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Abstract. Vegetation patterns are a hallmark of ecosystem self-organization, emerg-
ing from the intrinsic dynamics of nonlinear feedback mechanisms and spatiotem-
poral interactions. This review systematically explores and examines the structural
characteristics of these patterns, the phenomena of multistability, and their implica-
tions for ecosystem stability through the lens of mathematical modeling and dynam-
ical systems theory. In particular, reaction-diffusion models serve as a key analytical
tool, revealing how local positive feedback and non-local negative feedback drive self-
organized spatial structures via Turing bifurcation. Bifurcation theory and potential
landscape analysis further elucidate ecosystem multistability, quantifying critical tran-
sitions among uniform vegetation, patterned states, and bare soil under environmen-
tal conditions. Advances in spatial metrics, including traditional statistical measures
(e.g. variance, autocorrelation) and emerging complexity-based indicators (e.g. hyper-
uniformity, spatial permutation entropy) provide robust methods for detecting ecolog-
ical functional shifts and early-warning signs of regime shifts. Additionally, restoration
strategies grounded in structural optimization, such as optimal control theory, offer a
theoretical framework for vegetation pattern reconstruction and stability regulation,
particularly in arid and semi-arid regions. Future research should integrate multiscale
modeling and interdisciplinary approaches to deepen our understanding of vegetation
structure-function relationships. Such efforts will yield both theoretical insights and
practical solutions for mitigating global ecological degradation and climate change.
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1 Introduction

Vegetation patterns are a critical characteristic of ecosystems, serving as the “finger-
prints” of ecosystems, containing rich ecological information. These patterns reflect the
spatial distribution of vegetation, including uniform, patchy, and striped distribution,
which result from complex interactions between biotic and abiotic factors [55,93,114,118].
In arid and semi-arid regions, vegetation commonly forms patchy distributions separa-
ted by bare soil or sparsely vegetated areas, reflecting both the scarcity of water resources
and adaptive strategies for resource competition. Analyzing vegetation patterns enab-
les the assessment of resource allocation and provides insights into ecosystem health
and stability. In addition to serving as indicators of ecosystem states, vegetation pat-
terns play a fundamental role in ecosystem functioning [25,66,75,82,101,132]. Different
spatial patterns significantly influence nutrient cycling, energy flows, and biodiversity
maintenance. Patterns with high connectivity facilitate species migration and disper-
sal, contributing to population stability. Moreover, well-organized patterns improve re-
source use efficiency, enhance resilience to disturbances, and strengthen recovery poten-
tial. Consequently, the study of vegetation patterns is essential for understanding ecosys-
tem mechanisms, predicting ecological changes, and developing effective strategies for
ecological management.

In recent years, significant progress have been made in understanding the mecha-
nisms underlying vegetation pattern formation and advancing theoretical models
[13,34,76,86,102,104,119,131]. Classical nonlinear dynamic models, such as the Klaus-
meier [55], Rietkerk [41,84], and Gilad models [35,36], have been the foundational tools
for elucidating the formation and evolution of vegetation patterns. These models de-
scribe how positive and negative feedback mechanisms drive pattern formation through
the interplay of water dynamics: positive feedback promotes vegetation growth by
locally accumulating water, while negative feedback constrains overexpansion via re-
source competition. In arid and semi-arid regions, these mechanisms lead to the emer-
gence of patchy or striped vegetation patterns, highlighting the critical role of water
as a limiting resource. With the advancement of research, these foundational models
have been extended to accommodate more complex ecosystem dynamics. For exam-
ple, introducing time-delay effects can capture the lag in vegetation responses to en-
vironmental changes, which is crucial for studying ecosystem dynamics under climate
change and human disturbances [46,109,123]. Additionally, the influence of plant repro-
ductive strategies (e.g. seed dispersal distances and mechanisms) has been integrated
into modeling frameworks [1, 7, 27,28, 81, 120]. Furthermore, the integration of com-
petitive behaviors among plants, such as root distribution competition for water and
nutrients, further refine models to better represent resource allocation and competition
processes [59, 69, 80]. Notably, recent research have increasingly focused on coupling
vegetation models with climate systems to explore bidirectional effect between vegeta-
tion and climate [19, 20, 54,78, 103]. For instance, changes in precipitation patterns not
only influence vegetation distribution but also modify regional climates via evapotran-
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spiration, which in turn affects vegetation growth. This coupling mechanism provides
a robust theoretical framework for understanding the dynamic evolution of vegetation
patterns in the context of climate change, significantly enhancing the predictive ability of
these models.

Additionally, the relationship between vegetation patterns and ecosystem stability
has garnered increasing attention [15, 29, 65,99, 100]. Studies on critical transitions in
ecosystems suggest that the dynamic characteristics of vegetation patterns can serve
as early warning signs for ecosystem degradation [44, 83, 85, 89, 90, 133]. Here, critical
transitions refer to the abrupt shifts from one stable state to another, driven by exter-
nal disturbances or changes in internal conditions [31,42, 56, 64, 87,91]. Unlike gradual
ecological changes, critical transitions are characterized by nonlinearity, abruptness, and
irreversibility, and are signs that the health of the ecosystem has been radically altered.
A typical example is the sudden shift of vegetation from a healthy, uniform distribution
to a degraded, desertified state [8,10,40,67,85]. A defining feature of critical transitions is
the presence of multiple stable states, wherein ecosystems under identical environmen-
tal conditions can reside in different configurations. Taking arid and semi-arid regions as
an example, under moderate precipitation, vegetation may maintain a healthy distribu-
tion, but reduced rainfall or intensified disturbances can push the system into a degraded
state [30,77,128,130]. Critical transitions are often accompanied by early warning signals
(EWS), exemplified as critical slowing down, characterized by a diminished capacity of
a system to recuperate from disturbances as it nears a threshold [12, 14,91, 117]. This
phenomenon is often characterized using spatial metrics, including spatial variance and
skewness [16,23,24, 38, 39, 88]. Additionally, other morphological changes in vegetation
patterns, such as increased patch spacing and irregular shapes, provide critical visual in-
dicators of ecosystem degradation [52,53, 63, 68,121]. Together, these statistical metrics
and morphological signals enable researchers to detect early indicators of ecological in-
stability, offering critical insights for implementing timely interventions and designing
effective restoration strategies.

To reveal the importance of vegetation patterns in ecosystems and their profound re-
lationship with stability, it is necessary to systematically summarize and classify relevant
research. Due to the interdisciplinary nature of the subject, vegetation patterns have been
approached from many different research angles. Significant progress has been made in
understanding vegetation pattern formation, ecosystem stability, and their dynamic evo-
lution, these research results are scattered in different fields, such as nonlinear dynam-
ics, biogeochemical cycling, and ecological management, and lack systematic integra-
tion. Moreover, as climate change and human activities increasingly disrupt ecosystems,
bridging the gap between theoretical research and practical applications becomes much
needed. This review aims to summarize the latest progress in vegetation pattern research,
analyze the mechanisms underlying their formation and functional characteristics, and
explore their dynamic relationships with ecosystem stability. This review also aims to
provide scientific basis and technical support for intervening in ecological degradation
and formulating management strategies.
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Compared with earlier major reviews on vegetation patterns [52,73,75,86], this paper
makes three specific contributions. Firstly, it synthesizes recent progress on multista-
bility and nonlinear dynamics, highlighting their implications for ecosystem resilience.
Secondly, it systematically reviews both traditional and emerging indicators of critical
transitions, thus linking theoretical insights with practical early-warning applications.
Thirdly, it introduces optimal control theory as a new perspective, integrating control-
based restoration strategies with classical pattern-formation models. Taken together,
these contributions provide a unified framework that bridges fundamental theory with
management-oriented applications.

The review is organized as follows. Section 2 introduces the mechanisms of vege-
tation pattern formation and their links to ecosystem stability, focusing on positive and
negative feedbacks, multistability. Section 3 discusses vegetation patterns as indicators
of ecosystem resilience, including their role as early warning signals of critical transi-
tions, and further examines restoration and reconstruction strategies based on optimal
control theory and related approaches. Section 4 outlines future directions, emphasizing
the integration of theoretical models, remote sensing technologies, and artificial intelli-
gence, as well as cross-scale and interdisciplinary perspectives to enhance the application
of vegetation pattern research in ecosystem management.

2 Vegetation pattern formation mechanisms and ecosystem
stability

Vegetation patterns emerge as spatial manifestations of the complex organism-environ-
ment interactions shaped by resource distribution, biological behaviors, and environ-
mental pressures. As a classic example of spatial self-organization, the mechanisms un-
derlying vegetation pattern formation are closely linked to ecosystem stability, and this
connection is particularly pronounced in arid and semi-arid ecosystems. The interplay
between positive and negative feedback mechanisms could enable the system to main-
tain stability under varying environmental conditions. Furthermore, the phenomenon of
multistability reveals how the system transitions between different stable states. This sec-
tion will explore the mechanisms of vegetation pattern formation and their relationship
with ecosystem stability from two perspectives: positive and negative feedback mecha-
nisms and multistability phenomena.

