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ABSTRACT

Introduction and previous works done. The 2024 European Nature Restoration Law (NRL) introduces binding restoration
targets that — for the first time — explicitly include urban habitats. It challenges higher education to prepare practitioners who can
bridge technical diagnostics and community priorities. The FutureLand Erasmus+ project answers that call through MOOCs, micro-
credentials and participatory Learning Labs. Within FutureLand the authors propose a participatory restoration pedagogy tailored to
post-war urban recovery, building on prior urbogeosystemic research with urban remote sensing and open geospatial toolkits. Thus,
the main research objective of this paper is to introduce a transferable, trauma-informed participatory pedagogy.

Exposition of the main research materials. KKNU’s pedagogy rests on a dual representation of the city within the frame-
works of the urbogeosystemic approach. The conceptual framework demonstrates how the urbanistic environment (UE), urbogeosys-
tem (UGS), and urban ecological system (UES) are structurally connected: raster diagnostics, vector governance, and so-
cio-ecological processes converge into a coherent model. All three constituents enable restoration pedagogy to translate spatial evi-
dence into socially legitimate and ecologically grounded urban futures. Together, UE and UGS translate pixel- and point-cloud sig-
nals into place-based narratives usable by municipalities. Methodologically, we follow an “Open-Data-First” principle: Open-
StreetMap, global DEMs and available municipal LiDAR are combined with pragmatic 2.5D typological heuristics to produce
LODI1/1.5 proxies and conditional volume estimates. Multi-method change detection (vector footprint differencing, hybrid volumet-
ric proxies, and airborne LiDAR comparison) generates candidate urban changes that are then verified in participatory annotation
workshops. Lightweight, explainable artificial neural networks, trained on community-annotated datasets and interpreted with Grad-
CAM and SHAP, support urban pattern recognition, while keeping model decisions transparent and trustworthy. Pedagogically, the
Learning Lab — with trauma-informed facilitation, participatory mapping, memory walks and mixed technical-social assignments —
yields evidence packages that balance scientific rigor, civic legitimacy and NRL reporting needs. In these labs students, municipal
officers, NGOs and residents co-collect, annotate and validate spatial and narrative data. Pilots in Kharkiv show that student—
community teams can produce usable restoration scenarios, data-stewardship templates, syllabi, teacher-training modules and con-
tainerized software stacks that lower technical barriers for partners.

Conclusion. Our model shows how universities can catalyze ecological recovery and social renewal in urban areas by pairing
open, reproducible technical workflows with trauma-aware, community-centered pedagogy. By aligning urbogeosystemic reasoning
universities can serve as convenors and translators — producing governance-ready, community-endorsed evidence even in resource-
constrained, post-war settings. Our approach is intentionally pragmatic and scalable: open data, modular lab units and clear documen-
tation enable transfer to other cities lacking LiDAR or extensive municipal data. The pedagogical model helps bridge a gap between
spatial science and equitable restoration practice, that gap the NRL now requires us to close.

Keywords: European Nature Restoration law, participatory pedagogy, urbogeosystemic approach, urban ecological system,
learning labs, urban remote sensing, LiDAR, ANN.
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Introduction and previous works done

The adoption of the European Nature Restora-
tion Law (NRL) in 2024 marked a watershed mo-
ment in European environmental governance [17].
For the first time, binding obligations require mem-
ber states to restore degraded ecosystems across ter-
restrial, marine, and urban domains, with explicit
targets of restoring at least 20% of European Union
(EU) land and sea by 2030 and all ecosystems in
need by 2050 [17, 18]. This legislation reflects a
growing recognition that ecological degradation is
not confined to rural landscapes or wilderness areas
but is equally acute in cities, where biodiversity

loss, climate vulnerability, and social inequities in-
tersect [28, 36, 38, 57]. Urban habitats and green
infrastructures are now explicitly recognized as res-
toration priorities, demanding new forms of evi-
dence, governance, and education.

The European Nature Restoration Law (NRL),
enacted in 2024, converts high-level conservation
ambitions into binding obligations. It requires mem-
ber states to restore large swathes of degraded land
and sea, and for the first time explicitly includes
urban habitats and green infrastructure as restoration
targets [49, 50]. Cities are thus squarely in the
NRL’s sights: biodiversity, climate resilience, and
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social equity in urban areas now demand the same
careful, spatially explicit attention historically re-
served for rural or wild landscapes [3, 9, 18].

This legal shift raises two interconnected chal-
lenges. First, municipalities need governance-ready
evidence: spatial indicators and maps that are ro-
bust, transparent, and tailored to reporting. Second,
restoration must be socially legitimate. It means de-
veloped in ways that reflect local histories, rights,
and interests. Meeting both demands requires gradu-
ates who are technically fluent (remote sensing, GIS,
modelling) and socially literate (participatory facili-
tation, ethical reflexivity, policy communication).

The FutureLand Erasmus+ project responds to
these needs by embedding NRL principles into
higher education through MOOCs (massive open
online courses), micro-credentials, and participatory
Learning Labs [21]. Within the consortium, the sci-
entific team of the K. Niemets Department of Hu-
man Geography and Regional Studies at V. N.
Karazin Kharkiv National University (hereafter ei-
ther “KKNU”, or “the KKNU team”) offers a dis-
tinctive contribution: a pedagogy calibrated to post-
war urban recovery, where socio-ecological repair is
inseparable from humanitarian recovery, contested
memory, and social justice.

Thus, the ultimate research objective of this
paper is to develop and introduce the concept of a
transferable, trauma-informed participatory restora-
tion pedagogy that equips students, graduates, and
scientists to co-design, document, and implement
community-legitimate, governance-ready restoration
proposals for post-war urban contexts aligned with
the EU Nature Restoration Law.

KKNU’s approach rests on two complementary
ideas. Conceptually, the city is treated as a coupled
urbogeosystem [28, 29]. One lens — the Urbanistic
Environment (UE) — captures continuous surface
dynamics (vegetation indices, impervious surfaces,
thermal gradients). The other — the Urbogeosystem
(UGS) — models discrete objects (buildings, parks,
parcels) and attaches governance, ownership, and
social attributes. This duality bridges spectral signals
and municipal decision-making: pixel changes be-
come place-based narratives that planners and citi-
zens can act on. At last, the Urban Ecological system
(UES) unites these two issues in cities together.

Methodologically, KKNU favors an open-data-
first stance. Many municipalities lack the budget for
routine LiDAR surveys; therefore, the pedagogy
builds on OpenStreetMap, Sentinel/Landsat image-
ry, global DEMs, and local open data. Where verti-
cal information is missing, typological heuristics
produce transparent 2.5D proxies with documented
uncertainty. This pragmatic stance preserves repro-
ducibility and lowers technical barriers for students
and partner cities.

Pedagogically, the heart of the model is the
Learning Lab — a space where students, municipal
officers, NGOs, and residents co-produce evidence.
Activities may include participatory mapping
(PGIS, P3DM), memory walks, oral histories, image
annotation workshops, and lightweight machine
learning experiments. All these methods and tech-
niques were already developed up to fifteen years
earlier [15, 16]. Crucially, the labs are trauma-
informed: facilitation practices prioritize safety, in-
formed consent, psychosocial referral pathways, and
benefit-sharing so that participation is empowering
rather than extractive [26].

Pilots in Kharkiv (pilot components of a larger
piloting project) will show this model in action: stu-
dent-community teams generated verified change
maps and restoration scenarios that local authorities
found usable for early planning. These pilots will
suggest that universities can be more than research
centers: they can act as conveners, translators, and
capacity builders — producing evidence packages
that are scientifically robust and socially endorsed.

The remainder of our paper unpacks this con-
tribution: first by situating the model in the literature
on restoration pedagogy and human geography, then
by detailing policy alignment with the NRL, the
open-data, urban remote sensing, and ANN (artifi-
cial neural networks) workflows, the Kharkiv pilots,
and finally the lessons for scaling and policy transla-
tion. All these mentioned constituents have been
based on the official documents issued previously,
research completed, and academic works done be-
sides those we already referred to above [1-4, 6, 9,
10, 12, 17, 18, 20, 26, 34, 37, 41, 51, 61, 63, 66, 67].

The idea that ecological restoration can serve as
both an object and a medium of learning has gained
traction in recent decades. Ballard and Belsky [2]
argue that participatory action research (PAR) in
ecological contexts not only generates data, but also
builds civic capacity and resilience. Restoration as
pedagogy thus positions students and community
members as coresearchers who coproduce know-
ledge, prototype interventions, and reflect critically
on values and power relations. This aligns with tra-
ditions of service-learning and critical pedagogy,
which emphasize reciprocity, civic engagement, and
the cultivation of ethical reflexivity [12, 63].

