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Introduction

Above-ground biomass (AGB) represents one of the most 
important components of terrestrial ecosystems, functioning as a  

 
major indicator of vegetation productivity, ecosystem health, and 
global carbon storage potential. It comprises the total dry mass 
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Abstract

Above-ground biomass (AGB) is an important indicator of tree growth, vegetation productivity, ecosystem health, and carbon storage 
in horticultural and arboricultural systems. Accurate assessment of tree biomass and carbon stocks is essential for sustainable orchard 
management, urban tree planning, forest plantations, landscape management, and climate mitigation. Conventional field-based approaches, 
including destructive sampling and allometric measurements, are often constrained by high labour requirements, cost, limited spatial coverage, 
and difficulties in assessing heterogeneous tree populations. These limitations have increased the need for non-destructive, spatially explicit, 
and scalable approaches capable of monitoring biomass and carbon dynamics across horticultural and arboricultural landscapes. This review 
evaluates emerging applications of remote sensing, Geographic Information Systems (GIS), and artificial intelligence (AI) for tree biomass 
estimation, carbon-stock assessment, and spatial management of horticultural and arboricultural systems. The review synthesizes applications 
of multispectral and hyperspectral imagery, Synthetic Aperture Radar (SAR), LiDAR, unmanned aerial vehicle (UAV) observations, GIS-based 
spatial modelling, and machine learning approaches including Random Forest, Support Vector Regression, and Artificial Neural Networks. The 
reviewed approaches are examined in relation to spectral characteristics, canopy structure, environmental variables, spatial patterns, and biomass 
prediction. Integration of multi-source geospatial datasets improves biomass estimation by combining spectral, structural, environmental, and 
topographic information. LiDAR provides detailed three-dimensional canopy characterization, while AI-based models enhance the prediction of 
complex biomass–environment relationships. GIS further enables spatial visualization of tree biomass and carbon stocks and supports orchard 
planning, tree inventory, landscape management, and ecosystem conservation. Remaining challenges include limited field calibration data, sensor 
saturation, environmental variability, spatial heterogeneity, and model transferability. Future research should prioritize multi-sensor fusion, deep 
learning, UAV and LiDAR integration, cloud-based geospatial platforms, uncertainty quantification, and standardized frameworks for sustainable 
horticultural and arboricultural management.
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Highlights

•	 Remote sensing enables non-destructive tree biomass assessment.

•	 GIS and AI improve spatial tree biomass and carbon mapping.

•	 Geospatial intelligence supports sustainable arboricultural management.
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of living vegetation components located above the soil surface, 
including stems, branches, bark, leaves, and woody structures, 
and serves as a critical carbon pool regulating atmospheric carbon 
dioxide (CO₂) dynamics [1,2]. Forest ecosystems, in particular, 
represent one of the largest terrestrial carbon reservoirs, where 
biomass accumulation through photosynthetic carbon fixation 
contributes significantly to climate regulation and ecosystem 
stability [3]. However, increasing anthropogenic pressures, 
including deforestation, land-use conversion, forest degradation, 
wildfires, and climate variability, have altered natural carbon 
cycling processes, resulting in substantial fluctuations in biomass 
distribution and carbon exchange between terrestrial ecosystems 
and the atmosphere [4,5]. Therefore, accurate assessment and 
continuous monitoring of AGB are essential for understanding 
ecosystem responses to environmental change, improving 
carbon inventories, supporting REDD+ initiatives, evaluating 
climate mitigation strategies, and promoting sustainable land 
management practices [6].