2.1 Positive and negative feedback mechanisms

Positive and negative feedback mechanisms are the core driving forces behind vegetation
pattern formation and maintenance [92]. Mathematical modeling provides a powerful
tool to elucidate the role of these mechanisms. By analyzing the dynamics of positive
and negative feedback, one can gain deeper insights into the spatial structure, forma-
tion conditions, and stability of vegetation patterns [94-97,106, 107]. Positive feedback
reflects the local enrichment of resources, where vegetation actively improves the sur-
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rounding environment through physiological and ecological processes, thereby promot-
ing its growth and that of nearby vegetation. For example, plant root systems can enrich
soil moisture, reduce surface runoff, and enhance water retention capacity. This mech-
anism leads to the aggregation of water resources locally, creating a positive loop that
facilitates the lush growth of vegetation. Additionally, vegetation can increase local soil
nutrient content through the accumulation of litter, further driving the spatial clustering
of vegetation. Vegetation can also reduce evaporation rates and modify the microclimate
by shading the surface, thereby enhancing regional suitability and reinforcing the stabil-
ity of vegetation patches. This positive feedback effects often exhibit high nonlinearity,
where increases in vegetation density significantly enhance local resource availability.
In mathematical models, this amplifying effect of positive feedback is often represented
by nonlinear growth terms. For instance, in the Klausmeier model, the term wn? repre-
sents the positive feedback of vegetation on water resources, a similar formulation widely
adopted in more complex models like the Rietkerk and Gilad models [36,55, 84]. There,
w and n are the water density and vegetation biomass, respectively. The essence of posi-
tive feedback lies in driving the local enrichment of resources, forming “hotspots” areas,
and providing conditions for further vegetation expansion. However, relying solely on
positive feedback can lead to excessive resource concentration and ecosystem instability.
For example, systems that depend entirely on positive feedback may experience rapid
vegetation degradation or collapse when resources are depleted.

To counterbalance the intensifying effects of positive feedback, negative feedback
mechanisms regulate the expansion of vegetation through resource competition and dif-
fusion processes. Negative feedback primarily limits vegetation expansion in high-den-
sity areas while redistributing resources to low-density regions, thereby maintaining the
dynamic balance of system. For example, the Rietkerk model employs a nonlinear sat-
uration function, such as w/(w+kj), to describe the limitation of water availability on
vegetation growth [41, 84]. Namely, it grows approximately linearly when w is small
but gradually saturates as w becomes large, approaching its maximum value asymptot-
ically. The parameter k; determines the half-saturation threshold, i.e. the water level
at which growth reaches half of its maximum rate. This resource competition becomes
more pronounced with increasing vegetation density, ultimately suppressing disorderly
expansion. In addition, diffusion processes redistribute resources across spatial gradi-
ents, further modulating the effects of local positive feedback. In mathematical models,
the diffusion effects are commonly represented by terms such as D,,V?1, where D, is the
diffusion coefficient and V21 describes the spatial redistribution of vegetation biomass,
smoothing local density differences and preventing over-aggregation.

The synergistic interaction between positive and negative feedback mechanisms de-
termines the formation conditions and stability of vegetation patterns. In reaction-diffu-
sion models, positive feedback drives the emergence of patterns through local growth
terms, while negative feedback maintains system stability through diffusion and resource
competition terms. For instance, in the Rietkerk model, the interactions between vegeta-
tion, soil water and surface runoff are described by the following equations [41, 84]:
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where n,w and h are vegetation biomass, soil water, and surface water, respectively. The
parameter gmax denotes the maximum specific growth rate, and k; is the half-saturation
constant for water-limited growth. The growth term cgmaxw/(w+kj)n captures local
positive feedback, as vegetation enhances its own growth under sufficient soil moisture.
The mortality term —mn reflects local negative feedback through natural death of vegeta-
tion, while the diffusion term D, V?n introduces spatial negative feedback by smoothing
biomass gradients. In the soil water equation, the term a(n+kyf)h/(n+k;) represents
infiltration of surface water, modulated by vegetation presence. Here, f quantifies the
infiltration contrast between vegetated and bare-soil, k, determines the sharpness of this
contrast, and « is the maximum infiltration rate. This infiltration term enhances positive
feedback, as vegetation improves local infiltration, thereby increasing water availability.
The terms —vw and —yw/ (w+k; )n account for evaporation (with rate v) and plant water
uptake (with efficiency ), respectively, both contributing to negative feedback by deplet-
ing soil water. The diffusion term D,, V2w redistributes soil moisture across space. In the
surface water equation, rainfall enters at a constant rate p, and water is lost through infil-
tration —a(n+kyf)h/(n+kz), coupled to the vegetation distribution. The diffusion term
D;,V2h models overland water flow, which acts as a spatial stabilizing force. Together,
the model captures a balance of positive feedbacks (e.g. vegetation-facilitated infiltration
and growth) and negative feedbacks (e.g. mortality, evaporation, diffusion), which col-
lectively drive the emergence and maintenance of spatial vegetation patterns in semi-arid
ecosystems.

As research advances, models based on positive and negative feedback mechanisms
have evolved to describe complex ecological processes and environmental impacts more
precisely. Early models often assumed localized resource redistribution, while real-world
ecological processes frequently exhibit significant nonlocality. Nonlocal processes in-
clude nonlocal diffusion and nonlocal competition [13,27]. Nonlocal diffusion typically
describes the lateral movement of water or resources, such as the long-distance move-
ment of water along the surface or underground. Nonlocal competition reflects the pro-
found effects of vegetation root systems, where plants in one area may extract water from
another area via roots. These processes can be modeled using integral kernel functions.
For example, the Gilad model introduces nonlocal effects of root systems through kernel
functions g(X,X’,T), where the nonlocal terms can be expressed as [36]

e :1// ¢(X,X', T)w(X', T)dX, Gw:'y/ ¢(X', X, T)n(X',T)dX’,
Q Q
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indicating that vegetation-water interactions are shaped not only by local conditions but
also by the spatial reach of root systems. G, aggregates the water that a plant at X can mo-
bilize via its laterally spreading roots: moisture at surrounding locations X’ contributes
to growth at X in proportion to how easily the root system can reach X’. Hence, Gp is
an effective supply term produced by root-mediated access to the neighborhood water
field. Gy quantifies the cumulative water demand at location X imposed by vegetation
located elsewhere. This is expressed via the kernel function g(X’,X,T), which measures
how effectively roots from surrounding biomass at X’ can access water at X. Thus, Gy
serves as a nonlocal sink term, reflecting competitive water uptake driven by the spatial
extent of root systems. A convenient and biologically interpretable choice for the kernel g
is a Gaussian kernel whose width grows with local biomass (larger plants explore a wider
soil domain) [36,74]
/ 1 X X'?

SN T) = e =g

where S(n) = So(1+En) is the lateral root-zone radius as a function of above-ground
biomass (with So=5(0) the seedling value). As n(X,T) grows, S(n) expands, so more
distant soil contributes positively to G, and, symmetrically, more neighbors can with-
draw water at X via G,. Positive feedback therefore extends the range of water capture
through root proliferation, whereas nonlocal negative feedback limits excessive resource
concentration through remote competition. The development and characteristics of clas-
sical feedback-based models are summarized in Table 1, which details their core equa-
tions, features, and applications.

The positive and negative feedback mechanisms not only influence resource distribu-
tion and system stability through spatial processes but also exhibit complexity through
delayed effects in temporal dynamics (Fig. 1) [126]. Fig. 1 intuitively illustrates the differ-
ences in ecosystem responses to external disturbances under conditions with and without
time delays. In the absence of delays, dynamic feedback allows the system to rapidly sta-
bilize. However, when time delays are present, feedback lags can destabilize the system,
leading to periodic oscillations or even collapse. This figure clearly demonstrates the
profound impact of time delays on positive and negative feedback mechanisms.

In vegetation systems, dynamic behaviors are often influenced by time delays in re-
source utilization and environmental changes [122]. For instance, the processes of re-
source absorption, growth, and feedback in vegetation are not immediate but require
a finite time. Such time delays can be expressed using delayed differential equations, be-
coming an important extension in describing the spatiotemporal dynamics of ecosystems
under positive and negative feedback mechanisms. The general form of a delay model

can be written as

on

—=f(n(t—=7))+V?n,

ot
where T represents the delay, reflecting the response lag of vegetation to environmental
changes. This formulation enables more accurate simulations of the long-term impacts
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Table 1: Classic vegetation-water models based on positive and negative feedback mechanisms.
Name Equations Key features and innovations Refs.
0
Lefever- a—’: =(1-pwn+(A-1)n>-n? Single-variable model, describ- | [58]
Lejeune 1,, N ing local positive feedback and
model + 5 (L*=n)Vn— g”v 1. remote negative feedback, used
(1997) for capturing regular vegetation
patterns.
)
Klausmeier a—rtl =wn?—mn+An, Introduces water as a dynamic | [55]
model Sw variable, emphasizing the role
(1999) o =P w- wn?+oVw. of water-vegetation positive
t feedback, revealing the con-
ditions for vegetation pattern
formation.
) 0
von om__I® n—n®—mn —|—An—w First to introduce cross-dif- | [118]
ot l+4ow ot . .
Hardenberg ) fusion terms, revealing vege-
model =p—(1—pn)w—wn tation’s competition for water
(2001) + A (w—Pn)—oV (w—an). resources and predicting tran-
sitions from bare soil at low
precipitation to homogeneous
vegetation at high precipitation.
)
Rietkerk a_ CSmax v n—mn+D,V?n, Expands water dynamics by in- | [41],
ot w+kq .
model troducing layers of surface and | [84]
ow n+kyf . ..
(2002) — —x —vw—7 n soil water, emphasizing the bal-
ot n+ks wtky ance between positive and neg-
4+ Dy V2w ative feedback.
oh n+kof
—=p—a——="h+D;,V?h.
ot Wik, nV
)
Gilad a—rtl =Gun(l—n)—n+DyAn, Incorporates nonlocal feedback | [35],
model mechanisms, combining root- | [36]
(2004) ow =Ih—v(1—pn)w—Gyw level competition and lateral
ot 4 Do Aw water flow, significantly increas-
9 o ing model complexity.
— =p—Ih+DyAh.
5 P Dh
)
Simplified a—rtl =vwn(l—n)(1+yn)? Reveals the mechanism of spa- | [130],
Gilad —n+D,An, tial self-organization in the for- | [34]
model ow mation of Australian fairy cir-
(2015) E:Ih—v(l—pn)w cles.
—y(14nn)?*wn+ DyAw,
oh
—=p—Ih+DyAh.
ot p + Dy
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Figure 1: lllustration of ecosystem dynamics with and without time delays. (a) In the absence of time delays,
species interactions occur instantaneously, allowing for rapid stabilization following perturbations, as seen in
the progression from the initial state through recovery. (b) When time delays are introduced, interactions
are temporally lagged, leading to prolonged dynamic responses and potential destabilization, culminating in
ecosystem collapse. (c), (e) Abundance trajectories of three interacting species demonstrate smooth recovery in
the delay-free system versus oscillatory behavior and instability in the delayed system. (d), (f) Stability regions
in the complex plane reveal that time delays can shift system eigenvalues from a stable regime to an unstable
regime, emphasizing the critical role of delays in determining ecological stability. Source: Adapted from [126].

of climatic events on ecosystems, such as droughts and rainfall, and reveals the temporal
dynamics of vegetation during catastrophic shifts and recovery processes.

