 3- D structure of plant organs or the 
whole plant with high precision. These techniques may include pas-
sive methods such as ‘stereoscopic imaging’ (Biskup et al., 2007), 
‘structure- from- motion imaging’ (Zhang, Teng, et al., 2016), and 
‘light field imaging’ (Apelt et al., 2015), and active techniques such 
as ‘time- of- flight camera imaging’ (Klose et al., 2009), ‘laser trian-
gulation’ (Kjaer & Ottosen, 2015), and ‘light detection and ranging 
(lidar)’ (Omasa et al., 2007). Notably, application of these tech-
niques is still challenging; for example, resolving small branches and 
individual leaves under windy conditions (Disney, 2019) or measur-
ing very fine traits per se (e.g., leaf thickness, Dupuis et al., 2017).

Another example of inferring above- ground interactions via non- 
invasing imaging comes from the studies of ‘induced defence’. Plant 
individuals under herbivore attack or other stress may release chem-
icals as ‘early warning cues’ that can be recognized by other indi-
viduals (Karban et al., 2006). This interaction produces a facilitative 
effect by helping the neighbouring plants prepare for the upcom-
ing adverse impacts, for example, through amplified expression of 
genes resistant to insect herbivory (Markovic et al., 2018). Do Prado 
Ribeiro et al. (2018) used time- series hyperspectral imaging to show 
that changes in the concentration and composition of leaf chemi-
cals can be captured by changes in the spectrum of leaf reflectance. 
They observed different spectral reflectance between the insect- 
infected and non- infected solitarily grown plants. However, such 
differences vanished when the non- infected plants shared air or soil 
with the infected plants, suggesting that above-  and below- ground 

communications with the infected plants cause non- infected plants 
to defend themselves. This hyperspectral remote sensing approach 
enables non- invasive identification of defence responses in high 
temporal detail, which has been impossible using traditional lab ap-
proaches. In this sense, close- range remote sensing provides a trans-
formative approach for inferring the existence of induced defence, 
which may also be applied to other interactions.

2.2  |  Seeing the hidden half: new insights into 
below- ground interactions with remote sensing

Below- ground plant– plant interactions are notoriously difficult to 
infer. Optical imaging techniques based on rhizobox (e.g., Ljubotina 
& Cahill, 2019) and transparent potting media (e.g., Fang et al., 2013) 
have been used to measure root interactions non- destructively 
in 2- D and 3- D, respectively. Penetrable imaging techniques such 
as X- ray computed tomography (Gregory et al., 2003), magnetic 
resonance imaging (MRI, Pflugfelder et al., 2022), photoacoustic 
tomography (Proto et al., 2020) and ground penetrating radar (Liu 
et al., 2018) can be used to measure the distribution and devel-
opment of root systems in real soils and their response to below- 
ground interactions with neighbours.

Moreover, these close- range remote sensing tools need to be sup-
plemented with other technologies to improve inference of interaction 
mechanisms. For example, Faget et al. (2013) used a rhizobox setup 
equipped with the planar optode technique to study inter- specific 
root interactions between maize and bean plants. As a real- time 2- D 
luminescent imaging method, the planar optode technique can cap-
ture fluorescence from specific- light- excited analyte- specific indica-
tors, thereby measuring the concentrations of soil substances such as 
H+ (pH), O2, CO2, NH+

4
 and NO−

3
 (Li et al., 2019; Pedersen et al., 2015). 

By repeatedly imaging rhizospheric soil pH over time under single- 
individual and paired- individual treatments, Faget et al. (2013) 
demonstrated that root secretions of beans can acidify soils in the 
inter- specific root intermingle zones, increasing phosphorus avail-
ability for maize (Zhang, Zhang, et al., 2016). This inferred facilitative 
effect explains the elevated production in maize- bean intercrops (Li 
et al., 2003) even when roots strongly overlap, which is often inter-
preted as a sign of intensified inter- specific root competition (Chen 
et al., 2020). To date, the application of planar optode imaging remains 
scarce in below- ground interaction studies, but show a great potential 
in combination with close- range remote sensing of roots.

For plants that have complex root systems, it is difficult to di-
rectly differentiate between the roots of individual plants. The 
fluorescent protein technique can overcome this obstacle in com-
bination with root imaging (e.g., Weidlich et al., 2018). The roots of 
a focal plant that has genetically been transformed to express fluo-
rescent protein can be distinguished from root crowds when excited 
by light with a specific wavelength and then imaged with a light- 
filtered camera (Faget et al., 2009). Using this technique, Geisler- 
Lee et al. (2017) tracked the development of a 3- D root system of a 
green- fluorescent- protein labelled Arabidopsis thaliana in response 
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to intraspecific neighbour density in transparent gels. Interestingly, 
in contrast to the widely accepted hypothesis that the direction of 
root horizontal extension of plants should preferentially go towards 
unoccupied spaces, they found a periodic spiral- like hot- spot pattern 
of root growth regardless of the density or locations of neighbours. 
Clearly, the potential of fluorescent protein techniques are far be-
yond illustrating root distributions. By coupling the expressions of 
the fluorescent protein gene with other specific genes in plant roots 
(Rellán- Álvarez et al., 2015), it is possible to investigate mechanisms 
of belowground interactions in detail.

2.3  |  Integrating remote sensing with functional- 
structural plant models

Plant models can help to validate remote sensing inferences and 
to predict the outcome of plant– plant interactions (Figure 2f). 
Functional- structural plant (FSP) models simulate plant growth and 
development in 3- D as a function of the availability of resources such 
as light, water and nutrients (Louarn & Song, 2020). Competitive in-
teraction between plants is therefore an emergent property of such 
models. Using these models, plant-  and field- level traits, such as 
height, leaf area index and root length density can be predicted by 
considering the interaction between plants. Such models typically 
contain many parameters defining plant traits related to growth, 
development and architecture. Considerable amounts of data at 
the whole plant and population levels are needed to parameterise 
these models properly and evaluate the predictive performance 
of FSP models in terms of whole plant and canopy growth (Evers 
et al., 2018). Ideally, such data are collected over time, allowing tem-
poral dynamics to be captured. Non- invasive and non- destructive 
quantification of these traits is therefore preferred, and this is where 
remote- sensing techniques can play an important role (O'Sullivan 
et al., 2021). For example, Perez et al. (2022) suggested that inte-
grating lidar- derived shoot architectural parameters of oil palm with 
an FSP model can help quantify shoot allometry in relation to neigh-
bourhood competition intensity. By calibrating and validating an FSP 
model of root systems using the MRI data of root development and 
associated soil- water movement of pot- grown Lupinus albus, Koch 
et al. (2019) assessed the relationships between root architecture 
dynamics and water uptake. These relationships— obtained by inte-
grating FSP models and remote sensing— provide an important basis 
for inferring plant– plant interactions. If the assumed interactions in 
FSP models yield good fits with observed plant growth, then the in-
teractions could be considered realistic.

3  |  INFERRING INTER AC TIONS FROM 
REMOTELY SENSED COMMUNIT Y 
STRUC TURE

Dominant plant– plant interactions often play essential roles in shap-
ing the composition and structure of ecological communities. At 

the community level, ecologists are often interested in inferring the 
dominant interaction types and strengths (Interference II and III) that 
emerge across all species to shape the community (Gross et al., 2009; 
Liancourt & Dolezal, 2021). We discuss how these interaction infer-
ences can be made based on community structure in terms of spa-
tial (Section 3.1) or trait distributions (Section 3.2). Our examples are 
mostly from forest communities, but similar approaches can also be 
applied to other (more open) ecosystem types, such as shrublands 
(Chacón- Labella et al., 2016) and savannas (Xu et al., 2011).

3.1  |  Linking interactions to remotely sensed 
spatial community structure

Many aspects of community structure have causal relationships with 
plant– plant interactions. Plant density as a measure of crowdedness 
might be the simplest structural metric relevant to interaction in-
ference. For example, several studies have used density- based in-
dices as proxies of competition intensity within forest communities, 
where higher crowdedness is interpreted as stronger competition 
(Van Mantgem et al., 2009; Zhang et al., 2015).

Point pattern analysis based on spatial locations of plant indi-
viduals obtained from high- resolution optical images or lidar data 
have been extensively used for inferring plant– plant interactions 
(Inference III; Atkinson et al., 2007; Garzon- Lopez et al., 2014; 
Moustakas et al., 2008). Local facilitation tends to lead to higher 
frequencies of co- occurrence of the interacting plants. As a result, 
community structure is expected to face spatial under- dispersion 
compared with spatial randomness. At the same time, competi-
tion is expected to lead to over- dispersed patterns. Therefore, 
over-  and under- dispersion in space, detected for example by the 
multi- scale pair correlation g(r) function, may reflect the signals of 
competition and facilitation between plants, respectively (Wiegand 
& Moloney, 2014). However, there are important caveats when infer-
ring specific plant– plant interactions from point pattern information, 
primarily because similar spatial patterns may arise from completely 
different processes. For instance, both facilitation and dispersal lim-
itations can lead to under- dispersion (Wiegand & Moloney, 2014).

Spatial structural information on plant performance has been 
used to infer the strengths of facilitation and competition (Inference 
II). In studies of biodiversity- ecosystem functioning (BEF) rela-
tionships, the growth performance of focal plants has been linked 
to species diversity in the neighbourhood (Fichtner et al., 2017; 
Fichtner et al., 2018). A positive association between focal plant 
growth performance and neighbour species richness has led to the 
conclusion that local facilitation may contribute to the positive BEF 
relationship (Inference III; Fichtner et al., 2018).

Remotely sensed canopy architecture may help to infer the in-
tensity of light competition between plants. For example, the extent 
of crown overlap (Figures 3 and 4) is a straightforward indicator for 
assessing the difference in available light resources between individ-
ual plants (or functional groups), thus helping to infer competition for 
light. Refined indicators can be generated by further in- depth analyses 
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quantifying the effective leaf area index (LAI), distinguishing between 
sunlit and shaded leaves, or characterising the detailed radiation re-
gime in three dimensions across the entire community. More detailed 
and precise competition inference may be achieved by using radiative 
transfer models that incorporate physiological processes (e.g., photo-
synthesis and respiration), which are driven by structural and spectral 
remote sensing metrics (Kattenborn et al., 2017; Ligot et al., 2014). 
The above- mentioned approaches typically use information on plant 
identity, spatial location, growth performance, or canopy structure. 
Hyperspectral, high- resolution optical and lidar remote sensing tools 
are especially powerful for obtaining such information.

A central challenge is to accurately identify/segment individ-
ual plants from the community (Lines et al., 2022). In relatively open 
ecosystems (e.g., savannas), this goal can be achieved by using many 
types of remotely sensed data (e.g., high- resolution optical images and 
lidar data: Chen et al., 2006; Jing et al., 2012; Mishra & Crews, 2014). 
However, significant methodological hurdles remain for closed 

ecosystems such as dense forests, where automatic segmentation al-
gorithms of trees are often inaccurate, even for very- high- resolution 
data such as terrestrial laser scanning (TLS; Lines et al., 2022). This 
is especially relevant in mixed forest stands with heavily overlapping 
tree crowns or low crown base height, which prevent the identifica-
tion of tree stem locations as seed points of a TLS- based algorithm to 
segment tree crowns. Moreover, separating the points in the crown- 
overlapping regions is the most challenging part of automatic segmen-
tation algorithms. This problem may be solved by using comprehensive 
point cloud data to combine both terrestrial and aerial laser scanning 
systems with the support of advanced algorithms (Lines et al., 2022).

3.2  |  Inferring interactions from trait distributions

Distributions of plant functional traits across the community can pro-
vide vital information for inferring plant– plant interactions (Inference II 

F I G U R E  3  Illustrations of terrestrial laser scanning (TLS) data for characterizing tree and forest structures. (a) TLS point cloud data for 
individual trees with colours representing height (left) and different parts including photosynthetic (leaves) and non- photosynthetic (stems 
and branches) components. (b) TLS point cloud data for a forest stand with colours representing height. (c) Identification of individual trees 
from the TLS data based on an automatic segmentation algorithm; (d) Differentiation of overstorey vs. understorey tree individuals from the 
TLS data based on an automatic segmentation algorithm; (e) A 3- D and (f) 2- D view of the spatial distribution of hourly photosynthetic active 
radiation (PAR) calculated using TLS data and a radiative transfer model.
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and III). In addition, trait similarity has been used as an indirect indicator 
of facilitation and competition. For communities in transient dynamics 
such as long- term succession, trait similarity observed in a particular 
phase may be a proxy for niche overlap. For instance, species with highly 
similar traits are more likely to compete with one another due to strong 
niche overlap, whereas species with different traits are more likely to 
facilitate one another due to potential niche complementarity (Lohbeck 
et al., 2014; Purschke et al., 2013). Trait similarity thus may indicate in-
teraction type and intensity in the subsequent time period (Inference II 
& III). For communities in equilibria, trait divergence (over- dispersion) 
has been interpreted as an indicator of strong long- term competition 
(Cornwell & Ackerly, 2009) since species with similar traits may have ex-
perienced competitive exclusion. However, these indirect approaches 
have notable caveats. For example, species with similar traits do not 
always face stronger competition, and trait differentiation can be driven 
by other factors (D'Andrea & Ostling, 2016; Kunstler et al., 2012). 
Combining information on trait distribution (divergence and conver-
gence) and spatial distribution (e.g., species co- occurrence) may help to 
deal with confounding factors, such as abiotic effects, allowing for im-
proved inference of plant– plant interactions (Gross et al., 2009; Gross 
et al., 2013). Remote sensing techniques, such as airborne lidar and 

hyperspectral imaging at high resolutions, can measure a range of plant 
functional traits, providing an important tool to assess community- level 
trait distributions at large spatial scales (Shi et al., 2018).

