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Abstract

Forests and agroforestry systems are increasingly vulnerable to climate-driven stressors such as drought,
heatwaves, wildfires, and pest outbreaks, all of which alter ecosystem structure, productivity, and carbon
dynamics. Traditional field-based monitoring approaches are spatially limited and insufficient to capture
the rapid pace, scale, and complexity of these changes. Recent advances in Artificial Intelligence (AI) and
Remote Sensing (RS) now enable high-resolution, multi-temporal monitoring of ecological processes
across large and heterogeneous landscapes. This review synthesizes current AI-RS innovations relevant
to climate-smart agronomy and forestry. Drawing upon peer-reviewed literature covering multispectral,
hyperspectral, LiDAR, SAR, UAV, and IoT sensing, alongside Machine Learning (ML) and Deep Learning
(DL) architectures such as CNNs, RNNs, transformers, and anomaly-detection models, we identify
eight thematic areas where AI-RS integration is transforming environmental assessment: Structural
monitoring, productivity and carbon modelling, resilience evaluation, disturbance forecasting, early-
warning systems, multi-sensor fusion, cloud-based platforms, and research challenges. AI-RS fusion
enhances forest monitoring by improving biomass estimation, species differentiation, canopy structural
mapping, and phenological analysis, while multi-sensor combinations, especially LiDAR-optical and
SAR-optical, significantly strengthen detection of degradation, drought signals, fire susceptibility, and
regeneration patterns. Al-powered early-warning systems detect drought, fire, and pest risks weeks
before observable symptoms, and predictive analytics enable scenario modelling for climate adaptation
planning. Persistent challenges include limited ground-truth datasets, reduced model transferability
across biomes, computational constraints, interpretability issues in DL models, and socio-ecological
barriers to adoption. Nonetheless, Al-enabled RS provides a scalable, data-rich foundation for climate-
smart forestry and agroforestry by supporting accurate carbon accounting, early threat detection, and
adaptive management. Addressing existing gaps in data, transparency, and governance will be crucial
for fully operationalizing these technologies and strengthening resilience in rapidly changing landscapes.
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Abbreviations: Al: Artificial Intelligence; AI-RS: Artificial Intelligence-Remote Sensing; AGB: Aboveground
Biomass; CNN: Convolutional Neural Network; CSF: Climate-Smart Forestry; CHM: Canopy Height Model;
DL: Deep Learning; DSS: Decision Support System; eDNA: Environmental DNA; ET: Evapotranspiration;
EWS: Early-Warning System; GEDI: Global Ecosystem Dynamics Investigation; GIS: Geographic
Information System; GLAD: Global Land Analysis and Discovery; IoT: Internet of Things; LAI: Leaf Area
Index; LiDAR: Light Detection and Ranging; LSTM: Long Short-Term Memory (Network); ML: Machine
Learning; MRV: Monitoring, Reporting and Verification; MSI: Moisture Stress Index; NDVI: Normalized
Difference Vegetation Index; NDWI: Normalized Difference Water Index; NISAR: NASA-ISRO Synthetic
Aperture Radar; REDD: Reducing Emissions from Deforestation and Forest Degradation; RNN: Recurrent
Neural Network; RS: Remote Sensing; SAR: Synthetic Aperture Radar; SDM: Species Distribution Model;
SHAP: SHapley Additive exPlanations; SMAP: Soil Moisture Active Passive; SOC: Soil Organic Carbon;
TCN: Temporal Convolutional Network; UAV: Unmanned Aerial Vehicle; VIIRS: Visible Infrared Imaging
Radiometer Suite; WUE: Water-Use Efficiency; XAI: Explainable Artificial Intelligence
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Introduction

Forests and agroforestry systems play essential roles in global
climate regulation, ecological stability, and sustainable agricultural
productivity by contributing to carbon sequestration, hydrological
regulation, biodiversity maintenance, and soil fertility enhancement.
Their significance has grown as climate change accelerates forest
degradation, alters phenological cycles, and intensifies disturbance
regimes such as drought, fires, and pest outbreaks. Traditional field-
based monitoring approaches, although fundamental for ecological
understanding, remain constrained by limited spatial extent, high
labor requirements, and insufficient temporal frequency. This
has driven a transition toward remote, automated, and data-rich
monitoring frameworks that leverage advancements in Remote
Sensing (RS) and Artificial Intelligence (Al) to capture continuous
ecosystem dynamics across vast and heterogeneous landscapes [1-
3]. Recent technological progress in multispectral, hyperspectral,
LiDAR, and Synthetic Aperture Radar (SAR) sensors, used across
satellite, airborne, and UAV platforms, has significantly strengthened
capabilities for assessing forest structure, canopy traits, biomass
distribution, and disturbance processes. LiDAR-optical fusion has
enhanced structural and biomass mapping, enabling estimation
of canopy height, foliage profiles, and aboveground carbon stocks
with high precision [4,5]. SAR-based models offer all-weather
observations critical for monitoring in cloud-prone tropical and
montane environments, improving detection of canopy moisture
stress, degradation signals, and post-disturbance recovery [6,7].

Machine learning and deep learning approaches further expand
the analytical value of RS datasets by surpassing linear model
constraints and enabling robust pattern extraction, classification,
and anomaly detection [8,9]. Applications of RS-Al integration
have expanded rapidly in forest carbon accounting, particularly
in mountainous ecosystems where topography drives strong
altitudinal gradients in biomass and species composition. Studies
in Himalayan temperate forests, for example, show that elevation,
slope, and stand age significantly influence aboveground biomass
distribution, demonstrating the importance of spatially explicit
monitoring frameworks [10,11]. Climate-driven phenological shifts
in high-altitude vegetation have also been widely documented
using satellite-based time-series analyses, revealing advancing
green-up dates, delayed senescence, and increasing sensitivity to
warming, patterns with important implications for carbon uptake
and ecosystem productivity [12,13].

Agroforestry systems, due to their structural diversity
and multifunctionality, also benefit substantially from RS-Al
monitoring. Their contributions to carbon sequestration, soil
fertility, regulation,
have been documented across tropical and temperate regions
[14,15]. RS-based approaches now support accurate biomass
estimation, species discrimination, and productivity assessment

microclimate and livelihood resilience

in agroforestry mosaics that are otherwise challenging to quantify
through field methods alone [16]. RS tools also play a growing role
in ecological restoration monitoring. UAV-based imagery, coupled
with ML-driven vegetation detection, provides high-resolution
tracking of recovery following interventions such as hydroseeding,

reforestation, and slope stabilization [17]. Urban and peri-urban
forestry applications similarly rely on RS to evaluate canopy health,
pollution tolerance, and ecosystem services in rapidly changing
city environments [18]. Al-driven analysis of satellite time series
has strengthened early-warning systems for -climate-related
disturbances, including drought, fire, and pests. Deep learning
models trained on multisensory datasets now detect subtle stress
signatures, such as canopy water loss, thermal anomalies, or
spectral deviations, before visible symptoms emerge, improving
risk assessment and response planning [19,20].