Traditionally, above-ground biomass estimation has relied 
on field-based inventories, destructive harvesting methods, 
and species-specific allometric equations. Although these 
approaches provide reliable local-scale measurements, their 
application at regional and global scales remains constrained due 
to high operational costs, extensive labour requirements, limited 
spatial coverage, and difficulties in representing heterogeneous 
ecosystem conditions [7]. Recent advances in remote sensing 
technologies have transformed biomass assessment by enabling 
non-destructive, spatially continuous, and repetitive observations 
of vegetation characteristics across large geographical areas [8]. 
Optical satellite platforms, including Landsat and Sentinel-2, 
provide spectral information associated with vegetation 
biochemical properties, chlorophyll activity, and canopy density, 
whereas Synthetic Aperture Radar (SAR) systems capture 
microwave interactions with vegetation structure, biomass 
distribution, and moisture conditions [9,10]. Additionally, 
LiDAR technology offers three-dimensional measurements 
of canopy height, vertical structure, and forest architecture, 
improving biomass estimation accuracy, particularly in complex 
forest environments [11]. The integration of multispectral, 
hyperspectral, SAR, LiDAR, and UAV-based observations has 
therefore established a comprehensive framework for monitoring 
vegetation biomass and assessing ecosystem carbon dynamics at 
regional and global scales [12].

The rapid development of Geographic Information Systems 
(GIS) and artificial intelligence (AI) has further enhanced 
biomass estimation by enabling the integration of multi-source 
spatial datasets, environmental variables, field observations, 
and advanced modelling approaches [13]. GIS-based biomass 
mapping enables spatial visualization of biomass distribution, 
identification of carbon-rich vegetation areas, and assessment of 
spatial variability in tree and plant biomass, thereby supporting 
conservation, restoration, and sustainable management of 

horticultural and arboricultural landscapes [14]. Furthermore, 
machine learning algorithms, including Random Forest 
(RF), Support Vector Machines (SVM), Extreme Gradient 
Boosting (XGBoost), and Artificial Neural Networks (ANN), 
have demonstrated strong potential for establishing complex 
relationships between remotely sensed predictors and field-
measured biomass observations [15,16]. These approaches can 
improve biomass prediction by incorporating spectral indices, 
canopy structural parameters, topographic variables, climatic 
conditions, and ecological characteristics relevant to diverse 
vegetation systems [17]. Despite these advancements, significant 
challenges remain, including uncertainties in field calibration 
datasets, sensor limitations, spectral saturation effects, spatial 
heterogeneity, model transferability, and difficulties in achieving 
accurate biomass and carbon-stock estimation across diverse 
landscapes [18]. Addressing these limitations is essential for 
developing reliable geospatial biomass monitoring frameworks 
capable of supporting sustainable tree management, carbon 
assessment, and climate-mitigation objectives [19].

This review aims to provide a comprehensive assessment of 
recent advancements in above-ground biomass estimation, with 
particular emphasis on the integration of remote sensing, GIS, 
and artificial intelligence-based approaches for tree biomass and 
carbon assessment in horticultural and arboricultural systems. 
The primary objective is to synthesize current methodologies, 
identify technological developments, evaluate the mechanisms 
through which multi-sensor remote sensing and machine-learning 
models estimate biomass, and examine their applications in tree 
monitoring, canopy assessment, carbon accounting, landscape 
management, and sustainable vegetation planning. The existing 
challenge addressed in this review is the persistent uncertainty in 
biomass estimation resulting from limitations in conventional field 
measurements, sensor constraints, heterogeneous environmental 
conditions, and insufficient integration of multi-dimensional 
datasets [20]. The novelty of this review lies in presenting an 
integrated perspective that combines ecological principles, 
remote sensing technologies, GIS-based spatial modelling, and AI-
driven analytical frameworks to improve the accuracy, scalability, 
and applicability of biomass and carbon-stock assessment across 
horticultural and arboricultural environments. The review 
systematically evaluates optical, SAR, LiDAR, hyperspectral, 
and UAV-based approaches; discusses GIS-enabled biomass 
mapping and carbon assessment strategies; analyzes current 
methodological limitations; and proposes future directions 
involving deep learning, multi-source data fusion, cloud-based 
geospatial platforms, uncertainty quantification, and standardized 
monitoring frameworks for reliable tree biomass assessment and 
sustainable horticultural and arboricultural management.