Using repeated TLS data to trace crown development of individual trees 
in response to neighbourhood interactions provides valuable information 
for inferring competition within the community. For example, Martin- Ducup 
et al. (2016) characterised 3- D crown structures (e.g., length, width, volume, 
surface, density, sinuosity, openness and shade of crowns) of sugar maple 
trees using TLS. They found that maple trees grown in mixed stands pro-
duced crowns with larger volumes, greater extents of openness and sinuos-
ity, and also a higher ratio between crown length and tree height compared 
to pure stands, suggesting stronger intra-  than inter- specific competition. 
Similar experimental designs may help to generalize the relative importance 
of intra-  vs. inter- specific competition at the community level.

3.3  |  Integration of multiple remote sensing data as 
transformative tools

Recent studies have shown exciting advancements of multi- 
sourced information fusion that may further boost interaction 

F I G U R E  4  Illustrations of airborne laser scanning (ALS) data for characterizing forest structures. (a) High- resolution image of the example 
forest site for the ALS data; (b) ALS point cloud data of the forest stand with colours representing height; (c) ALS point cloud data of 
neighbouring individual trees with colours representing height; (d) Identification of individual trees and (e) Crown areas from the ALS data 
based on an automatic segmentation algorithm. (f) Spatial distribution of daily photosynthetic active radiation (PAR) calculated using TLS 
data and a radiative transfer model.
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inferences at the community level. It is now possible to integrate 
2- D physiological and 3- D morphological data, which were simul-
taneously obtained by different remote sensing tools. For instance, 
ortho- geolocation of the hyperspectrally imaged 2- D canopy 
chemistry data, based on 3- D lidar data, enabled high- resolution 
estimates of vertical profiles of various foliar chemical traits, such 
as photosynthetic pigments, macro-  and micro- nutrients, leaf 
structure and defensive compounds (Asner et al., 2015; Kamoske 
et al., 2021; Marconi et al., 2021). Similarly, the laser return inten-
sity from single, multiple and hyperspectral lidar systems, com-
bined with the 3- D structural information traditionally provided 
by this laser- based technology, makes it possible to capture struc-
tural, biophysical, and/or functional information simultaneously 
(Eitel et al., 2016). It has been suggested that TLS concurrently 
provides information on LAI and foliar chlorophyll concentra-
tion (Eitel et al., 2011), as well as foliar nitrogen concentration 
(Eitel et al., 2011; Sun et al., 2017), leaf water content (Elsherif 
et al., 2018; Gaulton et al., 2013), and photosynthetic performance 
(Magney et al., 2014). These integrated remote sensing data can 
simultaneously quantify spatial and functional structure across 
relatively large scales. Such novel applications have allowed us to 
develop comprehensive procedures that improve the inference of 
community level plant– plant interactions.

3.4  |  Integrating remote sensing with individual- 
based models

Community structural metrics derived from remote sensing data 
can verify predictions derived from mechanistic models, assum-
ing that plant– plant interactions encompass important drivers. For 
example, lidar data can map 2- D or 3- D forest gaps at high resolu-
tion (Du et al., 2021), allowing quantification of a range of key sum-
mary statistics such as gap size distribution and gap geometry (Ma 
et al., 2018). Jucker (2022) proposed an integrated approach using 
these lidar- derived forest gap structures and individual- based mod-
els to elucidate the mechanisms underlying the spatial structure of 
forest gaps. This can be achieved by comparing remotely- sensed gap 
structure and outputs of individual- based models that explicitly ac-
count for particular mechanisms. While this approach has not been 
applied to the inference of plant– plant interactions, the concept can 
be generalized for integrating mechanistic modelling with remote 
sensing of community structure.

4  |  LINKING PL ANT INTER AC TIONS TO 
REMOTELY SENSED L ANDSC APE PAT TERNS 
AND STATES

Plant– plant interactions may have consistent signs and strengths 
across the landscape, enabling scaling from local interactions to 
landscape patterns (Teng et al., 2020). Thus, (vegetation) patterning 
provides important signals that enable detection and prediction of 

plant– plant interactions, using remote sensing and theoretical mod-
els (Inference II and III).

Many remote sensing data (especially those at coarse or moder-
ate spatial resolutions) may not be able to capture species/individ-
ual traits or fine- scale community structures at the landscape level. 
However, most can distinguish between vegetated vs. non- vegetated 
areas or different vegetation types (e.g., forest, shrubland, savanna, 
grassland). Patchy vegetation landscapes, characterised by spatially 
mixed patches with different vegetated states, are widespread in 
nature. Depending on the system of interest, useful remote sensing 
data for characterising patchy vegetation patterns may range from 
very high to moderate spatial resolutions, from visible- infrared to 
microwave bands, and from satellite-  to air- borne data. In the follow-
ing sections, we discuss how remotely sensed landscape patterns 
of patchy vegetation can be used to infer plant– plant interactions 
from patch- size distributions (Section 4.1), spatial self- organization 
(Section 4.2), transient landscape dynamics (Section 4.3) and alter-
native vegetation states (Section 4.4).

4.1  |  Vegetation patch- size distribution as 
general indicators

The majority of vegetation patterns are irregular (in terms of the 
shape of patches) and non- periodical in space. For this class of veg-
etation patterns, patch- size distribution (i.e., the number of vegeta-
tion patches as a function of patch size) has been frequently used for 
quantifying their spatial signatures. Previous theoretical and empiri-
cal works have suggested that patch- size distribution type and key 
parameters could serve as useful indicators for inferring plant– plant 
interactions (e.g., von Hardenberg et al., 2010; Xu, Holmgren, Van 
Nes, Maestre, et al., 2015). Specific examples are elaborated below.

Positive plant– plant interactions are prevalent in stressful envi-
ronments such as drylands and coastal tidal flats. Extensive studies 
have suggested that such local positive interactions can give rise to 
power laws (or scale- free properties) in patch size distributions at 
the landscape level (Berdugo et al., 2017; Berdugo et al., 2019; Kéfi, 
Rietkerk, Alados, et al., 2007; Scanlon et al., 2007; von Hardenberg 
et al., 2010; Zhao et al., 2019). That is, when plotted on a logarithmic 
scale, the number of vegetation patches and their size are negatively 
and linearly correlated (Figure 5a). The causal link between positive 
interactions and power- law distributions can be intuitively under-
stood. Under stressful conditions, positive interactions between 
plants are important in sustaining vegetation cover and biomass. For 
example, in dryland ecosystems, established plants can facilitate un-
derstorey seedlings and juveniles by alleviating water stress, increas-
ing nutrient availability, and protecting against herbivory (Brooker 
et al., 2008). Plant– plant facilitation also exists in coastal vegetation 
that suffers from strong salt and wave stress in the tidal front areas. 
Established individual plants, such as cordgrass (Spartina), can act 
as important ecosystem engineers that facilitate plant coloniza-
tion and expansion (Bertness & Ellison, 1987). These local positive 
effects can form self- reinforcing feedback for vegetation, driving 
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the establishment of plant clusters and sustaining large vegetation 
patches. In line with this intuitive reasoning, it has been demon-
strated that the power- law distributions can arise due to plant– plant 
facilitation, generating patches larger than expected by randomness 
(Kéfi et al., 2011). Therefore, the presence of power- law- like patch- 
size distribution in vegetation patterns in stressful environments 
hints to positive interactions.

However, positive interactions are neither sufficient nor nec-
essary conditions for power- law distributions. First, power- law 
distributions can result from non- facilitation processes such as 
disturbances or trophic interactions (Kéfi et al., 2011). Staver 
et al. (2019) used airborne lidar to reveal universal power- law patch 
size distributions of African savanna trees but presented an almost 
invariant power exponent across relatively broad environmental 

gradients (e.g., moisture). However, existing models incorporating 
plant– plant interactions tend to yield distributions with varying ex-
ponents under different environmental conditions such as precipita-
tion (Scanlon et al., 2007). This inconsistency implies that there may 
be an overlooked essential mechanism (beyond pure plant– plant 
facilitation) underpinning savanna landscape patterning and that 
plant– plant facilitation may not be confidently inferred from power- 
law distributions alone (Staver et al., 2019).

Second, non- power- law distributions can also arise from positive 
interactions. Xu, Holmgren, Van Nes, Maestre, et al. (2015) analysed 
high- resolution remotely sensed images to show that hump- shaped 
(log- normal like) patch- size distributions with heavy right tails are 
widespread in global drylands (Figure 5b), and the skewness of such 
humped distributions can signal the strengths of positive plant– plant 

F I G U R E  5  Illustrations of remotely sensed patch- size distributions of dryland vegetation as useful indicators for inferring plant– plant 
interactions. Dryland vegetation showing (a) a power- law- like patch- size distribution, and (b) a patch- size distribution characterized by 
a hump and a heavy right- tail. Dark red in the left panels represents vegetation patches. (c) A null model suggests that the deviation of 
skewness of patch- size distribution from complete spatial randomness (CSR) may serve as an indicator of facilitation or competition (Xu, 
Holmgren, Van Nes, Hirota, et al., 2015).
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interactions. Specifically, plant clusters predominantly formed by 
plant– plant facilitation (rather than disturbances or environmental 
heterogeneity), demonstrate patch- size distribution skewed to the 
right (i.e., toward larger patches). In contrast, when negative inter-
actions such as competition are the dominant force, neighbouring 
plants tend to ‘reject’ each other, making it more difficult to form 
larger plant clusters. Stronger negative interactions would thus 
lead to more left- skewed distribution (towards smaller patches). A 
well- tailored null model may serve as a baseline generating neutral 
patch- size distributions; deviations can provide quantitative (signed) 
indications of plant– plant interactions in stressful environments 
(Figure 5c) (Xu, Holmgren, Van Nes, Maestre, et al., 2015).

4.2  |  Spatial self- organization as specific indicators

An interesting class of vegetation patterns pertains to ‘spatial self- 
organization’ (Klausmeier, 1999; Meron, 2015; Rietkerk et al., 2004). 
Governed by the self- organization principles involving particu-
lar plant– plant interactions (see below for more details), this class 
is characterised by patterns periodically extended in space, such 
as rings, stripes, spots, gaps or labyrinths (see Figure 6 for some 
examples).

A common mechanism underlying the spontaneous formation of 
spatially periodic vegetation patterns is ‘scale- dependent feedback’, 
characterised by short- range positive feedback together with long- 
range negative feedback (also referred to as ‘Turing instability’ or fi-
nite wave instability) (Meron, 2015; Rietkerk & Van de Koppel, 2008). 
Typical scale- dependent feedbacks have been commonly found in 
dryland vegetation. Plant– plant facilitation, such as the ‘nurse plant 
effect’, is widespread in arid conditions, eventually enhancing the 
survival and growth of neighbouring plants (see also Section 4.1). 
Such local facilitation creates positive feedback operating at short 
ranges. In the meantime, plants in disjoined vegetation patches may 
compete for soil- water with lateral roots in inter- patch areas or by 
accumulating surface runoff along slopes. In either case, the com-
petition creates negative feedback, affecting longer ranges than the 
local facilitation. These facilitative and competitive effects operate 
at different spatial scales, thus creating scale- dependent feedbacks, 
which act as ‘activators’ for plant growth within the patch areas and 
‘inhibitors’ in the inter- patch areas, giving rise to periodically ex-
tended vegetated vs. bare areas across dryland landscapes (Getzin 
et al., 2016; Rietkerk et al., 2004). Such ‘Turing patterns’ (named 
after Alan Turing who originally proposed the ‘activator- inhibitor’ 
mechanism underpinning pattern formation; Turing, 1952) provide a 
unique spatial signature for inferring not only the existence but also 
the operating scales of plant– plant interactions.

4.3  |  Transient dynamics may provide useful signals

Early studies have focused on persistent states (equilibrium) 
when analysing pattern formation. However, recent studies have 

suggested the use of transient dynamics. For example, during the 
early colonization of coastal saltmarsh vegetation, regular, ring- like 
spatial patterns of cordgrass form and expand (a ‘slow- fast process’ 
in a theoretical term), plausibly driven by non- Turing mechanisms 
where strong competition for nutrients between plants plays a criti-
cal role (Zhao et al., 2021). Time- series of remotely sensed images 
could help to unravel the transient pattern formation and to under-
stand the role of plant– plant interactions therein.

Plants may face behaviour- driven dynamics as reflected 
in spatiotemporal patterns (Pereira et al., 2017; Reijers 
et al., 2019). For example, Reijers et al. (2019) revealed that 
landscape- building beach grass experience heavy- tailed ran-
dom walks in their spatial expansion trajectories. This Lévy- like 
strategy can also lead to large vegetation patches through self- 
promoting feedback, where local facilitation may act. The tra-
jectories of vegetation's spatial expansion have been observed 
in the field but also can be successfully captured by time- series 
of high- resolution optical images (e.g., drone images) and lidar 
data (e.g., Zhao et al., 2021).