Cloud computing infrastructures such as Google Earth Engine
enable scalable deployment of these models, providing near-real-
time monitoring capabilities for national forestry agencies and
restoration programs [2]. Complementary innovations such as
digital twins of ecosystems, blockchain-enhanced Monitoring-
Reporting-Verification (MRV) frameworks, and integrated big-data
architectures are reshaping how forest and agroforestry systems are
managed under climate change [21,3]. Collectively, the convergence
of remote sensing, Al, and ecological modelling is transforming
global forest and agroforestry monitoring. These technologies
provide unprecedented capacity for accurate carbon estimation,
early disturbance detection, climate-resilience assessment, and
data-driven agronomic planning. As climate pressures intensify, RS-
Al integration will remain central to sustainable land management
and climate-smart decision-making. In this context, the present
review provides a comprehensive and integrative synthesis of
advances in artificial intelligence-enabled remote sensing for
monitoring forests and agroforestry systems under changing
climatic conditions. The primary purpose of this study is to critically
evaluate how multi-sensor RS platforms, combined with machine
learning, deep learning, and cloud-based analytics, are reshaping
assessments of forest structure, carbon dynamics, phenology,
disturbance regimes, and management outcomes across diverse
ecological settings. By systematically examining methodological
developments, applications, limitations, and emerging innovations,
this review bridges disciplinary boundaries between forest
ecology, agroforestry, geospatial science, and artificial intelligence.
Ultimately, this synthesis aims to inform future research directions
and support the development of robust, transparent, and climate-
smart monitoring frameworks capable of guiding sustainable
forest and agroforestry management in an era of accelerating
environmental change.

Al-remote sensing foundations for forest structural
monitoring

Forest structure metrics and the role of AI-RS: Remote
Sensing (RS) provides the foundational data infrastructure for
large-scale forest structural monitoring, and its analytical capacity
has expanded substantially with the integration of Artificial
Intelligence (AI). Forest structural attributes, including canopy
height, vertical foliage distribution, crown geometry, basal area,
and aboveground biomass, are critical indicators of ecosystem
functioning, carbon storage, habitat quality, and disturbance
regimes. Traditional monitoring approaches relying primarily
on optical imagery were constrained by spectral saturation in
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dense canopies and limited sensitivity to three-dimensional forest
structure. The advent of LiDAR, SAR, hyperspectral imaging, and Al-
driven feature extraction has enabled more accurate and scalable
quantification of forest structure across diverse ecological contexts
[22,4].

Optical remote sensing and deep learning for canopy
analysis: Optical multispectral systems such as Landsat and
Sentinel-2 continue to play an essential role in canopy condition
assessment and long-term structural change detection. Although
optical sensors do not directly measure canopy height, texture-
based metrics and deep learning-enabled feature extraction
have significantly improved the retrieval of crown attributes,
gap dynamics, and canopy heterogeneity. Convolutional Neural
Networks (CNNs) and transformer-based encoders have shown
strong performance in tree crown delineation, canopy opening
detection, and structural complexity mapping by learning latent
spatial patterns associated with biophysical properties [23,24].

These approaches effectively reduce the impacts of illumination
variability and mixed-pixel effects that limit traditional index-based
analyses.

LiDAR-based structural characterization and biomass
estimation: LiDAR remains the most accurate remote sensing
technology for characterizing forest vertical structure. Airborne
LiDAR provides high-resolution Canopy Height Models (CHMs),
foliage vertical profiles, and tree-level metrics such as crown
diameter and stem density (Table 1). Spaceborne LiDAR missions,
particularly NASA's GEDI, have expanded access to globally
consistent structural observations, enabling improved biomass
estimation across tropical and temperate forests [25]. Machine
learning techniques, including random forests, gradient boosting,
and deep neural networks, are increasingly applied to translate
LiDAR-derived metrics into aboveground biomass estimates,
enhancing predictive accuracy in structurally complex and
heterogeneous landscapes [26,27].

Table 1: Major remote sensing sensors used in forest structural monitoring and the primary biophysical attributes

derived from each sensor type.

Example Missions / Key Structural / . AT
Sensor Type Platforms Biophysical Attributes Major Strengths Key Limitations Key References
Optical Landsat, Sentinel-2, Canf)py cover, g?‘p Long-term archives, Saturation in dense
. fraction, vegetation . .. forests, cloud [22,27]
Multispectral Planet Scope o high revisit o
indices, crown texture sensitivity
Airborne Laser Canopy height, vertical Direct 3D structure High cost, limited
LIDAR (Airborne) Scanning (ALS) foliage profile, crown measurement S gatial C(;vera e 22,28]
g diameter, stem density P g
LiDAR Canopy height, biomass Global consistency, Fo.ot}.)rmt sampling,
GEDI . - limited temporal [25]
(Spaceborne) proxies, vertical structure carbon relevance
coverage
Canopy roughness, .
SAR (C-band) Sentinel-1 moisture, disturbance Cloud 1ndepen.d(_ent, Biomass saturation [29]
- frequent revisit
detection
SAR (L-band) ALOS-PALSAR Aboveground biomass, ngl.ler penetration Signal s.aturfitlon at [30]
woody structure into canopy very high biomass
Pigments, nitrogen, lignin- | . . e Data volume, limited
Hyperspectral AVIRIS, EnMAP cellulose, stress traits Biochemical sensitivity global coverage [31]
UAV-based RS UAV RGB, UAV LiDAR Inleldual. tree.crowns, Ultra-high resolution Limited spatial extent [23]
regeneration, fine gaps

SAR for structural degradation and moisture dynamics:
Synthetic Aperture Radar (SAR) complements optical and LiDAR
data by offering cloud-penetrating and moisture-sensitive
observations, which are especially valuable in tropical and
monsoon-dominated regions [28]. L-band SAR (e.g., ALOS-PALSAR)
and C-band SAR (e.g., Sentinel-1) exhibit strong relationships with
woody biomass, canopy roughness, and sub-canopy moisture
conditions. Multi-temporal SAR coherence metrics have proven
effective for detecting selective logging, structural degradation, and
early canopy thinning prior to visible spectral changes [29-31]. Al-
driven SAR inversion models further improve structural estimation
by capturing nonlinear relationships between radar backscatter
and forest attributes, particularly in high-biomass systems where
saturation remains problematic [32].

Hyperspectral contributions to structural and biochemical
mapping: Hyperspectral remote sensing adds a biochemical
dimension to forest structural monitoring by capturing information
on pigment composition, cellulose-lignin content, leaf water status,
and canopy stress, which are closely linked to forest age, species
composition, and successional stage. When integrated with LiDAR
or SAR, hyperspectral data substantially improve species-structure
modelling and discrimination of forest structural types within
mixed and heterogeneous landscapes [33]. Recent advances in deep
spectral-spatial learning, particularly 3D CNNs, have enhanced the
estimation of structural traits by jointly exploiting spectral richness
and spatial texture [34].

UAV-based structural mapping and fine-scale validation:
Unmanned Aerial Vehicle (UAV)-based remote sensing serves as a
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critical link between field measurements and satellite observations.
UAV photogrammetry and UAV-mounted LiDAR provide ultra-
high-resolution structural data capable of detecting saplings, early
regeneration, fine-scale canopy gaps, and localized disturbances.
These datasets are increasingly used in precision forestry, ecological
restoration monitoring, and validation of satellite-derived
structural products. Object-detection and instance-segmentation
frameworks, including Mask R-CNN, have demonstrated high
accuracy in individual tree crown detection and structural trait
extraction from UAV imagery [23].

Multi-sensor fusion and cloud-based scaling: Multi-sensor
data fusion represents one of the most significant advances in
contemporary foreststructural monitoring. The integration of LiDAR
with optical imagery enhances biomass estimation and canopy

complexity mapping, while SAR-optical fusion improves detection
of degradation under persistent cloud cover or optically saturated
conditions. Hyperspectral-LiDAR fusion further enables species-
specific structural modelling in heterogeneous forest mosaics [35].
Al-based fusion frameworks facilitate integration at both feature
and decision levels, effectively leveraging complementary spectral,
spatial, and structural Cloud-based geospatial
platforms such as Google Earth Engine have become essential for

information.

scaling AI-RS workflows from plot-level studies to regional and
continental analyses (Table 2). These platforms provide access
to multi-decadal satellite archives, integrated machine learning
libraries, and automated processing pipelines, enabling near-real-
time forest structural monitoring at unprecedented spatial and
temporal scales [2].