In the context of the Nature Restoration Law
(NRL), this pedagogical stance is particularly rele-
vant. The NRL requires outputs that are not only
technically robust but also socially legitimate and
governance-ready [17, 18]. Restoration pedagogy
must therefore train graduates to produce evidence
that municipalities can adopt while ensuring that in-
terventions resonate with community values [14, 45].

Exposition of the main research material.

Key theoretical and practical basics. Human
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geography, contested place, and post-war land-
scapes. Restoration can be both a subject of study
and an educational method: PAR and service-
learning traditions show that hands-on restoration
builds civic skills and social capital while producing
usable knowledge. Under the NRL, restoration edu-
cation must therefore produce both technically
sound outputs and socially legitimate processes.

Human geography teaches that places are so-
cially produced and layered with memory, power,
and identity. In post-war cities, parks and brown-
fields are often both ecological assets and memorial
sites. Restoration projects that ignore cultural mean-
ing risk rejection; pedagogy must teach how to sur-
face narratives, map stakeholders, and design inter-
ventions that respect contested histories.

Working in post-war settings requires trauma-
aware facilitation: prioritize safety, trust, choice,
collaboration, and empowerment. In practice, this
means flexible participation, trigger warnings, refer-
ral pathways, anonymization, and benefit-sharing.
Embedding these practices protects participants and
strengthens the legitimacy of the research. Restora-
tion education benefits from methodological plural-
ism: qualitative tools (interviews, oral histories,
transect walks, photovoice) reveal values and mem-
ories, while geospatial tools (PGIS, OBIA — tradi-
tional pixel-based methods, Urban Remote Sensing
- URS) provide visual evidence and scenario af-
fordances. The pedagogical aim is to use GIS/URS
tools not as an authoritative replacement for local
knowledge, but as a transparent, accessible com-
plement. The following visual, a diagram, exposes
geospatial data pipeline, which can be employed by
human geography for the post-war landscapes’ eval-
uation (Fig. 1).

The flowchart depicts a staged pipeline that in-
gests and synthesizes multiple geospatial data
sources into validated spatial indices. Six primary
sources — OpenStreetMap (OSM), Sentinel, Landsat,
a global DEM, airborne LiDAR, and municipal por-
tals — feed a central preprocessing stage where for-
mats are normalized and raw inputs cleaned. From
there the data pass through harmonization, index
computation and a final validation step, producing
robust, interoperable spatial products ready for anal-
ysis and decision-making. This pipeline is intention-
ally designed to meet the needs of human geography
in contested, post-war places: it generates multi-
scalar evidence to map shifting land uses, document
infrastructure damage, and reveal patterns of infor-
mal occupation that matter for claims to space and
contested place-making.

Harmonization and index computation yield
comparable metrics — for example, built-up change,
elevation-based accessibility, and vegetation recov-
ery — that translate lived, local experiences into de-

monstrable spatial change. Validation anchors those
products in trustworthy evidence, which is crucial
when maps are used for reparative planning, reset-
tlement decisions, or to substantiate contested
claims after war. Practically, each source contributes
distinct insight: OSM surfaces community-edited
features and emergent informal settlements as well
as civic infrastructure updates; Sentinel and Landsat
time series enable temporal change detection for
vegetation regrowth, burn scars and broad land-
cover transitions; a global DEM reveals terrain con-
straints on movement, flood risk and strategic or
defensible locations; airborne LiDAR supplies fine-
scale assessments of building damage, footprints
and restoration needs; and municipal portals provide
cadastral records, planning layers and administrative
boundaries needed to adjudicate claims. Together,
these elements form a coherent, defensible work-
flow for spatially grounded post-war analysis.

Machine learning can significantly help detect
urban change, but in civic contexts models must be
interpretable [7, 13, 24, 32]. Lightweight ANNs
trained on community-annotated data, together with
explainability tools (GradCAM, SHAP), allow both
students and community members to see how mod-
els make decisions — building trust and aligning out-
puts with policy needs [48].

Nonetheless, key gaps remain within the men-
tioned domain: longitudinal tracking of student and
community outcomes, comparative evaluation of
mixed-method bundles, and domain adaptation of
models to different urban contexts. FutureLand's
cross-lab exchanges create an opportunity for com-
parative learning and refinement.

In synthesis, a participatory, urbogeosystemic
pedagogy may link pixel-level and cloud-based di-
agnostics with object-level governance narratives,
grounds models in community annotation, and em-
beds trauma-aware facilitation to produce NRL-
compatible, socially endorsed evidence [1, 11, 13-
16, 20, 25, 26, 44, 45, 47, 63].

Educational implications, the FutureLand
Erasmus+ project, and KKNUs strategic role. The
NRL’s scope creates a profound demand for new pro-
fessional competencies. Restoration specialists must
be able to: translate remote sensing and GIS outputs
into governance-ready indicators [4, 22]; facilitate
participatory processes that ensure social legitimacy
[2, 12]; integrate trauma-informed approaches in
post-war or vulnerable contexts [10, 26]; communi-
cate uncertainty transparently, enabling municipali-
ties to make informed decisions under conditions of
risk on the base of geospatial pipeline by imple-
menting early algorithmic approaches to building
extraction, which are now integrated into OBIA
workflows for post-war urban reconstruction, dam-
age assessment, and restoration planning [43, 55].
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Fig. 1. Geospatial data pipeline for contested, post-war landscapes

Higher education institutions are thus central to
the NRL agenda. They must produce graduates who
are technically skilled, ethically reflexive, and capa-
ble of bridging science, governance, and society [6,
61]. The FutureLand consortium has been estab-
lished to operationalize these educational impera-
tives. Funded under Erasmust KA220HED, it
brings together universities, municipalities, and
NGOs across Europe to codesign -curricula,
MOOCs, micro-credentials, and participatory Learn-
ing Labs [21]. Its objectives include:

e Embedding NRL principles into higher edu-
cation curricula (the primary goal);

e Producing open educational resources
(OERs) and MOOC:s accessible across Europe;

e Piloting participatory Learning Labs that
generate NRL-aligned evidence packages;

e Building municipal capacity through train-
ing toolkits and policy briefs;

e Facilitating cross-lab exchanges to compare
methodologies and outcomes.

FutureLand thus serves as both an educational
innovation and a policy instrument, ensuring that the
NRL’s ambitious targets are supported by a skilled,
socially literate workforce.

Within the project consortium, our KKNU’s
team plays a pivotal role. Its mandate includes:

Designing participatory Learning Labs in
post-war urban contexts;

Developing trauma-informed pedagogical
protocols;

Producing open educational resources (OERS)
and MOOC:s that integrate human geography,
participatory ethics, and open-data GIS work-
flows.

Piloting this approach in Kharkiv — a city that
has suffered extensive urban damage since 2022 —
offers both urgency and a real-world testing ground.
Kharkiv functions as a living laboratory: its dam-
aged parks, industrial sites, brownfields, residential
blocks and public spaces are at once ecological
habitats, memorial landscapes, and contested arenas
of identity and rights to place. Many of the mapped
objects were damaged or destroyed between 2022
and 2025. The first author has previously reported
the urbogeosystemic LiDAR-based change detection
of hostilities in Kharkiv’s most heavily impacted
district, Northern Saltivka [28, 31]. Below we re-
produce an original visual of the consequences of
the hostilities — a 2D map highlighting morphologi-
cal urban changes due to damaged and ruined resi-
dential buildings in red (Fig. 2).

Restoration here cannot be reduced to technical
repair; it must integrate humanitarian recovery, con-
tested memory, and social justice [20, 44]. KKNU’s
pedagogy therefore combines urbogeosystemic
modeling (UE/UGS duality and UES/UE/UGS tri-
plicity) with PAR and challenge-based learning
(CBL), ensuring that outputs are both technically
robust and socially legitimate [2, 12].

Policy translation and dissemination. A distinc-
tive feature of KKNU’s role is its emphasis on poli-
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Fig. 2. Change detection results as a 2D map produced in the City Change Management interface
(developed by the first author) from the multitemporal LiDAR dataset (2019-2022) for the Northern Saltivka
district, Kharkiv. Footprints of architectural and structural change are shown in red

cy translation. Outputs from Learning Labs are
packaged as NRL-aligned evidence briefs, compris-
ing executive summaries, mapped indicators, uncer-
tainty statements, and implementation roadmaps.
Dissemination strategies may include story maps,
films, translated briefs, and low-band-width OERs,
foregrounding community voices [65, 66]. This en-
sures that evidence is not only academically rigor-
ous but also accessible to municipal officers, NGOs,
and communities.