Plant– plant interactions may also exist at cross- ecosystem levels, 
for example, vegetation zonation in coastal landscapes. The traditional 
approach is that coastal zonation is determined mainly by physical 
stressors, such as soil and water salinity. However, it has been increas-
ingly demonstrated that biotic interactions, including inter- specific 
competition and facilitation between plants, operating at short or long 
distances, give rise to clear zonation features at landscape scales (van 
de Koppel et al., 2015). Using time- series Landsat data in combination 
with field data of elevation, sediments, and salinity, as well as theoret-
ical modelling, Wang et al. (2022) analysed the transient dynamics of 
a coastal landscape and revealed that invasive cordgrass at low eleva-
tions might produce a cross- ecosystem, with a long- distance facilita-
tive effect on a native reed at high elevations.

4.4  |  Linking positive interactions and alternative 
(or multi- stability) vegetation states

Plant– plant interactions have been linked to the existence of alterna-
tive stable states (D'Odorico et al., 2007; Kéfi, Rietkerk, Van Baalen, 
et al., 2007; Rietkerk et al., 2004, 2021; Xu, Van Nes, et al., 2015; 
Zelnik et al., 2013). Positive interactions between plants may gener-
ate positive feedbacks, which are necessary but insufficient condi-
tions for alternative vegetation/ecosystem states (Kéfi et al., 2016). 
Conversely, the presence of alternative (or multi- stability) vegeta-
tion states hints that strong positive plant– plant interactions may act 
as a potential mechanism.

Again, taking drylands as an example, plant– plant facilitation 
(see also Sections 4.1 and 4.2) can form positive feedbacks that 
force the system into distinct, often discontinuous, states (e.g., 
high vs. low vegetation biomass) (Aguiar & Sala, 1999). This issue 
has been well investigated by a range of studies (Kéfi, Rietkerk, 
Van Baalen, & Loreau, 2007; Rietkerk & Van de Koppel, 2008; Xu, 
Van Nes, et al., 2015), pointing to a strong link between positive 
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plant– plant interactions and the existence of alternative states in 
green- desert transitions.

The underlying positive feedback may not be related to direct 
plant interactions (as detailed above) but rather to indirect interac-
tions. For example, tropical fire- adapted savanna grasses can invoke 
recurrent fires that largely preclude tree recruitment (Murphy & 
Bowman, 2012). This fire- mediated positive feedback of tree cover 
has been attributed to the alternative stable states of forest and sa-
vanna across the global tropics (Hirota et al., 2011; Staal et al., 2016; 
Staver et al., 2011). While plant– plant interaction studies often do 
not consider this kind of effect, the indirect negative tree- grass in-
teractions resemble ‘apparent competition’ mediated by fire (Holt & 
Bonsall, 2017).

Multiple remote sensing datasets have been used to detect 
alternative vegetation states, including MODIS-  and Landsat- 
derived products of tree cover and NDVI (Hirota et al., 2011; 
Staver et al., 2011; Xu, Holmgren, Van Nes, Hirota, et al., 2015), 
and satellite- borne lidar- derived canopy height products (Scheffer 

et al., 2018; Xu et al., 2016). Notably, remotely sensed vegetation 
states, for example, of tree cover or canopy height, that present 
multi- modalities in their frequency distributions under similar en-
vironmental conditions, may indicate alternative vegetation states. 
This notion has been used to reconstruct the systems' ‘potential 
landscapes’, directly from the (remote sensing) data, a powerful 
data- driven approach for detecting and visualizing alternative at-
tractors. Based on these approaches, remotely sensed tree cover 
and canopy height have been used to differentiate alternative sta-
ble vegetation states from unstable ones at the biome scale (Hirota 
et al., 2011; Scheffer, Hirota, et al., 2012; Xu et al., 2016). Available 
time- series data of remotely sensed vegetation states could help 
detect alternative vegetation states, such as sudden jumps or 
signs of critical slowing down (Scheffer, Carpenter, et al., 2012). 
Theoretical and methodological details of alternative stable state 
inference, as well as the important caveats, can be found in the 
literature (e.g., Dakos et al., 2015; Scheffer et al., 2015; Scheffer 
& Carpenter, 2003).

F I G U R E  6  Self- organized vegetation patterns. (a) Fairy circles which are periodic gap patterns in the Namib Rand Nature Reserve 
in Namibia (average annual precipitation is 75 mm/year; 24.9652S, 15.8845E). The picture was taken from a balloon. (b) Small gaps and 
labyrinth- like pattern of Triodia basedowii, also known as Spinifex grass, near Newman in Pilbara region in Western Australia (360 mm/year; 
see Getzin et al., 2022; 23.4413S, 119.8379E). (c) Large rings of Paja brava grass (Festuca orthophylla) showing clonal growth in the high and 
remote Altiplano in Bolivia (100 mm/year; 4900 m above sea level; 21.8952S, 66.8640 W). (d) Example of vegetation pattern in Ladakh, India 
(32.8900 N, 77.5300E) at an altitude of 4500 m a.s.l. The mean annual precipitation in this area is less than 200 mm/year. The vegetation 
patterns show a mix of bands and spots developed on hillslopes. (e, f) Drone photos of ring- like transient vegetation patterns in the coastal 
saltmarsh in Shanghai, China (30.9975 N, 121.4426E; Zhao et al., 2021).
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4.5  |  Opportunities and challenges for inferring 
interactions across large spatial scales

The rapid development of remote sensing products of ecosystem 
attributes largely amplifies the ability to quantify landscape patterns 
and states. For instance, alternative vegetation states in the tropics 
were revealed by studying global- scale tree cover and canopy height 
products (Hirota et al., 2011; Staver et al., 2011; Xu et al., 2016). 
These advancements bridge the knowledge gaps of ground- sourced 
studies (Sankaran et al., 2005). The increasing availability of high- 
resolution images (e.g., drone images) makes it possible to detect 
self- organization patterns in equilibrium and transient dynamics with 
spatial and temporal details (Getzin et al., 2021; Zhao et al., 2021). 
These remote sensing tools provide exceptional opportunities for in-
ferring large- scale plant– plant interactions, which were not available 
two decades ago.

Linking spatial patterns and processes is a long- standing but 
challenging task in ecology. Many factors may prevent using spatio-
temporal vegetation patterns as ‘symptoms’ to ‘diagnose’ the nature 
of plant– plant interactions. Although we cannot enumerate all con-
founders, we will elaborate on three general issues.

A central confounding issue is that different processes could 
give rise to similar patterns, causing a caveat for inferring interac-
tions from vegetation patterns. For instance, the co- occurrence of 
plants observed in the field may be attributed to limited dispersal or 
other factors rather than facilitation (Morales- Castilla et al., 2015). 
The lack of robust correspondence between vegetation pattern 
signature and plant– plant interactions applies to the so- far most 
elucidated periodic vegetation patterns. For example, both scale- 
dependent feedbacks invoking facilitation and competition and 
other mechanisms that do not invoke plant– plant interactions can 
explain the formation of almost identical, common vegetation pat-
terns (Ge & Liu, 2022).

The difficulty to distinguish between ‘equilibrium’ and long ‘tran-
sient’ patterns is another noteworthy but largely overlooked con-
founder responsible for the elusive causal link between vegetation 
patterns and plant interactions. While observed spatial patterns 
have often been assumed to approach equilibrium of the system 
states, they could merely be part of long transient dynamics in slow 
systems (Hastings et al., 2018). The inference of interactions may 
reach substantially different conclusions from existing approaches 
and theoretical models under the equilibrium vs. transient assump-
tions. Remote sensing could effectively track system changes over 
time. Long- term time series remote sensing data thus may help to 
overcome this challenge, revealing whether the system is in ‘equilib-
rium’ or in ‘transient’ state, and infer the causality.

In addition, it is often difficult to accurately fit particular distribu-
tions to real data when assessing inferences. It has been suggested 
that inappropriate methods can lead to inaccurate identification of 
power- law distributions from empirical data across a wide range 
of real- world systems (Clauset et al., 2009). Also, the noisy nature 
of real data may further obscure the distinction between different 
types of distributions.

5  |  OUTLOOK

Robust sensors and equipment platforms, as well as comprehensive 
datasets and computational platforms, have increasingly become 
available to the public in recent years. Notably, the expanding Earth- 
observing missions (e.g., GEDI, BIOMASS, NISAR) provide promising 
tools to systematically measure ecosystem attributes globally, and 
open more opportunities to study plant– plant interactions at lower 
costs and with higher accuracies. Increasingly available ecological 
‘big data’ are expected to amplify the strength of remote sensing fur-
ther. For instance, long- term and in- situ data generated by field sur-
veys, automatic electronic devices, and manipulative experiments 
from National Ecological Observatory Network (NEON), Treenet 
(Zweifel et al., 2021), and other large- scale research networks allow 
for cross- validating and scaling remotely- sensed plant– plant inter-
actions. Also, the development of data processing algorithms (e.g., 
lidar- based automatic plant segmentation algorithms) and platforms 
(e.g., the Google Earth Engine and the Multi- Mission Algorithm and 
Analysis Platform, MAAP) can vastly enhance the efficiency of har-
nessing a tremendous amount of data.

Inferring plant– plant interactions from remote sensing data is 
expected to help address a wide range of fundamental theories, key 
hypotheses, and new questions at large scales (e.g., the stress gra-
dient hypothesis, species range expansion, and novel ecosystems), 
thereby advancing many fields, including macroecology, global 
change biology and conservation biology. Moreover, improved in-
ference of plant– plant interactions using remote sensing may spark 
new ideas and new links between established fields. For example, 
remotely- sensed time- series of 3- D plant community structure may 
help to depict how local- scale plant– plant interactions scale up from 
organs (e.g., leaves, branches, and canopy) to the individual and 
community levels, which may be better understood in a new frame-
work of cross- scale, multi- dimensional self- organization (Franklin 
et al., 2020). Looking at the big picture, biotic interactions are ubiq-
uitous, occurring locally to globally (Bertness, 2020) and profoundly 
shaping the planet Earth. Yet, understanding biotic interactions at 
large spatial scales (especially landscape and regional scales) remains 
limited. Integrating remote sensing tools could pave the way toward 
filling this key gap (Gross et al., 2009; Maestre et al., 2021; Xu, 
Holmgren, Van Nes, Maestre, et al., 2015), making remotely- sensed 
biotic interactions a promising direction.

6  |  SYNTHESIS

It would be naïve to expect remote sensing to replace ground- 
sourced assessments of plant– plant interactions. However, given 
the efficiency of remote sensing data collection and the oppor-
tunity to scale remotely sensed information across different spa-
tial scales, identifying remote sensing indicators of plant– plant 
interactions presents an exciting avenue for enhancing existing 
approaches to understanding fundamental ecology. Plant– plant 
interactions and a considerable portion of research topics in 
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community ecology were traditionally studied at small spatiotem-
poral scales. Remote sensing extends these topics' domains to 
broader and finer scales, aiding the scaling of ecological patterns 
and the search for generic rules. Combining theories, experiments, 
models, data- driven approaches, and data analysis algorithms is 
crucial to embedding remote sensing into ecological contexts. 
Developing robust remote sensing approaches for inferring plant– 
plant interactions paves an important road towards achieving this 
challenging goal.

AUTHOR CONTRIBUTIONS
Bin J. W. Chen, Shuqing N. Teng, Guang Zheng, Lijuan Cui, Shao- peng 
Li, Jan U. H. Eitel, Thomas W. Crowther, Jian Zhang, Qiang He, Hezi 
Yizhaq, Kechang Niu, Quan- Xing Liu and Chi Xu conceived the idea; 
Bin J. W. Chen, Shuqing N. Teng, Guang Zheng, Shao- peng Li, Arie 
Staal, Jan U. H. Eitel, Thomas W. Crowther, Miguel Berdugo, Lidong 
Mo, Haozhi Ma, Lalasia Bialic- Murphy, Constantin M. Zohner, Daniel 
S. Maynard, Colin Averill, Jian Zhang, Qiang He, Jochem B. Evers, 
Niels P. R. Anten, Hezi Yizhaq, Ilan Stavi, Eli Argaman, Uri Basson, 
Quan- Xing Liu, and Chi Xu wrote the original draft of the manuscript; 
all authors revised the manuscript; all authors participated actively 
in execution of the study, and gave final approval for publication.

ACKNOWLEDG EMENTS
We are grateful to colleagues from IBG- 2: plant sciences, 
Forschungszentrum Jülich for their generosity in providing the fig-
ure of MRI- scanned root system. We thank Jason Fridley, Tommaso 
Jucker and two anonymous reviewers for their valuable comments 
on earlier versions of this paper. We thank Michelle Finzi for linguis-
tic improvements to this paper. The authors gratefully acknowledge 
the Joint Program of National Natural Science Foundation of China 
(NSFC Grant No. 32061143014) and the Israel Science Foundation 
(ISF Grant No. 3257/20) for supporting the collaborative study be-
tween Chinese and Israeli institutions. This study was supported 
by the Special Plan for Local Sci- Tech Development Guided by 
the Central Government of China. The authors also acknowledge 
the support by the National Natural Science Foundation of China 
(Grant No. 32071526, 42001044, and 31870705) and the National 
Key R&D Program of China (Grant 2017YFC0506200). B.J.W.C. ac-
knowledges the support by the Qing Lan Project of Jiangsu Province 
of China. A.S. acknowledges the support by the Dutch Research 
Council (NWO) Talent Program Grant VI.Veni.202.170. C.M.Z. ac-
knowledges support by the Swiss National Science Foundation, 
Ambizione grant #PZ00P3_193646. C.X. acknowledges the support 
by the Fundamental Research Funds for the Central Universities 
(020814380172).