Table 2: Artificial intelligence and machine-learning approaches commonly applied to forest and agroforestry monitoring,

with typical applications and strengths.

Al / ML Method Typical Input Data Key Applications Strengths Limitations
Random Forest (RF) Optical, SAR, LiDAR metrics Blomass.e.stm.qatlon, Robust, interpretable Limited temporal modelling
classification
Support Vector Machine Multispectral, hyperspectral Species mapping, stress Works with small datasets Parameter sensitivit
(SVM) P » IYPersp detection y
. Crown detection, . .
CNN Optical, UAV, hyperspectral degradation mapping Spatial feature learning Data-hungry
RNN / LSTM Time-series RS data Phenology, d.rought Temporal dependency Training complexity
forecasting modelling
Transformers Multispectral time series Change det.ectl.on, stress Long-range dependencies Computational cost
monitoring
Autoencoders SAR, optical time series Anomag/efzgteiilr"ladatlon Unsupervised capability Interpretability

Overall, the convergence of Al and advanced remote sensing
technologies has fundamentally transformed forest structural
monitoring. By integrating multi-sensor observations with robust
computational models, these approaches deliver more accurate,
scalable, and ecologically meaningful structural metrics, forming
a critical foundation for applications in carbon accounting,
biodiversity assessment, disturbance detection, and climate-smart
forest management.

Al for agroforestry productivity, carbon dynamics &
system optimization

Structural complexity and AI-RS
Agroforestry  systems represent complex,
landscapes where trees, crops, soils, and microclimates interact to
influence productivity, ecological resilience, and carbon dynamics.
Due to their pronounced spatial heterogeneity and multistrata
architecture, agroforestry systems have historically been difficult
to quantify using conventional field-based approaches alone. The
integration of Artificial Intelligence (AI) with multisensor Remote
Sensing (RS) now provides a robust analytical framework capable of
capturing these interactions at farm, landscape, and regional scales.

Machine Learning (ML) and Deep Learning (DL) approaches enable

opportunities:
multifunctional

the extraction of key biophysical parameters, such as canopy cover,

leaf area index, photosynthetic activity, biomass allocation, and
soil moisture, with substantially greater precision than traditional
vegetation index-based methods [36,37]. High-resolution satellite
platforms, including Sentinel-2 and Planet Scope, together with
UAV-based photogrammetry and multispectral sensing, facilitate
detailed assessment of tree-crop interactions, shading effects,
and spatial variability in productivity, supporting climate-smart
agronomic decision-making.

Biomass and carbon stock estimation: One of the most
important applications of AI-RS in agroforestry is biomass and
carbon stock estimation. Conventional allometric equations often
perform poorly in mixed-species, uneven-aged systems typical
of agroforestry landscapes. ML regression techniques, including
random forests, support vector regression, and gradient boosting,
integrate spectral, structural, and textural features derived from
satellite and LiDAR datasets to improve biomass accuracy [38,39].
LiDAR-derived canopy height models further enhance tree-level
and stand-level biomass estimates, particularly in multistrata
agroforestry mosaics. Spaceborne LiDAR observations from
missions such as GEDI provide globally consistent structural
datasets which, when fused with optical and SAR imagery,
strengthen carbon stock assessments in regions with limited field
inventory data [25].
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Microclimate regulation and water dynamics: Agroforestry
systems exert strong control over microclimatic conditions
through shading, evapotranspirative cooling, and soil-vegetation
feedback. Thermal remote sensing, particularly from Landsat
TIRS and ECOSTRESS sensors, enables spatial estimation of
Evapotranspiration (ET) and Water-Use Efficiency (WUE)
across tree-crop interfaces. Al models trained on combined
thermal, multispectral, and meteorological datasets can quantify
microclimate regulation, identify heat-stress hotspots, and support
optimization of tree spacing, orientation, and species selection for
climate adaptation [40]. The integration of soil moisture products
from missions such as SMAP with ML approaches further improves
prediction of water balance, drought sensitivity, and root-zone
dynamics in agroforestry systems [41].

Soil health and nutrient dynamics: Soil fertility assessment
is another domain substantially strengthened by AI-RS integration.
Soil Organic Carbon (SOC), nitrogen status, and erosion risk

Biomass
Estimation

Soil Health

Infers carbon,
nitrogen, erosion risk

Improves accuracy
with spectral

Biophysical features

can be inferred using spectral libraries and ML models trained
on multispectral and hyperspectral imagery [42]. UAV-based
multispectral imaging combined with soil classification algorithms
enhances fine-scale soil health mapping, which is particularly
critical for managing agroforestry systems in semi-arid and
smallholder-dominated regions.

Temporal modelling and growth trajectories: Temporal
Al modelling provides new insights into agroforestry growth
trajectories, carbon accumulation rates, and responses to
management interventions. Recurrent Neural Networks (RNNs)
and Temporal Convolutional Networks (TCNs) applied to multi-
temporal RS datasets enable detection of tree growth dynamics,
pruning cycles, mortality events, and long-term productivity trends
[43]. Such models are increasingly relevant for carbon neutrality
planning, as they allow forecasting of biomass and carbon
trajectories under alternative climate and management scenarios
(Figure 1).

Decision
Support

Recommends
designs,
management

regimes Socio-Economic

Structural
Complexity
Captures Estimates
interactions, extracts evapotranspiration,
parameters identifies hotspots

MRV

Automates
estimation, detects
land-use change

Growth
Trajectories
Detects dynamics,

forecasts carbon
accumulation

Figure 1: AI-RS applications ranging from biophysical to socio-economic impacts.

Decision support, socioeconomics, and MRV: Al-powered
Decision-Support Systems (DSS) integrate RS-derived biophysical
indicators with climate, soil, and socio-economic datasets to
recommend optimal agroforestry designs, species combinations,
and management regimes. These systems enhance resource-
use efficiency, increase resilience to climatic stress, and support
farmer adoption of climate-smart agroforestry practices [44].
Socio-economic integration is increasingly recognized as critical
for successful agroforestry adoption. ML models incorporating
demographic characteristics, land-tenure arrangements,
market-access variables help identify barriers and drivers of

and

agroforestry uptake across regions [45]. When combined with RS-
based suitability mapping, Al provides a powerful evidence base
for policy planning that aligns ecological potential with livelihood
benefits. In the context of carbon markets and climate-finance
mechanisms, Al substantially strengthens Monitoring, Reporting,
and Verification (MRV) processes by automating biomass
estimation, detecting land-use change, and generating transparent
carbon metrics (Table 3). Blockchain-enabled MRV frameworks
are emerging as tools to improve traceability and verification of
agroforestry carbon credits, reducing uncertainty and increasing
investor confidence [46].

Table 3: Applications of Al-integrated remote sensing in agroforestry systems, including biophysical focus and

management relevance.

