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Key messages

This technical note provides practical guidance on using artificial intelligence (Al) to support participatory ecosystem
restoration, i.e., restoration processes that actively and meaningfully engage local communities and relevant stakeholders,
through: (1) Al-empowered inclusive ecosystem monitoring, (2) Al-supported collaborative planning and design, (3) Al-
facilitated ecological knowledge communication, and (4) Al-enabled facilitation and reporting of community dialogues.
Together, these application areas support key components of ecosystem restoration, namely assessment, planning and
design, implementation, ongoing management, and monitoring and evaluation. Under expert oversight and with careful
management of associated risks, Al can enhance local participation, bridge knowledge systems, and strengthen the ecological

and social resilience of long-term restoration initiatives.

Aim: This technical note provides practical guidance on applying Al to participatory ecosystem restoration
within, around, and between protected and conserved areas (PCA, as defined by IUCN), with the aim of
strengthening community engagement and facilitating knowledge sharing.

Audience: A broad range of stakeholders involved in assessing, planning, implementing, and monitoring
ecosystem restoration in the context of PCAs. These include site managers, restoration practitioners,
government agencies, policy advisors, local associations and NGOs working to advance participatory,
inclusive, and adaptive restoration approaches. This note is particularly relevant for those exploring how
emerging digital technologies, specifically Al, can be responsibly and practically integrated into
restoration workflows.

1. Introduction

Ecosystem restoration is a complex, multidimensional process that seeks not only to recover biodiversity and ecosystem
functions, but also to generate social and cultural benefits [1]. In PCAs, effective and equitable restoration depends on
meaningful participation of diverse stakeholders including Indigenous Peoples and local communities, whose knowledge
systems, values and capacities can inform and strengthen restoration efforts [2—4]. In this context, participatory ecosystem
restoration refers to the meaningful involvement of Indigenous Peoples, local communities and relevant stakeholders
throughout the restoration process.

Artificial Intelligence (Al) offers new opportunities to support participatory, adaptive, and knowledge-informed restoration
practices. Al refers to computer systems that perform tasks normally requiring human intelligence, including learning,
reasoning, problem solving, perception, and decision making. By enhancing access to both scientific and local knowledge, and
by facilitating stakeholder engagement, Al has the potential to substantially support and enhance processes contributing to the
implementation of the Kunming-Montreal Global Biodiversity Framework (KM-GBF), and especially Targets 20 (strengthen
capacity-building, technology transfer, and scientific and technical cooperation for biodiversity) and Target 21 (ensure that
knowledge is available and accessible to guide biodiversity action). This guidance illustrates how Al-enabled approaches can
advance these priorities while also supporting Target 1 (plan and manage all areas to reduce biodiversity loss), Target 2
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(restore 30% of all degraded ecosystems), Target 3 (conserve 30% of land, waters and seas), Target 6 (reduce the introduction
of invasive alien species by 50% and minimize their impact), Target 8 (minimize the impacts of climate change on biodiversity
and build resilience), Target 9 (manage wild species sustainably to benefit people), Target 11 (restore, maintain and enhance

Nature’s Contributions to People), Target 14 (integrate biodiversity in decision-making at every level), and Target 22 (ensure

participation in decision-making and access to justice and information related to biodiversity for all).

2. Understanding Al in ecosystem restoration contexts

2.1 Al in the participatory ecosystem restoration context

Decision making in ecosystem restoration draws on diverse sources of social, economic, political and biophysical information,

and on local Indigenous and traditional knowledge [5]. Information can be structured quantitative data as well as unstructured

information, such as text, speech, images, audio and video, and even cultural narratives, stories, practices, and lived

experiences. Integrating these perspectives through multidisciplinary collaboration helps ensure that restoration actions are

grounded in local realities and remain responsive to changing socio-economic and political conditions. In this context, Al can

serve as a bridge across diverse knowledge domains rather than as a replacement for human expertise. This note outlines
three modes of Al application in ecosystem restoration (Table 1). These modes differ in their capabilities, appropriate uses and
underlying technologies, although they are not mutually exclusive and often overlap in practice. Understanding these modes is

essential before selecting a tool.

Table 1. Al application modes, restoration applications, and underlying technologies referenced in this note.

distribution modelling [6].

Al application | What it does in ecosystem restoration Underlying Al Technology
modes
Analytical Al e Detect complex data patterns, such as in species Machine Learning

A branch of Al that develops algorithms to detect
patterns in data and generate predictions.

e |dentify animal and plant species from images and audio
recordings [7,8].

e Detect forest pests and diseases using remote sensing and
camera trap imagery [9].

e Simulate restoration pathways under ecological and
budgetary constraints, identifying strategies that enhance
biodiversity and increase carbon sequestration to support
climate change mitigation [10].

Deep Learning

A specialised branch of machine learning that uses
artificial neural networks, computational systems
inspired by the human brain, to learn complex data
representations and reduce the need for manual
feature extraction.

Computer vision

A key application of Deep Learning that enables
machines to interpret and analyse visual information
from images and videos.

Generative Al

e Enable communities to access information more easily,
participate in consultations and provide real time feedback
to local governments [11].

e Draft multilingual reports, meeting summaries and
community communications [12].

Large Language Model

A large language model trained on massive text data
to understand and generate human-like text, often
based on architectures such as Transformers.

e Convert text descriptions into landscape visualisations,
allowing communities to see and respond to proposed
restoration scenarios without specialist design skills [13,14].

Diffusion Model

A class of generative deep learning models that
produce images by iteratively denoising a randomly
noised input, guided by a text or image prompt.