CONFLIC T OF INTERE S T
The authors declare no conflict of interest.

PEER RE VIE W
The peer review history for this article is available at https://publo 
ns.com/publo n/10.1111/1365- 2745.13980.

DATA AVAIL ABILIT Y S TATEMENT
No data were generated or analysed in this work.

ORCID
Bin J. W. Chen  https://orcid.org/0000-0002-8243-3760 
Shuqing N. Teng  https://orcid.org/0000-0001-7431-2128 
Guang Zheng  https://orcid.org/0000-0003-4118-7804 
Shao- peng Li  https://orcid.org/0000-0002-1730-3433 
Arie Staal  https://orcid.org/0000-0001-5409-1436 
Thomas W. Crowther  https://orcid.org/0000-0001-5674-8913 
Miguel Berdugo  https://orcid.org/0000-0003-1053-8907 
Lidong Mo  https://orcid.org/0000-0003-3805-7638 
Haozhi Ma  https://orcid.org/0000-0003-0709-1438 
Lalasia Bialic- Murphy  https://orcid.org/0000-0001-6046-8316 
Constantin M. Zohner  https://orcid.org/0000-0002-8302-4854 
Daniel S. Maynard  https://orcid.org/0000-0003-0142-9100 
Jian Zhang  https://orcid.org/0000-0003-0589-6267 
Jochem B. Evers  https://orcid.org/0000-0002-3956-0190 
Hezi Yizhaq  https://orcid.org/0000-0001-7573-3303 
Eli Argaman  https://orcid.org/0000-0002-6766-0519 
Ming- Juan Zhang  https://orcid.org/0000-0003-1683-6577 
Kechang Niu  https://orcid.org/0000-0003-4845-2930 
Quan- Xing Liu  https://orcid.org/0000-0002-8602-0154 
Chi Xu  https://orcid.org/0000-0002-1841-9032 

R E FE R E N C E S
Aguiar, M. R., & Sala, O. E. (1999). Patch structure, dynamics and im-

plications for the functioning of arid ecosystems. Trends in 
Ecology & Evolution, 14, 273– 277. https://doi.org/10.1016/S0169 
- 5347(99)01612 - 2

Apelt, F., Breuer, D., Nikoloski, Z., Stitt, M., & Kragler, F. (2015). 
Phytotyping4D: A light- field imaging system for non- invasive and 
accurate monitoring of spatio- temporal plant growth. The Plant 
Journal, 82, 693– 706. https://doi.org/10.1111/tpj.12833

Asner, G. P., Martin, R. E., Anderson, C. B., & Knapp, D. E. (2015). 
Quantifying forest canopy traits: Imaging spectroscopy versus 
field survey. Remote Sensing of Environment, 158, 15– 27. https://doi.
org/10.1016/j.rse.2014.11.011

Atkinson, P. M., Foody, G. M., Gething, P. W., Mathur, A., & Kelly, C. 
K. (2007). Investigating spatial structure in specific tree spe-
cies in ancient semi- natural woodland using remote sensing and 
marked point pattern analysis. Ecography, 30, 88– 104. https://doi.
org/10.1111/j.0906- 7590.2007.04726.x

Berdugo, M., Kéfi, S., Soliveres, S., & Maestre, F. T. (2017). Plant spatial 
patterns identify alternative ecosystem multifunctionality states 
in global drylands. Nature Ecology & Evolution, 1, 3. https://doi.
org/10.1038/s4155 9- 016- 0003

Berdugo, M., Soliveres, S., Kéfi, S., & Maestre, F. T. (2019). The inter-
play between facilitation and habitat type drives spatial vegetation 
patterns in global drylands. Ecography, 42, 755– 767. https://doi.
org/10.1111/ecog.03795

Bertness, M. (2020). A brief natural history of civilization: Why a balance be-
tween cooperation & competition is vital to humanity. Yale University 
Press.

Bertness, M. D., & Ellison, A. M. (1987). Determinants of pattern in a 
New England salt marsh plant community. Ecological Monographs, 
57, 129– 147. https://doi.org/10.2307/1942621

Bilas, R. D., Bretman, A., & Bennett, T. (2021). Friends, neighbours and 
enemies: An overview of the communal and social biology of plants. 

https://publons.com/publon/10.1111/1365-2745.13980
https://publons.com/publon/10.1111/1365-2745.13980
https://orcid.org/0000-0002-8243-3760
https://orcid.org/0000-0002-8243-3760
https://orcid.org/0000-0001-7431-2128
https://orcid.org/0000-0001-7431-2128
https://orcid.org/0000-0003-4118-7804
https://orcid.org/0000-0003-4118-7804
https://orcid.org/0000-0002-1730-3433
https://orcid.org/0000-0002-1730-3433
https://orcid.org/0000-0001-5409-1436
https://orcid.org/0000-0001-5409-1436
https://orcid.org/0000-0001-5674-8913
https://orcid.org/0000-0001-5674-8913
https://orcid.org/0000-0003-1053-8907
https://orcid.org/0000-0003-1053-8907
https://orcid.org/0000-0003-3805-7638
https://orcid.org/0000-0003-3805-7638
https://orcid.org/0000-0003-0709-1438
https://orcid.org/0000-0003-0709-1438
https://orcid.org/0000-0001-6046-8316
https://orcid.org/0000-0001-6046-8316
https://orcid.org/0000-0002-8302-4854
https://orcid.org/0000-0002-8302-4854
https://orcid.org/0000-0003-0142-9100
https://orcid.org/0000-0003-0142-9100
https://orcid.org/0000-0003-0589-6267
https://orcid.org/0000-0003-0589-6267
https://orcid.org/0000-0002-3956-0190
https://orcid.org/0000-0002-3956-0190
https://orcid.org/0000-0001-7573-3303
https://orcid.org/0000-0001-7573-3303
https://orcid.org/0000-0002-6766-0519
https://orcid.org/0000-0002-6766-0519
https://orcid.org/0000-0003-1683-6577
https://orcid.org/0000-0003-1683-6577
https://orcid.org/0000-0003-4845-2930
https://orcid.org/0000-0003-4845-2930
https://orcid.org/0000-0002-8602-0154
https://orcid.org/0000-0002-8602-0154
https://orcid.org/0000-0002-1841-9032
https://orcid.org/0000-0002-1841-9032
https://doi.org/10.1016/S0169-5347(99)01612-2
https://doi.org/10.1016/S0169-5347(99)01612-2
https://doi.org/10.1111/tpj.12833
https://doi.org/10.1016/j.rse.2014.11.011
https://doi.org/10.1016/j.rse.2014.11.011
https://doi.org/10.1111/j.0906-7590.2007.04726.x
https://doi.org/10.1111/j.0906-7590.2007.04726.x
https://doi.org/10.1038/s41559-016-0003
https://doi.org/10.1038/s41559-016-0003
https://doi.org/10.1111/ecog.03795
https://doi.org/10.1111/ecog.03795
https://doi.org/10.2307/1942621


16  |   Journal of Ecology CHEN et al.

Plant, Cell & Environment, 44, 997– 1013. https://doi.org/10.1111/
pce.13965

Biskup, B., Scharr, H., Schurr, U., & Rascher, U. W. E. (2007). A stereo 
imaging system for measuring structural parameters of plant 
canopies. Plant, Cell & Environment, 30, 1299– 1308. https://doi.
org/10.1111/j.1365- 3040.2007.01702.x

Braam, J., & Davis, R. W. (1990). Rain- , wind- , and touch- induced expres-
sion of calmodulin and calmodulin- related genes in Arabidopsis. 
Cell, 60, 357– 364. https://doi.org/10.1016/0092- 8674(90)90587 
- 5

Brooker, R. W., Maestre, F. T., Callaway, R. M., Lortie, C. L., Cavieres, 
L. A., Kunstler, G., Liancourt, P., Tielbörger, K., Travis, J. M. J., 
Anthelme, F., Armas, C., Coll, L., Corcket, E., Delzon, S., Forey, E., 
Kikvidze, Z., Olofsson, J., Pugnaire, F., Quiroz, C. L., … Michalet, 
R. (2008). Facilitation in plant communities: The past, the pres-
ent, and the future. Journal of Ecology, 96, 18– 34. https://doi.
org/10.1111/j.1365- 2745.2007.01295.x

Butterfield, B. J., & Callaway, R. M. (2013). A functional comparative 
approach to facilitation and its context dependence. Functional 
Ecology, 27, 907– 917. https://doi.org/10.1111/1365- 2435.12019

Casal, J. J., Sáchez, R. A., & Deregibus, V. A. (1987). Tillering responses 
of Lolium multiflorum plants to changes of red/far- red ratio typical 
of sparse canopies. Journal of Experimental Botany, 38, 1432– 1439. 
https://doi.org/10.1093/jxb/38.9.1432

Catchpole, W. R., & Wheeler, C. J. (1992). Estimating plant biomass: A 
review of techniques. Australian Journal of Ecology, 17, 121– 131. 
https://doi.org/10.1111/j.1442- 9993.1992.tb007 90.x

Chacón- Labella, J., de la Cruz, M., Pescador, D. S., & Escudero, A. (2016). 
Individual species affect plant traits structure in their surroundings: 
Evidence of functional mechanisms of assembly. Oecologia, 180, 
975– 987. https://doi.org/10.1007/s0044 2- 016- 3547- z

Chen, B. J. W., Xu, C., Liu, M.- S., Huang, Z. Y. X., Zhang, M.- J., Tang, 
J., & Anten, N. P. R. (2020). Neighbourhood- dependent root 
distributions and the consequences on root separation in arid 
ecosystems. Journal of Ecology, 108, 1635– 1648. https://doi.
org/10.1111/1365- 2745.13360

Chen, Q., Baldocchi, D., Gong, P., & Kelly, M. (2006). Isolating individ-
ual trees in a savanna woodland using small footprint lidar data. 
Photogrammetric Engineering & Remote Sensing, 72, 923– 932. 
https://doi.org/10.14358/ PERS.72.8.923

Chitwood, D. H., Kumar, R., Ranjan, A., Pelletier, J. M., Townsley, B. T., 
Ichihashi, Y., Martinez, C. C., Zumstein, K., Harada, J. J., Maloof, J. 
N., & Sinha, N. R. (2015). Light- induced indeterminacy alters shade- 
avoiding tomato leaf morphology. Plant Physiology, 169, 2030– 2047. 
https://doi.org/10.1104/pp.15.01229

Clauset, A., Shalizi, C. R., & Newman, M. E. J. (2009). Power- law distri-
butions in empirical data. SIAM Review, 51, 661– 703. https://doi.
org/10.1137/07071 0111

Cornwell, W. K., & Ackerly, D. D. (2009). Community assembly and shifts 
in plant trait distributions across an environmental gradient in 
coastal California. Ecological Monographs, 79, 109– 126. https://doi.
org/10.1890/07- 1134.1

Crawford, K. M., Bauer, J. T., Comita, L. S., Eppinga, M. B., Johnson, D. 
J., Mangan, S. A., Queenborough, S. A., Strand, A. E., Suding, K. N., 
Umbanhowar, J., & Bever, J. D. (2019). When and where plant- soil 
feedback may promote plant coexistence: A meta- analysis. Ecology 
Letters, 22, 1274– 1284. https://doi.org/10.1111/ele.13278

Dakos, V., Carpenter, S. R., van Nes, E. H., & Scheffer, M. (2015). Resilience 
indicators: Prospects and limitations for early warnings of regime 
shifts. Philosophical Transactions of the Royal Society B: Biological 
Sciences, 370, 20130263. https://doi.org/10.1098/rstb.2013.0263

D'Andrea, R., & Ostling, A. (2016). Challenges in linking trait patterns 
to niche differentiation. Oikos, 125, 1369– 1385. https://doi.
org/10.1111/oik.02979

de Wit, M., Keuskamp, D. H., Bongers, F. J., Hornitschek, P., Gommers, C. 
M. M., Reinen, E., Martínez- Cerón, C., Fankhauser, C., & Pierik, R. 