The delay effects not only alter the temporal responses of vegetation systems but also
influence the dynamic behavior of patterns through coupling with diffusion processes.
When there is a delay in the response of vegetation to changes in water or nutrient avail-
ability, studies have shown that this time delay can disrupt the equilibrium state of the
system, leading to periodic oscillations in patterns. Li et al. [59] applied delay effects to
describe the time difference in vegetation growth following water absorption, coupling
this delay effect into an extended Klausmeier model, and obtained

oN
> =RJW(x,t—T)N?(x,t —7) — MN(x,t)+ D1 V2N (x,t),
(2.2)
oW
= =P~ LW(x,t) —RW(x,t)N?(x,t) + D, V2 (W —B1N(x,t)).
Li et al. [59] analysis shows that when the contribution of water to vegetation growth
involves a time delay, the system may no longer maintain a stationary equilibrium but
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instead enter a state of periodic oscillation . This dynamic feature not only alters the tem-
poral behavior of vegetation but may also affect pattern formation by disrupting spatial
uniformity, causing the vegetation system to exhibit more complex dynamic behavior.
Furthermore, the effects of time delays in ecosystems also play a role in a large spatial
range. The response of vegetation to long-distance resource changes is often subject to
longer delays, such as the transmission time of groundwater resources in different re-
gions or the competitive processes of plant root over large areas. This long-range delay
can be described mathematically using nonlocal integral terms, such as [46]

— —R]Nz/ / (x,y,t—7)B(t—T)W(y,7)dtdy— MN+D; V>N (x,t),

(2.3)
aa_vtv —P—LW— RNZ/ / (x,y,t—T)B(t—T)W(y,7)dtdy+ D2 V2(W — 1 N),
where I(x,y,t—T) is a spatial kernel function that describes how vegetation at location x
is influenced by water availability at location y with a delay t—1, and B(t—7) is a memory
kernel that represents the temporal influence or efficiency of delayed water uptake. The
study by Hou et al. [46] reveals that the combination of time delays and long-range ef-
fects can increase the complexity of vegetation patterns, potentially transforming regular
patterns into more heterogeneous structures, such as quasiperiodic or fractal patterns.
This complexity manifests not only in the spatial distribution of vegetation but also in
nonlinear transitions of vegetation from one stable state to another.

Moreover, the intensification of global climate change has brought new challenges
and directions to the study of vegetation patterns. Climate factors, such as precipitation
intensity, evaporation rates, and temperature fluctuations, not only alter the temporal dy-
namics of ecosystems but also influence the formation and evolution of patterns through
their complex interactions with positive and negative feedback mechanisms [20, 54,103].
Long-term trends and short-term fluctuations driven by climate change often regulate
the core dynamical processes of vegetation growth through various pathways. For ex-
ample, reduced precipitation or increased evaporation may directly weaken positive
feedback mechanisms, preventing vegetation from effectively concentrating water re-
sources. Simultaneously, temperature fluctuations may indirectly alter the physiological
and metabolic processes of plants, thereby affecting their competitive ability and resource
utilization efficiency. The work by Kefi et al. [54] incorporated climate factors (particu-
larly atmospheric CO, concentrations) into vegetation models, significantly advancing
the understanding of the complexity of arid ecosystems. By integrating key climatic
drivers CO, concentrations, temperature, and precipitation into the framework of pos-
itive and negative feedback mechanisms, the study elucidates how these factors regulate
vegetation growth, transpiration efficiency, and resource cycling. The core equations of
their model are expressed as follows:

oP

W
> cuczgcozw+k P—RespP+DpAP, (2.4a)
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Simulation results show that increased CO; concentrations can enhance vegetation sur-
vival by improving water use efficiency (gco,) and reducing transpiration rates, thereby
improving overall ecosystem stability. Under high CO, conditions, the system tends to
form more stable and denser vegetation patterns. However, in scenarios with low precip-
itation, the scarcity of water resources may outweigh the benefits of increased CO;, po-
tentially leading to vegetation degradation or transitions from regular patterns to sparse
distributions or even desertification. Furthermore, the study by Kefi et al. [54] reveals
the complex coupling between climatic factors and internal ecosystem feedback mech-
anisms, which significantly influence the dynamics and stability of vegetation patterns.
With intensified climate change, vegetation patterns may evolve from regular distribu-
tions to more heterogeneous or sparse configurations, while driving ecosystems toward
nonlinear transitions between different stable states. By integrating climatic factors with
the framework of positive and negative feedback mechanisms, the model (2.4) deepens
our understanding of the formation and evolution of vegetation patterns under climate
change. It also provides a crucial theoretical framework for predicting the impacts of
global climate change on arid ecosystems and emphasizes the importance of monitoring
climate drivers (such as CO,, precipitation, and temperature changes) to assess ecosys-
tem stability.

2.2 Multistable phenomena and stability

Multistability is a critical characteristic of ecosystem dynamics, referring to the ability
of a system to maintain multiple stable states under identical external conditions, such
as states with high vegetation density, low vegetation density, or bare soil. This phe-
nomenon is particularly significant in the formation and maintenance of vegetation pat-
terns, reflecting the inherent complexity of ecosystems and their resilience under envi-
ronmental changes. The formation and dynamic characteristics of multiple stable states,
as well as their impact on ecosystem stability, constitute the key content for understand-
ing the relationship between vegetation patterns and ecosystem stability. Multistability
arises from the interplay of positive and negative feedback mechanisms within ecosys-
tems, driven by nonlinear ecological processes such as localized resource enrichment,
diffusion constraints, and competitive interactions. These processes enhance the non-
linear properties of the system, allowing ecosystems to exhibit varying stability and re-
silience under changing environmental conditions. To gain deeper insights into multi-
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stability and its impact on ecosystem stability, researchers have extensively explored its
mechanisms, dynamics, and behavior under various environmental conditions through
theoretical models and field observations [90,105,127].

Theoretical models and field studies have consistently confirmed the prevalence of
multistability and provided mathematical and visual tools to explain catastrophic shifts
in ecosystems. For example, the research by Scheffer et al. [90] demonstrates that mul-
tistable behavior in ecosystems is often accompanied by the presence of tipping points.
They proposed the concepts of the folded equilibrium curve and hysteresis loop, which
offer a theoretical foundation for predicting regime shifts (Fig. 2). Fig. 2(a) illustrates
a classic fold bifurcation structure, in which an ecosystem exhibits multiple stable states
under gradually changing environmental conditions. The curve shows how the system
state responds nonlinearly to variations in an external driver. Stable branches are shown
as solid lines, while unstable branches are indicated by dashed lines.

As conditions deteriorate, the system gradually moves along the upper stable branch
until it reaches a critical tipping point (F,), where a small change leads to a abrupt tran-
sition to a lower stable state, known as a forward shift. When conditions are reversed,
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Figure 2: lllustrations of ecosystem state shifts and stability landscapes under varying conditions. (a) The
folded equilibrium curve highlights forward (F2) and backward (F1) shifts between ecosystem states as external
conditions (e.g. resource availability) change. Solid lines represent stable states, while dashed lines indicate
unstable states. (b) External perturbations near the folded equilibrium curve can drive abrupt state transitions,
emphasizing the sensitivity of ecosystems close to tipping points. (c) Stability landscapes represent ecosystem
states as valleys (stable equilibria) and hills (unstable equilibria), with changes in external conditions affecting
the basin of attraction. Perturbations can push the system between stable states, illustrating the interplay
between stability and resilience in multi-stable ecosystems. Source: Adapted from [90].
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the system does not return to its original state immediately. Instead, it remains in the
altered state until it reaches a second threshold (F; ), where a backward shift occurs. This
hysteresis behavior reflects the influence of positive feedback mechanisms that main-
tain the system within a given regime and resist change until critical points are crossed.
Fig. 2(b) depicts how external disturbances directly affect system states. When the sys-
tem approaches the folded curve, even small perturbations can push it into another stable
state, highlighting its high sensitivity near critical conditions. Additionally, Fig. 2(c) uses
a landscape representation to illustrate stability: valleys represent stable states, while
ridges indicate unstable states. As external conditions change or perturbations increase,
the system may transition from one stable state to another. This landscape model reflects
the size of attractor basins and their resilience to disturbances. For instance, smaller at-
tractor basins imply that even moderate disturbances can push the system into other
stable states. This increasing vulnerability to perturbations, especially as the system ap-
proaches a bifurcation point, emphasizes the importance of identifying early warning
signals for regime shifts in multistable systems.

Building on this theoretical foundation, von Hardenberg et al. [118] predicted the mul-
tistable characteristics of vegetation systems under varying precipitation conditions us-
ing constructed models. When precipitation approaches a critical threshold, the system
may abruptly shift from a high vegetation cover state to a low vegetation cover or bare
soil state [85]. Such catastrophic shifts are driven by positive feedback mechanisms: un-
der resource-limited conditions, the ability of vegetation to enrich water diminishes, fur-
ther reducing resource availability, ultimately degrading the system into a bare soil state.
These shifts are described as catastrophic bifurcations, mathematically characterized by
abrupt changes in solutions when system parameters reach a critical threshold. Fig. 3
provides a detailed illustration of this catastrophic bifurcation and the specific manifes-
tations of multistability. There, the horizontal axis represents resource input (e.g. precip-
itation), and the vertical axis represents ecosystem states (e.g. vegetation biomass). Solid
parts of the curve indicate stable states, while dashed parts represent unstable states.
Changes in resource input, from high to low, reflect the potential state transitions of the
system: from uniform vegetation to patterned vegetation and eventually to bare soil.
Notably, in the range [po,p1], the system exhibits significant multistability, where it can
maintain a uniform vegetation, patterned vegetation, or bare soil state, depending on
initial conditions or external disturbances.