Agentic Al

e Provide personalised, real time restoration guidance to land
stewards through familiar messaging platforms, such as
WhatsApp, tailored to specific crops, soils and
agroecological conditions [15].

e Combine expert reviewed knowledge, farmer queries,
weather data, geospatial information and feedback loops to
support more localised and actionable decision-making
[16,17].

Agentic Al

A form of Al that builds on Large Language Models
by enabling systems to plan autonomously, use
external tools and data sources, and execute multi
step tasks with minimal human input at each step.

2.2 Deciding whether and how to use Al
Al tools offer substantial value, but also carry risks, including algorithmic bias, data sovereignty concerns (particularly where Al

applications involve the knowledge, data, or cultural heritage of Indigenous Peoples and local communities), and the
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environmental costs of large Al models. Ecosystem restoration practitioners considering Al adoption should therefore

carefully assess potential benefits and risks. Key questions include:

e Isthere a clearly defined task or challenge for which Al is expected to add value?

e |s the environmental cost (Box 1) of the intended Al application proportionate to its expected restoration benefit?

e Do communities and stakeholders have equitable access to Al tools, as well as the skills and support needed to use them
effectively?

e Do project staff, technical advisers, and relevant community representatives have the capacity to review and validate Al
outputs before they inform decisions?

e Do project staff, technical advisers, and relevant community representatives have the capacity to assess whether Al
outputs are appropriate for the local context, including identifying biases that may misrepresent or marginalise local
languages, knowledge systems, or perspectives?

e Isit clear who owns the data generated through Al tools, and who has access to it?

e Are appropriate measures in place to protect the intellectual property rights and traditional knowledge of Indigenous

Peoples and local communities, including ensuring their free, prior, and informed consent for any use by Al systems?

Addressing these questions may require targeted investment in digital capacity building, inclusive training programmes,
multilingual engagement materials, improved connectivity, or the provision of devices to reduce barriers to participation.

Considerations for the use of Al tools for participatory ecosystem restoration, subject to differing resource contexts, include:

Limited budget, no technical team:
e Use smartphone apps with built-in analytical Al (e.g., Flora Incognita, iNaturalist, Merlin Bird ID) for species identification.
e Use readily accessible chatbots (e.g., ChatGPT, Claude Al, or Gemini) to

o Access restoration information through plain language question and answer formats, draft reports and meeting

summaries, translate technical documents, and provide real-time feedback during discussions.

o Build a reusable restoration assistant (i.e. Al agent) by uploading site profiles, reporting templates and standard
prompts as reference documents. This typically requires a one-time setup ranging from a few hours to several days,
depending on the complexity of the task and reference materials, after which team members and community
representatives can access consistent, context-aware Al support without starting from scratch each time.

With more technical capacity or budget:

e More advanced analytical, generative and agentic Al tools become feasible, enabling larger scale monitoring, more

sophisticated data integration and automated community facing workflows.

e Generative Al models can also be trained and deployed locally to meet specific requirements for data privacy, language and
context.

e Seek technical partnerships with universities, NGOs, or technology providers with relevant Al expertise.

In all cases, clear data governance arrangements should be established for any data collected, processed or stored through Al
systems. Two internationally recognised frameworks can guide the use of Indigenous People- and local community-generated
data in restoration projects: The CARE Principles for Indigenous Data Governance (Collective Benefit, Authority to Control,
Responsibility, Ethics) affirm that Indigenous Peoples and local communities should retain authority over how data about their
lands, knowledge, and voices are collected and used [18]. Free, Prior and Informed Consent (FPIC), recognised under the UN
Declaration on the Rights of Indigenous Peoples, requires that community participation be informed, freely given, and
obtained before activities begin [19].These should include agreements on data ownership, storage, access and community
rights to withdraw data. Practitioners should also be transparent with stakeholders about when Al tools have been used, which
tools were used, and what aspects of the output reflect Al-generated content versus human judgement, both during
participatory processes and in subsequent reports and decisions.
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BOX 1. Environmental considerations when using Al
The environmental footprint of Al is not fixed. It depends on the model used, how it is deployed and how often it is queried.
Practitioners considering Al for ecosystem restoration should assess whether these costs are proportionate to the expected
ecological benefit. Five factors are particularly important [20-22]:

1. Training large foundation models is highly resource intensive and concentrated in a small number of facilities globally.
Inference, namely using a model to generate responses, requires much less energy per query but increases with usage volume.
For ecosystem restoration context, environmental costs are more likely to arise from inference than training.

2. A single query to a frontier model such as GPT 4o consumes roughly 0.3 watt hours of electricity, comparable to a traditional
Google search. Smaller specialised models, such as species identification models used in citizen science apps, consume far less.
Advanced reasoning models can consume 10 to 70 times more energy per query than standard models. Choosing the smallest
model adequate for the task is therefore one of the most effective ways to reduce impact.

3. Cumulative environmental cost depends on query volume. A few queries to draft a document or analyse one dataset have a
minimal footprint; continuous monitoring pipelines or agentic workflows that issue many queries per session can accumulate
substantial impacts.

4. Water and cooling. Al data centres consume large volumes of water for cooling, much of which is lost to local watersheds
through evaporation. A median Gemini text prompt reportedly uses 0.24 watt hours and 0.26 mL of water, while training GPT 3
reportedly consumed about 700 cubic metres of freshwater for direct cooling. Water footprints vary across Al services depending

on the location and water efficiency of the data centres that host them.