(2016). Integration of phytochrome and cryptochrome signals de-
termines plant growth during competition for light. Current Biology, 
26, 3320– 3326. https://doi.org/10.1016/j.cub.2016.10.031

Disney, M. (2019). Terrestrial LiDAR: A three- dimensional revolution in 
how we look at trees. New Phytologist, 222, 1736– 1741. https://doi.
org/10.1111/nph.15517

do Prado Ribeiro, L., Klock, A. L. S., Filho, J. A. W., Tramontin, M. A., 
Trapp, M. A., Mithöfer, A., & Nansen, C. (2018). Hyperspectral im-
aging to characterize plant– plant communication in response to 
insect herbivory. Plant Methods, 14, 54. https://doi.org/10.1186/
s1300 7- 018- 0322- 7

D'Odorico, P., Caylor, K., Okin, G. S., & Scanlon, T. M. (2007). On soil 
moisture– vegetation feedbacks and their possible effects on the 
dynamics of dryland ecosystems. Journal of Geophysical Research: 
Biogeosciences, 112, G04010. https://doi.org/10.1029/2006J 
G000379

Du, Z., Zheng, G., Shen, G., & Moskal, L. M. (2021). Characterizing spa-
tiotemporal variations of forest canopy gaps using aerial laser 
scanning data. International Journal of Applied Earth Observation 
and Geoinformation, 104, 102588. https://doi.org/10.1016/j.
jag.2021.102588

Dupuis, J., Holst, C., & Kuhlmann, H. (2017). Measuring leaf thickness 
with 3D close- up laser scanners: Possible or not? Journal of Imaging, 
3, 22. https://doi.org/10.3390/jimag ing30 20022

Eitel, J. U. H., Höfle, B., Vierling, L. A., Abellán, A., Asner, G. P., Deems, J. 
S., Glennie, C. L., Joerg, P. C., LeWinter, A. L., & Magney, T. S. (2016). 
Beyond 3- D: The new spectrum of lidar applications for earth and 
ecological sciences. Remote Sensing of Environment, 186, 372– 392. 
https://doi.org/10.1016/j.rse.2016.08.018

Eitel, J. U. H., Vierling, L. A., Long, D. S., & Hunt, E. R. (2011). Early sea-
son remote sensing of wheat nitrogen status using a green scanning 
laser. Agricultural and Forest Meteorology, 151, 1338– 1345. https://
doi.org/10.1016/j.agrfo rmet.2011.05.015

Elsherif, A., Gaulton, R., & Mills, J. (2018). Estimation of vegetation water 
content at leaf and canopy level using dual- wavelength commercial 
terrestrial laser scanners. Interface Focus, 8, 20170041. https://doi.
org/10.1098/rsfs.2017.0041

Evers, J. B., Letort, V., Renton, M., & Kang, M. (2018). Computational bot-
any: Advancing plant science through functional– structural plant 
modelling. Annals of Botany, 121, 767– 772. https://doi.org/10.1093/
aob/mcy050

Faget, M., Blossfeld, S., Von Gillhaußen, P., Schurr, U., & Temperton, V. 
(2013). Disentangling who is who during rhizosphere acidification 
in root interactions: Combining fluorescence with optode tech-
niques. Frontiers in Plant Science, 4, 392. https://doi.org/10.3389/
fpls.2013.00392

Faget, M., Herrera, J. M., Stamp, P., Aulinger- Leipner, I., Frossard, E., & 
Liedgens, M. (2009). The use of green fluorescent protein as a tool 
to identify roots in mixed plant stands. Functional Plant Biology, 36, 
930– 937. https://doi.org/10.1071/FP09125

Fang, S., Clark, R. T., Zheng, Y., Iyer- Pascuzzi, A. S., Weitz, J. S., Kochian, 
L. V., Edelsbrunner, H., Liao, H., & Benfey, P. N. (2013). Genotypic 
recognition and spatial responses by rice roots. Proceedings of the 
National Academy of Sciences of the United States of America, 110, 
2670– 2675. https://doi.org/10.1073/pnas.12228 21110

Fernández- Milmanda, G. L., & Ballaré, C. L. (2021). Shade avoidance: 
Expanding the color and hormone palette. Trends in Plant Science, 
26, 509– 523. https://doi.org/10.1016/j.tplan ts.2020.12.006

Fichtner, A., Härdtle, W., Bruelheide, H., Kunz, M., Li, Y., & Von Oheimb, 
G. (2018). Neighbourhood interactions drive overyielding in mixed- 
species tree communities. Nature Communications, 9, 1144. https://
doi.org/10.1038/s4146 7- 018- 03529 - w

Fichtner, A., Härdtle, W., Li, Y., Bruelheide, H., Kunz, M., & von Oheimb, 
G. (2017). From competition to facilitation: How tree species re-
spond to neighbourhood diversity. Ecology Letters, 20, 892– 900. 
https://doi.org/10.1111/ele.12786

https://doi.org/10.1111/pce.13965
https://doi.org/10.1111/pce.13965
https://doi.org/10.1111/j.1365-3040.2007.01702.x
https://doi.org/10.1111/j.1365-3040.2007.01702.x
https://doi.org/10.1016/0092-8674(90)90587-5
https://doi.org/10.1016/0092-8674(90)90587-5
https://doi.org/10.1111/j.1365-2745.2007.01295.x
https://doi.org/10.1111/j.1365-2745.2007.01295.x
https://doi.org/10.1111/1365-2435.12019
https://doi.org/10.1093/jxb/38.9.1432
https://doi.org/10.1111/j.1442-9993.1992.tb00790.x
https://doi.org/10.1007/s00442-016-3547-z
https://doi.org/10.1111/1365-2745.13360
https://doi.org/10.1111/1365-2745.13360
https://doi.org/10.14358/PERS.72.8.923
https://doi.org/10.1104/pp.15.01229
https://doi.org/10.1137/070710111
https://doi.org/10.1137/070710111
https://doi.org/10.1890/07-1134.1
https://doi.org/10.1890/07-1134.1
https://doi.org/10.1111/ele.13278
https://doi.org/10.1098/rstb.2013.0263
https://doi.org/10.1111/oik.02979
https://doi.org/10.1111/oik.02979
https://doi.org/10.1016/j.cub.2016.10.031
https://doi.org/10.1111/nph.15517
https://doi.org/10.1111/nph.15517
https://doi.org/10.1186/s13007-018-0322-7
https://doi.org/10.1186/s13007-018-0322-7
https://doi.org/10.1029/2006JG000379
https://doi.org/10.1029/2006JG000379
https://doi.org/10.1016/j.jag.2021.102588
https://doi.org/10.1016/j.jag.2021.102588
https://doi.org/10.3390/jimaging3020022
https://doi.org/10.1016/j.rse.2016.08.018
https://doi.org/10.1016/j.agrformet.2011.05.015
https://doi.org/10.1016/j.agrformet.2011.05.015
https://doi.org/10.1098/rsfs.2017.0041
https://doi.org/10.1098/rsfs.2017.0041
https://doi.org/10.1093/aob/mcy050
https://doi.org/10.1093/aob/mcy050
https://doi.org/10.3389/fpls.2013.00392
https://doi.org/10.3389/fpls.2013.00392
https://doi.org/10.1071/FP09125
https://doi.org/10.1073/pnas.1222821110
https://doi.org/10.1016/j.tplants.2020.12.006
https://doi.org/10.1038/s41467-018-03529-w
https://doi.org/10.1038/s41467-018-03529-w
https://doi.org/10.1111/ele.12786


    |  17Journal of EcologyCHEN et al.

Fiorani, F., & Schurr, U. (2013). Future scenarios for plant phenotyp-
ing. Annual Review of Plant Biology, 64, 267– 291. https://doi.
org/10.1146/annur ev- arpla nt- 05031 2- 120137

Franklin, O., Harrison, S. P., Dewar, R., Farrior, C. E., Brännström, Å., 
Dieckmann, U., Pietsch, S., Falster, D., Cramer, W., & Loreau, M. 
(2020). Organizing principles for vegetation dynamics. Nature 
Plants, 6, 444– 453. https://doi.org/10.1038/s4147 7- 020- 0655- x

Gamon, J. A., Huemmrich, K. F., Wong, C. Y. S., Ensminger, I., Garrity, 
S., Hollinger, D. Y., Noormets, A., & Peñuelas, J. (2016). A remotely 
sensed pigment index reveals photosynthetic phenology in ever-
green conifers. Proceedings of the National Academy of Sciences 
of the United States of America, 113, 13087– 13092. https://doi.
org/10.1073/pnas.16061 62113

Garzon- Lopez, C. X., Jansen, P. A., Bohlman, S. A., Ordonez, A., & Olff, H. 
(2014). Effects of sampling scale on patterns of habitat association 
in tropical trees. Journal of Vegetation Science, 25, 349– 362. https://
doi.org/10.1111/jvs.12090

Gaulton, R., Danson, F. M., Ramirez, F. A., & Gunawan, O. (2013). The 
potential of dual- wavelength laser scanning for estimating vegeta-
tion moisture content. Remote Sensing of Environment, 132, 32– 39. 
https://doi.org/10.1016/j.rse.2013.01.001

Ge, Z., & Liu, Q. X. (2022). Foraging behaviours lead to spatiotemporal 
self- similar dynamics in grazing ecosystems. Ecology Letters, 25, 
378– 390. https://doi.org/10.1111/ele.13928

Geisler- Lee, J., Liu, X., Rang, W., Raveendiran, J., Szubryt, M. B., Gibson, 
D. J., Geisler, M., & Cheng, Q. (2017). Image- based analysis to dis-
sect vertical distribution and horizontal asymmetry of conspecific 
root system interactions in response to planting densities, nutrients 
and root exudates in Arabidopsis thaliana. Plants, 6, 46. https://doi.
org/10.3390/plant s6040046

Getzin, S., Erickson, T. E., Yizhaq, H., Muñoz- Rojas, M., Huth, A., & 
Wiegand, K. (2021). Bridging ecology and physics: Australian fairy 
circles regenerate following model assumptions on ecohydro-
logical feedbacks. Journal of Ecology, 109, 399– 416. https://doi.
org/10.1111/1365- 2745.13493

Getzin, S., Löns, C., Yizhaq, H., Erickson, T. E., Muñoz- Rojas, M., 
Huth, A., & Wiegand, K. (2022). High- resolution images and 
drone- based LiDAR reveal striking patterns of vegetation gaps 
in a wooded spinifex grassland of Western Australia. Landscape 
Ecology, 37, 829– 845. https://doi.org/10.1007/s1098 0- 021- 
01358 - 9

Getzin, S., Yizhaq, H., Bell, B., Erickson, T. E., Postle, A. C., Katra, I., Tzuk, 
O., Zelnik, Y. R., Wiegand, K., & Wiegand, T. (2016). Discovery of fairy 
circles in Australia supports self- organization theory. Proceedings of 
the National Academy of Sciences of the United States of America, 113, 
3551– 3556. https://doi.org/10.1073/pnas.15221 30113

Gregory, P. J., Hutchison, D. J., Read, D. B., Jenneson, P. M., Gilboy, W. 
B., & Morton, E. J. (2003). Non- invasive imaging of roots with high 
resolution X- ray micro- tomography. Plant and Soil, 255, 351– 359. 
https://doi.org/10.1023/A:10261 79919689

Gross, N., Börger, L., Soriano- Morales, S. I., Le Bagousse- Pinguet, Y., 
Quero, J. L., García- Gómez, M., Valencia- Gómez, E., & Maestre, 
F. T. (2013). Uncovering multiscale effects of aridity and bi-
otic interactions on the functional structure of Mediterranean 
shrublands. Journal of Ecology, 101, 637– 649. https://doi.
org/10.1111/1365- 2745.12063

Gross, N., Kunstler, G., Liancourt, P., De Bello, F., Suding, K. N., & Lavorel, S. 
(2009). Linking individual response to biotic interactions with com-
munity structure: A trait- based framework. Functional Ecology, 23, 
1167– 1178. https://doi.org/10.1111/j.1365- 2435.2009.01591.x

Gruntman, M., Groß, D., Májeková, M., & Tielbörger, K. (2017). Decision- 
making in plants under competition. Nature Communications, 8, 
2235. https://doi.org/10.1038/s4146 7- 017- 02147 - 2

Hastings, A., Abbott, K. C., Cuddington, K., Francis, T., Gellner, G., Lai, Y.- 
C., Morozov, A., Petrovskii, S., Scranton, K., & Zeeman, M. L. (2018). 