To further explore the complexity of multistability, Zelnik et al. [127] focused on trista-
bility, which includes uniform vegetation (UV), periodic patterns (PP), and bare soil (BS)
states. Their research demonstrates that these states not only exist independently under
specific conditions but can also exhibit dynamic transitions influenced by complex in-
teractions between feedback mechanisms and disturbances (Fig. 4). For example, under
low-intensity disturbances, the system may oscillate between two adjacent stable states.
However, with increased disturbance intensity, the system may transition to a completely
different stable state. These phenomena are jointly driven by feedback mechanisms and
environmental parameters. Fig. 4 provides a clear visualization of the transitions among
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Figure 3: (a) and (b) show the averaged density of vegetation biomass (1) versus rainfall (p) under different slope
conditions. (a) represents flat terrain, while (b) incorporates finite slope. Solid lines indicate stable equilibria,
and dashed lines represent unstable states. Insets illustrate vegetation patterns, highlighting transitions such as
spotted, labyrinthine, and homogeneous states as resource input changes. The influence of slope shifts stability
boundaries and modifies vegetation patterns. Source: Adapted from [118].

these states and their distribution within the parameter space. The bifurcation diagrams
in the upper row of Fig. 4(a) reveal the stability regions and boundaries of UV, PP, and BS
states. Black curves represent the stable regions of UV and BS states, blue curves indicate
PP states, and red curves highlight localized hybrid states such as BS & UV, UV & PP,
and PP & BS. The spatial distribution diagrams in the lower row of Fig. 4(a) further illus-
trate vegetation (green) and water (blue) spatial patterns under specific parameters. For
example, direct transitions between UV and BS indicate desertification processes, while
localized hybrid states between UV and PP suggest that patterned vegetation can act
as a transitional state. Within the serpentine region, hybrid states between UV and PP
are stable, allowing the system to maintain complex front or patch structures. Fig. 4(b)
presents a stability parameter diagram that further characterizes the stable regions and
boundary features of different states within the parameter space defined by precipita-
tion (a) and diffusion coefficient (d). These boundaries delineate the critical conditions
under which the system transitions from one stable state to another. Fig. 4(c) illustrates
the spatiotemporal dynamics of the system under various parameter conditions. For ex-
ample, under low diffusion conditions (e.g. point A in the right figure of Fig. 4(b)), the
bare soil state can invade the uniform vegetation state, leading to desertification. Con-
versely, under high diffusion conditions (e.g. point F in the right figure of Fig. 4(b)), the
system is more likely to transition from UV to PP, where diffusion facilitating the forma-
tion of periodic patterns. Under intermediate conditions (e.g. point C in the right figure
of Fig. 4(b)), the system may maintain a mixed state where UV, PP, and BS alternate,
resulting in complex dynamic behaviors.
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Figure 4: Dynamics of tristability in vegetation patterns. (a) Stability diagrams showing the coexistence of
bare soil, uniform vegetation, and periodic patterns under varying control parameters (e.g. rainfall a). The
bottom row illustrates spatial distributions of biomass (B) and water (W) corresponding to different stable
states. (b) Parameter space highlighting stability regions for different states and their bifurcations. The left
plot shows regions of stability for UV, PP, and BS states under varying rainfall (a) and diffusion (d), while the
right plot identifies specific parameter points (A-L) corresponding to multistable states. Snake-like structures
indicate regions of multistability, where combinations of BS & UV, UV & PP, or PP & BS coexist under
certain conditions. (c) Spatiotemporal dynamics corresponding to the parameter points (A-L) in (b, right).
Each subpanel (A-L) illustrates how vegetation patterns evolve over time and space under specific parameter
settings, demonstrating transitions, oscillations, or coexistence between different stable states. Source: Adapted
from [127].

Building on this, Xue et al. [124] developed a vegetation-water model with nonlo-
cal water uptake to investigate how root-mediated competition influences multistability
transitions. Their weakly nonlinear analysis revealed that the strength of nonlocal uptake
can alter the nature of Turing bifurcations: under low water diffusivity, stronger nonlocal
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effects shift the system from supercritical to subcritical bifurcations, thereby inducing ho-
moclinic snaking structures and localized states. Numerical simulations further showed
that as precipitation varies, the system undergoes a sequence of stability transitions: from
monostability (bare soil), to bistability, to tristability (coexistence of BS-UV-PP), and back
to bistability (Fig. 5). Under subcritical conditions, a rich set of localized hybrid states,
such as single-peak (Fig. 5(i)) and multi-peak (Fig. 5(h)) structures. Moreover, by compar-
ing vegetation patterns in Senegal and Australia, the study demonstrated that differences
in nonlocal uptake intensity — linked to soil texture and root system architecture — can ex-
plain regional contrasts: strong nonlocal uptake in sandy soils favors the formation of
regular fairy circles, while weaker uptake in clay soils promotes irregular or mixed pat-
terns. These findings highlight the critical role of nonlocal interactions in driving multi-
stability and provide a theoretical framework to interpret observed spatial heterogeneity
across dryland ecosystems.

Recent work has further extended the understanding of multistability by revealing
that reaction-diffusion systems can even support the coexistence of three fundamentally
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Figure 5: Shifts of multiple vegetation states in the vegetation-water model with nonlocal uptake. The precip-
itation axis is divided into four intervals by critical thresholds (a,;,ar,apr), corresponding to monostability of
bare soil, bistability of BS+PP, tristability of UV+PP+BS, and bistability of UV+BS. Row (a,d,e): Starting
from UV (a), vegetation density decreases with precipitation until it collapses irreversibly to BS when a < as;,.
Row (f,b,g,h,i,j): Starting from a hybrid UV-PP state (b), increasing precipitation drives the system to UV,
while decreasing precipitation induces PP, multi-peak and single-peak states, eventually collapsing to BS. Row
(c,k,I,m,n): Starting from a single-peak state (c), the system shifts to BS under drought and recovers back to
UV under rainfall increase, passing through PP and hybrid states. Source: Adapted from [124].
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distinct states, a phenomenon described as three-domain chimera states [105]. Specifi-
cally, this study demonstrated that when zero-uniform (ZU), non-zero-uniform (NZU),
and periodic patterned states simultaneously coexist, the system exhibits a novel form of
tristability beyond classical ecological cases. The emergence of such states requires three
mathematical conditions: (i) bistability between ZU and NZU accompanied by the pres-
ence of a Maxwell point, (ii) a subcritical Turing bifurcation of one of the uniform states
leading to coexistence with PP, and (iii) the occurrence of a homoclinic snaking structure
at the Maxwell point. Under these conditions, the ZU, NZU, and PP states can stably
coexist, giving rise to a stationary three-domain chimera; deviations from the Maxwell
point, however, cause the structure to collapse into classical two-domain chimeras. Im-
portantly, this mechanism has been validated across several canonical models, including
the generalized Swift-Hohenberg, extended Klausmeier, and Guttal-Jayaprakash models,
underscoring the universality of tristability phenomena in spatially extended systems.
These findings provide a strong theoretical complement to ecological studies, highlight-
ing the deep connection between mathematical multistability and the resilience or vul-
nerability of ecosystems under environmental stress.

These findings significantly expand the understanding of ecosystem responses to en-
vironmental changes, providing more complex transition pathways compared to tradi-
tional bistability. For instance, in the face of drought or grazing disturbances, the system
may delay complete degradation to bare soil by maintaining localized hybrid states. The
patch structures within the serpentine region provide resilience, allowing the system to
adapt better to environmental disturbances. Furthermore, this phenomenon enriches the
dynamics of vegetation patterns and offers new perspectives for ecosystem management.
In tristable systems, human interventions that limit bare soil expansion while maintain-
ing patterned vegetation can significantly enhance ecosystem stability. This approach is
particularly crucial for semi-arid ecosystems, which often operate near critical thresholds
under climate change and human disturbances.

Additionally, Bastiaansen et al. [4] validated the multistable characteristics of ecosys-
tems by extending the Klausmeier model and proposed the concept of the “Busse Bal-
loon” to describe the distribution of multiple stable states under different combinations
of environmental parameters. In particular, within the Turing instability region, periodic
patterned states with different wavelengths can emerge from distinct bifurcation points,
resulting in multistability among modes of varying spatial scales [105]. As shown in
Fig. 6, the bifurcation diagram and spatial distributions illustrate how decreasing values
of the control parameter A generate PP states with increasing wavelengths, while the am-
plitude of the steady-state solution oscillates before converging to a finite value. This in-
dicates that ecosystems can sustain multiple patterned states simultaneously, depending
on environmental conditions, and even supports chimera-like states characterized by the
coexistence of patterns with different wavelengths (Fig. 6(a5)). Such findings emphasize
that multistability not only occurs between homogeneous and patterned vegetation but
also within patterned states themselves, enriching the spectrum of possible vegetation
dynamics.
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Figure 6: Periodic patterned states with different wavelengths at the Maxwell point within the Turing instability
region. Bifurcation diagram showing the coexistence of multiple PP states originating at different bifurcation
points. Panels (al)-(a3) depict spatial patterns of PP states with increasing wavelength as the bifurcation
parameter A decreases. Panel (a4) shows how the amplitude of the solution oscillates before converging to
a finite value with wavelength. Panel (a5) illustrates a chimera-like state characterized by the coexistence of
two PP states with distinct wavelengths. Source: Adapted from [105].