Practitioners can reduce the environmental footprint of Al by using smaller, task appropriate models, limiting unnecessary

queries and favouring providers with transparent sustainability commitments where such information is available.
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3. Application areas
3.1 Al-empowered inclusive ecosystem monitoring

The application area of ‘inclusive ecosystem monitoring’ primarily supports the following components of the UN Decade
Standards:

e Assessment: Inclusive baseline monitoring for landscape and site assessment.

e Monitoring and evaluation: Tracking restoration outcomes using multi-source data.

e Ongoing management: Informing data-driven adjustments in restoration practices.

It also contributes to KM-GBF, particularly Targets 1, 9, 20, 21.

The opportunities and risks outlined in Table 2 should be considered together when assessing the suitability of Al assisted

ecosystem monitoring in a given context.

How to do it

When planning Al-empowered inclusive ecosystem monitoring, practitioners should consider the following questions

alongside the general considerations in Box 1:

e Have potential biases in citizen science data, such as uneven geographic or demographic coverage, been identified and
considered in the monitoring design?

e s access to the intended data sources confirmed, including verification of platform terms of use, APl availability, and any

applicable data protection requirements?

Addressing these questions may involve mapping geographic and demographic gaps in available citizen science data and
designing complementary data collection to address coverage imbalances.

For teams with limited technical capacity, smartphone applications with built in analytical Al, such as PictureThis, Merlin Bird
ID and iNaturalist's Seek, can support biodiversity monitoring without specialist taxonomic expertise. Platforms such as
iNaturalist and eBird also provide structured workflows for data collection and automated species identification suggestions.

For teams with greater resources or technical expertise, more advanced monitoring can be achieved by integrating multiple
data streams, often through partnerships with external experts. The choice of an Al model depends on the data being
analysed: computer vision models for photographs and remote sensing imagery, language models for text-based content such
as field reports, and audio models for soundscape recordings. Multimodal models can combine these inputs, enabling the
joint analysis of remote sensing imagery, citizen science observations and community generated content. Such approaches
typically require collaboration with universities, research institutions or technology providers with expertise in Al and ecology.

Table 2. Opportunities and key risks of Al for inclusive ecosystem monitoring.

Opportunities - What Al enables

Key Risks - What to Watch For

Enhancing biodiversity observation through citizen sciences.

Citizen science platforms such as iNaturalist[23] and
eBird[24] use Al assisted image and acoustic recognition to
support species identification and reporting, enabling
community members and volunteers to contribute to
biodiversity monitoring without specialist taxonomic
expertise.

Assessing ecosystem services supply and demands.

Deep learning can assist in understanding the supply and
demand of ecosystem services by analysing information from
publicly accessible digital platforms, particularly image-
sharing platforms (e.g., Flickr) and citizen science platforms
(e.g., iNaturalist, eBird) that maintain open APIs and have
been widely used for mapping cultural ecosystem services
and biodiversity patterns [25]. Access to data from some
commercial social media platforms has become significantly
more restricted in recent years, and practitioners should
verify data availability when planning such analyses.

Algorithmic and data limitations. Al based species
identification can be less accurate for rare, under
represented or morphologically similar species, leading to
identification errors [30]. Continuous expert validation and
targeted model improvement are essential to maintain
accuracy and credibility of citizen science data.

Digital divide and equitable access to digital technologies.
Unequal access to smartphones, internet connectivity, and
digital literacy affects who can contribute to citizen-science
platforms or generate social media data. Individuals and
groups with better access to information and
communication technologies are more likely to adopt Al
tools and to interpret and evaluate their outputs, while
others risk exclusion[31]. Such disparities can skew
participation toward digitally skilled users and limit the
involvement of marginalized communities, undermining the
inclusiveness of restoration monitoring and management.
Data ownership and sovereignty. Who owns species
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Integrating multi-source ecological data. Al can combine
different types of data, such as remote sensing imagery,
citizen science observations, and community-generated
content, into a common analytical framework, enabling them
to be analysed jointly [26]. Integrating citizen science and
remote sensing data can improve habitat classification and
vegetation mapping [27,28], while combining ecological and
social data can help identify areas where ecosystem service
demand exceeds ecological supply, highlighting priorities for
restoration [29].

occurrence data submitted by community members?
Unclear terms of service can result in community-generated
knowledge benefiting third-party platforms without
community consent or compensation.

Compounding errors in agentic workflows. Agentic
monitoring systems operating with minimal human review
per step risk propagating errors across data pipelines
before they are detected. Clear human-in-the-loop
checkpoints are essential.

3.2 Al-supported collaborative planning and design

The application area ‘collaborative planning and design’ primarily supports the following components of the UN Decade
Standards:
Planning and design: Facilitating shared visioning, scenario exploration, and communication of restoration goals among

diverse stakeholders.

Ongoing management: Providing visual references for comparing projected and actual outcomes, supporting iterative

reflection and adjustment in restoration strategies.

It also contributes to KM-GBF, particularly Targets 1, 2, 3, 6, 8, 9, 11, 20, 21, 22.

Defining a shared restoration vision, along with clear ecological and socioeconomic targets and goals, is essential for the long-

term success of ecosystem restoration efforts [32,33]. Generative Al expands opportunities for collaborative scenario planning

by creating visual representations of post-restoration landscapes from text prompts or semantic sketches, helping diverse

stakeholders articulate and align their restoration visions. The potential benefits of these tools should be considered alongside

the risks outlined in Table 3 when assessing their suitability for collaborative planning and design.

Table 3. Opportunities and key risks of Al-supported collaborative planning and design.