Risks and opportunities. The policy context al-
so highlights risks. Security constraints may disrupt
fieldwork; consultation fatigue may burden commu-
nities; expectation mismatches may arise between
student proposals and municipal capacities [1].
Moreover, these risks are counterbalanced by oppor-
tunities: the chance to embed participatory peda-
gogy in curricula, to scale OERs across Europe, and
to demonstrate that even under post-war conditions,
universities can operationalize the NRL.

Conceptual  framework:  urbogeosystemic
thinking and restoration pedagogy. Restoration as
a socio-ecological process. Restoration in the NRL
era is not merely a technical exercise of repairing
degraded ecosystems; it is a socioecological process
that integrates ecological diagnostics with social
legitimacy. Scholars emphasize that ecological in-
terventions succeed only when they are embedded in
governance frameworks and community values [2,
20]. In post-war cities, such as Kharkiv, restoration
must also address trauma, contested memory, and

humanitarian recovery due to existing evaluations of
all these issues [37, 44, 62]. The conceptual frame-
work developed by our KKNU’s team therefore po-
sitions restoration as both ecological repair and so-
cial rehabilitation, as well as civic pedagogy, where
students, communities, and municipalities copro-
duce knowledge and interventions.

Urbogeosystemic thinking: UE / UGS duality
and UE / UGS /UES triplicity. At the heart of
KKNU’s model is the urbogeosystemic framework,
which conceptualizes the city as a coupled system
with three complementary representations already
mentioned in this text above:

e Urbanistic Environment (UE): A quasi-raster
model capturing continuous surfaces and dy-
namic flows such as vegetation cover, imper-
viousness, and thermal gradients. Raster indi-
ces like NDVI, NDBI, and SAVI are used to
monitor ecological dynamics [46, 69], while
LiDAR cloud-based models have been effi-
ciently used to reconstruct massive UE for a
whole city scale [35].

e Urbogeosystem (UGS): A quasi-vector model
representing discrete urban objects—buildings,
parcels, parks, and infrastructures, firstly pre-
sented by the authors of this paper [29]. Fur-
ther developments of the UGS models can be
considered along with their semantic attrib-
utes such as use, ownership, and institutional
links [4, 58], and can be efficiently imple-
mented in the digital city projects [34].
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e The urban ecological system (UES) brings
these two views together by placing both con-
tinuous environmental flows and discrete ur-
ban objects within the wider socio-ecological
processes that shape resilience, biodiversity,
and human well-being. In this structure of tri-
plicity the UE functions as the diagnostic lay-
er, revealing patterns and signals in the urban
environment; the UGS provides the govern-
ance anchor, linking those signals to institu-
tions, regulations and decision-making; and
the UES offers the normative frame, connect-
ing analysis to questions of sustainability, eq-
uity and restoration. When the three are
aligned, technical indicators gain ecological
meaning and social legitimacy, allowing res-
toration-focused pedagogy to move seamless-
ly from diagnosis to governance to the civic
values that guide collective recovery.

The EE/UGS duality allows translation of pix-
el/cloud-level signals into object-level narratives
(Fig. 3). For example, canopy loss in UE-rasters

corresponds to tree removal in a UGS-park polygon;
spectral evidence of collapsed roofs translates into
building footprint changes with ownership implica-
tions. Such translation is essential for producing
NRL-aligned indicators that municipalities can act
upon [25, 51]. Figure 3 visualizes the urbogeosys-
temic duality through two interconnected panels.
The upper panel (UGS) represents the city as a col-
lection of discrete vector objects—buildings, a
church, trees, roads, and land parcels—while the
lower panel (UE) depicts the same area as a contin-
uous, quasi-raster surface composed of grid cells
that express vegetation, impervious cover, and tran-
sitional gradients. A double-headed arrow links the
two panels, indicating the bidirectional translation
between them: pixel- and point-cloud patterns in the
UE correspond to object-level features and mean-
ings in the UGS. For example, a canopy loss detect-
ed in the raster domain may translate into the re-
moval of trees within a park polygon, while spectral
evidence of roof damage can alter building foot-
prints and update associated ownership records.

Urbogeosystemic Duality

/

UGS

———

Urbogeosystem Discrete

~

) J

UE

%

Urbanistic Environmment Continuous

Fig. 3. Urbogeosystemic Duality: linked Urbanistic Environment (UE) quasi-raster surfaces and Urbo-

geosystem (UGS) quasi-vector objects, showing how continuous pixel/point-cloud signals translate into dis-

crete object-level narratives (e.g., canopy loss — park polygon tree removal; spectral roof collapse — build-
ing footprint change with ownership implications), enabling NRL-aligned indicators for municipal action

Participatory pedagogy and action research.
The urbogeosystemic framework is embedded with-
in a participatory pedagogy grounded in PAR and
CBL. PAR emphasizes cyclical action-reflection and
positions community members as coresearchers

[12]. CBL situates learning in real-world challenges,
compelling students to negotiate ecological aims
with social realities [61]. Together, these traditions
argue that restoration education must cultivate tech-
nical, governance, and ethical literacies in tandem.
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In Kharkiv, this means that students do not
merely analyze satellite imageries. Taking into ac-
count security regulations due to the war going on,
they also conduct memory walks, collect oral histo-
ries, and facilitate participatory mapping workshops.
These activities surface contested narratives of place
and ensure that restoration proposals are socially
legitimate [26, 52].

Trauma-informed pedagogy. A distinctive fea-
ture of KKNU’s framework is its trauma-informed
orientation. Postwar contexts require facilitation that
prioritizes safety, trust, choice, collaboration, and
empowerment [1, 10, 56]. Trauma-informed peda-
gogy in restoration involves:

- Consent protocols and plain-language data
use statements.

- Optional participation modalities for sensitive
sessions.

- Referral pathways to psychosocial services.

- Anonymization of sensitive testimonies.

- Ethical audits with community representatives.

By embedding these safeguards, the KKNU’s
team ensures that Learning Labs avoid extractive
tendencies and instead foster resilience and reci-
procity. This aligns with broader calls for humani-
tarian ethics in community-engaged research [20].

Open data first and pragmatic modeling. The
framework also incorporates a methodological
stance: open data first. Many municipalities lack
resources for regular airborne LiDAR surveys. The
KKNU’s team therefore prioritizes freely available
datasets such as OSM, Sentinel, Landsat, DEMs,
and municipal open LiDAR portals [4, 22, 33-35].
Where height data are missing, typological heuris-
tics estimate building heights based on footprint ar-
ea and building type, producing pragmatic 2.5D
models. These approximations are explicitly pre-
sented with uncertainty intervals, ensuring transpar-
ency and trust. Such approach reflects a broader
pedagogical principle: technology should be sup-
portive, not determinative. Students learn to use GIS
and remote sensing as tools that complement, rather
than replace, participatory processes [15, 16, 66].

Artificial neural networks as pedagogical tools.
Machine learning is integrated into the framework
not as an opaque automation but as a pedagogical
tool. Lightweight Artificial Neural Networks
(ANNs)-such as similarity networks and contrastive
Siamese architectures—are introduced to demonstrate
pattern recognition and anomaly detection [23, 27,
39, 64]. Training datasets are produced through par-
ticipatory annotation workshops, grounding models
in local realities [2]. Explainability techniques such
as GradCAM [54] and SHAP [42] are used to show
how models arrive at decisions, fostering transpar-
ency and civic trust.

Integration with the NRL. The conceptual frame-

work is explicitly aligned with the NRL’s require-
ments. The UE / UGS duality, and UE / UGS /
UES triplicity both support the production of spa-
tially explicit indicators; participatory pedagogy
ensures stakeholder inclusion; trauma-informed fa-
cilitation guarantees ethical safeguards; open data
workflows enhance reproducibility; and ANN ex-
plainability fosters transparency. Together, these
elements produce NRL-compatible evidence pack-
ages that municipalities can adopt for reporting and
planning [5, 17].

Synthesis due to the conceptual framework. In
sum, KKNU’s conceptual framework integrates ur-
bogeosystemic thinking, participatory pedagogy,
trauma-informed facilitation, and open data pragma-
tism into a coherent model of restoration education.
It reframes restoration as a socioecological and edu-
cational process, where technical diagnostics are
inseparable from community narratives and ethical
safeguards. This framework not only addresses the
immediate needs of post-war Kharkiv, but also of-
fers a transferable blueprint for other European con-
texts facing ecological degradation, governance
complexity, or social contestation.