Rietkerk et al. [83] identified the diversity of stable patterns within parameter spaces
such as the Busse Balloon region, highlighting the adaptive capacity of ecosystems un-
der stress. This diversity enables ecosystems to maintain their overall functionality and
productivity by adjusting local or global patterns. The study further demonstrated that
during disturbances, the formation of coexisting states allows ecosystems to sustain mul-
tiple stable states spatially rather than collapsing into a single state. This phenomenon is
particularly evident in transitional zones between wet and arid environments. For exam-
ple, in savanna ecosystems, multiple stable spatial patterns have been observed, includ-
ing forest-grassland boundaries in wet areas, Turing patterns of sparse savanna and dry
grassland in moderately wet areas, and grassland-desert patches in arid regions (Fig. 7).
The coexistence of these patterns reflects the adaptive capacity and diversity of ecosys-
tems. Particularly during rapid environmental changes, these diverse patterns provide
buffer and recovery capacity for the ecosystem. Fig. 7 illustrates the typical distribution
of these spatial patterns, revealing that their stability depends on environmental parame-
ters (e.g. precipitation and diffusion coefficients) and the dynamic balance between local
and global feedback mechanisms. For ecosystem management, this multistability offers
significant insights: through interventions such as regulating resource allocation or veg-
etation types, the stability of ecosystems under varying environmental conditions can be
enhanced, thereby reducing the risk of transitions to bare soil or low biomass states.

Multistability not only determines ecosystem stability but also characterizes resilience
and vulnerability. On the one hand, systems with multistability can recover to original
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Figure 7: Representation of vegetation spatial patterns across varying environmental gradients. The top panel
illustrates transitions between desert, savanna, and tropical forest ecosystems, influenced by factors such as
fire intensity and rainfall. Insets depict characteristic vegetation structures: spots and stripes in arid regions,
labyrinth-like patterns in savannas, and denser formations in humid zones. The bottom panel displays satellite
images corresponding to these patterns, highlighting the ecological processes driving transitions and the role of
spatial self-organization in ecosystem resilience. Source: Adapted from [83].

stable states under minor disturbances, providing resilience against short-term environ-
mental changes. On the other hand, exceeding critical thresholds may lead to transi-
tions to alternate stable states, with potential irreversibility. For instance, overgrazing
or prolonged droughts may degrade vegetation into bare soil, worsening conditions and
reducing recovery capacity. Overall, multistability plays a key role in the formation of
vegetation patterns and ecosystem stability. Studying its mechanisms, thresholds, and
transitions provides crucial insights into ecosystem dynamics under changing environ-
ments, supporting vegetation restoration and ecological conservation efforts.

3 Vegetation pattern and ecosystem resilience

Vegetation patterns not only serve as key indicators of ecosystem health but also play
a critical role in system resilience and adaptive capacity. The formation and variation of
these patterns reflect the stability and dynamic responsiveness of ecosystems to environ-
mental disturbances. In semi-arid or degraded ecosystems, structural characteristics of
vegetation patterns such as spacing, morphology, and spatial distribution not only act as
diagnostic tools for assessing system states but also provide scientific insights into pre-
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dicting ecosystem recovery potential and designing management strategies. This section
will delve into the pivotal roles of vegetation patterns in the early warning of degrada-
tion, recovery processes, and ecosystem management.

3.1 Early warning signals

Vegetation patterns, as spatial representations of ecosystem states, reflect signals of sys-
tems approaching critical points, thus serving as important early warning signs for eco-
system degradation. In the context of intensified global climate change and human ac-
tivities, ecosystems often exhibit localized nonlinear responses rather than uniform ad-
justments. Research has shown that such localized responses manifest as self-organized
vegetation patterns, demonstrating evolution processes with complex dynamics. Tradi-
tional elasticity metrics often fail to capture these processes as they generally assume
uniform ecosystem responses to changing environmental conditions until the system
crosses a critical threshold and undergoes catastrophic transitions, neglecting spatial ef-
fects and pattern transitions. However, real-world ecosystems exhibit more complex self-
organizing behaviors due to spatial heterogeneity, forming localized patch patterns that
not only represent ecosystem steady states but also carries the rich dynamic information
about the system. As a result, changes in vegetation patterns have become central to
studying ecosystem degradation. By analyzing the shape, distribution, and dynamics
of patterns, signals of critical thresholds can be identified, providing early guidance for
management interventions. These early warning signals mainly manifest in the follow-
ing aspects:

¢ Increase in patch spacing: As ecosystems approach critical thresholds, the spac-
ing between vegetation patches often increases significantly. This is due to the in-
creased heterogeneity in resource distribution within the system, leading to sparser
vegetation distribution. Changes, especially the increase in patch spacing, are wi-
dely regarded as key indicators of declining system stability [3].

¢ Irregularity in shape: Under unfavorable environmental conditions, vegetation
patterns gradually shift from regular to irregular distributions, characterized by
blurred boundaries and fragmented patches [51-53]. This irregularity reflects the
weakening of positive feedback mechanisms and the strengthening of negative
teedback mechanisms, marking significant ecosystem degradation.

¢ Critical slowing down: As ecosystems approach critical thresholds, their response
speed to external disturbances decreases significantly, and recovery time increases
dramatically [88]. This dynamic behavior indicates a gradual loss of self-regulating
capacity within the system.

These features collectively demonstrate the characteristics of vegetation patterns as sys-
tems near critical points. Both theoretical models and field observations have validated
the effectiveness of vegetation patterns as early warning signals of ecosystem degrada-
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tion, revealing the mechanisms and applicability of these signals. Below, we delve into
the details using theoretical models and field observations.

3.1.1 Patch spacing as a key early warning signal

The increase in patch spacing, a significant early warning signal, is often explained by
reaction-diffusion models. In such models, the interplay between localized resource ac-
cumulation and diffusion constraints leads to spatial patterns with specific wavelengths.
As systems approach critical points, decreased resource weakens positive feedback mech-
anisms, extending the wavelength of patterns. For instance, the Klausmeier and Gilad
models indicate that when precipitation falls below a certain threshold, vegetation patch
spacing increases rapidly [77,106]. This phenomenon has been empirically validated
in dryland vegetation systems, particularly in semi-arid savannas, where significant in-
creases in patch spacing align closely with trends of ecosystem degradation [6,70, 83].

From a dynamic perspective, as precipitation decreases, the feasible region — defined
as the subset of system configurations that can maintain stable vegetation patterns un-
der given environmental conditions — progressively shrinks, resulting in larger vegeta-
tion patch spacing and eventual unsustainability (Fig. 8). Specifically, under high pre-
cipitation conditions, resource allocation within patch systems supports regular patch
arrangements (Fig. 8(d)). However, as precipitation decreases, the feasible region of sys-
tem gradually contracts, rendering some vegetation patches unsustainable and causing
their disappearance (Figs. 8(e), 8(f)). This dynamic change manifests as an increase in
patch spacing, with newly formed patch configurations becoming increasingly irregu-
lar. This process illustrates the direct impact of declining precipitation on patch spacing
and further corroborates the significance of increasing patch spacing as an early warn-
ing signal of system degradation. From this perspective, the increase in patch spacing
is a passive phenomenon, reflecting a reorganization of vegetation patches under en-
vironmental pressure. This reorganization is not only governed by resource distribu-
tion constraints but also influenced by the rate of environmental change. In scenarios
of slow environmental change (blue lines in Figs. 8(b), 8(c)), vegetation patches have
sufficient time to reorganize, redistributing resources among existing patches to form
more regular structures. These regular configurations exhibit higher resilience, enabling
stability under lower precipitation levels. However, with continued precipitation de-
cline, the system eventually undergoes a “period-doubling” transition, where half of the
patches disappear, signaling a shift to a more degraded state. In contrast, under rapid
environmental change (red lines in Figs. 8(b), 8(c)), patches lack the time needed for self-
reorganization. As the feasible configuration region contracts rapidly, patches disappear
one by one, eventually leading to desertification. This degradation pathway highlights
the critical role of the rate of change in ecosystem stability and underscores how rapid
changes typically result in more severe degradation patterns [3]. These observations fur-
ther emphasize the value of patch spacing dynamics as a warning signal of ecosystem
degradation while providing theoretical support for assessing whether the system is ap-
proaching a tipping point.
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Figure 8: Illustration of ecosystem dynamics and sensitivity to rainfall changes in patterned ecosystems. (a) Clas-
sical perspective of critical transitions: Ecosystems exhibit abrupt shifts at tipping points as rainfall a decreases,
characterized by a sudden drop in the number of patches (solid and dashed lines indicate stable and unstable
states, respectively). (b) Multistable systems: Smaller pattern transitions occur as rainfall decreases. Slow
environmental changes (blue lines) allow for smoother, stepwise reorganization of patches, while fast changes
(red lines) lead to abrupt collapses with limited reconfiguration. (c) Sensitivity to rate of change: Regular
configurations are more resilient under slow rainfall decreases (blue lines) but exhibit irregular transitions under
rapid changes (red lines), highlighting the rate-dependence of ecosystem responses. (d)-(f) Conceptual phase
portraits of patterned ecosystems under varying rainfall conditions. (d) High rainfall: Feasible configurations
(green ellipse) support numerous patches. (e) Medium rainfall: Shrinking feasible region with fewer stable
configurations; patches become more vulnerable and tend to collapse. (f) Low rainfall: Feasible configurations
disappear; ecosystem dynamics favor widespread patch loss and transition to desertified states. Source: Adapted
from [3].