Application Domain RS Data Used Al Techniques Management Outcomes Key References
Blomas:s & ('Jarbon LiDAR + Optical RE Gradient Boosting Carbon accounting, MRV [39]
Estimation
Microclimate Regulation Thermal + Optical ML regression Shade optimization [40]
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. . Nutrient & SOC
Soil Health Mapping Hyperspectral, UAV RF, SVM management [42]
Growth Trajectory Analysis Time-series RS RNN, TCN Carbon forecasting [43]
Decision Support Systems Multi-sensor + socto- ML-DSS Climate-smart planning [44]
economic

Overall, the integration of Al and remote sensing offers
transformative capabilities for agroforestry monitoring by
improving quantification of productivity, carbon dynamics,
microclimate regulation, and soil health, while supporting system
optimization and climate adaptation. These advances provide a
strong scientific foundation for scaling agroforestry as a climate-
smart and multifunctional land-use system.

Climate-smart forestry adaptation & resilience through
Al

Climate-smart forestry conceptual framework and Al-
RS integration: Climate-Smart Forestry (CSF) seeks to enhance
forest resilience, sustain ecosystem services, and strengthen
climate-change mitigation through improved carbon sequestration,
adaptive management, and disturbance-responsive strategies. As
climate change accelerates the frequency and severity of droughts,
storms, heatwaves, wildfires, and pest outbreaks, monitoring
forest vulnerability and adaptive capacity requires high-resolution,
continuous, and scalable observational frameworks. Al-Integrated
Remote Sensing (AI-RS) systems provide this capability by enabling
multidimensional assessment of forest structure, physiology,
phenology, and disturbance regimes across broad spatial extents
and fine temporal resolutions. By integrating multi sensor datasets,
including multispectral, hyperspectral, SAR, LiDAR, and UAV
imagery, with Machine Learning (ML) and Deep Learning (DL)
algorithms, AI-RS frameworks facilitate predictive modeling of
climate-driven changes and inform adaptive forest management
interventions.

Optical indicators of stress and Al-based temporal
analysis: Optical multispectral remote sensing is foundational for
detecting physiological stress, canopy health decline, and drought-
induced changes in vegetation condition. Spectral indices such as
NDVI, EVI, NDWI, MS], and red-edge metrics serve as proxies for
pigment concentration, water status, and thermal stress. However,
optical signals alone are constrained by atmospheric interference
and cloud cover. Al-based models substantially enhance sensitivity
and classification accuracy by integrating temporal context and
spatial complexity. Convolutional Neural Networks (CNNs) and
temporal architectures, including LSTMs and transformer-based
models, effectively distinguish seasonal variability from persistent
climate-induced stress using satellite time-series imagery [47].
These approaches enable early detection of subtle spectral
changes associated with heat stress, drought onset, and incipient
canopy decline that are often undetectable using threshold-based
vegetation indices.

LiDAR-based structural vulnerability and resilience
assessment: LiDAR is a core component of climate-smart
forestry due to its unique capacity to quantify three-dimensional

canopy structure, vertical foliage distribution, gap dynamics, and
biomass allocation, attributes closely linked to forest vulnerability
and adaptive capacity. Spaceborne LiDAR missions, particularly
NASA's GEDI, have revolutionized structural monitoring by
delivering globally consistent waveform-derived height and
biomass metrics [25]. Al-based regression models that integrate
LiDAR-derived structure with climatic drivers improve prediction
of drought-induced mortality, storm damage susceptibility, and
post-disturbance regeneration patterns [48]. In mountainous and
topographically complex forests, where microclimatic gradients
strongly shape resilience, LiDAR-AI frameworks are increasingly
used to identify climate refugia, characterize structural thresholds
associated with tipping points, and model long-term vulnerability
trajectories.

SAR for moisture dynamics and disturbance detection:
Synthetic Aperture Radar (SAR) complements optical and LiDAR
observations by providing cloud-independent measurements of
canopy moisture, surface roughness, and structural density. L-band
SAR systems, including ALOS PALSAR and upcoming missions such
as NASA-ISRO NISAR, exhibit strong sensitivity to aboveground
biomass and moisture anomalies. Al-enabled SAR modeling
enhances drought detection, soil moisture estimation, and storm-
related disturbance mapping by capturing nonlinear relationships
inradar backscatter and coherence time series [49]. SAR time-series
anomaly detection methods are particularly effective in identifying
drought-driven canopy desiccation, which increases susceptibility
to wildfire and pest outbreaks. Fusion of SAR and optical datasets
through Al further improves early detection of climate-induced
canopy degradation.

Phenological shifts and climate sensitivity: Phenological
monitoring using remote sensing is increasingly central to climate-
smart forestry, as shifts in phenology represent some of the earliest
biological responses to climate warming. Long-term satellite
observations reveal widespread advancement of spring leaf-out,
delayed senescence, and altered growing-season dynamics across
temperate and montane forests [50]. Al-enhanced phenological
models improve detection of deviations from historical baselines
and allow quantification of species-specific sensitivity to
temperature and moisture anomalies. These models also identify
phenological mismatches between climatic cues and biological
responses, increasing forest vulnerability to late frosts, heatwaves,
and pest outbreaks.

Predictive modeling and adaptive management:
Predictive modeling constitutes a cornerstone of climate-smart
forestry planning. Al approaches, including random forests,
boosted regression models, hybrid physical-ML frameworks,

and recurrent neural networks, are increasingly used to forecast
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future forest conditions based on climate projections, structural
attributes, disturbance history, and species traits. These models
simulate biomass trajectories, drought-related mortality risk,
fire susceptibility, and species redistribution under alternative
climate scenarios [51]. Predictive Al tools enable forest managers
to identify high-risk stands, prioritize adaptive interventions, and
evaluate long-term resilience pathways under uncertainty.

Restoration, carbon dynamics, and cloud-based decision
support: Al also supports climate-adapted forest restoration by
integrating RS-derived degradation assessments with ecological
suitability modeling. Machine-learning Species Distribution Models
(SDMs) identify candidate species and provenance selections for
climate-resilient planting, while UAV-based Al monitoring tracks
sapling survival, structural recovery, and microclimate stabilization
at fine spatial scales. Carbon-oriented climate-smart forestry relies

Restoration and b

Carbon Dynamics

SDMs

UAV-Based
Monitoring

Predictive Modeling ﬁ.‘@ -

Random Forests ?

4
Recurrent Neural
Networks

9)

heavily on AI-RS monitoring to quantify aboveground biomass,
carbon fluxes, and disturbance-driven emissions. Al models
integrating LiDAR structure with multi sensor RS data improve
estimation of carbon gains and losses, strengthening carbon
accounting and REDD+ Monitoring, Reporting, and Verification
(MRV) frameworks [52]. Emerging blockchain-supported MRV
platforms, enhanced by Al-derived indicators, offer transparent and
tamper-resistant mechanisms for climate finance and forest carbon
markets. Finally, cloud-based AI geospatial platforms such as
Google Earth Engine democratize access to climate-smart forestry
analytics by enabling large-scale model deployment, time-series
analysis, and near-real-time risk mapping. These platforms allow
forest managers and policymakers to apply predictive tools without
extensive computational infrastructure, supporting evidence-based
adaptation strategies across regions (Figure 2).

Climate-Smart

&¥ Forestry Conceptual
Framework

AI-RS Integration

Multisensor
Datasets

s 7 Optical Indicators of
/M Stress

Spectral Indices
CNNs and LSTMs

3

Al-Driven Climate-

Smart
Phenological Shifts % -

Long-Term
Observations

Al-Enhanced
Phenological
Models

Forestry

LiDAR-Based
Structural
Vulnerability

GEDI Missions

Al-Based
Regression Models

SAR for Moisture

= Dyna

Al-Ena

L-Band SAR

mics

bled SAR

Modeling

Figure 2: Al driven climate smart forestry.