Opportunities - What Al enables

Key Risks - What to Watch For

Visualising ecosystem composition and dynamics. Al-
generated visualisations can represent diverse ecosystem
spatial structures and dominant vegetation types (Figure 1),
and can also illustrate temporal dynamic processes such as
succession, ageing, and seasonal variation (Figure 2). They
help stakeholders understand that trees naturally grow from
small saplings and that vegetation follows seasonal cycles in
phenology and population dynamics, making these seemingly
unproductive phases integral parts of long-term ecological
transformation. By clarifying these transitions, they
strengthen public understanding and encourage continued
engagement and confidence in the restoration process. Their
ecological realism can be further improved through fine-
tuning with reference ecosystem data.

Enabling interactive scenario refinement. Generative Al
tools can rapidly translate abstract ideas into visual form,
enhancing dialogue, shared understanding and collective
imagination in participatory planning and design [13,14].
Some tools, such as ChatGPT and Gemini, can preserve
unchanged regions of original images while adapting other
areas to user intent (Figure 3). These applications can
support engagement and shift planning from expert led
design, in which professionals create alternatives for later
feedback, towards active co-creation of future landscapes by
Indigenous Peoples and local communities.

Unintended output. The quality and reliability of Al
generated images can vary, especially when participants
have limited experience in prompt writing. Limited
ecological or engineering knowledge may also lead to
unrealistic designs, such as placing moisture intolerant
species near water.

Distinction between conceptual and predictive outputs.
Al generated visualisations should be understood as
conceptual projections of possible futures, not scientific
predictions. Because these models are not typically fine-
tuned on ecological data, they often underrepresent
complex successional processes and structural changes,
such as woody encroachment. They can therefore help
communicate a general vision, but should be treated as
conceptual visual aids rather than predictive tools.
Overemphasising visual aesthetics. Collaborative
planning and design processes that rely heavily on visual
outputs may risk prioritising aesthetics over ecological
function. Practitioners can mitigate this by using Al-
generated visuals as tools for dialogue rather than final
planning and design products, and by complementing
visual outputs with additional data and representations,
ensuring that discussions remain grounded in ecological
principles and local realities.
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Figure 1 Al-generated images (by Midjourney V6.1, bottom row) and real photo (top row) from four different biomes (from left to right: desert,
boreal forest, tropical rainforest, temperate deﬁiduous forest).
I —————y p— E ’ %
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Inputimage Image generated Image generated
A photograph taken at the Peak District National by ChatGPTS with Dall-E 3 by Gemini with Nano banana
Park, England. (Temperate Europe, United
Klngdom) TEXT PROMPT;

Based on this photograph, render the same summer landscape in the Peak District, UK, as it would
appear after 20 years of natural secondary succession. The overall landscape composition and spatial
layout should remain unchanged. The birch and other deciduous trees should appear noticeably taller
and thicker, with fuller crowns and more interconnected canopies, while preserving the existing tree
lines and open spaces. Around the mature trees, younger saplings and juvenile trees should haye
established, filling in gaps in the canopy and giving the woodland a more layered, regenerating
structure. The heather and scrub in the foreground should look lusher, denser, and slightly taller,
reflecting gradual vegetation recovery and competition among species. In the mid and far distance, the
woodland should appear somewhat denser and more continuous, showing the natural advance of tree
regeneration, but without altering the underlying topography or arrangement of landscape features.
Maintain the same clear summer lighting and atmosphere as in the original image.

Figure 2 Al-generated images illustrating seasonal phenology and the growth of individual trees. However, they may underrepresent complex

ecological succession and structural changes like woody encroachment. As these models are not grounded in ecological data, they should be
viewed as conceptual visual aids rather than predictive simulation tools.

How to do it

When planning Al-supported collaborative planning and design, practitioners should consider the following questions
alongside the general considerations in Box 1:

e Do participants have sufficient ecological literacy to recognise unrealistic outputs, or will expert facilitation be needed

throughout?

Are participants and community members aware that these visualisations are conceptual projections, not scientific
predictions?

e Have participants been clearly informed that visual appeal should not be the primary basis for planning decisions?

Al image generation tools are evolving rapidly, and the best-performing options for any given task change frequently as new
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models are released. At the time of writing, tools performing well for this task include ChatGPT and Gemini. Practitioners are

advised to consult up-to-date community forums and benchmarking resources before selecting a tool.

Recommended workflow

1)
2)

3)

4)

5)

6)

Use a current site photograph as the base image.

If participants have a reference landscape in mind (e.g., a nearby restored site or a target ecosystem), input that image
alongside the site photograph and instruct the model to adapt the site toward the reference landscape. Instruct the
model clearly on which elements of the site photograph should remain unchanged (e.g. topography, existing structures,
water bodies), and which elements should be adapted with reference to the reference image. Some models accept
multiple image inputs simultaneously, allowing you to specify which image to modify and which to use as a visual
reference.

Identify which landscape elements should remain fixed, such as existing infrastructure, water bodies or protected
vegetation, and make these constraints explicit to participants. Use masking or inpainting features where available to
prevent ecologically or technically unrealistic modifications while keeping the decision space transparent.

Prepare partially fixed prompt templates in advance if community members have limited experience describing
ecological concepts in text, leaving room for creative input while guiding participants toward realistic outputs.

Use Al-generated images as prompts for dialogue, not as conclusions. After each image is generated, ask participants:
What do you recognize? What is missing? What would you change?

Have relevant experts (e.g., ecologists, hydrologists) engaged throughout all participatory processes, reviewing
visualisations in real time, flagging ecologically unrealistic elements, and opening space for discussion that draws on both
scientific and local knowledge, and again before any outputs are shared externally or incorporated into planning

documents.