Transient phenomena in ecology. Science, 361, eaat6412. https://
doi.org/10.1126/scien ce.aat6412

Hirota, M., Holmgren, M., Van Nes, E. H., & Scheffer, M. (2011). Global 
resilience of tropical forest and savanna to critical transitions. 
Science, 334, 232– 235. https://doi.org/10.1126/scien ce.1210657

Holmgren, M., Scheffer, M., & Huston, M. A. (1997). The interplay of fa-
cilitation and competition in plant communities. Ecology, 78, 1966– 
1975. https://doi.org/10.1890/0012- 9658(1997)078[1966:TIOFA 
C]2.0.CO;2

Holt, R. D., & Bonsall, M. B. (2017). Apparent competition. Annual Review 
of Ecology, Evolution, and Systematics, 48, 447– 471. https://doi.
org/10.1146/annur ev- ecols ys- 11031 6- 022628

Huang, W., Gfeller, V., & Erb, M. (2019). Root volatiles in plant– plant inter-
actions II: Root volatiles alter root chemistry and plant– herbivore 
interactions of neighbouring plants. Plant, Cell & Environment, 42, 
1964– 1973. https://doi.org/10.1111/pce.13534

Huber, M., Nieuwendijk, N. M., Pantazopoulou, C. K., & Pierik, R. (2021). 
Light signalling shapes plant– plant interactions in dense canopies. 
Plant, Cell & Environment, 44, 1014– 1029. https://doi.org/10.1111/
pce.13912

Jimenez- Berni, J. A., Deery, D. M., Rozas- Larraondo, P., Condon, A. T. G., 
Rebetzke, G. J., James, R. A., Bovill, W. D., Furbank, R. T., & Sirault, X. 
R. R. (2018). High throughput determination of plant height, ground 
cover, and above- ground biomass in wheat with LiDAR. Frontiers in 
Plant Science, 9, 237. https://doi.org/10.3389/fpls.2018.00237

Jing, L., Hu, B., Noland, T., & Li, J. (2012). An individual tree crown de-
lineation method based on multi- scale segmentation of imagery. 
ISPRS Journal of Photogrammetry and Remote Sensing, 70, 88– 98. 
https://doi.org/10.1016/j.isprs jprs.2012.04.003

Jucker, T. (2022). Deciphering the fingerprint of disturbance on the 
three- dimensional structure of the world's forests. New Phytologist, 
233, 612– 617. https://doi.org/10.1111/nph.17729

Kamoske, A. G., Dahlin, K. M., Serbin, S. P., & Stark, S. C. (2021). Leaf traits 
and canopy structure together explain canopy functional diversity: 
An airborne remote sensing approach. Ecological Applications, 31, 
e02230. https://doi.org/10.1002/eap.2230

Karban, R., Shiojiri, K., Huntzinger, M., & McCall, A. C. (2006). Damage- 
induced resistance in sagebrush: Volatiles are key to intra-  and 
interplant communication. Ecology, 87, 922– 930. https://doi.
org/10.1890/0012- 9658(2006)87[922:DRISV A]2.0.CO;2

Kattenborn, T., Fassnacht, F. E., Pierce, S., Lopatin, J., Grime, J. P., & 
Schmidtlein, S. (2017). Linking plant strategies and plant traits de-
rived by radiative transfer modelling. Journal of Vegetation Science, 
28, 717– 727. https://doi.org/10.1111/jvs.12525

Kéfi, S., Holmgren, M., & Scheffer, M. (2016). When can positive inter-
actions cause alternative stable states in ecosystems? Functional 
Ecology, 30, 88– 97. https://doi.org/10.1111/1365- 2435.12601

Kéfi, S., Rietkerk, M., Alados, C. L., Pueyo, Y., Papanastasis, V. P., ElAich, 
A., & de Ruiter, P. C. (2007). Spatial vegetation patterns and immi-
nent desertification in Mediterranean arid ecosystems. Nature, 449, 
213– 217. https://doi.org/10.1038/natur e06111

Kéfi, S., Rietkerk, M., Roy, M., Franc, A., De Ruiter, P. C., & Pascual, M. 
(2011). Robust scaling in ecosystems and the meltdown of patch 
size distributions before extinction. Ecology Letters, 14, 29– 35. 
https://doi.org/10.1111/j.1461- 0248.2010.01553.x

Kéfi, S., Rietkerk, M., Van Baalen, M., & Loreau, M. (2007). Local facilitation, 
bistability and transitions in arid ecosystems. Theoretical Population 
Biology, 71, 367– 379. https://doi.org/10.1016/j.tpb.2006.09.003

Kjaer, K. H., & Ottosen, C.- O. (2015). 3D laser triangulation for plant phe-
notyping in challenging environments. Sensors, 15, 13533– 13547. 
https://doi.org/10.3390/s1506 13533

Klausmeier, C. A. (1999). Regular and irregular patterns in semiarid veg-
etation. Science, 284, 1826– 1828. https://doi.org/10.1126/scien 
ce.284.5421.1826

https://doi.org/10.1146/annurev-arplant-050312-120137
https://doi.org/10.1146/annurev-arplant-050312-120137
https://doi.org/10.1038/s41477-020-0655-x
https://doi.org/10.1073/pnas.1606162113
https://doi.org/10.1073/pnas.1606162113
https://doi.org/10.1111/jvs.12090
https://doi.org/10.1111/jvs.12090
https://doi.org/10.1016/j.rse.2013.01.001
https://doi.org/10.1111/ele.13928
https://doi.org/10.3390/plants6040046
https://doi.org/10.3390/plants6040046
https://doi.org/10.1111/1365-2745.13493
https://doi.org/10.1111/1365-2745.13493
https://doi.org/10.1007/s10980-021-01358-9
https://doi.org/10.1007/s10980-021-01358-9
https://doi.org/10.1073/pnas.1522130113
https://doi.org/10.1023/A:1026179919689
https://doi.org/10.1111/1365-2745.12063
https://doi.org/10.1111/1365-2745.12063
https://doi.org/10.1111/j.1365-2435.2009.01591.x
https://doi.org/10.1038/s41467-017-02147-2
https://doi.org/10.1126/science.aat6412
https://doi.org/10.1126/science.aat6412
https://doi.org/10.1126/science.1210657
https://doi.org/10.1890/0012-9658(1997)078%5B1966:TIOFAC%5D2.0.CO;2
https://doi.org/10.1890/0012-9658(1997)078%5B1966:TIOFAC%5D2.0.CO;2
https://doi.org/10.1146/annurev-ecolsys-110316-022628
https://doi.org/10.1146/annurev-ecolsys-110316-022628
https://doi.org/10.1111/pce.13534
https://doi.org/10.1111/pce.13912
https://doi.org/10.1111/pce.13912
https://doi.org/10.3389/fpls.2018.00237
https://doi.org/10.1016/j.isprsjprs.2012.04.003
https://doi.org/10.1111/nph.17729
https://doi.org/10.1002/eap.2230
https://doi.org/10.1890/0012-9658(2006)87%5B922:DRISVA%5D2.0.CO;2
https://doi.org/10.1890/0012-9658(2006)87%5B922:DRISVA%5D2.0.CO;2
https://doi.org/10.1111/jvs.12525
https://doi.org/10.1111/1365-2435.12601
https://doi.org/10.1038/nature06111
https://doi.org/10.1111/j.1461-0248.2010.01553.x
https://doi.org/10.1016/j.tpb.2006.09.003
https://doi.org/10.3390/s150613533
https://doi.org/10.1126/science.284.5421.1826
https://doi.org/10.1126/science.284.5421.1826


18  |   Journal of Ecology CHEN et al.

Klose, R., Penlington, J., & Ruckelshausen, A. (2009). Usability study 
of 3D time- of- flight cameras for automatic plant phenotyping. 
Bornimer Agrartechnische Berichte, 69, 93– 105.

Koch, A., Meunier, F., Vanderborght, J., Garré, S., Pohlmeier, A., & Javaux, 
M. (2019). Functional– structural root- system model validation 
using a soil MRI experiment. Journal of Experimental Botany, 70, 
2797– 2809. https://doi.org/10.1093/jxb/erz060

Kunstler, G., Falster, D., Coomes, D. A., Hui, F., Kooyman, R. M., Laughlin, 
D. C., Poorter, L., Vanderwel, M., Vieilledent, G., & Wright, S. J. 
(2016). Plant functional traits have globally consistent effects on 
competition. Nature, 529, 204– 207. https://doi.org/10.1038/natur 
e16476

Kunstler, G., Lavergne, S., Courbaud, B., Thuiller, W., Vieilledent, G., 
Zimmermann, N. E., Kattge, J., & Coomes, D. A. (2012). Competitive 
interactions between forest trees are driven by species' trait hierar-
chy, not phylogenetic or functional similarity: Implications for for-
est community assembly. Ecology Letters, 15, 831– 840. https://doi.
org/10.1111/j.1461- 0248.2012.01803.x

Li, C., Ding, S., Yang, L., Zhu, Q., Chen, M., Tsang, D. C. W., Cai, G., Feng, 
C., Wang, Y., & Zhang, C. (2019). Planar optode: A two- dimensional 
imaging technique for studying spatial- temporal dynamics of sol-
utes in sediment and soil. Earth- Science Reviews, 197, 102916. 
https://doi.org/10.1016/j.earsc irev.2019.102916

Li, L., Zhang, F., Li, X., Christie, P., Sun, J., Yang, S., & Tang, C. (2003). 
Interspecific facilitation of nutrient uptake by intercropped maize 
and faba bean. Nutrient Cycling in Agroecosystems, 65, 61– 71. 
https://doi.org/10.1023/A:10218 85032241

Liancourt, P., & Dolezal, J. (2021). Community- scale effects and strain: 
Facilitation beyond conspicuous patterns. Journal of Ecology, 109, 
19– 25. https://doi.org/10.1111/1365- 2745.13458

Ligot, G., Balandier, P., Courbaud, B., & Claessens, H. (2014). Forest ra-
diative transfer models: Which approach for which application? 
Canadian Journal of Forest Research, 44, 391– 403. https://doi.
org/10.1139/cjfr- 2013- 0494

Lines, E. R., Fischer, F. J., Owen, H. J. F., & Jucker, T. (2022). The 
shape of trees: Reimagining forest ecology in three dimensions 
with remote sensing. Journal of Ecology, in press. https://doi.
org/10.1111/1365- 2745.13944

Liu, X., Dong, X., Xue, Q., Leskovar, D. I., Jifon, J., Butnor, J. R., & Marek, 
T. (2018). Ground penetrating radar (GPR) detects fine roots of ag-
ricultural crops in the field. Plant and Soil, 423, 517– 531. https://doi.
org/10.1007/s1110 4- 017- 3531- 3

Ljubotina, M. K., & Cahill, J. F. (2019). Effects of neighbour location and 
nutrient distributions on root foraging behaviour of the common 
sunflower. Proceedings of the Royal Society B: Biological Sciences, 
286, 20190955. https://doi.org/10.1098/rspb.2019.0955

Lohbeck, M., Poorter, L., Martínez- Ramos, M., Rodriguez- Velázquez, J., 
van Breugel, M., & Bongers, F. (2014). Changing drivers of species 
dominance during tropical forest succession. Functional Ecology, 28, 
1052– 1058. https://doi.org/10.1111/1365- 2435.12240

Louarn, G., & Song, Y. (2020). Two decades of functional– structural plant 
modelling: Now addressing fundamental questions in systems biol-
ogy and predictive ecology. Annals of Botany, 126, 501– 509. https://
doi.org/10.1093/aob/mcaa143

Ma, L. X., Zheng, G., Wang, X. F., Li, S. M., Lin, Y., & Ju, W. M. (2018). 
Retrieving forest canopy clumping index using terrestrial laser 
scanning data. Remote Sensing of Environment, 210, 452– 472. 
https://doi.org/10.1016/j.rse.2018.03.034

Maestre, F. T., Benito, B. M., Berdugo, M., Concostrina- Zubiri, L., 
Delgado- Baquerizo, M., Eldridge, D. J., Guirado, E., Gross, N., Kéfi, 
S., & Le Bagousse- Pinguet, Y. (2021). Biogeography of global dry-
lands. New Phytologist, 231, 540– 558. https://doi.org/10.1111/
nph.17395

Magney, T. S., Bowling, D. R., Logan, B. A., Grossmann, K., Stutz, J., 
Blanken, P. D., Burns, S. P., Cheng, R., Garcia, M. A., & Kӧhler, P. 
(2019). Mechanistic evidence for tracking the seasonality of 

photosynthesis with solar- induced fluorescence. Proceedings of the 
National Academy of Sciences of the United States of America, 116, 
11640– 11645. https://doi.org/10.1073/pnas.19002 78116

Magney, T. S., Eusden, S. A., Eitel, J. U. H., Logan, B. A., Jiang, J., & 
Vierling, L. A. (2014). Assessing leaf photoprotective mechanisms 
using terrestrial LiDAR: Towards mapping canopy photosynthetic 
performance in three dimensions. New Phytologist, 201, 344– 356. 
https://doi.org/10.1111/nph.12453

Marconi, S., Graves, S. J., Weinstein, B. G., Bohlman, S., & White, E. P. 
(2021). Estimating individual- level plant traits at scale. Ecological 
Applications, 31, e2300. https://doi.org/10.1002/eap.2300

Markovic, D., Colzi, I., Taiti, C., Ray, S., Scalone, R., Gregory Ali, J., Mancuso, 
S., & Ninkovic, V. (2018). Airborne signals synchronize the defenses 
of neighboring plants in response to touch. Journal of Experimental 
Botany, 70, 691– 700. https://doi.org/10.1093/jxb/ery375

Martin- Ducup, O., Schneider, R., & Fournier, R. A. (2016). Response of 
sugar maple (Acer saccharum, Marsh.) tree crown structure to com-
petition in pure versus mixed stands. Forest Ecology and Management, 
374, 20– 32. https://doi.org/10.1016/j.foreco.2016.04.047

Meron, E. (2015). Nonlinear physics of ecosystems. CRC Press.
Mishra, N. B., & Crews, K. A. (2014). Mapping vegetation morphology 

types in a dry savanna ecosystem: Integrating hierarchical object- 
based image analysis with Random Forest. International Journal of 
Remote Sensing, 35, 1175– 1198. https://doi.org/10.1080/01431 
161.2013.876120

Morales- Castilla, I., Matias, M. G., Gravel, D., & Araújo, M. B. (2015). 
Inferring biotic interactions from proxies. Trends in Ecology & 
Evolution, 30, 347– 356. https://doi.org/10.1016/j.tree.2015.03.014

Morgan, D. C., & Smith, H. (1976). Linear relationship between phytochrome 
photoequilibrium and growth in plants under simulated natural radia-
tion. Nature, 262, 210– 212. https://doi.org/10.1038/262210a0

Moustakas, A., Wiegand, K., Getzin, S., Ward, D., Meyer, K. M., Guenther, 
M., & Mueller, K.- H. (2008). Spacing patterns of an Acacia tree in the 
Kalahari over a 61- year period: How clumped becomes regular and 
vice versa. Acta Oecologica, 33, 355– 364. https://doi.org/10.1016/j.
actao.2008.01.008