Methodology: open data, pragmatic modeling,
neural networks, and participatory workflows.
Open dataFirst strategy. A cornerstone of the
KKNU team approach within FutureLand is the
open data first principle. Many municipalities, par-
ticularly in post-war or resource-constrained con-
texts, lack the financial or logistical capacity to
commission regular airborne LiDAR surveys or
high-resolution proprietary datasets. Instead, the
pedagogy prioritizes freely available and reproduci-
ble sources:

e OpenStreetMap (OSM) building footprints
and attribute tags, which provide a dynamic,
crowdsourced baseline of urban morphology
[8,22];

e Sentinel2 and Landsat imagery, offering mul-
titemporal optical data for vegetation indices
(NDVI, SAVI) and built-surface monitoring
(NDBI) (40, 69];

e Global DEMs such as SRTM and ALOS,
which provide elevation baselines for terrain
and conditional volume proxies [59];

e Municipal open data portals with LiDAR
point clouds and cadastral archives, local
monitoring results, where available, to sup-
plement global datasets with local specificity
[29, 30, 33];

e Historical maps and crowdsourced imagery,
which allow diachronic comparison and
community validation [52].

This strategy not only reduces costs, but also
enhances reproducibility and transparency, aligning
with open science and open pedagogy principles
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[Wiley, Abernathy, 2023]. All preprocessing scripts
are stored in version-controlled repositories, ensur-
ing that workflows can be replicated and adapted
across FutureLand partners.

Preprocessing and harmonization. To ensure
comparability, all datasets undergo a reproducible
ingestion pipeline:

e Reprojection to a common coordinate refer-
ence system.

e Cloud masking and atmospheric correction
for optical imagery.

e Band normalization and computation of spec-
tral indices (NDVI, NDBI, SAVI).

e Topology checks and attribute harmonization
for vector layers.

This harmonization is critical for producing
NRL-aligned indicators that are consistent across
time and space [17, 45].

Pragmatic 2.5D modeling. LIDAR point cloud
processing is the most efficient technology for urban
space reconstruction [53]. Where LiDAR is unavail-
able, our team employs typological heuristics to es-
timate building heights. These heuristics draw on
footprint area, building type tags, and local typolo-
gies (e.g., single-family residential, midrise multi-
family). Spot checks using street photos or munici-
pal metadata validate these estimates, and uncertain-
ty bands are explicitly recorded [4, 2015, 35]. We
can illustrate pragmatic 2.5D modeling with the fol-
lowing original explanatory visual (Fig. 4):

Footprint Area: 110sqm Estimated Height: 8.5m

Building Type: Singl
Family/Villa Buildii
Use Type: Prima F fential

Locality

[©) spot Check: OK

Fig. 4. Pragmatic 2.5D building-modelling workflow: left — street photograph with extracted footprint area
(116 m?) and typological tags; center — wireframe height estimate (8.5 m) with explicit uncertainty band
(+0.5 m), right — shaded 3D rendering with verification flag (Spot Check OK)

The figure above illustrates a three-stage 2.5D
modeling workflow that complements the typologi-
cal heuristics outlined earlier. On the left, a street-
level photograph shows a single-family house
alongside its extracted metadata — footprint area
(116 m?), building type, use, and local typology. In
the center, a wireframe 3D model presents the esti-
mated building height (8.5 m) together with an ex-
plicitly defined uncertainty range (+ 0.5 m). On the
right, a shaded 3D rendering of the same footprint
carries a verification flag (“Spot Check OK”), con-
firming that the model has been successfully vali-
dated against aerial imagery or municipal records.
Together, these panels demonstrate how footprint-
based heuristics, quantified uncertainty, and selec-
tive spot checks can be integrated to produce practi-
cal, reliable 2.5D building representations for urban
analysis and planning as well as for educational
purposes.

By combining footprint polygons with DEMs
and inferred heights as described above, the URS
segment of the urbosystemic pedagogy produces
operational 2.5D approximations (LOD1/LODL1.5).
These are adequate for neighborhood-level condi-
tional volume proxies, which support prioritization
of restoration interventions. Importantly, conditional
volumes are always presented with uncertainty in-
tervals, ensuring that municipal users understand

limitations and can make informed decisions [31,
33, 35, 58].

Multi-method change detection. A robust detec-
tion pipeline integrates multiple methods, each with
complementary strengths:

e Pixel-based spectral differencing: Temporal
deltas of NDVI, NDBI, and other indices flag
vegetation loss and impervious surface
changes [69];

e Object-Based Image Analysis (OBIA): Seg-
mentation of scenes produces coherent ob-
jects that map to OSM footprints, supporting
semantic comparisons across epochs [25];

e Vector footprint differencing: Comparing
timestamped OSM or cadastral polygons
identifies added, removed, or altered foot-
prints [22];

e Hybrid volumetric proxies: Footprint deltas
combined with typological height priors yield
conditional volume-change estimates, priori-
tizing structural assessments [53];

e Urban change detection with LiDAR: This
Change Detection technique provides moni-
toring of a city’s architectural (geometric)
changes over a selected period of time. An au-
tomated comparison of two LiDAR point
clouds, takes into account all three generally
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accepted tasks that must be addressed for rep-
resentative 2.5D/3D change detection: 1) co-
ordinate system alignment; 2) spatial compar-
ison; and 3) detected changes representation
and analysis [28, 30, 57, 60].

Each stream from the list above produces can-
didate changes for human verification and ANN
training. This multimethod triangulation enhances
robustness and aligns with NRL’s demand for credi-
ble, transparent evidence [17]. For example, urban
change detection based on the LiDAR monitoring
results has efficiently reconstructed the hostilities’

impact on UE in Kharkiv, which can be depicted
either as a 2D map (Fig. 2), or — even in more repre-
sentative way — as a 3D scene in a spatial modeling
interface (Fig. 5).

Participatory annotation and labeling. High-
quality labeled datasets of the various sensors are
essential for ANN training. Our team organizes par-
ticipatory annotation workshops, where students and
community volunteers crosscheck satellite imagery,
LiDAR surveys, Google street photos, and local
knowledge to label instances as Added, Removed,
Modified, or Unchanged.

iy = | S8 AR 1:15,024

(A}

Q- 9N B [Pled

....... 307

.545999 29 54

&

Fig. 5. Change detection results as a 3D scene produced in the City Change Management interface
(developed by the first author) from the multitemporal LiDAR dataset (2019-2022) for the Northern Saltivka
district, Kharkiv. Features of architectural and structural change are shown in red.

We start with freely available, reproducible
sources: OpenStreetMap footprints, Sentinel-2 and
Landsat imagery for multispectral indices (NDVI,
NDBI, SAVI), free airborne LiDAR datasets (if
available), global DEMs (SRTM/ALOS), municipal
open-data, and historical imageries. These inputs
enable reproducible preprocessing and lower barri-
ers for partners.

All datasets should be harmonized through a
reproducible pipeline: consistent coordinate sys-
tems, cloud masking and atmospheric correction for
optical data, band normalization, spectral indices,
and topology/attribute checks for vectors. Scripts
and notebooks are version-controlled so partners can
reproduce and adapt workflows.

Where or if LiDAR is absent, typological rules
estimate building heights from footprint area and
land use tags. Combined with DEMs, these priors
yield 2.5D approximations (LOD1 / LOD1.5) and

conditional volume proxies. Every estimate includes

explicit uncertainty bands and validation spot

checks using street photos or municipal metadata.
Urban change is detected with complementary
methods:

- Pixel differencing (temporal deltas of NDVI,
NDBI) to flag vegetation or surface change;

- OBIA to create coherent segments linked to
OSM footprints;

- Vector footprint differencing to detect add-
ed/removed/changed buildings;

- Hybrid volumetric proxies combining foot-
print deltas and typological heights or condi-
tional volume change;

- Where and if LiDAR datasets are available, a
relevant pipeline should be implemented, since
it already provided a robust output (Fig. 2, 5).

Candidate changes are human-verified and then
used to build training samples for machine learning.
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Students and community volunteers label imagery in
workshops (Added, Removed, Modified, Unchanged
classes), producing labeled data that is both techni-
cally useful and democratically grounded.