3.1.2 Irregularity in shape and fragmentation

The irregularity in vegetation patterns reflects changes in the internal dynamics of the
system. As external pressures such as overgrazing or climate change increase, the struc-
ture of vegetation patches gradually shifts from regular arrangements to irregular dis-
tributions. This transformation is often characterized by blurred patch boundaries, frag-
mentation, and disruptions in internal homogeneity. Research by Kéfi et al. [51-53] high-
lights that these morphological changes in patterns are closely tied to the scaling proper-
ties of ecosystems. In healthy ecosystems, vegetation patterns typically follow a power-
law distribution, where the size and frequency of patches adhere to specific power expo-
nents, reflecting scale invariance and fractal structures within the system. However, as
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external pressures intensify such as reduced precipitation or increased human interfer-
ence, this power-law distribution can gradually be replaced by fragmented and random
distributions. This shift serves as a significant indicator of system degradation (Fig. 9).
For example, in dryland ecosystems in Africa and the Mediterranean, vegetation patterns
that initially exhibited power-law distributions under sufficient precipitation and mod-
erate grazing progressively disintegrate under the combined effects of reduced rainfall
and overgrazing. Their spatial structure evolves into more irregular forms [53].

This transition from regular to irregular patterns and from power-law to fragmented
distributions underscores the critical role of patch morphology in the process of system
degradation. It not only reveals the underlying complexity of the internal dynamics of
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Figure 9: Patch-size distributions under varying levels of local positive interactions and grazing pressure, sim-
ulated using a stochastic cellular automaton model. (a), (d) Power-law (PL) distribution of patch sizes with
a stable scaling exponent () and non-significant P-values, reflecting minimal alteration in patch-size distribu-
tion when local positive interactions remain high or grazing pressure is low. (b), (c), (e), and (f) Transition
to truncated power-law (TPL) distributions as local positive interactions decrease or grazing pressure intensi-
fies. These changes are characterized by significant P-values, altered scaling exponents (), and truncation
scales (Sy), indicating increased constraints on large patch formation. Insets: Spatial configurations of patches
corresponding to each scenario. As interactions weaken or grazing pressure increases, patch structures become
more fragmented and exhibit reduced connectivity. Source: Adapted from [53].
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system but also provides an important early warning signal for ecosystem management.
By monitoring changes in vegetation pattern morphology, particularly the progression
of power-law distributions, it is possible to identify signs that the system is approaching
a critical threshold, enabling timely interventions supported by scientific evidence.

3.1.3 Critical slowing down as an indicator

Critical slowing down is a key phenomenon in the dynamic evolution of vegetation sys-
tems and has become a research focus in recent years. Through systematic observations
and model analyses, researchers have found that this phenomenon is closely related
to ecosystem behavior near bifurcation points. When ecosystems approach bifurcation
points, recovery times from disturbances increase significantly, while recovery rates slow
dramatically. This phenomenon is reflected in both time-series and spatial pattern anal-
yses. Dakos et al. [23] analyzed climate change time series and discovered that the re-
covery time of a system significantly increases as it approaches a critical threshold. The
underlying principle of this phenomenon is that, as a system nears a bifurcation point,
the strength of feedback mechanisms weakens, making it more difficult for the system to
recover quickly from disturbances. This study laid the theoretical foundation for subse-
quent research focusing on critical slowing down as a core concept for ecological early-
warning signals. As the theory incorporates concepts from spatial ecology, it propose that
changes in spatial autocorrelation and spatial variance could also serve as early-warning
indicators (Fig. 10). Through simulations and field data, Dakos et al. [22] verified that
changes in spatial patterns could provide early cues of a critical state of system. For
example, when ecosystems approach collapse, spatial autocorrelation between patches
increases, and variance rises, reflecting a decline in the resilience.

Kéfi et al. [52] further advanced this field by studying vegetation patterns in arid
ecosystems and identifying various spatial metrics to quantify critical slowing down,
including spatial variance, autocorrelation, and the fragmentation and complexity of
patterns (Table 2). Their research demonstrated that these spatial characteristics exhibit
highly consistent trends during ecosystem degradation. Notably, increases in spatial vari-
ance have been shown to be key signals of a system nearing a critical threshold. This
achievement provides new tools for monitoring ecosystem health through spatial pat-
terns. Van Belzen ef al. [115] through field studies on tidal marsh ecosystems, validated
the extension of recovery time as a significant indicator of critical slowing down. Their
results showed that the recovery time of a system significantly extended under increas-
ing pressure, proving to be even more sensitive than traditional indicators like changes
in spatial autocorrelation and variance. Such research further broadens the applicability
of critical slowing down, making it a reliable method for quantifying ecosystem vulner-
ability. In addition, Forzieri et al. [32] provided global-scale evidence of critical slow-
ing down in forest ecosystems under intensifying pressures from climate change. Using
satellite data and temporal autocorrelation (TAC) as a core metric, their research revealed
that declining resilience in tropical, temperate, and arid forests was strongly associated
with an increase in TAC, a hallmark of critical slowing down. This rise in TAC indicates
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Figure 10: Conceptual representation of ecosystem resilience dynamics and critical slowing down indicators
as the system approaches a transition. (a) System dynamics far from a critical transition, with a wide and
deep basin of attraction. Effects from disturbances are quickly recovered, leading to a high recovery rate (al).
Autocorrelation remains low (a2), variance in system state is minimal (a3), and skewness is symmetrical (a4).
(b) System dynamics close to a critical transition, with a narrowed and shallow basin of attraction. Disturbances
take longer to recover, indicating a low recovery rate (b1). Autocorrelation increases as the system state becomes
more predictable (b2), variance grows (b3), skewness shifts (b4). Source: Adapted from [22].

that forest systems are taking longer to recover from perturbations, reflecting a progres-
sive loss of resilience. Their findings suggest that critical slowing down is a universal
phenomenon, observable even in large-scale ecosystems through remotely sensed data.

Although traditional indicators such as spatial variance and autocorrelation have
proven effective in quantifying critical slowing down, they exhibit limitations in captur-
ing subtle changes in long-range spatial structures. Recently, spatial hyperuniformity has
been proposed as a novel critical slowing down indicator, providing a new mathematical
tool for uncovering key system dynamics by quantifying the scale-dependence of spatial
density fluctuations [33,48]. Hyperuniformity characterizes the long-range properties of
density fluctuations in a system, with its core concept being to quantify the aggregation
or dispersion of spatial distributions through the scaling law of density fluctuations with
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Table 2: Traditional early warning signals of transitions in spatial data.
Indicator Description Formula Refs.
MN — P -
Spatial Measures the similarity be- | I= Zw[z,jl;vm,n] (z[ij] Z_) 2Z 7] Z), [22],
correlation tween neighboring states, Y(z[m,n)—2) [24],
(Moran’s I) which increases as the. sYs-|_ N wm z[min] [52]
tem approaches a critical | % =Yn=1Lm=1 MN
point.
1
Spatial Indicates increased fluctu- | o2 = N YN YM (z[m,n]-z)2 [22],
variance ations as the system nears [39],
a critical transition. [52]
. . 1 N m ([mn]-2)°
Spatial Reflects asymmetry in fluc- | ¥ = N I e [22],
skewness tuations, which may in- v [39]
crease as the system ap-
proaches a critical point.
1
Discrete Transforms  spatial pat- 2[p.q]= mz%g& YN (z[m,n] —z) [52]
Fourier terns into frequency « p—i2t(mp/M+nq/N)
transform domain to evaluate fluctu- Mo1eN_1 .
(DET) ation scales and periodic- =YLon—0 Lo (2[m,n] —2)
ity. X (cos(2mt(mp/M+nq/N))
—isin(2rt(mp/M+nq/N)))
=a[p,q]—ib[p,q]-
Power Describes a shift toward | I[a,b]=MN(a[p,q])*>+b[p,q)?). [26],
spectrum dominance of longer wave- [52]
(2D- lengths in the power spec-
periodogram) | trum, reflecting increased
memory effects.
a—1/ x \ "
Patch-size Examines shifts in patch | p(x)= ( ) , [9],
distributions |size distribution from xmii‘ Ymin L [51],
power-law to other forms | ppR—1— 0810 (¥min) — Oglo(xsma“e“)_ [53]
(e.g. exponential distri- 10810 (¥max) =108 (Ysmaltest)
bution) during system
degradation.

scale. Its mathematical expression is given by [33,111,112]
(Q(S))~5~*,

where Q(S) represents the density distribution at scale S,0? is the normalized variance,
and b is the density fluctuation exponent, which measures the degree of fluctuation.
In D-dimensional Euclidean space, the density fluctuation exponent b ranges within
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[0,D+1]. When D <b< D+1, the system is defined as hyperuniform. Otherwise, the sys-
tem is non-hyperuniform. In ecological systems, the density fluctuation exponent b can
be further decomposed into short-range fluctuation exponent b, and long-range fluc-
tuation exponent b, which describe fluctuation characteristics at local and long-range
scales, respectively. Among them, the long-range fluctuation index b;, serves as a key
indicator for identifying whether the system exhibits hyperuniformity, effectively cap-
turing large-scale spatial organization and resource optimization capacity [33].

Moreover, Tirabassi and Masoller [110] introduced permutation entropy (PE) as a no-
vel indicator with distinctive advantages. PE quantifies the complexity of system con-
figurations across different spatial patterns, thereby capturing dynamic changes in veg-
etation structures as they approach critical thresholds. Tirabassi and Masoller et al. [110]
showed that PE often exhibits non-monotonic behavior near critical transitions, typically
reaching extreme values (either maxima or minima) before sharply declining. This be-
havior marks a crucial shift from high-biomass states to degraded states, offering an al-
ternative perspective for early-warning signals. They further demonstrated that high-
resolution data can reveal localized pattern adjustments, while low-resolution data yield
smoother trends that help reduce false alarms. When combined with traditional metrics
such as spatial variance and autocorrelation, PE enables a more comprehensive charac-
terization of critical slowing down in ecosystems. For example, extreme values of PE
may indicate bifurcation dynamics, whereas increased spatial variance reflects reduced
ecosystem resilience. This multidimensional approach not only enhances the robustness
of early-warning systems but also provides valuable guidance for monitoring ecological
degradation and designing effective mitigation strategies.