Above-Ground Biomass (AGB)

Above-ground biomass (AGB) represents the total dry mass 
of living vegetation components present above the soil surface, 
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including stems, branches, bark, leaves, and other woody 
structures, and serves as one of the most important indicators of 
terrestrial ecosystem productivity and carbon storage capacity. 
Forest ecosystems represent major global carbon reservoirs, with 
above-ground biomass accounting for a substantial proportion 
of terrestrial carbon stocks and playing a critical role in 
regulating atmospheric carbon dioxide concentrations. Accurate 
estimation of AGB is therefore essential for understanding carbon 
sequestration processes, evaluating ecosystem responses to 
climate change, monitoring forest degradation, supporting REDD+ 
initiatives, and developing reliable carbon inventory systems. 
Unlike below-ground carbon pools, AGB is highly dynamic and 
continuously affected by deforestation, land-use conversion, 
wildfire, climatic variability, and anthropogenic disturbances, 
resulting in significant variations in carbon exchange between 
vegetation and the atmosphere. Consequently, continuous and 
spatially explicit monitoring of AGB has become a fundamental 
requirement for assessing ecosystem stability and predicting 
future carbon cycle dynamics.

The assessment of above-ground biomass has evolved from 
traditional field-based measurements toward advanced remote 
sensing and artificial intelligence-based approaches capable of 
providing large-scale, repetitive, and non-destructive biomass 
estimates. Conventional destructive harvesting methods and 
allometric equations provide accurate local measurements but are 
limited by high costs, labor requirements, and restricted spatial 
applicability, particularly in heterogeneous forest environments. 
Remote sensing technologies overcome these limitations by 
capturing vegetation characteristics through optical reflectance, 
microwave backscatter, and three-dimensional structural 
information derived from multiple sensor platforms. The 
integration of multispectral, hyperspectral, Synthetic Aperture 
Radar (SAR), LiDAR, UAV observations, and machine learning 
algorithms has significantly improved biomass estimation 
accuracy by combining spectral, structural, and environmental 
information . These developments have established remote sensing 
as a powerful framework for monitoring biomass distribution, 
quantifying carbon stocks, and supporting sustainable ecosystem 
management at regional and global scales.

Ecological Significance and Carbon Dynamics of Above-
Ground Biomass

Above-ground biomass (AGB) constitutes the total dry mass 
of living vegetation above the soil surface, including stems, 
branches, bark, foliage, and other woody components, and 
represents one of the most dynamic terrestrial carbon pools. 
According to reviewed studies, AGB accounts for a significant 
proportion of terrestrial ecosystem carbon reservoirs, while 
forests contribute the majority of global vegetation biomass, 
emphasizing their dominant role in regulating global carbon 
cycling and climate processes. Through photosynthetic carbon 
assimilation, vegetation removes atmospheric CO₂ and stores 

carbon within structural components such as stems, branches, 
leaves, and woody tissues, thereby functioning as an important 
natural carbon sink. The dynamic nature of AGB makes it highly 
sensitive to environmental disturbances including deforestation, 
forest degradation, wildfire, drought stress, and land-use 
transformation. These disturbances alter vegetation structure, 
biomass distribution, and carbon exchange processes, resulting 
in fluctuations between carbon sequestration and greenhouse gas 
emissions. Consequently, accurate quantification of AGB forms 
the scientific foundation for carbon stock inventories, climate 
mitigation strategies, REDD+ implementation, sustainable forest 
management, wildfire assessment, and ecosystem conservation 
planning. Unlike relatively stable soil carbon pools, above-
ground biomass responds rapidly to ecological changes, making 
continuous monitoring essential for understanding ecosystem 
resilience and predicting future carbon cycle trajectories.

Mechanism of Above-Ground Biomass Estimation 
through Remote Sensing

Remote sensing-based AGB estimation operates through the 
interaction between electromagnetic radiation and vegetation 
components, where canopy structure, leaf biochemical properties, 
biomass density, and vegetation architecture influence the 
reflected and backscattered signals recorded by sensors (Figure 
1). Optical sensors such as Landsat and Sentinel-2 capture spectral 
responses associated with vegetation pigments, canopy density, 
and photosynthetic activity, while Synthetic Aperture Radar 
(SAR) systems such as Sentinel-1 and PALSAR provide microwave 
information related to vegetation moisture, woody components, 
and structural characteristics. LiDAR technology further improves 
biomass estimation by measuring three-dimensional canopy 
height, vertical vegetation distribution, and forest structural 
complexity, providing direct indicators of biomass variation.