Al image generation is inherently stochastic, meaning that the same prompt and input image will produce different outputs

each time. Results therefore cannot be reproduced exactly. Participants should be informed that images generated represent

one possible version among many, rather than a fixed representation of restoration outcomes.
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Inputimage Image generated Image generated
A photograph taken at the edge of the Haizhu by ChatGPT5 with Dall-E 3 by Gemini with Nano banana
Wetlands Ramsar Site in Guangzhou, China, 20M
which is also part of the Haizhu National TERLR P
Wettand Parkp Enhance the wild and natural appearance of the river bank in the Guangzhou, China landscape. Add a
ane ) denser and mare varled mix of native riparian shrubs, climbing vines, herbs, and emergent plants, giving
itan untamed, overgrown look. Ensure the existing trees and the waterway remain unchanged.

Input image Image generated Image generated
A photograph captured at Glen Shee, Scotland, by ChatGPT5 with Dall-E 3 by Gemini with Nano banana
United Kingdom, located within a Special Atea  TEXT PROMPT:
of Conservation designated by the Scottish Add native Scottish trees like Alder, Willow, and Birch to both sides of the river in the riparian zone, Keep
Ministers under the EC Habitats Directive. all other elements of the original Scottish landscape photo, Including the hills, fields, distant forests, and

cattle, unchanged.

A photograph captured at River Hu¢ava welr in
the Polana Protected Landscape Areain
Slovakia.

Photograph by Rab Kleinjans. Souce

hitps Sdamremoval swpartiolo/iver-hucava-slovakia’

Photograph. Input image to Al
(before dam removal)

Photograph
(after dam removal)

)

TEXT PROMPT:

Create a image of the same landscape after the
dam has been removed, showing a continuous,
naturally flowing river with skghtly higher and
more even water levels, The scene should Include
smooth water movement over rocks and
surrounding vegetation adapting to the restored
natural flow

Image generated

Image generated
by Gemini with Nano banana by ChatGPT5 with Dall-E 3

Figure 3 Examples of real-time co-design of restoration scenarios using readily available Al image generators
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3.3 Al-facilitated access to and communication of ecological knowledge

The application area of ‘access to and communication of ecological knowledge’ supports all five components of the UN

Decade Standards. The specific role of Al-assisted communication depends on the communication goal, target audience, and

the way user inputs (prompts) are formulated. It also contributes to KM-GBF, particularly Targets 20, 21, and 22.

When user input prompts are designed to summarise assessments, Al can support baseline communication. When tailored to

planning and design, Al helps clarify objectives, trade-offs, and restoration scenarios. During implementation, it aids in

producing guidance materials and documenting progress, while in monitoring, evaluation, and adaptive management, it

facilitates the synthesis and transparent sharing of results. In this way, Al contributes flexibly across restoration stages by

strengthening understanding, inclusiveness, and knowledge exchange. Table 4 outlines opportunities and significant risks that

should be considered jointly when deciding whether and how to apply it in a given context.

Table 4. Opportunities and key risks of Al-facilitated access to and communication of ecological knowledge.

Opportunities - What Al enables

Key Risks - What to Watch For

Making technical knowledge accessible to diverse
audiences. Conversational systems based on Large
Language Models can synthesise and simplify complex
ecological, spatial, and policy information, making
technical knowledge more accessible to diverse
community audiences. They enable practitioners to
produce plain-language summaries and explanations that
enhance mutual understanding and transparency (Box 1,
Box 2). Multilingual explanations are achievable by
specifying the desired language in the prompt, lowering
barriers for communities who do not communicate in
dominant scientific languages.

Providing interactive, personalised restoration support
to land stewards. Al tools delivered through messaging
platforms can provide land stewards with personalised
guidance tailored to their crops, soils and local
conditions. This can help reach communities in and
around protected and conserved areas that field teams
cannot serve cost effectively. Multi agent Al frameworks
and Retrieval Augmented Generation systems have
shown capacity to deliver multilingual, multimodal
agricultural and land management advice at scale across
diverse community contexts [16,17]. Operational
examples suggest that such applications are already
feasible in ecosystem restoration. For example, Agent
Tierra, deployed through WhatsApp across Colombia and
Latin America, reported a 97% autonomous query
resolution rate and is projected to reach more than
100,000 farmers and support the restoration of 300,000
hectares by 2030 [15].

Inaccuracy and omission in Al-generated content. Al-
generated responses can provide generally useful and
accessible explanations, but are known to contain factual
errors, omissions, or oversimplifications, especially in
ecological contexts underrepresented in training data.
Biases embedded throughout the model development
process. Al outputs reflect choices made at every stage of
model development, from decisions about which data to
include in pre-training, to the design of training examples,
to the criteria applied during human feedback processes.
These choices can influence how ecological information is
framed or prioritised, often reflecting dominant languages,
regions, and knowledge systems, and risk marginalising
local perspectives or misrepresenting ecological realities in
community-facing communications [34-36].

Risk of substituting Al communication for genuine
dialogue. Al-generated text should be treated as reference
material rather than a substitute for direct communication
with Indigenous Peoples and local communities.
Practitioners remain responsible for interpreting, adapting,
and presenting information in ways that reflect local values
and ecological understanding.

Platform dependency and data sovereignty in agentic
deployments. Al systems operating via third-party
platforms involve community interaction data being
processed and potentially stored by commercial providers.
Language coverage gaps. Current Large Language Models
and agentic systems perform substantially better in widely
spoken languages than in Indigenous and minority
languages. Communities using low resource languages may
receive lower quality or culturally inappropriate outputs.