Murphy, B. P., & Bowman, D. M. J. S. (2012). What controls the distribu-
tion of tropical forest and savanna? Ecology Letters, 15, 748– 758. 
https://doi.org/10.1111/j.1461- 0248.2012.01771.x

Nash Suding, K., Goldberg, D. E., & Hartman, K. M. (2003). Relationships 
among species traits: Separating levels of response and iden-
tifying linkages to abundance. Ecology, 84, 1– 16. https://doi.
org/10.1890/0012- 9658(2003)084[0001:RASTS L]2.0.CO;2

Omasa, K., Hosoi, F., & Konishi, A. (2007). 3D lidar imaging for detecting 
and understanding plant responses and canopy structure. Journal 
of Experimental Botany, 58, 881– 898. https://doi.org/10.1093/jxb/
erl142

O'Sullivan, H., Raumonen, P., Kaitaniemi, P., Perttunen, J., & Sievänen, 
R. (2021). Integrating terrestrial laser scanning with functional– 
structural plant models to investigate ecological and evolutionary 
processes of forest communities. Annals of Botany, 128, 663– 684. 
https://doi.org/10.1093/aob/mcab120

Pedersen, L. L., Dechesne, A., & Smets, B. F. (2015). A nitrate sensitive 
planar optode; performance and interferences. Talanta, 144, 933– 
937. https://doi.org/10.1016/j.talan ta.2015.07.046

Pereira, M. L., Sadras, V. O., Batista, W., Casal, J. J., & Hall, A. J. (2017). 
Light- mediated self- organization of sunflower stands increases oil 
yield in the field. Proceedings of the National Academy of Sciences 
of the United States of America, 114, 7975– 7980. https://doi.
org/10.1073/pnas.16189 90114

Perez, R. P. A., Vezy, R., Brancheriau, L., Boudon, F., Grand, F., Ramel, 
M., Artanto Raharjo, D., Caliman, J.- P., & Dauzat, J. (2022). When 
architectural plasticity fails to counter the light competition im-
posed by planting design: An in silico approach using a functional– 
structural model of oil palm. in silico Plants, 4, diac009. https://doi.
org/10.1093/insil icopl ants/diac009

https://doi.org/10.1093/jxb/erz060
https://doi.org/10.1038/nature16476
https://doi.org/10.1038/nature16476
https://doi.org/10.1111/j.1461-0248.2012.01803.x
https://doi.org/10.1111/j.1461-0248.2012.01803.x
https://doi.org/10.1016/j.earscirev.2019.102916
https://doi.org/10.1023/A:1021885032241
https://doi.org/10.1111/1365-2745.13458
https://doi.org/10.1139/cjfr-2013-0494
https://doi.org/10.1139/cjfr-2013-0494
https://doi.org/10.1111/1365-2745.13944
https://doi.org/10.1111/1365-2745.13944
https://doi.org/10.1007/s11104-017-3531-3
https://doi.org/10.1007/s11104-017-3531-3
https://doi.org/10.1098/rspb.2019.0955
https://doi.org/10.1111/1365-2435.12240
https://doi.org/10.1093/aob/mcaa143
https://doi.org/10.1093/aob/mcaa143
https://doi.org/10.1016/j.rse.2018.03.034
https://doi.org/10.1111/nph.17395
https://doi.org/10.1111/nph.17395
https://doi.org/10.1073/pnas.1900278116
https://doi.org/10.1111/nph.12453
https://doi.org/10.1002/eap.2300
https://doi.org/10.1093/jxb/ery375
https://doi.org/10.1016/j.foreco.2016.04.047
https://doi.org/10.1080/01431161.2013.876120
https://doi.org/10.1080/01431161.2013.876120
https://doi.org/10.1016/j.tree.2015.03.014
https://doi.org/10.1038/262210a0
https://doi.org/10.1016/j.actao.2008.01.008
https://doi.org/10.1016/j.actao.2008.01.008
https://doi.org/10.1111/j.1461-0248.2012.01771.x
https://doi.org/10.1890/0012-9658(2003)084%5B0001:RASTSL%5D2.0.CO;2
https://doi.org/10.1890/0012-9658(2003)084%5B0001:RASTSL%5D2.0.CO;2
https://doi.org/10.1093/jxb/erl142
https://doi.org/10.1093/jxb/erl142
https://doi.org/10.1093/aob/mcab120
https://doi.org/10.1016/j.talanta.2015.07.046
https://doi.org/10.1073/pnas.1618990114
https://doi.org/10.1073/pnas.1618990114
https://doi.org/10.1093/insilicoplants/diac009
https://doi.org/10.1093/insilicoplants/diac009


    |  19Journal of EcologyCHEN et al.

Pflugfelder, D., Kochs, J., Koller, R., Jahnke, S., Mohl, C., Pariyar, S., 
Fassbender, H., Nagel, K. A., Watt, M., & van Dusschoten, D. (2022). 
The root system architecture of wheat establishing in soil is associ-
ated with varying elongation rates of seminal roots: Quantification 
using 4D magnetic resonance imaging. Journal of Experimental 
Botany, 73, 2050– 2060. https://doi.org/10.1093/jxb/erab551

Postma, J. A., Hecht, V. L., Hikosaka, K., Nord, E. A., Pons, T. L., & Poorter, 
H. (2021). Dividing the pie: A quantitative review on plant density 
responses. Plant, Cell & Environment, 44, 1072– 1094. https://doi.
org/10.1111/pce.13968

Proto, A. R., Di Iorio, A., Abenavoli, L. M., & Sorgonà, A. (2020). A sonic 
root detector for revealing tree coarse root distribution. Scientific 
Reports, 10, 8075. https://doi.org/10.1038/s4159 8- 020- 65047 - 4

Purschke, O., Schmid, B. C., Sykes, M. T., Poschlod, P., Michalski, 
S. G., Durka, W., Kühn, I., Winter, M., & Prentice, H. C. (2013). 
Contrasting changes in taxonomic, phylogenetic and functional 
diversity during a long- term succession: Insights into assem-
bly processes. Journal of Ecology, 101, 857– 866. https://doi.
org/10.1111/1365- 2745.12098

Rajcan, I., Chandler, K. J., & Swanton, C. J. (2004). Red– far- red ratio 
of reflected light: A hypothesis of why early- season weed con-
trol is important in corn. Weed Science, 52, 774– 778. https://doi.
org/10.1614/WS- 03- 158R

Reijers, V. C., Siteur, K., Hoeks, S., van Belzen, J., Borst, A. C. W., 
Heusinkveld, J. H. T., Govers, L. L., Bouma, T. J., Lamers, L. P. M., & 
van de Koppel, J. (2019). A Lévy expansion strategy optimizes early 
dune building by beach grasses. Nature Communications, 10, 2656. 
https://doi.org/10.1038/s4146 7- 019- 10699 - 8

Rellán- Álvarez, R., Lobet, G., Lindner, H., Pradier, P.- L., Sebastian, J., Yee, 
M.- C., Geng, Y., Trontin, C., LaRue, T., Schrager- Lavelle, A., Haney, 
C. H., Nieu, R., Maloof, J., Vogel, J. P., & Dinneny, J. R. (2015). GLO- 
Roots: An imaging platform enabling multidimensional character-
ization of soil- grown root systems. eLife, 4, e07597. https://doi.
org/10.7554/eLife.07597

Rietkerk, M., Bastiaansen, R., Banerjee, S., van de Koppel, J., Baudena, 
M., & Doelman, A. (2021). Evasion of tipping in complex systems 
through spatial pattern formation. Science, 374, eabj0359. https://
doi.org/10.1126/scien ce.abj0359

Rietkerk, M., Dekker, S. C., De Ruiter, P. C., & Van de Koppel, J. (2004). 
Self- organized patchiness and catastrophic shifts in ecosystems. 
Science, 305, 1926– 1929. https://doi.org/10.1126/scien ce.1101867

Rietkerk, M., & Van de Koppel, J. (2008). Regular pattern formation in 
real ecosystems. Trends in Ecology & Evolution, 23, 169– 175. https://
doi.org/10.1016/j.tree.2007.10.013

Sankaran, M., Hanan, N. P., Scholes, R. J., Ratnam, J., Augustine, D. J., 
Cade, B. S., Gignoux, J., Higgins, S. I., Le Roux, X., Ludwig, F., Ardo, 
J., Banyikwa, F., Bronn, A., Bucini, G., Caylor, K. K., Coughenour, 
M. B., Diouf, A., Ekaya, W., Feral, C. J., … Zambatis, N. (2005). 
Determinants of woody cover in African savannas. Nature, 438, 
846– 849. https://doi.org/10.1038/natur e04070

Scanlon, T. M., Caylor, K. K., Levin, S. A., & Rodriguez- Iturbe, I. (2007). 
Positive feedbacks promote power- law clustering of Kalahari vege-
tation. Nature, 449, 209– 212. https://doi.org/10.1038/natur e06060

Scheffer, M., & Carpenter, S. R. (2003). Catastrophic regime shifts in eco-
systems: Linking theory to observation. Trends in Ecology & Evolution, 
18, 648– 656. https://doi.org/10.1016/j.tree.2003.09.002

Scheffer, M., Carpenter, S. R., Dakos, V., & van Nes, E. H. (2015). Generic 
indicators of ecological resilience: Inferring the chance of a critical 
transition. Annual Review of Ecology, Evolution, and Systematics, 46, 
145– 167. https://doi.org/10.1146/annur ev- ecols ys- 11241 4- 054242

Scheffer, M., Carpenter, S. R., Lenton, T. M., Bascompte, J., Brock, W., 
Dakos, V., van de Koppel, J., van de Leemput, I. A., Levin, S. A., & 
van Nes, E. H. (2012). Anticipating critical transitions. Science, 338, 
344– 348. https://doi.org/10.1126/scien ce.1225244

Scheffer, M., Hirota, M., Holmgren, M., Van Nes, E. H., & Chapin, F. S. 
(2012). Thresholds for boreal biome transitions. Proceedings of the 

National Academy of Sciences of the United States of America, 109, 
21384– 21389. https://doi.org/10.1073/pnas.12198 44110

Scheffer, M., Xu, C., Hantson, S., Holmgren, M., Los, S. O., & van Nes, 
E. H. (2018). A global climate niche for giant trees. Global Change 
Biology, 24, 2875– 2883. https://doi.org/10.1111/gcb.14167

Schöb, C., Kammer, P. M., & Kikvidze, Z. (2012). Combining observational 
and experimental methods in plant– plant interaction research. 
Plant Ecology & Diversity, 5, 27– 36. https://doi.org/10.1080/17550 
874.2012.674067

Shi, Y., Skidmore, A. K., Wang, T., Holzwarth, S., Heiden, U., Pinnel, N., 
Zhu, X., & Heurich, M. (2018). Tree species classification using plant 
functional traits from LiDAR and hyperspectral data. International 
Journal of Applied Earth Observation and Geoinformation, 73, 207– 
219. https://doi.org/10.1016/j.jag.2018.06.018

Staal, A., Dekker, S. C., Xu, C., & van Nes, E. H. (2016). Bistability, spa-
tial interaction, and the distribution of tropical forests and savan-
nas. Ecosystems, 19, 1080– 1091. https://doi.org/10.1007/s1002 
1- 016- 0011- 1

Staver, A. C., Archibald, S., & Levin, S. A. (2011). The global extent and 
determinants of savanna and forest as alternative biome states. 
Science, 334, 230– 232. https://doi.org/10.1126/scien ce.1210465

Staver, A. C., Asner, G. P., Rodriguez- Iturbe, I., Levin, S. A., & Smit, I. P. J. 
(2019). Spatial patterning among savanna trees in high- resolution, 
spatially extensive data. Proceedings of the National Academy of 
Sciences of the United States of America, 116, 10681– 10685. https://
doi.org/10.1073/pnas.18193 91116

Sun, D., Robbins, K., Morales, N., Shu, Q., & Cen, H. (2022). Advances in 
optical phenotyping of cereal crops. Trends in Plant Science, 27, 191– 
208. https://doi.org/10.1016/j.tplan ts.2021.07.015

Sun, J., Shi, S., Gong, W., Yang, J., Du, L., Song, S., Chen, B., & Zhang, 
Z. (2017). Evaluation of hyperspectral LiDAR for monitoring rice 
leaf nitrogen by comparison with multispectral LiDAR and passive 
spectrometer. Scientific Reports, 7, 40362. https://doi.org/10.1038/
srep4 0362

Teng, S. N., Svenning, J.- C., Santana, J., Reino, L., Abades, S., & Xu, C. 
(2020). Linking landscape ecology and macroecology by scaling 
biodiversity in space and time. Current Landscape Ecology Reports, 
5, 25– 34. https://doi.org/10.1007/s4082 3- 020- 00050 - z

Thorpe, A. S., Aschehoug, E. T., Atwater, D. Z., & Callaway, R. M. (2011). 
Interactions among plants and evolution. Journal of Ecology, 99, 
729– 740. https://doi.org/10.1111/j.1365- 2745.2011.01802.x

Turing, A. M. (1952). The chemical basis of morphogenesis. Philosophical 
Transactions of the Royal Society B: Biological Sciences, 237, 37– 72. 
https://doi.org/10.1098/rstb.1952.0012

van de Koppel, J., van der Heide, T., Altieri, A. H., Eriksson, B. K., Bouma, 
T. J., Olff, H., & Silliman, B. R. (2015). Long- distance interactions 
regulate the structure and resilience of coastal ecosystems. Annual 
Review of Marine Science, 7, 139– 158. https://doi.org/10.1146/
annur ev- marin e- 01081 4- 015805

van Loon, M. P., Schieving, F., Rietkerk, M., Dekker, S. C., Sterck, F., & 
Anten, N. P. R. (2014). How light competition between plants af-
fects their response to climate change. New Phytologist, 203, 1253– 
1265. https://doi.org/10.1111/nph.12865

Van Mantgem, P. J., Stephenson, N. L., Byrne, J. C., Daniels, L. D., Franklin, 
J. F., Fulé, P. Z., Harmon, M. E., Larson, A. J., Smith, J. M., & Taylor, A. 
H. (2009). Widespread increase of tree mortality rates in the west-
ern United States. Science, 323, 521– 524. https://doi.org/10.1126/
scien ce.1165000

Vandenbussche, F., Pierik, R., Millenaar, F. F., Voesenek, L. A. C. J., & 
Van Der Straeten, D. (2005). Reaching out of the shade. Current 
Opinion in Plant Biology, 8, 462– 468. https://doi.org/10.1016/j.
pbi.2005.07.007

Vellend, M. (2016). The theory of ecological communities. Princeton 
University Press.