Collectively, AI-RS systems are fundamentally reshaping
climate-smart forestry by enabling multidimensional vulnerability
assessment, early stress detection, resilience modeling, and
adaptive management under climate change. Their integration
is essential for anticipating climate impacts, safeguarding forest
carbon stocks, and sustaining ecosystem services in rapidly
changing environments.

Al-enabled early-warning systems (pests, drought, fire,
degradation)

Rationale for Al-driven early-warning systems: Climate-
driven disturbances, including drought, wildfire, pest outbreaks, and
progressive forest degradation, are intensifying globally, creating
an urgent need for highly sensitive and scalable Early-Warning
Systems (EWS). The integration of Artificial Intelligence (Al) with
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multi-sensor Remote Sensing (RS) has substantially advanced early
detection capabilities by enabling continuous monitoring, anomaly
detection, and predictive modeling across forest and agroforestry
landscapes. These AI-RS systems detect subtle pre-disturbance
signals that are often undetectable through field observation or
simple spectral thresholds, providing managers with actionable
lead times necessary for climate-smart interventions.

Drought detection and forecasting: Drought represents
one of the most pervasive climate stressors affecting forests
and agroforestry systems. Remote sensing indicators such as
land surface temperature, shortwave infrared reflectance, and
vegetation moisture indices serve as proxies for drought stress,
but their interpretive power is significantly enhanced through
Al-based analysis. Deep learning models applied to time-series
MODIS, Sentinel-2, and Landsat imagery can detect early declines
in canopy moisture and photosynthetic efficiency, effectively
distinguishing normal phenological dry-down from emerging
drought stress. Neural networks trained on combined climatic and
vegetation datasets have demonstrated the capacity to forecast
drought conditions weeks in advance [53], enabling proactive
interventions such as adaptive thinning, irrigation scheduling, or
species-specific protection in agroforestry systems. Soil moisture
observations from NASA’s SMAP mission further improve drought
detection, particularly when integrated with Al-driven downscaling
approaches that generate high-resolution soil moisture estimates
[41].

Wildfire risk monitoring and pre-fire detection: Wildfire
early-warning systems increasingly rely on AI-RS integration as
ignition frequency, fuel aridity, and fire-season length intensify
under climate change. While thermal anomaly detection from
MODIS and VIIRS underpins operational fire monitoring, Al
models extend capability by identifying pre-fire conditions through
integration of fuel moisture status, vegetation stress, topography,
and meteorological variables. Machine-learning fire-risk models,
including random forests and boosted regression trees, have shown
strong performance in predicting ignition probability and potential
fire spread [54]. SAR data, particularly L-band observations from
missions such as ALOS-2, enhance fire-risk mapping due to their
sensitivity to canopy water content and structural dry-down.
Al models trained on SAR backscatter time series detect pre-fire
desiccation patterns even under persistent cloud cover, making them
especially valuable in tropical and monsoon-dominated regions.
UAV-based thermal imaging combined with object-detection neural
networks further supports real-time fire perimeter mapping and
hotspot detection in inaccessible terrain.

Pest and disease early detection: Pest and disease outbreaks
pose escalating threats to forest resilience as rising temperatures
accelerate insect life cycles, expand pest distributions, and weaken
host-tree defenses. Hyperspectral remote sensing is particularly
effective for early pest detection because it captures biochemical
indicators such as chlorophyll degradation, pigment imbalance,

nitrogen variability,and altered leaf water content. Machine learning
and deep learning classifiers applied to hyperspectral datasets can
differentiate pest-induced damage from nutrient stress, drought
effects, and fungal infections [55]. Al-enhanced spectral anomaly
detection has enabled bark beetle infestations to be identified
weeks to months earlier than conventional ground surveys. UAV-
based multispectral imagery analyzed using CNN architecture
further improves the detection of localized infestations, enabling
rapid intervention before outbreaks propagate.

Forest degradation detection and MRV: Forest degradation
detection remains among the most challenging aspects of early-
warning systems because degradation often occurs subtly through
selective logging, understory removal, canopy fragmentation,
invasive species expansion, or gradual biomass decline without
immediate loss of canopy cover. Multi-temporal SAR coherence
analysis, LiDAR-derived structural metrics, and texture-based
spectral indicators provide early signals of degradation. Al-driven
anomaly detection approaches, including autoencoders and deep
similarity networks, substantially improve detection sensitivity
by identifying deviations from long-term structural and spectral
baselines. These methods play a critical role in REDD+ Monitoring,
Reporting, and Verification (MRV) by enhancing the accuracy and
transparency of carbon-loss estimates [56].

IoT integration and operational scaling: The integration of
Internet of Things (IoT) sensor networks, including soil moisture
probes, microclimate stations, pheromone traps, and automated
pest sensors, further strengthens Al-enabled early-warning
systems. Al algorithms fuse IoT data streams with RS observations
to refine stress detection, calibrate satellite-derived indicators, and
provide high-temporal-resolution alerts. Cloud-based platforms
such as Google Earth Engine facilitate large-scale deployment of
early-warning workflows, while Al-driven dashboards deliver
real-time risk maps and forecast scenarios to forest managers,
policymakers, and local institutions. These advances substantially
reduce response time between disturbance onset and management
action, improvingresilience in both forest and agroforestry systems.

Overall, Al-enabled early-warning systems represent a critical
advancement in climate-smart land management by enabling
proactive detection of drought, fire, pest outbreaks, and forest
degradation. Their integration into operational monitoring
frameworks is essential for minimizing ecological damage,
safeguarding carbon stocks, and sustaining ecosystem services

under accelerating climate change.
Multi-sensor fusion, cloud computing & digital platforms

Rationale and scope of multi-sensor fusion: Multi-sensor
fusion has emerged as one of the most powerful strategies for
improving the accuracy, consistency, and scalability of forest and
agroforestry monitoring. Optical, LiDAR, SAR, hyperspectral,
UAV-based, and Internet of Things (IoT) datasets each capture
distinct biophysical attributes of vegetation, yet no single sensor
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can comprehensively represent canopy structure, biochemical
condition, and temporal dynamics. Artificial Intelligence (AI)
enables deep integration of these heterogeneous data streams,
allowing spectral, structural, and temporal information to be
combined into unified analytical frameworks. Optical-LiDAR
fusion, for example, substantially improves biomass estimation
and canopy-structure characterization by coupling LiDAR-derived
vertical geometry with multispectral indicators of canopy chemistry
and phenology. Al-based fusion approaches have demonstrated
significantly enhanced aboveground biomass estimation accuracy
across tropical and temperate forest systems [28,57].

Optical-SAR fusion for structural and moisture monitoring:
The fusion of optical remote sensing with Synthetic Aperture
Radar (SAR) further strengthens monitoring capacity in cloud-
prone regions, as SAR provides sensitivity to forest structure
and moisture conditions while remaining largely unaffected by
atmospheric interference. Multi-frequency SAR fusion, particularly
the integration of C-band and L-band observations, has proven
effective for detecting forest degradation, selective logging, and
biomass change across heterogeneous landscapes [30]. Al-driven
fusion models exploit complementary sensor responses to improve
detection sensitivity and temporal consistency under variable
observation conditions.