The acquired remote sensing datasets are processed to derive 
vegetation indices, canopy parameters, texture characteristics, 
and environmental variables, which are subsequently integrated 
into statistical and artificial intelligence-based models for biomass 
prediction. Machine learning algorithms including Random 
Forest, Support Vector Machine, Artificial Neural Networks, 
and gradient boosting models establish complex relationships 
between remotely sensed predictors and field-derived biomass 
observations, enabling estimation of AGB in Mg ha⁻¹. The estimated 
biomass values are converted into carbon stocks by applying 
biomass-to-carbon conversion factors, generally considering 
approximately 50% of dry biomass as carbon, thereby supporting 
carbon accounting, REDD+ monitoring, climate assessment, and 
ecosystem management applications.

Environmental and Structural Drivers Governing 
Above-Ground Biomass Distribution

The spatial distribution and magnitude of above-ground 
biomass are regulated by the integrated influence of climatic 
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conditions, vegetation structure, soil characteristics, forest 
maturity, and functional ecosystem attributes. The reviewed 
studies consistently demonstrate that temperature variability 
and precipitation exert strong controls on biomass accumulation, 
whereas favorable soil texture and stable environmental 
conditions promote greater carbon storage. Structural attributes, 
particularly the proportion of large-diameter and mature trees, 
emerge as the strongest determinants of biomass, with large trees 
contributing nearly two-thirds of the total biomass stored within 
subtropical forests. Furthermore, community-weighted functional 
traits—including maximum tree height, specific leaf area, leaf 

nitrogen concentration, and wood density—significantly influence 
ecosystem productivity by regulating photosynthetic efficiency, 
growth dynamics, and biomass allocation. Across tropical, 
subtropical, temperate, and savannah ecosystems, biomass 
stocks vary according to forest composition, climatic gradients, 
and disturbance history, highlighting the complex interactions 
among ecological processes that govern carbon sequestration. 
Collectively, these findings demonstrate that structurally mature 
forests with favorable environmental conditions exhibit the 
highest biomass accumulation and therefore constitute the most 
effective long-term terrestrial carbon reservoirs.

Figure 1: Integrated Methodology for Forest Above-Ground Biomass and Carbon Stock Estimation Using Remote Sensing.

Remote Sensing Technologies for Large-Scale Above-
Ground Biomass Assessment

Remote sensing has transformed above-ground biomass 
assessment by providing a non-destructive, spatially continuous, 
and cost-effective alternative to conventional field-based 
measurements. Although destructive harvesting and allometric 
equations remain the benchmark for local biomass estimation, 
their application is constrained by extensive labor requirements, 
financial costs, and limited spatial scalability. In contrast, optical 
satellite platforms such as Landsat, Sentinel, MODIS, SPOT, and 

World View enable repeated observations through vegetation 
spectral indices, whereas Synthetic Aperture Radar (SAR) systems 
provide cloud-independent measurements of canopy structural 
properties using microwave backscatter. LiDAR technology further 
enhances biomass estimation by directly capturing canopy height, 
crown architecture, and vertical forest complexity, resulting in 
superior estimation accuracy. Recent developments increasingly 
integrate optical imagery, SAR, LiDAR, UAV observations, and 
advanced machine learning algorithms to reduce uncertainty, 
overcome spectral saturation in dense forests, and improve 
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biomass prediction across multiple spatial and temporal scales. 
Therefore, the integration of complementary remote sensing 
technologies with artificial intelligence has established a robust 
framework for accurate large-scale biomass mapping, carbon 
stock estimation, and evidence-based ecosystem management.