How to do it

When planning Al-facilitated access to and communication of ecological knowledge, practitioners should consider the

following questions alongside the general considerations in Box 1:

Are community members and other recipients aware that Al-generated content is known to contain errors, omissions, or

oversimplifications, and that it has been reviewed by an expert before being shared with them?

Have participants been informed that Al outputs are starting points for discussion and verification, not authoritative

statements or direct bases for management decisions?

For teams with limited technical capacity, readily accessible chatbots such as Claude, ChatGPT, or Gemini can be used

to communicate ecological and policy knowledge to communities.

Identify a specific communication need: a technical document that needs simplifying, a policy rationale that needs
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explaining to a community audience, or research findings that need translating into accessible language.

e Select an Al tool and draft a structured prompt (see examples in Box 2). Provide context through system instructions or
custom assistants. Most major chatbot platforms now allow users to create persistent custom assistants with detailed
instructions about restoration context, local terminology, community values, and preferred output formats. Once set up,
team members and community liaisons can use the same configured assistant without repeating context each time.

e Attach reference documents. Uploading site-specific materials such as ecosystem reports, species lists in local languages,
traditional ecological knowledge documents, policy summaries, and reporting templates allows the assistant to ground its
responses in locally relevant content rather than relying on its general training data.

e Review Al-generated output against source materials before sharing with any community or stakeholder audience. Check
for factual accuracy, significant omissions, and over-interpretation of tentative findings. Al outputs should be treated as a
starting point for discussion and verification rather than as a direct basis for management decisions.

e Validate outputs with subject matter experts and, where appropriate, local experts and knowledge holders. Check whether
the information reflects local ecological conditions, community priorities and cultural context. Where the prompt is based
on an attached document, verify that the Al has not drawn on information beyond that document.

For teams with greater resources or technical expertise, more sophisticated Al deployments can deliver personalised,
interactive knowledge support to land stewards at the landscape scale via messaging platforms that communities already use
(e.g., Rare's Agent Tierra [15]). When communities communicate primarily in low-resource languages, base language models
can be fine-tuned with local languages, datasets, and ecological contexts to reduce systematic bias and improve relevance for
Indigenous and community-based applications. Such approaches require substantial technical expertise, relevant
infrastructure, and ongoing maintenance. Seek technical partnerships with technology providers, universities, or NGOs with
relevant Al and restoration expertise before pursuing this pathway.

BOX 2. Example prompts

I. Example prompt: Communicating the policy rationale for restoration to a general or community audience:
Use input prompt: From a policy perspective, why is it important to restore the [Caracoles plot within Doflana National Park]?
Please explain the answer in clear, simple language that can be understood by all age groups, including children and non-
experts. Your explanation should refer to relevant environmental policies.
lllustrative Al response (by ChatGPT 5):
Why is the Caracoles plot important?
The Caracoles plot is a piece of land inside Dofiana National Park, one of the most famous and protected natural areas in Europe. This park
is home to wetlands, forests, and dunes where thousands of animals and plants live, including endangered species like the Iberian lynx and
many migrating birds. Restoring the Caracoles plot means fixing the land so that it can once again provide a safe and healthy home for these
living creatures.
The bigger picture: Environmental policies
From a policy perspective, restoring Caracoles is not just about one piece of land — it connects to international and European rules that
protect nature:
1. EU Habitats Directive & Birds Directive: These laws make sure that special areas, like Dofiana, are kept healthy for rare plants and
animals. The restoration of Caracoles helps Spain meet its legal duty to care for these “Natura 2000” protected sites.
2. Ramsar Convention on Wetlands: Dofana is also recognized worldwide as a “wetland of international importance.” Restoring Caracoles
strengthens the park’s wetlands, which are vital for migratory birds that travel between Europe and Africa.
3. EU Water Framework Directive: This policy requires countries to keep rivers, lakes, and wetlands in good condition. The Caracoles area
plays a role in water flow and storage, helping the whole ecosystem stay balanced.
4. Climate Change Goals (EU Green Deal & Biodiversity Strategy 2030): Healthy wetlands like Caracoles absorb carbon and reduce flooding,
helping to fight climate change. Restoring them also supports the EU’s promise to bring back more nature and protect 30% of land by 2030.
In simple terms
Think of Dofiana like a giant puzzle. Every piece matters. If one piece, like Caracoles, is damaged, the whole picture of nature is weaker. By
restoring it, we are: (1) Giving animals and plants their home back. (2) Following important laws that protect nature. (3) Helping birds that

travel across continents. (4) Fighting climate change by keeping wetlands healthy.

(Continued on next page)
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BOX 2. (continued)
In short: Restoring Caracoles is important because it protects wildlife, fulfills Spain’s commitments under European and global
environmental laws, and makes Dofiana stronger in the face of climate change.

Expert review note: A generative Al response to this prompt accurately described the biodiversity values and policy obligations

of a wetland restoration site in Spain, but omitted its hydrological functions, a critical part of the restoration rationale.