Hyperspectral-LiDAR integration and UAV-satellite
synergy: Hyperspectral-LiDAR integration has advanced species
discrimination, functional trait mapping, and biodiversity
assessment. Hyperspectral data offer fine spectral resolution
linked to plant pigments, nitrogen content, water status, and
lignin-cellulose composition, while LiDAR supplies information
on canopy height, vertical foliage distribution, and structural
complexity. When processed using deep learning models, integrated
hyperspectral-structural datasets enable high-resolution mapping
of species composition and functional diversity in ecologically
complex environments [58]. Unmanned Aerial Vehicles (UAVs)
further bridge the spatial gap between ground measurements
and satellite observations by providing centimeter-scale imagery
and LiDAR data. UAV-satellite fusion supports precise monitoring
of regeneration dynamics, restoration outcomes, seedling
establishment, and fine-scale canopy structural change that are
unresolved by satellite sensors alone [59].

IoT-remote sensing integration for near-real-time
monitoring: IoT-based sensing has become an increasingly
important component of multi-sensor fusion frameworks. Soil
moisture probes, microclimate sensors, pest traps, and eddy-
covariance provide ground-based
observations that improve calibration and validation of AI-RS
models. Al pipelines integrating [oT and remote sensing data
streams enable near-real-time monitoring of environmental

conditions, stress responses, and management impacts. This

flux towers continuous

synergistic integration enhances climate-smart forestry and
agroforestry by supporting data-driven irrigation management,
stress-response modeling, and adaptive silvicultural planning [60].

Cloud computing infrastructure and Al scalability: Cloud-
computing platforms such as Google Earth Engine, NASA Earth
data Cloud, the Microsoft Planetary Computer, and ESA’s DIAS
infrastructure have fundamentally transformed the scalability of
AI-RS workflows. These platforms host petabyte-scale archives of
open-access satellite data, including Landsat, Sentinel, GEDI, VIIRS,
ECOSTRESS, and global SAR repositories, allowing large-scale
model deployment without reliance on local high-performance
computing. Google Earth Engine has played a particularly
influential role in democratizing access to Al-ready remote sensing
by enabling national- to continental-scale forest monitoring,
disturbance detection, phenology analysis, and biomass modeling
[2]. The integration of cloud-native machine learning tools
allows continuous model training, deployment, and updating,
substantially lowering technical barriers for forest agencies and
research institutions.

Digital platforms, MRV, and governance applications:
Digital dashboards and cloud-based monitoring platforms now
play a central role in climate governance, Monitoring, Reporting,
and Verification (MRV), and decision support. Platforms such
as Global Forest Watch, FAO’s SEPAL system, and national MRV
dashboards integrate multi-sensor RS with Al-driven change-
detection algorithms to visualize land-cover change, track forest
degradation, and generate near-real-time alerts for fires, drought
stress, logging, and carbon-stock variation [61]. These systems
enhance transparency and accountability in forest monitoring at
multiple governance levels.

Digital twins and blockchain-enabled MRV: Digital twins,
dynamic virtual representations of forest ecosystems, represent an
emerging frontier in Al-enabled forest monitoring. By integrating
multi-sensor remote sensing, ecosystem process models, and Al-
based forecasting, digital twins enable simulation of disturbance
scenarios, restoration pathways, carbon-flux trajectories, and
long-term climate impacts. These tools are increasingly applied to
evaluate alternative management strategies under projected climate
conditions, supporting evidence-based climate-smart forestry
planning [62]. Finally, blockchain-integrated MRV infrastructures
enhance transparency and traceability in forest carbon accounting.
When Al-derived indicators and multi-sensor RS outputs are
securely recorded on distributed ledgers, verification processes
become more resistant to manipulation, reducing monitoring
costs and facilitating equitable participation in forest carbon
markets [63]. Collectively, these advances demonstrate that multi-
sensor fusion, cloud computing, and digital platforms form the
technological backbone of next-generation forest and agroforestry
monitoring systems (Figure 3).
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Figure 3: Al driven forest monitoring system.

Al-enabled early-warning systems for pests, drought,
fire & degradation

Need for Al-based early-warning systems: Climate change
has intensified the frequency and severity of disturbances in forest
and agroforestry landscapes, increasing vulnerability to droughts,
wildfires, pest outbreaks, and progressive forms of degradation.
Traditional detection approaches, such as periodic ground surveys,
single-date satellite observations, and expert-driven heuristic
models, are no longer sufficient for monitoring rapidly evolving
stress conditions. The integration of Artificial Intelligence (AI) with
multi-sensor Remote Sensing (RS) provides a transformative early-
warning capability by enabling detection of subtle biophysical
anomalies well before visible symptoms emerge.

Drought early warning and forecasting: Drought early
warning systems have particularly benefited from AI-RS integration.
Satellite-derived indicators, including land surface temperature,
evaporative stress metrics, vegetation water content, and
shortwave-infrared reflectance, allow spatially explicit assessment
of water stress across large regions. Machine-learning models
substantially improve upon index-based approaches by capturing
nonlinear relationships between climatic anomalies and vegetation
responses. Temporally resolved deep learning models applied
to MODIS and ECOSTRESS data have demonstrated the ability to
predict moisture deficits weeks in advance of observable canopy
desiccation, enabling forest managers to implement mitigation

measures proactively [64,65] (Figure 4).
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Figure 4: Al-enabled early-warning systems range from immediate to long-term prediction.

Wildfire risk detection and fire-behavior modeling:
Wildfire early-warning systems increasingly rely on Al-enhanced
multi-sensor RS because SAR, multispectral, and thermal datasets
collectively capture fuel moisture, vegetation stress, and ignition
likelihood. Thermal sensors detect emerging hotspots, while
SAR time series reveal progressive canopy drying that elevates
flammability even under persistent cloud cover. Al-driven fire-risk
models trained using meteorological variables, fuel-load proxies,
topography, and vegetation condition, have demonstrated strong
predictive skill across fire-prone regions [54]. These systems
support forecasting of high-risk fire periods and simulation of
potential fire spread, providing critical decision support for fire
prevention and suppression planning. UAV-mounted thermal
sensors further enhance early detection by identifying micro-
hotspots in rugged terrain that are difficult to resolve using satellite
platforms alone.

Pest and disease early detection: Pest and disease outbreaks,
which are increasing under shifting temperature regimes and
altered phenology, represent another domain where Al-enabled

RS has proven highly effective. Hyperspectral imaging detects
biochemical changes in foliage, such as reductions in chlorophyll,
pigment imbalance, and altered leaf water content, that occur
during early infestation stages. Machine-learning classifiers and
deep neural networks trained on hyperspectral signatures can
reliably distinguish pest-induced stress from abiotic stressors such
as drought or nutrient deficiency. These approaches have enabled
early detection of bark beetle infestations in coniferous forests well
before visible canopy discoloration occurs, improving the feasibility
oftargeted intervention [66]. When combined with UAV imagery, Al-
based detection supports precision mapping of outbreak hotspots
at fine spatial scales, which is especially important in mixed-species
agroforestry systems.

Forest degradation detection and carbon implications:
Forest degradation encompasses processes such as selective
logging, understory removal, invasive species establishment, and
soil erosion, changes that often progress gradually and evade coarse
land-cover classifications. Multi-temporal SAR coherence analysis,
LiDAR-derived structural metrics, and spectral texture indicators
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enable Al systems to quantify subtle degradation dynamics. Deep
learning change-detection models, including Siamese networks
and autoencoders, identify deviations from baseline ecosystem
conditions with greater sensitivity than conventional differencing
methods. These approaches have successfully detected selective
logging and post-disturbance recovery trajectories across tropical
regions [29,61]. Early detection of degradation is particularly
important for carbon accounting and restoration planning, as
degradation can contribute substantially to emissions despite
limited changes in canopy cover.