Remote Sensing Technologies for Biomass Estimation

Remote sensing technologies have emerged as essential 
tools for large-scale and accurate estimation of above-ground 
biomass (AGB) by providing continuous spatial and temporal 
observations of forest and agricultural ecosystems. Conventional 
field-based biomass inventories are often limited by high cost, 
time requirements, and restricted spatial coverage; therefore, 
satellite and airborne remote sensing approaches provide efficient 
alternatives for regional and global biomass assessment. Passive 
optical sensors, including Landsat-9 and Sentinel-2, estimate 
biomass through vegetation spectral responses associated with 
chlorophyll activity, canopy density, and leaf structure. Vegetation 

indices such as NDVI, EVI, TNDVI, ARVI, GNDVI, and red-edge 
indices enhance the relationship between spectral characteristics 
and biomass distribution. However, optical-based approaches 
may experience spectral saturation in dense vegetation, limiting 
their accuracy in high-biomass forests. Active remote sensing 
systems, particularly Synthetic Aperture Radar (SAR) and LiDAR, 
overcome several limitations by capturing structural information 
related to vegetation height, canopy volume, stem density, and 
vertical biomass distribution . SAR sensors provide microwave 
backscatter information influenced by vegetation moisture and 
woody components, whereas LiDAR generates three-dimensional 
canopy measurements, making it highly effective for structural 
biomass estimation. Recent studies demonstrate that the 
integration of multi-source datasets, including optical imagery, 
SAR, LiDAR, hyperspectral data, and topographic variables derived 
from Digital Elevation Models (DEM), significantly improves AGB 
prediction accuracy by representing both spectral and biophysical 
characteristics of vegetation (Table 1).

Table 1: Case Studies of Remote Sensing Applications for Above-Ground Biomass Estimation [21-35].

Study Region/
Ecosystem

Remote 
Sensing Data 

Used

Modelling Ap-
proach Key Predictors Major Findings Application

Forest ecosys-
tems (Global 

review studies)

Optical 
sensors, SAR, 

LiDAR

Empirical, physi-
cal, mechanistic, 

and machine 
learning models

Spectral bands, vege-
tation indices, canopy 

height, structural 
parameters

Remote sensing parameters act as 
proxies for biomass estimation; 

LiDAR provides improved structural 
information

Global carbon cycle 
assessment and forest 

monitoring

Forest landscape 
using Landsat-9 
and SRTM DEM

Landsat-9 
OLI + DEM

Random Forest, 
XGBoost, SVR, 

Multiple Linear 
Regression

B4, B5 bands, NDVI, 
TNDVI, GNDVI, eleva-

tion, slope, TWI

RF achieved highest accuracy with 
R² = 0.81, RMAE = 14.33%, and 

RRMSE = 22.23%

Regional AGB mapping 
and forest management

Moist temperate 
forests, Abbotta-

bad, Pakistan

Sentinel-2 
multispectral 

imagery

Regression models 
and kriging inter-

polation

ARVI, NDVI, coastal 
aerosol band, precipita-
tion, distance variables

ARVI showed strong biomass 
prediction capability (R² = 0.67); re-
mote sensing models outperformed 

geostatistical approaches

REDD+ potential assess-
ment and carbon stock 

estimation

Agricultural bio-
mass estimation 

(Potato crop)

UAV RGB 
imagery

Multiple Stepwise 
Regression and 

Extreme Learning 
Machine

RGB vegetation indices, 
GLCM texture, crop 

height models

Integration of spectral, texture, and 
height features improved estima-
tion accuracy and reduced optical 

saturation effects

Precision agriculture and 
yield prediction

Northern Europe 
agricultural 

systems

Airborne 
hyperspectral 

data

AutoML regression 
models

Narrow-band vegeta-
tion indices and hyper-

spectral features

AI-based modelling achieved high 
biomass prediction accuracy (R² 

up to 0.96 for wheat biomass esti-
mation)

Sustainable agriculture 
and crop monitoring

Forest planta-
tions (China)

Airborne 
LiDAR + 

hyperspectral 
imagery

Random Forest 
feature selection 
and regression 

modelling

Canopy height, point 
cloud density, spectral 

and texture features

Fusion of LiDAR and hyperspectral 
data significantly improved spe-

cies-specific AGB estimation

Forest inventory and car-
bon storage assessment

Coastal wetlands

AVIRIS-NG 
hyper-

spectral, 
Sentinel-1, 
Sentinel-2

Random Forest 
modelling

Spectral bands, vegeta-
tion indices, multi-tem-

poral features

Multi-scale modelling improved 
wetland biomass mapping with R² 

up to 0.65

Blue carbon assessment 
and wetland conservation

Large-area 
forest biomass 

assessments 
(1992–2022 

review)