Hyperuniformity and permutation entropy provide distinct dynamic perspectives for
critical slowing down, expanding the research scope of critical slowing down. Hyperuni-
formity focuses on the optimization of ecosystems at broader spatial scales, while PE
captures the intricate adjustment processes occurring at local scales. The integration of
these two metrics enables a comprehensive multi-scale depiction of the critical dynamics
in ecosystems, offering a robust theoretical foundation and technical tools for designing
scientific intervention strategies and predicting ecosystem changes. In summary, the ob-
servation of critical slowing down offers strong scientific support for the early warning
of ecosystem degradation.

3.2 Vegetation restoration and pattern reconstruction

Vegetation patterns are not only spatial representations of ecosystem states but also play
a critical role in the natural restoration and reconstruction of degraded ecosystems. Stud-
ies show that the formation and reconstruction of these patterns are driven by intrin-
sic positive and negative feedback mechanisms while being significantly influenced by
external interventions. By understanding and leveraging these mechanisms, scientists
can design targeted restoration strategies, such as introducing spatially periodic forcing
or regulatory methods based on optimal control theory, to maximize the efficiency and
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long-term stability of ecosystem recovery. This section focuses on the role of human inter-
vention strategies in pattern reconstruction, combining theoretical and empirical research
to explore their potential applications.

3.2.1 Spatial periodic forcing

Spatial periodic forcing is an ecological restoration technique that stabilizes and guides
the structure of vegetation patterns, optimizing water resource utilization and ecosystem
functionality. Research demonstrates that periodic forcing can adjust the wavenumber
and strength of the system, thereby influencing the stability and evolution of ecosystem
patterns [71,72]. This technique is particularly promising in arid and semi-arid regions
where water resources are limited. The theoretical basis for periodic forcing can be de-
scribed by a forced Swift-Hohenberg equation [71]

Oiu=eu— (V2+k%)2u —1°+yucos(kfx),

where u represents state variable, the parameter € controls the distance from the instabil-
ity threshold for pattern formation, ko is the natural wavenumber of the unforced system.
The term yucos(ksx) represents the spatial periodic forcing, where 7 is the forcing am-
plitude and k¢ is the forcing wavenumber, defining the strength and spatial periodicity
of the external modulation, respectively. This periodic forcing interacts with the intrin-
sic dynamics of the system, introducing an external periodicity that stabilizes specific
patterns by locking the natural wavenumber ko to the imposed wavenumber ky or its
harmonics, thereby transitioning the system to stable, regular states under appropriate
conditions.

In one-dimensional systems, the approximate solution for stripe patterns can be ex-
pressed as

u~ Aexp(ikx)+c.c.,

where the wavenumber k satisfies k=k f /n,n=1,2,..., representing integer multiples of
resonance. Periodic forcing stabilizes stripe patterns through the “wavenumber locking”
mechanism. Specifically, the wavenumber of stripe patterns can be locked to a fraction
of the forcing wavenumber (e.g. k=ks, k=ks/2), forming a “resonance tongue” region
(Fig. 11(a)). In two-dimensional space, periodic forcing can induce other patterns. Un-
like the one-dimensional stripe pattern (exp(ikx)), two-dimensional systems can generate
two-dimensional resonant patterns through the growth of oblique modes. The oblique
modes are determined by the following relation:

exp(ik+-x), ki=k,tky,,

where k, =k ¥ /2,ky =4/ k% —kZ. These two-dimensional patterns have a wide range of
existence along the forcing wavenumber k¢, but the upper limit is constrained by the 2:1
resonance of the stripe pattern, i.e. 0 <k <2ko, because when ky = 2ky, the component
k. reaches its maximum possible value ky. Fig. 11(b) illustrates the existence regions of
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Figure 11: (a) The existence regions of n:1 resonances (1=1,2,3,4) as a function of forcing wavenumber ratio
k¢ /ko and forcing amplitude 7, highlighting resonant bands such as 1:1 stripes (k=k¢) and 2:1 stripes (k=k¢/2).
(b) Classification of emergent patterns in the parameter plane (kf/ko,’y), including 1:1 stripes (region A), 2:1

stripes (region B), rectangular patterns (region C), and oblique patterns (region D), with representative spatial
structures shown below. (c) Energy (Lyapunov) analysis of pattern competition among 1:1 stripe patterns, 2:1
stripe patterns, and 2:1 rectangular patterns. (d) Time evolution of spatial patterns corresponding to parameter
points (1), (2), and (3) in panel (c). (1) the competition between 1:1 stripes and 2:1 rectangular patterns;
(2)(3) the competition between 2:1 stripes and 2:1 rectangular patterns. Source: Adapted from [71].

resonant rectangular and oblique patterns. Obviously, there is a overlap between the res-
onance regions of rectangular, oblique patterns, 1:1 and 2:1 stripe patterns. This overlap
phenomenon indicates that different types of patterns will influence each other within
a specific range of forcing parameters. For example, the system may experience complex
phenomena such as pattern competition and conversion, which can affect the stability
and dominance of patterns. To further determine which pattern is more advantageous
within this bistable range, Mau et al. [71] introduced an energy (Lyapunov) functional

L= /dr (—% [e+ycos(ksx)]u®+ iu‘*%—% (V2u+k%u2)> .
By calculating the values of this functional for different patterns (e.g. stripe, rectangular,
and oblique), it is possible to quantify which pattern will dominate in competition based
on the principle that lower energy corresponds to greater stability. The research shows
that for 1:1 resonant stripe and rectangular patterns, the energy level directly determines
their dominance. Rectangular patterns with lower energy tend to displace 1:1 stripe pat-
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terns, occupying a larger spatial extent. In the 2:1 resonance range, the dominance of
patterns changes with ky/ko (Figs. 11(c), 11(d)). This change reflects the complex inter-
actions between patterns, providing significant insights into the mechanisms of pattern
formation and their control, and offering theoretical foundations for the effects of spatial
forcing in restoration ecology. This theory has been applied to vegetation models, not
only verifying its applicability but also revealing the performance and applicability of
stripe and rhombic patterns in practical vegetation restoration [72,129].

3.2.2 Optimal control theory

Optimal control theory, as an advanced ecological management tool, has been widely ap-
plied to the design and optimization of ecosystem restoration strategies, particularly in
the dynamic regulation of vegetation patterns [43,45,47,62]. The primary objective of op-
timal control theory is to maximize ecosystem recovery or functional optimization by ad-
justing external interventions (e.g. planting, irrigation, and terrain modification) within
certain constraints. Its mathematical foundation combines dynamical systems with opti-
mization theory, typically focusing on state variables and control variables to determine
the optimal path that satisfies ecological goals. The dynamics of vegetation patterns in
ecosystems can be represented by a reaction-diffusion model, generally expressed as
2—1: = f(u,0,Vu)+DV?u+c(x,t),

where u(x,t) is the state variable representing vegetation density, v(x,t) denotes envi-
ronmental parameters, D is the diffusion coefficient that describes the spatial spread-
ing capability of vegetation, f(u,v,Vu) is a local nonlinear dynamical function reflecting
growth, mortality, and competition mechanisms, and c(x,t) is the control variable repre-
senting external interventions. In ecosystem restoration, optimal control theory provides
a systematic approach by designing effective external intervention strategies to maximize
ecological benefits while minimizing intervention costs. The control objective is typically
formulated as an optimization problem, with the objective functional expressed as

]:/OT/Q [g(u(x,t))—%c(x,t)z dxdt,

where g(u(x,t)) is the benefit function representing the health of the ecosystem, A is
a weighting parameter balancing the cost of intervention and ecological benefits, and (2
represents the spatial domain. By optimizing ], the optimal control ¢*(x,t) can be deter-
mined, enabling efficient and sustainable ecosystem recovery.

Numerous studies on vegetation patterns have demonstrated that as precipitation
levels change, ecosystems undergo a series of phase transitions, progressing from uni-
form coverage to gap patterns, labyrinth patterns, spotted patterns, and eventually de-
grading into bare-soil state [77]. Under low precipitation conditions, the natural recovery
capacity of ecosystems is limited, necessitating the use of optimal control strategies for ex-
ternal intervention to reconstruct vegetation patterns. These interventions aim to utilize
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human activities, such as targeted planting or localized water resource management, to
effectively restore pattern structures under resource-scarce conditions. Here, we take the
generalized Klausmeier model with cross diffusion as an example to demonstrate how
to achieve pattern structure reconstruction by controlling human activities. The central
task in this the optimal control problem lies in the formulation of the objective functional,
which aims to steer the system toward desired spatial patterns while minimizing control
costs. Specifically, it measures the deviation of state variables (e.g. vegetation and water)
from target distributions and penalizes excessive interventions. The objective functional
is given by

O[n w,u,by, by
=2 [ (e, T) =, T) P+ / w(x,T) —wear (%, T) 2dlx

=2
// xtzdxdt—f—z// b (x, ) 2dsdt+ 2 // (x,0)2dsdt,  (3.1)

where x; >0 (i=1,2,...,5) are weight coefficients balancing the achievement of target
patterns and intervention costs; n,y and wy,r represent the target vegetation and water
patterns, respectively; and u,b,,b, are control variables representing human activities
within the region and on the boundaries. By minimizing O (minO), the optimal control
variables u*(x,t),b};(x,t),b} (x,t) can be obtained to achieve the dynamic restoration of
the ecosystem. The dynamics of state variables n(x,t) and w(x,t) are governed by the
following reaction-diffusion model:

(

aa—rtl:An%—wnz—an%—xwu in Qr=Qx(0,T),
aa_zf:yAw—y(SAn—i—a—w—wnz in Qr, (3.2)
on Jw on '
g—f—txln:bn, yg—yég—i—zxzw:bw in 2r=00x(0,T),

n(x,0)=¢(x)>0, w(x,0)=¢(x)>0 in Q,

where the initial conditions (n(x,0),w(x,0)) = (¢(x),(x)) ensure a reasonable starting
state. The characteristic function ), identifies the intervention area w, defined as

_ 1, x€w,
Ko = 0, x¢w.