Predictive analytics, IoT integration, and cloud deployment:
The predictive capability of Al further strengthens early-warning
systems by integrating climate forecasts, phenological information,
and historical disturbance patterns. Machine-learning pest-risk
models combine temperature projections, host distribution, and
remotely sensed phenology to anticipate outbreak dynamics
under future climate scenarios [67]. Similarly, drought-forecasting
models that fuse RS-derived soil moisture with atmospheric and
climate-model outputs allow managers to prepare for extreme
events months in advance. Al-based fire-behavior models simulate
ignition risk and potential spread under varying fuel and climate

conditions, supporting strategic planning for fuel reduction and
firebreak implementation. Integration of Internet-of-Things (IoT)
sensor networks, including soil moisture probes, microclimate
stations, automated insect traps, and weather sensors, further
enhances early-warning capacity. IoT observations provide high-
frequency ground validation for calibrating AI-RS models, reducing
uncertainty and enabling near-real-time monitoring. When RS-
derived predictors are combined with continuous ground-based
sensor streams, decision-support systems can issue automated
alerts for drought stress, pest activity, and fire risk through cloud-
based dashboards and mobile platforms [68]. Cloud platforms such
as Google Earth Engine, Amazon Web Services, and ESA’s DIAS
infrastructure have significantly expanded the operational reach
of Al-enabled early-warning systems. These environments support
automated ingestion of multi-sensor imagery, large-scale execution
of Al models, and visualization of emerging disturbances at national
to continental scales. Operational monitoring systems, including
Global Forest Watch’s GLAD alerts, rely on cloud-based pipelines
to deliver near-real-time warnings of forest loss and degradation
[69]. Such systems are increasingly central to REDD+ programs
and climate-policy mechanisms that require timely, transparent
disturbance detection (Table 4).

Table 4: Al-enabled early-warning systems for major forest disturbances and associated remote sensing.

Disturbance Type Key RS Indicators Al Models Used Lead Time Achieved Key References

Drought LST, NDW.I' SMAP soil LSTM, RF Weeks to months [64]
moisture

Wildfire Fuel m01sturef thermal RF, Boosted Trees Days to weeks [54]
anomalies

Pest Outbreaks Hyperspectral stress traits CNN, SVM Weeks [66]

Forest Degradation SAR coherence, LIDAR Autoencoders Months [29]
structure

Carbon Loss LiDAR + optical fusion ML regression Near-real-time [69]

Overall, Al-enabled early-warning systems represent a
cornerstone of climate-smart forestry and agroforestry. By
integrating multi-sensor remote sensing, high-frequency IoT
data, climatic information, and machine learning, these systems
provide unprecedented capacity to detect, predict, and monitor
disturbances that threaten forest health and carbon stability. Their
importance will continue to grow as climate variability accelerates
disturbance regimes and as Al models and remote-sensing archives
become increasingly sophisticated.

Challenges, knowledge gaps, and global research
priorities for Al-driven forest and agroforestry
monitoring

Despite rapid advances in Remote Sensing (RS) and Artificial
Intelligence (Al), substantial scientific, technical, and governance-
related challenges continue to constrain their effective application
in forest and agroforestry monitoring. These challenges span
limitations in ground-truth data availability, sensor constraints,
model interpretability, uncertainty quantification, socio-economic
barriers, and the detection of biodiversity change and subtle

forest degradation. Addressing these interlinked constraints is
critical for ensuring that AI-RS systems are reliable, transferable,
and operationally meaningful across diverse ecological and socio-
political contexts.

Ground-truth limitations, data inequity, and model
generalizability: One of the most persistent limitations in Al-driven
forest monitoring is the scarcity of high-quality, geographically
diverse ground-truth datasets required for training and validating
models. Ecological plots, biomass inventories, and long-term
phenological observations remain heavily biased toward temperate
regions, while tropical, montane, and arid ecosystems, where
monitoring needs are often most urgent, remain underrepresented.
This imbalance limits model generalizability and increases the
risk of biased predictions when Al systems trained in one biome
are transferred to regions with contrasting species composition,
canopy architecture, and climatic regimes [70]. Empirical evidence
demonstrates that biomass models calibrated using LiDAR data
in Amazonian forests often perform poorly when transferred to
African or Asian forests due to fundamental structural and floristic
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differences [71]. Similarly, spectral-phenological models developed
in temperate forests may fail to detect early stress responses in
tropical agroforestry systems characterized by multi-layered
canopies and asynchronous phenology [72]. Addressing these
issues requires coordinated international data-sharing initiatives,
harmonized field protocols, and integration of community-based
monitoring to strengthen training datasets in underrepresented
regions.

Sensor constraints and multi-sensor fusion challenges:
Sensor-related limitations further compound these challenges.
Optical imagery is frequently constrained by cloud contamination,
particularly in humid tropical regions; SAR backscatter saturates
in high-biomass forests, reducing sensitivity to carbon stocks
in mature stands; and hyperspectral imagery, while rich in
biochemical information, remains computationally demanding and
unevenly available at global scales. LiDAR provides highly accurate
structural information but is costly to acquire over large areas,
leading to disparities in data availability between well-funded
research regions and resource-constrained countries. These sensor-
specific constraints necessitate sophisticated fusion strategies, yet
multi-sensor integration remains technically challenging due to
mismatches in spatial resolution, temporal revisit frequency, and
radiometric properties [27]. While Al-based fusion models offer
a promising pathway to overcome individual sensor limitations,
their performance remains strongly dependent on the availability
of robust, harmonized training data.

Ecological complexity and limits of pattern-based Al:
Ecological complexity and nonlinear ecosystem dynamics pose
additional constraints on Al-driven monitoring. Forest and
agroforestry systems are governed by interactions among climate
variability, species identity, soil properties, microtopography,
and disturbance regimes. While Al excels at identifying patterns
in large datasets, it often struggles to represent long-term
mechanistic processes such as successional change, species
migration, and disturbance-recovery feedback. These limitations
become particularly evident when models trained on historical RS
observations are used to predict ecosystem behavior under novel
climate conditions. Hybrid modeling approaches that integrate
mechanistic ecosystem models with machine-learning predictions
offer a promising pathway forward. For example, coupling dynamic
vegetation models or individual-based forest simulators with
RS-derived Al outputs improves realism in forecasting biomass
trajectories and resilience under climate change [73]. However,
such hybrid frameworks remain computationally intensive and
data-demanding, constraining their operational deployment.

Model interpretability, explainable Al, and trust: Limited
interpretability of contemporary Al architectures represents a
major barrier to operational adoption. Deep learning models,
including convolutional neural networks, transformers, and multi-
modal fusion networks, often achieve high predictive accuracy but
provide limited transparency regarding the ecological relationships
underlying their outputs. This “black box” nature complicates
regulatory acceptance and reduces trust among forest managers

and policymakers, particularly in contexts such as carbon markets,
REDD+ reporting, and conservation planning. Explainable Al
(XAI) techniques, such as saliency mapping, SHAP values, feature-
attribution methods, and attention-based visualization, are
increasingly explored to address this limitation. However, their
application in forestry and agroforestry remains limited and often
fails to reveal mechanistic ecological drivers [74,75]. Strengthening
interpretability and explicitly linking Al outputs to ecological
processes is therefore a critical research priority.