LiDAR, RA-
DAR, aerial 
photogram-
metry, satel-

lite data

Statistical and 
machine learning 

approaches

Forest structure 
metrics, field inventory 

parameters

Increased use of structural remote 
sensing improved biomass reliabil-

ity, but uncertainties remain due 
to field data scarcity and model 

limitations

National carbon reporting 
and
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The advancement of artificial intelligence (AI) and machine 
learning (ML) algorithms has further enhanced remote sensing-
based biomass estimation by establishing complex relationships 
between remotely sensed predictors and field-measured biomass 
observations. Algorithms such as Random Forest (RF), Extreme 
Gradient Boosting (XGBoost), Support Vector Regression (SVR), 
Artificial Neural Networks (ANN), and automated machine 
learning frameworks have demonstrated superior performance 
compared with traditional regression approaches. For instance, 
Landsat-9 integrated with SRTM DEM predictors achieved high 
AGB estimation accuracy using RF modelling, while Sentinel-
2-based studies in moist temperate forests of Pakistan showed 
that vegetation indices such as ARVI and NDVI provided strong 
correlations with field-measured biomass. Similarly, fusion 
of airborne LiDAR and hyperspectral data improved biomass 
estimation by combining spectral information with three-
dimensional canopy characteristics. Despite these advancements, 
uncertainties remain due to limitations in field calibration data, 
sensor resolution, environmental variability, canopy complexity, 
and signal saturation effects. Future developments involving 
multi-sensor data fusion, deep learning architectures, cloud-
based processing platforms, and high-resolution satellite missions 
are expected to enhance the reliability of biomass mapping and 
support forest carbon monitoring, REDD+ implementation, climate 
change assessment, and sustainable ecosystem management.

GIS Applications in Biomass Mapping

Geographic Information Systems (GIS) have become a 
fundamental geospatial framework for biomass mapping by 
integrating remote sensing data, field observations, statistical 
inventories, and environmental variables to generate spatially 
explicit biomass distribution models [36]. GIS-based approaches 
enable the identification, quantification, and visualization of 
biomass resources across diverse landscapes, including forests, 
agricultural regions, wastelands, and wetland ecosystems [37]. By 
combining satellite-derived land use/land cover classifications, 
vegetation indices, crop productivity data, and biomass 
conversion factors, GIS facilitates accurate estimation of above-
ground biomass (AGB), crop residue potential, and carbon storage 
capacity at regional and national scales [38]. Several studies have 
demonstrated the effectiveness of GIS-based thematic mapping for 
identifying biomass availability zones and supporting renewable 
energy planning [39]. For instance, integration of satellite imagery 
with agricultural statistics has enabled the spatial assessment 
of crop residue biomass potential, while GIS-based biomass 
atlases have provided detailed information on the distribution of 
forest residues, agricultural waste, and other biomass resources 
[40]. Furthermore, coupling GIS with remote sensing and digital 
elevation models enhances biomass modelling by incorporating 
topographic, climatic, and ecological variables that influence 
vegetation productivity and spatial variability [41].

Beyond biomass quantification, GIS serves as a decision-
support tool for sustainable resource management, bioenergy 

development, carbon accounting, and optimal facility planning 
[42]. Spatial analysis techniques, including suitability modelling, 
multi-criteria evaluation, network analysis, and location-allocation 
optimization, allow researchers and policymakers to identify 
suitable sites for biomass-based power plants, biorefineries, and 
bioenergy supply chains while minimizing transportation costs 
and environmental impacts [43]. GIS-integrated machine learning 
approaches, including Artificial Neural Networks and regression 
models, have further improved biomass prediction accuracy 
by establishing relationships between environmental factors 
and biomass distribution patterns [44]. Applications in forest 
ecosystems have demonstrated the capability of GIS to integrate 
Sentinel-2 imagery, forest inventory data, and regression models 
for generating reliable biomass and carbon stock maps [45]. 
Despite significant progress, challenges remain regarding spatial 
data availability, uncertainty in biomass conversion parameters, 
temporal variability, and integration of heterogeneous datasets 
[46]. Future advancements involving cloud-based GIS platforms, 
artificial intelligence, high-resolution remote sensing data, and 
real-time geospatial monitoring are expected to enhance biomass 
mapping accuracy and support climate mitigation strategies, 
renewable energy development, and sustainable ecosystem 
management [47].