Il. Example prompt - communicating ecological research findings to local communities:
Use input prompt: Based exclusively on the evidence and findings presented in the attached article?, write a concise, well-

structured explanation addressed to indigenous and local (non-expert) communities living within the proposed expansion
zones of protected areas in Kenya. Your explanation should: (1) Describe where were the priority conservation areas located
(2) Explain the scientific and ecological reasons for expanding the protected areas. (3) Describe the social and economic
importance of the expansion for local communities, covering both expected benefits and any potential costs or trade-offs. (4)
Briefly outline the research methods used in the study to support these conclusions. Use accessible, respectful language
suitable for non-specialist audiences, avoiding scientific jargon while maintaining factual accuracy and logical structure.
Integrate key figures or findings from the study (such as percentages, regions, or results) where appropriate to make the
explanation more tangible. If the article does not address particular aspects requested above, state this explicitly rather than
inferring or extrapolating beyond what the article supports. The aim is to provide community members with a clear, balanced,
fact-based account of the proposed expansion, enabling them to weigh both potential benefits and trade-offs in informed

discussion.

lllustrative Al response (by Gemini 3.5 Flash):

1. Where Are the Priority Conservation Expansion Areas Located?
The study recommends expanding protected areas to cover 17% of Kenya's land surface. The specific priority zones
identified for this expansion include:

e The Coastal Region: Putting aside the majority of the coastal forest mosaic zone.

e Northeastern Kenya: Areas along the northeastern border with Somalia, specifically north and east of Wajir.

e Central Wooded Plains: The plains located between the South Kitui National Reserve and the central complex of existing

parks.
e Western Kenya: Areas surrounding Lake Victoria.

2. Scientific and Ecological Reasons for the Expansion
The international community has set a goal under the Convention on Biological Diversity to protect 17% of land ecosystems
and 60% of plant species. Kenya's current protected areas cover only 10% of its land. Scientists want to expand these areas
for several key reasons:
e Protecting Unique Plant Life: Kenya shares a portion of the "Eastern Arc and Coastal Forests," which is considered a
global biodiversity hotspot ranking first in the world for unique species that grow nowhere else.
e Plants Support the Whole Ecosystem: Plants are at the absolute base of the food web. Protecting plant diversity ensures
that birds, insects, and animals survive.
Improving Current Conservation: Currently, many protected areas were chosen opportunistically rather than for ecological

reasons. Expanding the network into the suggested priority zones would increase the representation of Kenya's diverse plant

communities by 75%.

3. Social and Economic Importance: Benefits and Trade-offs
The study notes that expanding protected areas brings a mixture of important opportunities and serious challenges for
local communities:

Potential Benefits

e Healthy Ecosystems: Protecting biodiversity helps preserve crucial "ecosystem services" —the natural benefits that
human societies rely on to survive (such as clean water, healthy soils, and climate stability).

o Integrated Development Funding: If conservation organizations use integrated program mes, significant funding can be
directed toward local socioeconomic development alongside nature protection.

e Balanced Outcomes: The researchers point out that, globally, it is possible to design protected areas that simultaneously
maximize both nature conservation and positive economic development for local people.

(Continued on next page)
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BOX 2. (continued)

Potential Costs and Trade-offs

e Restrictions on Resources and Land: The study explicitly warns that when the management of protected areas is too
strict and close to human populations, it can lead to communities being evicted from their lands or having their
access to vital natural resources restricted, which can intensify local poverty and may violate human rights.

e Loss of Agricultural Land: Choosing land for nature means less land is available for farming or commerce. Across
Kenya, this "agricultural opportunity cost" (the economic value lost by not farming the land) is estimated at about
$68.3 million per year.

e Massive Funding Shortfalls: Effectively building and managing these new zones with community development
included would cost a massive $10 billion over five years. Currently, Kenya faces a 98% shortfall in the funding
needed from international groups to do this properly. Without this money, there is a risk that these areas will
become "paper parks" —existing only on maps without real protection or community support.

4. How the Research Was Conducted
To come to these conclusions, the researchers used a combination of historical records and advanced computer mapping:

e Vegetation Surveys: They collected data from past vegetation studies containing 2,083 plots of land across Kenya
and northern Tanzania, tracking 1,893 different plant species.

e Environmental Maps: They used mapping data (at a 1 km resolution) to look at 40 different environmental factors,
finding that variables like temperature, rainfall, topsoil sand content, and landscape ruggedness are the best
indicators of where plant diversity thrives.

e Cost and Mapping Software: They put these plant and environmental details into a specialized conservation
software called Zonation. They instructed the programme to find the best land to reach the 17% protection goal
while trying to minimize financial conflict with local farming. They also interviewed four conservation organizations
to estimate management costs.

Note: The researchers acknowledged that most past plant studies were heavily focused on the central highlands, meaning
there are major gaps in biological data for the coast and northeast. They have proposed new survey paths along major
roads and environmental gradients to fix this

Expert review note: Gemini’s interpretation of the article is generally consistent with its content and accurately captures

the key points from the introduction, methodology, results, and discussion sections. However, the part concerning
“stabilizing ecosystems” appears somewhat over-interpreted. The article only states that plants are at the base of the food
web and have strong bottom-up influences on multiple tropic levels. The “Integrated Development Funding” claim is
partially supported by the article but overstated as written: the article shows that an "integrated development" version of
the plan was costed at about $10 billion versus $7 billion for conservation alone, but it treats that extra spending only as a
cost and never describes what it would fund or how communities would benefit.

LScherer, L., Curran, M., & Alvarez, M. (2017). Expanding Kenya's protected areas under the Convention on Biological Diversity to maximize
coverage of plant diversity. Conservation Biology, 31(2), 302—310. https://doi.org/10.1111/cobi.12792

3.4 Al-supported capture and documentation of community voices

This application area of ‘capture and documentation of community voices’ supports all five components of the UN Decade
Standards, as engagement and communication dialogues are integral throughout the restoration process. It also contributes
to KM-GBF, particularly Targets 1, 9, 11, 14, 20, 21, 22.
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Table 5. Opportunities and key risks of Al-supported capture and documentation of community voices.