Artificial neural networks in urbogeosystemic
pedagogy. We use two pedagogical ANN approach-
es intended to be applied within the Learning Labs
activities of the FutureLand project (Fig. 6): Simi-
larity-oriented networks that fuse image patch CNN
embeddings with tabular descriptors to score simi-
larity between paired observations; Contrastive (Si-
amese) networks that separate changed from un-
changed pairs in embedding space.

This figure provides a clear schematic of two
stacked ANN pipelines that are applied in Learning
Labs for wurban change detection and restoration
analysis. These two pipelines represent further de-
velopment of our ANN-methodology reported earli-
er [32]. The upper visual pipeline (the Enhanced
ANN Similarity model) combines visual embed-
dings derived from a convolutional neural network
(CNN) with tabular descriptors processed by a mul-
ti-layer perceptron (MLP), resulting in a joint em-
bedding and a similarity score. The lower pipeline
(the Contrastive Siamese model) uses shared-weight
CNN branches to generate paired embeddings and a
distance-based loss function, which ultimately
drives a binary decision of Changed or Unchanged.
The model processes both image and tabular inputs.
Image data are provided as small pairs of patches —
in the upper pipeline, these are labeled as A/B and in
the lower pipeline as anchor/compare. Tabular in-
puts include attributes like area, volume height (all
obtained from LiDAR) NDVI difference, and typol-
ogy, which are processed through MLPs. Prepro-
cessing involves standard image normalization and
tabular scaling, with visual and tabular streams kept
separate until they are fused.

In the Enhanced ANN Similarity pipeline, the
CNN backbone generates 512-dimensional visual
embeddings for each patch, while the tabular MLP
produces 64-dimensional embeddings. These are
concatenated to form a 256-dimensional joint em-
bedding, which is then processed by a similarity
head to produce a 0-1 similarity score. The pipeline
ranks patch pairs by similarity, supporting prioritiza-
tion and near-duplicate detection. It also includes
explainability features through Grad-CAM (for vi-
sion) and SHAP (for tabular inputs).

The Contrastive Siamese pipeline uses twin
CNN branches with shared weights to produce 512-
dimensional embeddings for each patch pair. The
embeddings are compared using Euclidean or cosine
distances, and a contrastive or triplet loss function is
used to maximize separation between changed and
unchanged pairs.

The final output is a thresholded binary classifi-

cation, indicating whether the changes are signifi-
cant or not. Training for both pipelines involves par-
ticipatory annotations and curated patch pairs, su-
pervised for both similarity and contrastive objec-
tives. Evaluation metrics include ROC/AUROC,
correlation, precision, recall, F1 score, and embed-
ding-margin separation. To ensure interpretability,
Grad-CAM visualizations highlight key spatial fea-
tures, while SHAP values are used to quantify the
influence of tabular descriptors.

In the research workflow, the Enhanced Simi-
larity Pipeline is used in Learning Labs to prioritize
and rank potential change pairs, while the Contras-
tive Siamese Pipeline performs final, high-
confidence urban change detection. Both pipelines
feed results into downstream stages, such as triage,
stakeholder review, and urban restoration planning,
where rapid, explainable assessments of visual and
contextual changes are crucial.

This architecture combines deep learning with
interpretable tabular modeling, offering a transpar-
ent and data-efficient framework for urban change
detection and restoration analysis for cities. It strikes
a balance between quantitative accuracy and qualita-
tive insights, aligning computational methods with
participatory, human-centered research objectives.

Community members will also participate in
annotation workshops, labeling satellite imagery,
LiDAR point clouds, and street photos to identify
Added, Removed, Modified, or Unchanged urban
structures. This not only produce robust training
data for ANN models but also ground technical out-
puts in local realities.

Municipal roundtables and policy uptake. Out-
puts from the Learning Labs were presented in mu-
nicipal roundtables, where local officials, NGOs,
and community representatives reviewed evidence
packages. These packages will include:

e Verified change maps of building footprints,
change detected features and green cover;

e Neighborhood summaries of lost area, condi-
tional volume proxies, and restoration priori-
ties;

e Draft restoration scenarios aligned with NRL
indicators;

¢ Executive summaries with cost bands and im-
plementation roadmaps.

Municipal officers will emphasize the value of
transparent uncertainty statements and community
validation, which increased the credibility and up-
take of the outputs.

Outcomes and lessons learned. The Kharkiv pi-
lots will produce several key outcomes:

e Technical outputs: Verified change maps,
ANN  similarity/dissimilarity scores, and
NRL-aligned restoration scenarios;

e Pedagogical outcomes: Students gain compe-
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tencies in open data workflows, participatory
facilitation, and ethical reflexivity.

e Community outcomes: Residents would reen-
gage in shaping their urban futures, and their
narratives will be embedded in restoration
planning.

e Policy outcomes: Municipal officers will re-
ceive actionable, NRL-compatible evidence
packages that informed early restoration
planning.

Lessons learned include the importance of mul-
timethod triangulation (pixel, object, vector, volu-
metric), the value of participatory annotation for
both technical and civic legitimacy, and the necessi-
ty of trauma-informed facilitation in post-war con-
texts [1, 25, 47].

Scaling and transferability. The Kharkiv pilots
also will provide insights for scaling. Crosslab ex-
changes with Venice, Girona, and Joensuu are
planned to compare methodologies and outcomes,
addressing evidence gaps in comparative evaluation
[14]. Shared repositories of OERs, benchmark da-
tasets, and municipal toolkits will enable replication
across Europe [21, 66]. While the model is tuned to
postwar urban contexts, its principles—open data
pragmatism, urbogeosystemic modeling, participa-
tory pedagogy, and trauma-informed facilitation—are
transferable to other European regions facing eco-
logical degradation, governance complexity, or so-
cial contestation [20, 61].

Synthesis due to the methodology. The Kharkiv
pilots demonstrate that even under conditions of war
and resource scarcity, universities can operationalize
the NRL through participatory pedagogy. By inte-
grating open data workflows, urbogeosystemic
modeling, ANN explainability, and trauma-informed
facilitation, the KKNU team will produce outputs
that are scientifically credible, socially legitimate,
and governance-ready. More importantly, the pilots
reengaged communities in shaping their urban fu-
tures and trained a new generation of restoration
specialists. This dual achievement - technical inno-
vation and civic empowerment - illustrates the trans-
formative potential of the participatory urbogeosys-
temic pedagogy in the NRL era.

Results and policy translation. Learning Labs
circle and technical outputs. The schematic in Fig. 7
summarizes the Learning Lab as an iterative, evi-
dence-driven cycle that links technical workflows
with community-centered decision-making. The
pipeline starts with reproducible data curation — as-
sembling and cleaning imagery, LIDAR, OSM, mu-
nicipal layers and field notes while documenting
provenance and uncertainty — and proceeds to light-
weight, interpretable ANN models that surface can-
didate changes for human review. At the heart of the
cycle, students, residents and municipal staft jointly

inspect, label and correct model candidates; those
community-validated labels then refine the models
and feed back into new rounds of analysis. Outputs
are translated into governance-ready briefs (maps,
uncertainty statements and short implementation
roadmaps) that municipalities can use directly, and
field validation closes the loop by informing sensi-
tivity tests and subsequent annotations.

In Kharkiv, these labs will produce a coherent
set of technical products, that demonstrate the feasi-
bility of an open-data, participatory, urbogeosystem-
ic approach. Student teams — working with commu-
nity members and municipal officers — produce veri-
fied change maps that distinguish Added, Removed,
Modified and Unchanged building footprints (com-
bining LiDAR monitoring, OSM updates, Sentinel-2
differencing and participatory annotation); neigh-
borhood summaries quantifying lost area, condition-
al volume proxies and green-cover change aligned
to Nature Restoration Law indicators; restoration
scenarios that integrate ecological, social and me-
morial dimensions; and ANN similarity scores that
efficiently prioritize sites for triage (Fig. 7).

Crucially, whether using airborne LiDAR or
pragmatic 2.5D approximations from open imagery,
the Learning Lab cycle yields policy-ready evi-
dence: reproducible workflows, explicit uncertainty
statements, and participatory validation that munici-
palities can trust in reparative planning.

These outputs demonstrate that either with Li-
DAR, or even without it, pragmatic 2.5D modeling
and participatory validation can produce policy-
ready evidence for urban restoration.

Pedagogical and community outcomes. Equally
significant are the pedagogical outcomes. Students
develop competencies in open data workflows, par-
ticipatory facilitation, and ethical reflexivity. They
learn to communicate uncertainty transparently, a
skill critical for NRL reporting. For communities,
the pilots provide opportunities to reclaim agency in
shaping their urban futures. Memory walks and par-
ticipatory mapping enabled residents to articulate
losses and aspirations, embedding their narratives in
restoration planning. This process fosters trust and
reinforces the legitimacy of outputs.