Carbon Stock Assessment and Climate Change 
Mitigation

Carbon stock assessment provides a scientific framework for 
quantifying the amount of carbon stored within terrestrial, coastal, 
and aquatic ecosystems and evaluating their potential contribution 
to climate change mitigation [48]. Carbon storage occurs through 
the process of atmospheric CO₂ capture via photosynthesis, 
followed by carbon allocation into vegetation biomass, woody 
components, litter, and soil organic matter (Figure 2) [49]. In 
forest ecosystems, absorbed carbon is incorporated into above-
ground biomass (leaves, stems, branches, and crowns) and below-
ground pools through root growth and soil carbon stabilization 
[50]. Similarly, blue carbon ecosystems, including mangroves, 
tidal marshes, and seagrass meadows, enhance long-term carbon 
sequestration by trapping organic matter within anaerobic 
sediments, where decomposition rates are reduced and carbon 
remains stored for centuries to millennia [51]. Remote sensing, GIS, 
LiDAR, and machine learning-based approaches have significantly 
improved carbon stock estimation by enabling spatial mapping 
of biomass distribution, ecosystem carbon density, and carbon 
change dynamics over large geographical regions [52]. Recent 
global assessments indicate substantial unrealized carbon storage 
potential through forest conservation, ecosystem restoration, 
improved land management, and soil carbon enhancement [53]. 
However, accurate carbon quantification requires integration 
of field inventories, remote sensing observations, ecological 
parameters, and advanced modelling frameworks to minimize 
uncertainties associated with ecosystem variability, climate 
impacts, and measurement limitations [54].
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Figure 2: Mechanism of Carbon Sequestration and Integrated Carbon Stock Assessment Pathway.

Carbon stock conservation and enhancement represent 
critical nature-based solutions for achieving climate mitigation 
targets by reducing greenhouse gas emissions and increasing 
carbon dioxide removal from the atmosphere [55]. Forest 
protection, restoration of degraded landscapes, sustainable 
agricultural practices, and conservation of blue carbon ecosystems 
can significantly strengthen global carbon sinks while providing 
additional ecological benefits such as biodiversity conservation, 
soil fertility improvement, water regulation, and ecosystem 
resilience [56]. Protected forests contribute to climate regulation 
by preventing biomass loss and avoiding emissions from 
deforestation and degradation, whereas mangrove conservation 
offers disproportionate mitigation benefits due to its high carbon 
density and sediment-based carbon storage capacity [57]. Soil 
carbon management practices, including biochar application, 
reduced tillage, agroforestry, and organic amendments, further 
enhance carbon retention; however, their effectiveness depends 
on long-term monitoring, permanence, and consideration of 
potential greenhouse gas trade-offs [58]. Emerging approaches 
integrating satellite-based biomass mapping, artificial 
intelligence, carbon modelling, and carbon credit frameworks 
provide new opportunities for transparent carbon accounting 
and climate policy implementation. Therefore, a comprehensive 
carbon assessment strategy combining ecosystem monitoring, 
technological innovation, and sustainable management practices 
is essential for maximizing carbon sequestration potential and 
supporting global efforts toward net-zero emission pathways.

Applications of Geospatial Technologies in Horticultural 
and Arboricultural Systems

The integration of remote sensing, Geographic Information 
Systems (GIS), and artificial intelligence (AI) provides new 
opportunities for monitoring vegetation characteristics and 
supporting sustainable management of horticultural and 
arboricultural systems [59]. Above-ground biomass (AGB) 
estimation can provide information on tree growth, canopy 
development, vegetation productivity, and carbon storage, making 
biomass assessment relevant not only to forest ecosystems but 
also to orchards, plantations, urban trees, parks, gardens, and 
other managed perennial vegetation systems [22]. Conventional 
field measurements remain important for calibrating biomass 
models; however, their high labour requirements and restricted 
spatial coverage can limit their application across extensive 
horticultural and arboricultural landscapes [60]. Remote sensing 
provides a non-destructive alternative capable of repeatedly 
characterizing vegetation structure and condition over large areas 
[24]. Optical imagery can capture variations in canopy reflectance 
and vegetation condition, while vegetation indices provide spatial 
indicators associated with canopy density and plant productivity 
[25]. Such information can support the assessment of tree vigour, 
canopy development, and spatial variability within managed 
vegetation systems.