The selection of the control region w is critical for the implementation of restoration
strategies. When w = (), control measures cover the entire region, achieving global inter-
vention suitable for scenarios with abundant resources and widespread ecological degra-
dation. Conversely, when w C (), control measures are concentrated in specific areas,
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aiming to efficiently allocate limited resources to prioritize the recovery of key degraded
areas while inducing cascading effects on the broader ecosystem dynamics.

Research has shown that the proportion and number of the local control region signif-
icantly influence global ecosystem dynamics and the restoration of target patterns [43].
When the number of local control areas (w) is consistent but have a small proportion,
the control effect is mainly limited to the local area where the control is applied, and the
matching degree between the global (()) vegetation distribution and the target state is
not high. This indicates that small-scale local control can improve the ecological state of
specific areas but has limited impact on the uncontrolled regions, making it insufficient
for effective global pattern reconstruction. As the proportion of local control regions in-
creases, cascading effects on the global dynamics become stronger. The expansion of the
control area not only facilitates vegetation recovery within the controlled area but also
induces significant effects in the uncontrolled regions, driving them toward the target
patterns. When the control region reaches an appropriate proportion, it becomes possi-
ble to effectively establish target patterns across the entire region, significantly enhancing
the overall efficiency of ecological restoration. This cascading effect demonstrates that
moderately increasing the proportion of the control region can trigger positive feedback
mechanisms in uncontrolled areas, driving comprehensive ecosystem recovery. Further-
more, when the proportion of the control region is held constant, the number of local con-
trol regions also plays a significant role. Studies have found that more dispersed control
regions (i.e. there are more control areas) are more effective at promoting global pattern
reconstruction. This is because dispersed control covers a wider spatial range, applying
influence from multiple directions to the uncontrolled regions, thereby accelerating the
restoration of vegetation patterns across the ecosystem.

However, regardless of increasing the proportion of the control region or optimizing
their number, once these areas reach a certain threshold, further increases have a dimin-
ishing impact on overall improvement, eventually leading to saturation (Fig. 12). These
results show that excessive control inputs do not significantly enhance restoration out-
comes and may lead to resource wastage. Therefore, in practical applications, the pro-
portion and number of control regions must be carefully planned based on the specific
needs and resource conditions of the ecosystem to achieve an optimal balance between
intervention costs and restoration benefits. The study of local control not only provides
new theoretical foundations for optimizing ecological restoration strategies but also fur-
ther validates the applicability of optimal control theory in managing complex ecosys-
tems [43]. By carefully designing the proportion and distribution of control regions, it
is possible to maximize global ecological restoration outcomes under resource-limited
conditions, thereby achieving effective vegetation pattern reconstruction and long-term
ecosystem stability.

Additionally, we have systematically explored other control strategies and summa-
rized various methods, including terminal control, process control, and sparse control
[45]. We have analyzed their applications and advantages in the dynamic regulation of
vegetation patterns. Terminal control aims to steer the system toward a prescribed tar-
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25-51.84%

Figure 12: Top panel with green outline: Control area configurations with a fixed number of regions (25)
and increasing proportions of the total area covered: 23.04%,36%,51.84%,56.25%. Bottom panel with orange
outline: Control area configurations with a fixed proportion (36% of the total area) and increasing numbers
of control regions: 1,9,16, and 25. (al)-(a4) Vegetation distribution after applying local control strategies,
with the number of control areas and the total proportion of the controlled region indicated at the top of
each column. (bl)-(b4) Distribution of control variable intensities corresponding to each configuration. (cl)-
(c4) Boundary control distribution for the four boundaries (top, bottom, left, and right), with each color-coded
plot representing one boundary. Source: Adapted from [43].
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get state at the final time by appropriately adjusting the control variables throughout
the control horizon [47]. In contrast, process control emphasizes optimizing the perfor-
mance of system over the entire time horizon. Both methods have demonstrated effec-
tive outcomes in restoring arid ecosystems but often require higher intervention costs.
Sparse control, as a resource-saving strategy, introduces L!-norm regularization to limit
the number of non-zero control inputs, significantly reducing intervention costs. This ap-
proach achieves substantial cost savings while maintaining effective ecological restora-
tion. By combining these methods, we validated the theoretical and practical applicabil-
ity of optimal control strategies across multiple vegetation models. In summary, various
optimal control strategies possess distinct advantages, making them suitable for differ-
ent ecological restoration needs. Terminal control is ideal for systems with clearly de-
fined targets, while process control ensures dynamic regulation over time. Sparse control
achieves effective interventions with reduced resource input, and local and boundary
control maximize resource utilization through spatial selectivity. In practical applica-
tions, selecting and combining these strategies based on the specific needs and constraints
of the ecosystem allows for efficient ecological restoration and provides a solid scientific
foundation for managing complex ecosystems.

4 Summary and outlook

Vegetation patterns are important manifestations of the complex dynamics of ecosystems,
reflecting the stability and resilience of systems in resource allocation, environmental
pressures, and self-organization processes [3, 5,15,17,21,57,98]. This paper systemati-
cally reviews and summarizes relevant studies, exploring the mechanisms of vegetation
pattern formation, early warning signals during degradation processes, and strategies for
restoration and reconstruction. These studies highlight the unique advantages of vege-
tation patterns as spatial representations of ecosystem states and emphasize their theo-
retical and practical value in ecosystem management and restoration. Numerous studies
have shown that vegetation patterns are driven by positive and negative feedback mech-
anisms and are influenced by environmental gradients, diffusion processes, and nonlin-
ear dynamics [55,69,76,77]. From regular patterns to irregular patterns, the evolution of
vegetation patterns not only reflects the adaptability of ecosystem to environmental dis-
turbances but also reveals its dynamic characteristics as it approaches critical thresholds.
In recent years, traditional indicators such as spatial variance and autocorrelation have
been widely used to quantify the phenomenon of critical slowing down in ecosystems,
providing effective tools for early warning. However, these indicators face limitations
in capturing long-range spatial dynamics. Emerging indicators such as hyperuniformity
and permutation entropy have not only addressed these limitations but also broadened
the scope of research into the critical dynamics of ecosystems [33,79,110]. These multi-
scale, multi-dimensional studies have laid a solid foundation for accurately monitoring
and predicting the critical behaviors of ecosystems.



L.-F. Hou et al. / CSIAM Trans. Life. Sci., 2 (2026), pp. 91-132 125

The restoration and reconstruction of vegetation patterns are critical directions in
ecosystem management. With the introduction of optimal control theory, researchers
can design and optimize external intervention strategies to maximize ecosystem func-
tionality under resource constraints. For instance, optimal control frameworks based on
reaction-diffusion models can achieve targeted regulation of vegetation patterns by opti-
mizing human activities [45,113]. While spatial periodic forcing and optimal control have
been studied separately, their integration holds promise for improving restoration strate-
gies. Combining spatial periodic forcing with objective functional optimization may offer
a unified framework that not only strengthens the theoretical basis of ecosystem man-
agement but also provides effective tools for restoring degraded vegetation in arid and
semi-arid regions.

Despite significant advances in the study of vegetation patterns, several unresolved
challenges remain in both theory and application. At the modeling level, the complexity
of system dynamics and the uncertainty of parameters pose difficulties for reliable predic-
tions, and the diversity of ecosystems requires models with greater flexibility and adapt-
ability in representing dynamic mechanisms. At the application level, parameter estima-
tion is often constrained by sparse or noisy field data, scale mismatches arise between
simplified model assumptions and heterogeneous natural conditions, and the scarcity of
long-term, high-resolution monitoring data limits model calibration and validation, par-
ticularly in arid and semi-arid regions. Moreover, long-term projections remain uncer-
tain, as climate variability, extreme events, and human interventions may drive ecosys-
tems beyond the scope of current theoretical frameworks. Addressing these issues will
require closer integration of modeling with remote sensing observations, data assimila-
tion, and experimental studies, as well as the development of adaptive and data-driven
frameworks. Future studies may also incorporate non-local interactions, topographical
features, and climate change into control frameworks, and strengthen the linkage be-
tween local processes and global-scale ecosystem changes, thereby expanding the appli-
cability of vegetation pattern models and providing more practical support for ecosystem
management and restoration.

A particularly important direction is the development of multi-scale modeling frame-
works that explicitly connect microscale processes, mesoscale patterns, and macroscale
landscape functions. For example, root-soil interactions at the plant level determine lo-
cal feedbacks in water and nutrient use [49, 108, 116], which aggregate into patch-level
dynamics, while these in turn shape landscape-scale transitions such as desertification
or regime shifts. Hierarchical and hybrid models provide promising tools to integrate
these scales, enabling the translation of fine-scale mechanisms into predictions of large-
scale ecosystem resilience and functionality. Such approaches are crucial for advancing
both theoretical understanding and practical management of vegetation systems under
climate and anthropogenic pressures.

Furthermore, as the impacts of climate change and human activities on ecosystems
intensify, the significance of vegetation pattern research becomes increasingly promi-
nent [11, 37, 50, 60-62, 103, 125]. Advanced remote sensing technologies and artificial
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intelligence tools will play a central role in the collection, analysis, and modeling of eco-
logical data, providing technical support for high-resolution ecosystem monitoring and
prediction [2,18]. Furthermore, interdisciplinary collaboration integrating mathematics,
physics, computational science, and ecology holds promise for constructing a unified the-
oretical framework, comprehensively revealing the critical role of vegetation patterns in
the dynamic regulation of ecosystems. In conclusion, research on vegetation patterns not
only deepens our understanding of ecosystem resilience, stability, and complex dynamics
but also provides vital scientific evidence for achieving global sustainable development
goals.
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