Policy translation: evidence packages. To ensure
municipal uptake, outputs were packaged as NRL-
aligned evidence briefs. Each package included:

e Executive summary with prioritized plots and
estimated intervention cost bands;

e Methodology and data provenance appendix,
ensuring transparency and reproducibility;

e Mapped indicators with uncertainty state-
ments, covering area lost, conditional volume,
and green cover change;

e Validation annex, including photos, community
testimony summaries, and annotation records;
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¢ Implementation roadmap, outlining short, me-
dium, and long-term steps.

These packages were presented in municipal
roundtables, where officials and community repre-
sentatives jointly reviewed and refined them. The
inclusion of uncertainty intervals and community
validation increased credibility and facilitated inte-
gration into municipal information systems [5, 45].

Dissemination and uptake. Dissemination strat-
egies emphasize accessibility and narrative richness.
Outputs will be shared through story maps, short
films, translated briefs, and low-band-width OERs,
foregrounding community voices [21, 65]. MOOCs
and micro-credentials integrate pilot results into cur-
ricula, ensuring scalability across the consortium.

It is expected the municipal officers report that
the evidence packages are directly useful for early
restoration planning, particularly in prioritizing in-
spections and aligning with NRL reporting obliga-
tions. The participatory validation process also en-
hance political legitimacy, reducing the risk of con-
tested decisions [20].

Lessons for policy translation. The Kharkiv pi-
lots highlight several lessons for translating partici-
patory pedagogy into policy impact:

e Triangulation is essential: combining pixel,
object, vector, and volumetric methods en-
hances robustness and credibility [25, 51];

e Transparency builds trust: explicit uncertainty
statements increase municipal confidence in
outputs [43];

e Community validation ensures legitimacy:
participatory annotation and memory walks
ground technical evidence in lived realities
[2, 52];

e Narrative dissemination matters: story maps
and films make evidence accessible to non-
technical audiences, enhancing uptake [15,
16, 66].

Synthesis due to results and policy translation.
The results of the Kharkiv pilots will demonstrate,
that universities can act as catalysts of both socio-
ecological recovery and urban renewal. By produc-
ing NRL-aligned evidence packages that are scien-
tifically credible, socially legitimate, and govern-
ance-ready, the KKNU’s team shows how participa-
tory urbogeosystemic pedagogy can operationalize
the NRL in post-war urban contexts. The translation
of outputs into policy briefs, validated by communi-
ties and adopted by municipalities, underscores the
transformative potential of this approach for Eu-
rope’s restoration agenda.

Discussion: strengths, constraints, and scaling
implications. Strengths of the Kharkiv model. The
Kharkiv pilots are expected to demonstrate several
notable strengths that position the model as a valua-
ble contribution to the FutureLand consortium and

the broader NRL agenda. Accessibility and repro-
ducibility are central. By adopting an open data first
strategy, the model reduces dependence on costly
proprietary datasets and airborne LiDAR cam-
paigns. Instead, it employs OSM, Sentinel, Landsat,
DEMs, and free LiDAR sources, ensuring that
workflows are replicable across municipalities with
limited resources. This aligns with the NRL’s em-
phasis on transparency and inclusivity.

Pedagogical innovation is another strength. The
Learning Labs integrate technical training with par-
ticipatory facilitation and trauma-informed peda-
gogy (Fig. 7). Students acquire not only geospatial
competencies but also governance literacy and ethi-
cal reflexivity, preparing them to act as mediators
between science, policy, and society. This dual focus
on technical and civic capacities reflects the NRL’s
demand for socially legitimate restoration planning.

Community legitimacy is perhaps the most dis-
tinctive strength. By embedding memory walks,
participatory annotation, and municipal roundtables,
the model ensures that outputs reflect lived realities
and contested narratives of place. This participatory
validation increases the likelihood of municipal up-
take and reduces the risk of contested decisions.

Finally, the model’s policy relevance is clear.
Outputs are packaged as NRL-aligned evidence bri-
efs, complete with executive summaries, uncertainty
statements, and implementation roadmaps. This
format ensures that municipalities can integrate out-
puts directly into reporting and planning processes.

Constraints and limitations. Despite these
strengths, the Kharkiv model faces several constraints
too. Volumetric precision remains a challenge, de-
spite significant involvement of LiDAR processing.
Typological heuristics for 2.5D modeling provide
useful proxies, but cannot replace engineering-level
surveys. For structural assessments requiring high
accuracy, LIDAR or unmanned aerial vehicle (UAV)
photogrammetry remains necessary [68].

Dependence on labeling quality is another limi-
tation. ANN performance is highly sensitive to the
quality and representativeness of training data (Fig.
6). While participatory annotation enhances legiti-
macy, it also introduces variability and requires sig-
nificant facilitation.

Transferability poses further challenges. Mod-
els, which are expected to be trained in Kharkiv,
may not generalize to other urban contexts without
domain adaptation. Typological heuristics, for ex-
ample, are context-specific and require calibration to
local building forms and governance structures [19].

Security and continuity risks are also signifi-
cant. Fieldwork in post-war contexts is vulnerable to
disruption, and institutional continuity may be
threatened by staff turnover or shifting priorities [1].
These risks necessitate flexible participation for-
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mats, remote workflows, and embedding pedagogy
in curricula for sustainability.

Scaling implications. Despite mentioned con-
straints, the Kharkiv model may offer valuable les-
sons for scaling across Europe. Crosslab exchanges
within FutureLand (e.g., with Venice, Girona,
Joensuu) provide opportunities for comparative
evaluation of methodological tool-bundles, address-
ing evidence gaps identified in the literature [14].
Such exchanges will help refine the balance between
qualitative, participatory, and technical methods.
Shared repositories of benchmark datasets, OER
modules, and municipal toolkits can facilitate repli-
cation. By curating open repositories with annotated
datasets, model cards, and participatory facilitation
guides, the consortium can lower barriers for adop-
tion in other contexts.

Selective UAV campaigns and municipal sur-
veys can be integrated cost-effectively to calibrate
typological heuristics and improve volumetric accu-
racy. This hybrid approach balances open data
pragmatism with targeted precision. Narrative dis-
semination is also critical for scaling. Story maps,
films, and translated briefs make outputs accessible
to nontechnical audiences, enhancing uptake across
diverse governance contexts.

Finally, the Kharkiv model underscores the im-
portance of trauma-informed pedagogy as a trans-
ferable principle. While developed in a postwar con-
text, its emphasis on safety, trust, and empowerment
is relevant to other vulnerable or marginalized
communities across Europe.

Synthesis due to discussion. The Kharkiv pilots
will illustrate both the promise and the challenges of
participatory urbogeosystemic pedagogy in the NRL
era. Strengths include accessibility, pedagogical in-
novation, community legitimacy, and policy rele-
vance. Constraints include volumetric precision,
labeling dependence, transferability, and security
risks. Scaling requires crosslab exchanges, shared
repositories, hybrid data strategies, narrative dis-
semination, and trauma-informed facilitation.

In sum, the Kharkiv model demonstrates that
universities can act as catalysts of ecological recov-
ery and social renewal, even under conditions of war
and scarcity. By aligning open data pragmatism,
participatory pedagogy, and urbogeosystemic think-
ing with the NRL governance requirements, the
KKNU team offers a transferable blueprint for Eu-
rope’s restoration agenda.

Synthesis and broader implications. The pre-
ceding sections of our paper have outlined a peda-
gogy and methodological pipeline designed to make
nature restoration both technically robust and social-
ly legitimate in post-war urban contexts. Synthesiz-
ing these threads points to several interlocking im-
plications for how higher education institutions,

municipal partners, and civil society can co-produce
restoration knowledge and action.

First, the integration of open technical work-
flows with participatory, trauma-aware facilitation
creates opportunities to deliver evidence that is both
scientifically defensible and credible to local com-
munities. The technical pipelines — from multispec-
tral preprocessing to object-based change detection
and lightweight neural networks — generate actiona-
ble spatial outputs; the participatory processes en-
sure those outputs are interpreted, validated and
contextualized against lived experience and local
priorities. This combination reduces the risk that
technical maps are perceived as external imposi-
tions, and increases their likelihood of uptake in
municipal planning.