Uncertainty quantification and risk-aware decision
making: Uncertainty quantification remains a major gap limiting
the operational utility of AI-RS models. Forest ecosystems exhibit
strong spatial and temporal heterogeneity driven by species
composition, phenological dynamics, microclimatic gradients, and
stochastic disturbances. Remote sensing data further introduces
uncertainty through atmospheric effects, sensor noise, pixel mixing,
and topographic distortion. Despite this, many Al workflows
provide deterministic outputs without associated uncertainty
estimates, limiting their usefulness for risk assessment and policy
formulation. This shortcoming is particularly problematic in
carbon accounting, where small biomass estimation errors can lead
to substantial discrepancies in reported emissions or sequestration
[76]. Bayesian deep learning, ensemble modeling, and probabilistic
neural networks offer viable solutions, but their computational
demands have constrained large-scale adoption [77].

Infrastructure, digital divide, and socio-economic barriers:
Operational challenges further
adoption, particularly in the Global South. Processing large RS
datasets, including multi-decadal Sentinel archives, LiDAR point

and infrastructural restrict

clouds, hyperspectral data cubes, and SAR time series, requires
high-performance computing, reliable
and substantial data storage. Although cloud platforms such as
Google Earth Engine and Amazon Web Services have lowered

internet connectivity,

technical barriers, digital divides, data-sovereignty concerns, and
cybersecurity constraints continue to limit access in many regions
[78]. Socio-economic and governance constraints also play a
critical role. Many forest-dependent communities lack the technical
capacity and institutional support required to engage with Al-
driven monitoring systems. Insecure land tenure, weak governance
structures, insufficient long-term funding, and concerns related
to data privacy and sovereignty further undermine adoption.
Ethical challenges arise when high-resolution monitoring exposes
unauthorized logging or land-use change with legal or political
implications [79].

Biodiversity monitoring and multi-modal integration:
Biodiversity monitoring remains one of the most technically
challenging frontiers for AI-RS integration. Species-level
discrimination in structurally complex forests is constrained by
spectral overlap, intra-species variability, phenological differences,
and multi-layered canopies. Even hyperspectral and LiDAR datasets
often require extensive field validation to resolve fine-scale
compositional differences. Integrating RS with complementary data
streams, such as environmental DNA, bioacoustics, and close-range
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UAV imagery, offers promising pathways for improving biodiversity
detection and functional diversity assessment, but demands
substantial interdisciplinary coordination and methodological
standardization [80].

Detecting subtle forest degradation: Forest degradation
detection, particularly for subtle and non-stand-replacing
processes such as selective logging, understory thinning, and
fuelwood extraction, remains a persistent challenge. These
disturbances often produce weak spectral or structural signals
that evade conventional RS metrics. Recent advances using SAR
coherence change, LiDAR-based structural anomaly detection, and
deep learning-based change-detection models show promise but
remain limited by sparse ground validation and inconsistent data
availability.

Global research priorities and the way forward: Addressing
these interconnected challenges defines a set of critical global
research priorities. These include developing generalizable Al
models supported by internationally harmonized training datasets;
expanding and sustaining multi-sensor RS archives; advancing
explainability uncertainty quantification frameworks;
improving equitable access to digital infrastructure; strengthening
participatory and community-based monitoring approaches; and
integrating socio-economic variables with biophysical models to
support holistic climate-smart forestry and agroforestry strategies.
Achieving these goals will require sustained
collaboration, shared data infrastructures, and interdisciplinary
partnerships linking ecology, artificial intelligence, remote
sensing, climate science, and the social sciences. Establishing

and

international

global benchmarking datasets, harmonized calibration standards,
and coordinated RS-Al monitoring alliances will be essential for
ensuring that technological innovation translates into climate-
resilient, transparent, and socially just management of forest and
agroforestry systems.

Conclusion

The integration of Artificial Intelligence (AI) with multi-sensor
Remote Sensing (RS) constitutes a transformative advancement
in the monitoring, assessment, and management of forest and
agroforestry systems under accelerating climatic change. By
synergistically exploiting spectral, structural, and temporal
information from optical, LiDAR, hyperspectral, SAR, UAV, and
IoT-based observations, Al-driven frameworks enable the high-
resolution characterization of ecosystem processes that were
previously difficult to quantify consistently across space and time.
These capabilities have substantially expanded the scope of forest
and agroforestry monitoring, improving the estimation of biomass
and carbon stocks, enhancing species and structural mapping, and
enabling early detection of drought stress, fire risk, pest outbreaks,

and gradual degradation processes.

Through their capacity to model nonlinear
relationships within high-dimensional datasets, machine learning

complex,

and deep learning approaches provide actionable insights that
support anticipatory, rather than reactive, management strategies

aligned with climate-smart forestry and agronomy objectives.
Across forest ecosystems, Al-enabled RS has demonstrably
strengthened carbon accounting and disturbance monitoring
by reducing uncertainty in aboveground biomass estimation
and improving the temporal detection of change dynamics. The
fusion of LiDAR-derived three-dimensional structural information
with multispectral and SAR observations has proven particularly
effective in capturing forest heterogeneity, supporting more
robust greenhouse gas inventories and Monitoring, Reporting, and
Verification (MRV) frameworks. Time-series Al models applied to
long-term satellite archives further facilitate the identification of
early warning signals associated with climatic stressors, enabling
timely interventions in regions where ecological vulnerability is
amplified by elevation gradients, complex terrain, or high species
turnover. These advances are especially relevant in tropical and
montane systems, where conventional field-based monitoring
remains constrained by accessibility, scale, and cost.

Agroforestry systems, defined by their multifunctionality and
structural complexity, similarly benefit from AI-RS integration.
Landscape-scale monitoring of tree-crop interactions, microclimatic
regulation, biomass accumulation, and soil condition provides a
quantitative foundation for optimizing agroforestry design under
climate variability. Al-supported decision frameworks allow
practitioners and policymakers to evaluate trade-offs among
productivity, resilience, and carbon sequestration, reinforcing
agroforestry’s role as a nature-based solution for climate mitigation,
adaptation, and livelihood security. Importantly, these technologies
also enhance the transparency and credibility of agroforestry-
related carbon finance mechanisms by supporting scalable and
verifiable MRV systems. Despite these advances, the long-term
effectiveness of Al-driven forest and agroforestry monitoring
remains contingent upon addressing persistent challenges
related to data availability, model transferability, interpretability,
uncertainty quantification, and equitable access to computational
resources. Ecological heterogeneity, species diversity, and region-
specific management practices continue to limit the generalizability
of Al models trained on geographically constrained datasets.
Moreover, socio-economic inequalities and digital divides risk
excluding forest-dependent and agroforestry communities from
the benefits of emerging technologies, underscoring the need for
inclusive governance, transparent data policies, and participatory
monitoring approaches. Advancing explainable and uncertainty-
aware Al architectures is equally critical for ensuring scientific
credibility, policy relevance, and stakeholder trust.

Looking ahead, the integration of AI-RS systems with digital
twins, cloud-native geospatial platforms, hybrid ecological-Al
models, and blockchain-enabled MRV infrastructures represents a
key frontier for climate-smart land management. These emerging
frameworks offer the potential to simulate ecosystem trajectories,
evaluate management scenarios, and support long-term resilience
planning at multiple spatial scales. Realizing this potential will
require sustained interdisciplinary collaboration, harmonized
ground-truth networks, open-access multi-sensor datasets, and
coordinated international benchmarking initiatives to reduce
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methodological fragmentation and enhance reproducibility. In
conclusion, Al-driven remote sensing has evolved from a largely
experimental toolset into a central pillar of climate-smart forestry
and agroforestry. When coupled with ecological understanding,
transparent governance, and equitable implementation, Al-
RS frameworks provide a scientifically robust pathway for
strengthening ecosystem resilience, optimizing agroforestry
productivity, supporting carbon-neutral development, and guiding

adaptive responses to accelerating environmental change.
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