Vermeulen, P. J., Anten, N. P. R., Schieving, F., Werger, M. J. A., 
& During, H. J. (2008). Height convergence in response to 

https://doi.org/10.1093/jxb/erab551
https://doi.org/10.1111/pce.13968
https://doi.org/10.1111/pce.13968
https://doi.org/10.1038/s41598-020-65047-4
https://doi.org/10.1111/1365-2745.12098
https://doi.org/10.1111/1365-2745.12098
https://doi.org/10.1614/WS-03-158R
https://doi.org/10.1614/WS-03-158R
https://doi.org/10.1038/s41467-019-10699-8
https://doi.org/10.7554/eLife.07597
https://doi.org/10.7554/eLife.07597
https://doi.org/10.1126/science.abj0359
https://doi.org/10.1126/science.abj0359
https://doi.org/10.1126/science.1101867
https://doi.org/10.1016/j.tree.2007.10.013
https://doi.org/10.1016/j.tree.2007.10.013
https://doi.org/10.1038/nature04070
https://doi.org/10.1038/nature06060
https://doi.org/10.1016/j.tree.2003.09.002
https://doi.org/10.1146/annurev-ecolsys-112414-054242
https://doi.org/10.1126/science.1225244
https://doi.org/10.1073/pnas.1219844110
https://doi.org/10.1111/gcb.14167
https://doi.org/10.1080/17550874.2012.674067
https://doi.org/10.1080/17550874.2012.674067
https://doi.org/10.1016/j.jag.2018.06.018
https://doi.org/10.1007/s10021-016-0011-1
https://doi.org/10.1007/s10021-016-0011-1
https://doi.org/10.1126/science.1210465
https://doi.org/10.1073/pnas.1819391116
https://doi.org/10.1073/pnas.1819391116
https://doi.org/10.1016/j.tplants.2021.07.015
https://doi.org/10.1038/srep40362
https://doi.org/10.1038/srep40362
https://doi.org/10.1007/s40823-020-00050-z
https://doi.org/10.1111/j.1365-2745.2011.01802.x
https://doi.org/10.1098/rstb.1952.0012
https://doi.org/10.1146/annurev-marine-010814-015805
https://doi.org/10.1146/annurev-marine-010814-015805
https://doi.org/10.1111/nph.12865
https://doi.org/10.1126/science.1165000
https://doi.org/10.1126/science.1165000
https://doi.org/10.1016/j.pbi.2005.07.007
https://doi.org/10.1016/j.pbi.2005.07.007


20  |   Journal of Ecology CHEN et al.

neighbour growth: Genotypic differences in the stoloniferous 
plant Potentilla reptans. New Phytologist, 177, 688– 697. https://doi.
org/10.1111/j.1469- 8137.2007.02301.x

von Hardenberg, J., Kletter, A. Y., Yizhaq, H., Nathan, J., & Meron, E. 
(2010). Periodic versus scale- free patterns in dryland vegetation. 
Proceedings of the Royal Society B: Biological Sciences, 277, 1771– 
1776. https://doi.org/10.1098/rspb.2009.2208

Wang, B., Zhang, K., Liu, Q.- X., He, Q., van de Koppel, J., Teng, S. N., Miao, 
X., Liu, M., Bertness, M., & Xu, C. (2022). Long- distance facilitation 
of coastal ecosystem structure and resilience. Proceedings of the 
National Academy of Sciences of the United States of America, 119, 
e2123274119. https://doi.org/10.1073/pnas.21232 74119

Wang, N.- Q., Kong, C.- H., Wang, P., & Meiners, S. J. (2021). Root exu-
date signals in plant– plant interactions. Plant, Cell & Environment, 
44, 1044– 1058. https://doi.org/10.1111/pce.13892

Weidlich, E. W. A., Temperton, V. M., & Faget, M. (2018). Neighbourhood 
stories: Role of neighbour identity, spatial location and order of ar-
rival in legume and non- legume initial interactions. Plant and Soil, 
424, 171– 182. https://doi.org/10.1007/s1110 4- 017- 3398- 3

Wiegand, T., & Moloney, K. A. (2014). Handbook of spatial point- pattern 
analysis in ecology. Chapman and Hall/CRC.

Xu, C., Hantson, S., Holmgren, M., Nes, E. H., Staal, A., & Scheffer, M. 
(2016). Remotely sensed canopy height reveals three pantropical 
ecosystem states. Ecology, 97, 2518– 2521. https://doi.org/10.1002/
ecy.1470

Xu, C., Holmgren, M., Van Nes, E. H., Hirota, M., Chapin, F. S., III, & 
Scheffer, M. (2015). A changing number of alternative states in the 
boreal biome: Reproducibility risks of replacing remote sensing 
products. PLoS One, 10, e0143014. https://doi.org/10.1371/journ 
al.pone.0143014

Xu, C., Holmgren, M., Van Nes, E. H., Maestre, F. T., Soliveres, S., Berdugo, 
M., Kéfi, S., Marquet, P. A., Abades, S., & Scheffer, M. (2015). Can 
we infer plant facilitation from remote sensing? A test across 
global drylands. Ecological Applications, 25, 1456– 1462. https://doi.
org/10.1890/14- 2358.1

Xu, C., Liu, M., Zhang, M., Chen, B., Huang, Z., Uriankhai, T., & Sheng, 
S. (2011). The spatial pattern of grasses in relation to tree effects 
in an arid savanna community: Inferring the relative importance of 
canopy and root effect. Journal of Arid Environments, 75, 953– 959. 
https://doi.org/10.1016/j.jarid env.2011.04.037

Xu, C., Van Nes, E. H., Holmgren, M., Kefi, S., & Scheffer, M. (2015). Local 
facilitation may cause tipping points on a landscape level preceded 
by early warning indicators. The American Naturalist, 186, E81– E90. 
https://doi.org/10.1086/682674

Zellweger, F., De Frenne, P., Lenoir, J., Rocchini, D., & Coomes, D. 
(2019). Advances in microclimate ecology arising from remote 

sensing. Trends in Ecology & Evolution, 34, 327– 341. https://doi.
org/10.1016/j.tree.2018.12.012

Zelnik, Y. R., Kinast, S., Yizhaq, H., Bel, G., & Meron, E. (2013). Regime 
shifts in models of dryland vegetation. Philosophical Transactions of 
the Royal Society A: Mathematical, Physical and Engineering Sciences, 
371, 20120358. https://doi.org/10.1098/rsta.2012.0358

Zhang, D., Zhang, C., Tang, X., Li, H., Zhang, F., Rengel, Z., Whalley, W. 
R., Davies, W. J., & Shen, J. (2016). Increased soil phosphorus avail-
ability induced by faba bean root exudation stimulates root growth 
and phosphorus uptake in neighbouring maize. New Phytologist, 
209, 823– 831. https://doi.org/10.1111/nph.13613

Zhang, J., Huang, S., & He, F. (2015). Half- century evidence from west-
ern Canada shows forest dynamics are primarily driven by compe-
tition followed by climate. Proceedings of the National Academy of 
Sciences of the United States of America, 112, 4009– 4014. https://
doi.org/10.1073/pnas.14208 44112

Zhang, Y., Teng, P., Shimizu, Y., Hosoi, F., & Omasa, K. (2016). Estimating 
3D leaf and stem shape of nursery paprika plants by a novel 
multi- camera photography system. Sensors, 16, 874. https://doi.
org/10.3390/s1606 0874

Zhao, L.- X., Xu, C., Ge, Z.- M., van de Koppel, J., & Liu, Q.- X. (2019). 
The shaping role of self- organization: Linking vegetation pattern-
ing, plant traits and ecosystem functioning. Proceedings of the 
Royal Society B: Biological Sciences, 286, 20182859. https://doi.
org/10.1098/rspb.2018.2859

Zhao, L.- X., Zhang, K., Siteur, K., Li, X.- Z., Liu, Q.- X., & van de Koppel, 
J. (2021). Fairy circles reveal the resilience of self- organized salt 
marshes. Science. Advances, 7, eabe1100. https://doi.org/10.1126/
sciadv.abe1100

Zweifel, R., Etzold, S., Basler, D., Bischoff, R., Braun, S., Buchmann, N., 
Conedera, M., Fonti, P., Gessler, A., & Haeni, M. (2021). Treenet– 
the biological drought and growth indicator network. Frontiers in 
Forests and Global Change, 4, 776905. https://doi.org/10.3389/
ffgc.2021.776905

How to cite this article: Chen, B. J. W., Teng, S. N., Zheng, G., 
Cui, L., Li, S-p, Staal, A., Eitel, J. U. H., Crowther, T. W., 
Berdugo, M., Mo, L., Ma, H., Bialic- Murphy, L., Zohner, C. M., 
Maynard, D. S., Averill, C., Zhang, J., He, Q., Evers, J. B., 
Anten, N. P. R. … Xu, C. (2022). Inferring plant– plant 
interactions using remote sensing. Journal of Ecology, 00, 
1–20. https://doi.org/10.1111/1365-2745.13980

https://doi.org/10.1111/j.1469-8137.2007.02301.x
https://doi.org/10.1111/j.1469-8137.2007.02301.x
https://doi.org/10.1098/rspb.2009.2208
https://doi.org/10.1073/pnas.2123274119
https://doi.org/10.1111/pce.13892
https://doi.org/10.1007/s11104-017-3398-3
https://doi.org/10.1002/ecy.1470
https://doi.org/10.1002/ecy.1470
https://doi.org/10.1371/journal.pone.0143014
https://doi.org/10.1371/journal.pone.0143014
https://doi.org/10.1890/14-2358.1
https://doi.org/10.1890/14-2358.1
https://doi.org/10.1016/j.jaridenv.2011.04.037
https://doi.org/10.1086/682674
https://doi.org/10.1016/j.tree.2018.12.012
https://doi.org/10.1016/j.tree.2018.12.012
https://doi.org/10.1098/rsta.2012.0358
https://doi.org/10.1111/nph.13613
https://doi.org/10.1073/pnas.1420844112
https://doi.org/10.1073/pnas.1420844112
https://doi.org/10.3390/s16060874
https://doi.org/10.3390/s16060874
https://doi.org/10.1098/rspb.2018.2859
https://doi.org/10.1098/rspb.2018.2859
https://doi.org/10.1126/sciadv.abe1100
https://doi.org/10.1126/sciadv.abe1100
https://doi.org/10.3389/ffgc.2021.776905
https://doi.org/10.3389/ffgc.2021.776905
https://doi.org/10.1111/1365-2745.13980

	Inferring plant–plant interactions using remote sensing
	Abstract
	1|INTRODUCTION
	2|INFERRING INDIVIDUAL-LEVEL INTERACTIONS WITH CLOSE-RANGE REMOTE SENSING
	2.1|Inferring above-ground interactions with close-range remote sensing of plant traits
	2.2|Seeing the hidden half: new insights into below-ground interactions with remote sensing
	2.3|Integrating remote sensing with functional-structural plant models

	3|INFERRING INTERACTIONS FROM REMOTELY SENSED COMMUNITY STRUCTURE
	3.1|Linking interactions to remotely sensed spatial community structure
	3.2|Inferring interactions from trait distributions
	3.3|Integration of multiple remote sensing data as transformative tools
	3.4|Integrating remote sensing with individual-based models

	4|LINKING PLANT INTERACTIONS TO REMOTELY SENSED LANDSCAPE PATTERNS AND STATES
	4.1|Vegetation patch-size distribution as general indicators
	4.2|Spatial self-organization as specific indicators
	4.3|Transient dynamics may provide useful signals
	4.4|Linking positive interactions and alternative (or multi-stability) vegetation states
	4.5|Opportunities and challenges for inferring interactions across large spatial scales

	5|OUTLOOK
	6|SYNTHESIS
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGEMENTS
	CONFLICT OF INTEREST
	PEER REVIEW
	DATA AVAILABILITY STATEMENT

	REFERENCES