Second, the Learning Lab model fosters recip-
rocal capacity building. Students gain methodologi-
cal fluency and ethical competency, while municipal
staff and community participants acquire practical
tools and documentation they can use beyond the
immediate project. Where universities operate as
convenors, they can help translate cross-sectoral
knowledge into municipal roadmaps for phased res-
toration. The co-creation of evidence packages —
including executive summaries, uncertainty state-
ments, and implementation roadmaps — makes aca-
demic work legible and useful to decision-makers
who must balance ecological objectives with social
and economic constraints.

Third, the emphasis on explainable machine
learning and human-verified training sets addresses
a common tension in civic Al applications: transpar-
ency versus performance. By basing models on
community-annotated samples and pairing outputs
with explainability artifacts (heatmaps, feature-
attribution summaries), the pedagogical pipeline
avoids black-box solutions and empowers local
stakeholders to understand and challenge model
findings. This practice supports not only better tech-
nical outcomes, but also stronger democratic over-
sight of algorithmic tools used in public decision-
making.

Fourth, the 2.5D pragmatic modeling approach
is a practical compromise where full airborne Li-
DAR is unavailable. While vertical precision is re-
duced compared with full LiDAR, typological
height heuristics and conditional validation provide
useful proxies that keep workflows reproducible and
accessible. Importantly, every proxy is accompanied
by explicit uncertainty bands and validation notes so
municipal planners can weigh evidence proportion-
ally. This transparent treatment of uncertainty —
documented in methodological appendices and
model cards — increases trust and supports incre-
mental decision-making under resource constraints.

Fifth, the pedagogical emphasis on site-specific
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memory, cultural values and social infrastructure
reframes restoration away from purely ecological
metrics toward integrated social-ecological goals.
Restoration scenarios that do not attend to dis-
placement, access to services, or cultural meaning
risk generating interventions that are technically
sound but socially counterproductive. Embedding
narrative methods — oral histories, memory walks,
and community workshops — ensures that restoration
choices reflect not only biophysical potential but
also community conceptions of wellbeing, dignity
and place.

Sixth, the pilots will highlight the importance
of flexible, contingency-aware project design in
contexts affected by war. Remote-friendly formats,
low-bandwidth resources, and modular lab units
help sustain participation despite disruptions. More-
over, the practice of building multiple entry points
for engagement (online annotation, small-group
workshops, municipal briefings) may increase inclu-
sivity and reduce single points of failure. These
practical designs may be especially important in
fragile contexts where travel, access to datasets, or
institutional continuity may be limited.

Seventh, the dissemination strategy proposed in
WPS5 package [21] — combining storytelling, multi-
lingual materials, and targeted roundtables — ampli-
fies impact. Storytelling and visual narratives make
technical findings accessible to non-specialist audi-
ences and help shift public conversation about resto-
ration from abstract policy to concrete local initia-
tives. Meanwhile, targeted exchanges with munici-
palities and NGOs support the translation of learn-
ing lab outputs into pilot projects, funding pro-
posals, and regulatory advice. Ensuring Ukrainian
voices are central in these dissemination channels
reinforces equity and helps to reframe European
debates about restoration to include experience from
war-affected territories.

Eighth, scaling and transferability will require
careful governance and methodological documenta-
tion. Cross-lab comparability demands standardized
metadata practices, shared model cards, and repro-
ducible scripts so that evidence generated in differ-
ent cities can be meaningfully compared. The Fu-
tureLand consortium’s cross-lab exchanges provide
a platform for iterative refinement: comparative ex-
periments will reveal which bundles of methods per-
form consistently, and which require local adapta-
tion. Institutional memory — in the form of well-
documented workflows, OERs and policy briefs —
will be essential for long-term adoption.

Ninth, monitoring and evaluation frameworks
must capture both learning outcomes and communi-
ty-level change. Traditional academic metrics (pub-
lications, citations, course completions) are inade-
quate for judging success in participatory restora-

tion. Instead, success metrics should combine stu-
dent competency measures with indicators of com-
munity benefit: documented improvements in access
to green space, evidence of local uptake of co-
designed measures, and sustained partnerships be-
tween universities and municipal actors. Mixed-
method evaluation designs, including pre-post com-
petency testing, community surveys, and process
tracing of policy uptake, will provide more holistic
evidence of impact.

Tenth, ethical governance and data stewardship
remain central challenges. Even with strong partici-
patory protocols, questions about data ownership,
benefit-sharing and long-term stewardship persist.
Clear agreements are needed about who holds anno-
tated datasets, how sensitive locations are masked,
and how benefits from restored sites are distributed.
Institutional arrangements that formalize these
norms — through memorandum of understanding,
community data trusts, or municipal- university
agreements — will help protect participants while
enabling reuse of evidence for planning.

Eleventh, the educational implications for cur-
ricula are significant. Restoration education should
not be an elective add-on but integrated across urban
planning, geography, environmental science and
humanitarian studies. Course sequences that com-
bine technical skills (remote sensing, GIS, basic
machine learning) with participatory competencies
(facilitation, ethics, community engagement) pro-
duce graduates capable of navigating the interdisci-
plinary nature of contemporary restoration work.
Micro-credentials and stackable modules, made
available through the MOOC and partner institu-
tions, can accelerate capacity building among practi-
tioners already in the field.

Twelfth, future research priorities include lon-
gitudinal studies of lab impacts, cross-cultural mod-
el adaptation, and the economics of phased restora-
tion. Longitudinal tracking of learning labs will
show how student competencies evolve, and wheth-
er municipal partners continue to use evidence
packages after project close. Research that compares
methodological bundles across contrasting govern-
ance contexts will sharpen transferability. Finally,
cost-effectiveness studies of incremental restoration
strategies — combining low-cost green infrastructure
with targeted social investments — will help munici-
palities prioritize interventions under fiscal con-
straints.

Practical recommendations and concluding
reflection. From the synthesis above, a set of prag-
matic recommendations emerges for partners and
practitioners who aim to adopt the KKNU model:

1. Prioritize participatory annotation early in
workflows to ground models in lived expe-
rience.
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2. Publish model cards and uncertainty state-
ments with every evidence package to support
municipal decision-making.

3. Use modular lab units that can be recombined
depending on access and bandwidth con-
straints.

4. Invest in trauma-aware facilitation training
for students and staff working in post-war
contexts.

5. Formalize data governance and benefit-
sharing agreements with community partners.

6. Design monitoring frameworks that capture
both learning and community-level outcomes.

In combining open technical workflows with
human geographical and humanitarian practices, the
KKNU model offers a practical route toward resto-
ration pedagogy that is both rigorous and humane.
The pilot work in Kharkiv will illustrate how uni-
versities act as convenors and translators — produc-
ing evidence that municipal decision-makers can use
and communities can trust. As FuturelLand pro-
gresses, iterative refinement through cross-lab ex-
changes, careful documentation, and a sustained
commitment to participation will be essential. The
enduring goal is to enable restoration that heals eco-
logical systems while restoring social fabrics — a
dual purpose that is both technically demanding and
morally imperative.

Addendum: practical tools, templates, and
teaching aids. To support rapid adoption, partners
should be provided with a compact toolkit of practi-
cal resources that can be applied directly in Learn-
ing Labs and municipal collaborations. These re-
sources include: a short workshop template for a
one-day participatory mapping event, a compact
syllabus for a four-week module on Urban Post-War
Nature Restoration, an assessment rubric for mixed-
method projects, and a lightweight data stewardship
checklist. The workshop template outlines objec-
tives, a one-day timetable, materials checklist, ethi-
cal safeguards, and a simple facilitation script for
trauma-aware engagement. The syllabus provides
week-by-week learning outcomes, readings, practi-
cal assignments, and guidance for integrating re-
mote sensing exercises with community workshops.
The assessment rubric balances technical correct-
ness, ethical facilitation, community engagement,
and policy relevance, giving equal weight to repro-
ducibility and social legitimacy.

A compact data stewardship checklist clarifies
roles and responsibilities: where annotated datasets
are stored, who controls access, how sensitive loca-
tions are masked, and how community partners can
request data deletion or review. These governance
templates should be adaptable: some partners will
need municipal-level memorandum, others will ben-
efit from informal agreements that match communi-

ty norms. The goal is to lower transaction costs for
faculty and partners so that labs can focus on evi-
dence generation and dialogue instead of negotiating
basic procedural elements.

Practical software stacks and deployment tips
are equally important. For classroom use, provide
containerized notebooks (or cloud-hosted GEE
scripts) that perform core preprocessing tasks: coor-
dinate harmonization, cloud masking, index compu-
tation, and simple OBIA segmentation. Offer a small
set of curated LiDAR subsets or DEM-based 2.5D
proxies so students can run end-to-end exercises on
standard laptops. Include example annotation pro-
jects with step-by-step guides for workshop facilita-
tion and quality control checks. A brief trouble-
shooting appendix should cover common issues:
mismatched projections, cloud contamination, and
imbalance in training samples.