Opportunities - What Al enables

Key Risks - What to Watch For

¢ Visualising dialogue dynamics and facilitating

communication. During engagement, participants express
concerns, preferences and ideas about ecosystem
restoration. These dialogues often contain rich
unstructured information that is difficult to capture in
predefined formats. Al driven discourse analysis can
identify patterns and relationships within such discussions
in real time and present them visually, making the
information more accessible and usable. It can also identify
speaker dynamics, thematic structures and argumentation
patterns [37]. These analyses can show how ideas and
positions evolve during collective discussion, supporting
more transparent and reflective communication.
Supporting documentation and reporting of engagement
processes. Generative Al can process unstructured
qualitative inputs, such as oral histories, community
interviews and workshop transcripts, to identify recurring
themes, value conflicts and place based priorities [37,38].
By transforming narrative data into structured summaries
and visualisations, Al can improve the efficiency of
documentation while strengthening transparency and
inclusiveness in reporting. This can help restoration teams
capture and retain community perspectives over time.

Linguistic inclusivity and recognition accuracy. At the time of
writing, automatic speech recognition systems perform best in
high resource languages with abundant digital text and audio
data, such as English and Mandarin. Accuracy is substantially
lower for low resource or Indigenous languages, where limited
training data, dialectal diversity and lack of standardised
orthography constrain performance [39]. For communities using
these languages, Al tools should be treated as experimental
rather than ready for use, and supplemented by community-
based validation, manual review and, where feasible, local audio
data for model fine tuning. As model coverage of
underrepresented languages improves, operational feasibility
for these communities is likely to expand.

Privacy, data ownership, and data governance. Dialogue data
often contain sensitive community information. Clear data
governance and transparent communication about how Al
outputs are generated and used are essential for maintaining
trust and protecting participants’ rights. Frameworks for data
ownership should clarify rights and responsibilities, designate
independent data management bodies and support
participatory governance mechanisms that ensure transparency,
accountability and equitable use of community data.

How to do it

When planning Al-supported capture and documentation of community voices, practitioners should consider the following

questions alongside the general considerations in Box 1:

Is the Al tool being used appropriate for the sensitivity of the data? Processing community dialogue through a web -

based proprietary model presents different data security risks than a locally hosted solution. Match the tool to the

sensitivity of the content.

Has the transcription accuracy of the selected tool been tested for the languages and dialects spoken by participating

communities? Known gaps should be identified and mitigated before deployment.

Is there capacity within the team or partnership to review Al-generated summaries before they are used in planning or

reporting processes?

Do community members have the opportunity to review, correct, and approve records of their contributions, and to

decide whether and how those records are used externally, in line with the principle of free, prior, and informed

consent?

For teams with limited technical capacity, readily accessible chatbots such as Claude, ChatGPT, or Gemini can support post-

m

eeting documentation and reporting.

Obtain explicit consent from all participants before recording or using Al transcription tools, in line with CARE and FPIC.

Explain clearly what will be recorded, how it will be processed, and confirm that audio will not be retained after

transcription.

e Record the meeting or workshop using your device's standard recording function or use a transcription tool such as
Assembly Al or HappyScribe for meetings in high-resource languages.
e Paste the transcript or facilitator notes into an Al chatbot and request a structured summary covering the elements
most relevant to the meeting (e.g., key themes, action items, decisions made).
e Circulate the draft summary to at least one participant from each stakeholder group for review before treating it as an
official record. Invite corrections and flag any contributions that have been misrepresented or omitted.
When selecting tools for this usage, the deployment mode should match the sensitivity of the content. Web-based proprietary

chatbots accessed through a browser (e.g., free-tier ChatGPT, Claude, or Gemini) process inputs on third-party servers and
may use them for model improvement. Some platforms allow users to opt out of training data use through settings. Even
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where training use is disabled, inputs still leave the user's local environment, so these tools remain suitable only for non-
sensitive to moderately sensitive content depending on the configuration.

For teams with greater resources or technical expertise, more sophisticated Al deployments become possible, including
dedicated platforms for real-time dialogue transcription, thematic analysis, and automated reporting (e.g., deliberAlde[12]).
For highly sensitive content, including most Indigenous and community dialogue data, locally hosted solutions keep data
entirely within local control: transcription and language models can be deployed on the organisation's own infrastructure,
allowing audio, transcripts, and summaries to be processed without ever leaving the local environment. Such approaches
require technical infrastructure, and ongoing maintenance. When communities communicate primarily in low-resource
languages, base language models may need to be fine-tuned with local language and dialect data to improve performance.
This is a separate and substantially more resource-intensive undertaking, requiring curated training data, ML engineering
expertise, and ongoing maintenance. Seek partnerships with technology providers, universities, or NGOs with relevant
expertise before pursuing either pathway.

4. Conclusions and outlook

Al can enhance inclusive engagement, knowledge sharing, and collaboration in ecosystem restoration when applied
responsibly. Al-supported monitoring can broaden citizen participation in biodiversity observation and help identify spatial
inequities in access to ecosystem benefits, guiding more equitable restoration priorities. Al-supported collaborative planning
and design can facilitate shared scenario development that reflects community values and aspirations. Language -based Al
systems can improve ecological knowledge exchange through transparent, accessible, and multilingual communication. Al
dialogue analysis can support meaningful discussions, strengthen documentation of local perspectives, and enhance
accountability in decision-making processes.

To ensure these benefits are equitable and enduring, Al adoption must address data bias, cultural context, and digital access.
The energy demands associated with training and deploying Al systems also require careful consideration and balancing to
avoid undermining environmental goals. Integrating Indigenous and local knowledge, validating Al outputs through expert
review, and establishing participatory governance mechanisms are essential. With these measures in place, Al can play a
constructive role in advancing restoration efforts aligned with the Kunming-Montreal Global Biodiversity Framework.
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