The City Change Management desktop soft-
ware [28, 31] will play a key performance in all
these activities.

Finally, build a compact teacher training mod-
ule: a short, modular course that prepares instructors
for trauma-aware facilitation, participatory annota-
tion management, and the integration of explainable
Al outputs into community dialogues. The training
emphasizes reflective practice: instructors should be
encouraged to keep short process journals that rec-
ord choices, ethical dilemmas and community feed-
back. These reflective notes are valuable both for
iterative improvement and for documenting civic
impact in project reports and policy briefs.

Together, these pragmatic templates and re-
sources reduce entry barriers, encourage methodo-
logical consistency, and help sustain high-quality,
people-centered restoration pedagogy across diverse
partner contexts.

Closing note on collaboration. Sustained col-
laboration requires time, trust and modest resourc-
ing. Small investments — a shared dataset repository,
modest travel support for community partners, and a
recurring review meeting — yield disproportionate
returns when partnerships are built on mutual re-
spect and shared purpose. By committing to iterative
learning, transparent documentation, and active lis-
tening, partners can turn pilot successes into long-
term municipal practices that restore both urban
ecosystems and civic life within the cities. We re-
main committed to co-design, to rigorous evidence,
and to listening as the first act of restoration.

Conclusion

The Kharkiv pilots within the Erasmus+ Fu-
tureLand project demonstrate that urban restoration
in the NRL era must be understood as both an eco-
logical, socio-environmental, and educational pro-
cess. By combining urbogeosystemic thinking, open
data pragmatism, participatory pedagogy, and trau-
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ma-informed facilitation, the KKNU team will de-
velop a model that would be simultaneously scien-
tifically credible, socially legitimate, and govern-
ance-ready.

Technically, the model shows that open datasets
- OSM, satellite imageries, DEMs, LiDAR point
clouds. If combined with pragmatic 2.5D modeling
and participatory annotation it can generate NRL-
aligned indicators even in resource-constrained,
post-war contexts. Multimethod change detection
and lightweight, explainable ANN workflows pro-
vide robust evidence while remaining accessible to
students and municipalities.

Pedagogically, the Learning Labs cultivate a
new generation of restoration specialists who are not
only proficient in geospatial analysis but also skilled
in facilitation, ethical reflexivity, and policy transla-
tion. Trauma-informed protocols ensure that com-
munity engagement is safe, respectful, and empow-
ering, avoiding extractive tendencies and fostering
resilience.

For communities, the pilots will reengage resi-
dents in shaping their urban futures, embedding
memory, identity, and aspirations into restoration
planning. For municipalities, the outputs will be de-
livered as concise, NRL-aligned evidence packages,
complete with uncertainty statements and imple-
mentation roadmaps, enhancing both credibility and
uptake.

The Kharkiv experience underscores the poten-
tial of universities to act as catalysts of urban eco-
logical renovation and social recovery. By aligning
technical innovation with participatory ethics and
policy imperatives, our team offers a transferable
blueprint for Europe’s restoration agenda. Future
scaling will require crosslab exchanges, shared re-
positories, and hybrid data strategies, but the foun-
dation is clear: restoration as recovery is not only
possible, it is essential for building resilient, demo-
cratic, and sustainable urban futures, particularly, in
Ukraine after this awful war.

List of Abbreviations
ANN - artificial neural network
CBL - challenge-based learning
CNN - convolutional neural network
KKNU — V.N. Karazin Kharkiv national university
LiDAR - light detection and ranging
MLP - multi-layer perceptron
MOOC — massive open online course
NRL — nature restoration law
OBIA — object-based image analysis
OER — open educational resources
OSM - open street map
PAR — participatory action research
UAV - unmanned aerial vehicle
UES — urban ecological system
UE — urbanistic environment
UGS — urbogeosystem
URS — urban remote sensing
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MH J1a00paTopisiMU Ta TpaBMa-Opi€HTOBAHOIO (hacuiTalielo. ABTOpU MPOIOHYIOTH ITAPTHCUIIATUBHY METOAMKY BUKIIa-
JaHHA, aJalTOBaHy [0 MOCT-BOEHHOI BiOYIOBH Ta MMOAANBIIOrO BiHOBIEHHS. MeToIMKa CIMPAEThCA HA MiAXOAU yp-
00reoCHCTEMHOTO aHaji3y Ta TeONpOCTOPOBi iHCTpyMeHTH. OTXe, TOMOBHOK JOCTITHUIBKOIO METOI IIi€i CTarTi €
npencTaBieHHs TpaHcdepHoi (Mozesb, MO Mae MOTEHIiad MaclTa0yBaHHs) TpaBMa-OpIEHTOBAHOI MapTUCHIIATUBHOT
MearoTiku. MeTomonoridyHo MaiOyTHS Monens OyayBaTHMEThCsl Ha ypOoreocucTeMHil koHmenmii micta. OcTaHHA ae-
MOHCTpYE, K YpOaHiCTHYHE ceperoBuIe, Ypboreocuctema Ta Michbka €KONOTIYHA CHCTEMa CTPYKTYPHO TOB’s3aHi:
pacTpoBa JiarHOCTHKA, BEKTOPHE MOJIAHHS Ta COLI0-€KOJIOT1YHI MPOIECH CXOISTHCS B €InHIN Mozneni. Pasom BoHH /10-
3BOJIAIOTH TIEJIATOTiIli BiTHOBIEHHS TpaHC(HOPMYBaTH IIPOCTOPOBI AaHI Y COLIaIbHO JIETITUMHI Ta €KOJIOTIYHO OOTPYHTO-
BaHi MICBKi cepeloBHIIa. MeTOIONOriYHO MOJENh TaKOX CIHMPAEThCS Ha MpHHUMN «open data firsty: BUKOpHCTaHHS
BIJJKPUTHX T'€ONPOCTOPOBUX AaHUX Ta MyHinnnanbHux LiDAR-mopranis. [ns BusBIeHHS ypOaHICTHYHMX 3MiH IO€]-
HYIOTBCS XMapH JIIapHUX TOYOK, a TaKOXK JIeTKi HEHPOHHI Mepexi 3 MOSCHIOBaHUMH pe3yibraramu. KirouoBum iH-
CTPYMEHTOM MeIaroriyHoi Mozelni cranyTh HaByanbHi naboparopii, e CTyIeHTH, TPOMaay Ta MPEICTaBHUKU MiCBHKOI
BJIaJ¥ CIIIJIBHO 30MPAaTHMYTh W aHalli3yBaTUMYTh JaHi, NPOBOJUTUMYTH «IPOTYIISTHKH HaM’sITi», MapTHCUIIATHBHE Kap-
TorpadyBaHHs Ta OLIHKY pe3yNbraTiB. MoXKHa CIIOIBATHCS, 110 MIJIOTHI 32aCTOCYBaHHS y XapKOBi JOBEAYTh MPAKTHYHY
e(exTHBHICTH MoZieTli: Oy/Ie CTBOPEHO KapTH 3MiH 3a0y[JOBH Ta 3€JIEHUX 30H, IMiATOTOBICHO CleHapii BiTHOBIEHHS, Oye
pO3po0IIeHO MaKeTH MOKAa3iB JJS MYHIIUITANITETy 3 YiTKUMH IOKa3HUKaMH Ta IUTaHAMH peamizamii. TakuM 9uHOM,
Ipe/ICTaBIeHa KOHIETIis IEMOHCTPYE, 10 HABITh Y MICISIBOEHHUX YMOBaX Halll YHIBEPCUTET, 3aB/SIKH y4acTi Y IPOEKTI
FutureLand, moxe crtatn karajizaTropoM iH(GPacTpyKTYpHOI BiZOyIOBH, EKOJIOTIYHOTO BiIHOBJIEHHS Ta COLIAIBHOTO
OHOBIICHHS. Mozienb, 0 BiAMOBiAa€e 3alpOIOHOBaHiil KOHIIETIIIi1, Oy/ie MacITaboBaHOIO Ta MOXe OyTH ajarnToBaHa It
IHIINX €BPOMEHCHKHUX MICT, SIKi CTUKAIOThCS 3 BUKJIMKaMU JIerpaaaii JOBKIJUIS Ta CKJIa[HOTO BPSITyBaHHSI.
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