High-resolution remote sensing is particularly valuable for 
individual-tree and orchard-scale assessment because tree crowns, 
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canopy gaps, planting patterns, and structural differences can be 
characterized at fine spatial scales [26]. UAV platforms provide 
flexible and high-resolution observations that can be used to assess 
individual trees and heterogeneous horticultural landscapes, 
while LiDAR provides three-dimensional information on tree 
height, crown structure, canopy volume, and vertical vegetation 
distribution [61]. The combination of optical imagery with LiDAR 
or UAV observations can therefore improve characterization 
of tree architecture and biomass by integrating spectral and 
structural information [28]. Hyperspectral observations provide 
additional information on vegetation biochemical properties and 
can contribute to the detection of variations in plant condition 
and canopy characteristics [29]. Similarly, SAR observations can 
provide complementary structural information where optical 
observations are affected by cloud cover or where vegetation 
structure and moisture influence biomass estimation [62]. Multi-
sensor integration consequently provides a more comprehensive 
framework for assessing tree biomass and vegetation condition 
across complex horticultural and arboricultural environments.

GIS provides an important spatial framework for integrating 
remotely sensed observations with field measurements, 
environmental variables, topographic information, and 
management data [63]. GIS-based approaches can facilitate 
spatial tree inventories, canopy mapping, biomass distribution 
assessment, carbon-stock visualization, and identification of areas 
requiring targeted management [32]. In horticultural systems, 
spatial biomass and canopy information can contribute to orchard 
characterization, plantation planning, vegetation monitoring, 
and assessment of spatial differences in tree development [33]. 
In arboricultural systems, geospatial databases can support 
the identification and mapping of individual trees, canopy 
characteristics, tree populations, and urban green infrastructure 
[34]. The integration of biomass and carbon information with 
spatial datasets can further assist landscape planning, conservation, 
restoration, and sustainable management of managed vegetation 
[35]. GIS therefore transforms biomass observations from isolated 
measurements into spatial decision-support information that can 
be interpreted at individual-tree, orchard, landscape, and regional 
scales. Artificial intelligence and machine learning further 
enhance the potential of geospatial technologies for horticultural 
and arboricultural applications by enabling complex relationships 
between remotely sensed variables and field observations to be 
modelled. Random Forest, Support Vector Machines, Support 
Vector Regression, XGBoost, and Artificial Neural Networks can 
integrate spectral indices, canopy parameters, environmental 
variables, topographic characteristics, and field measurements 
to predict biomass and related vegetation attributes [64]. These 
models are particularly useful where relationships between 
remotely sensed characteristics and tree biomass are non-linear 
and influenced by multiple environmental and structural factors. 
The integration of machine learning with high-resolution imagery 
can also support automated tree detection, crown delineation, 
vegetation classification, and spatial characterization of individual 

trees. Such capabilities create opportunities for developing digital 
tree inventories and precision management frameworks in 
orchards, plantations, urban forests, parks, and other managed 
landscapes.

Geospatial technologies also have potential applications 
beyond direct biomass estimation by linking vegetation structure 
with tree health, environmental stress, productivity, and 
management requirements. Repeated satellite, UAV, or airborne 
observations can provide temporal information for detecting 
changes in canopy condition and vegetation development. 
Integration of spectral, structural, climatic, and soil-related 
information can improve interpretation of spatial variability within 
horticultural systems and support more targeted management 
interventions [65]. Biomass and carbon maps can additionally 
contribute to the evaluation of carbon sequestration potential and 
the environmental benefits of trees within managed landscapes. 
In urban and peri-urban environments, geospatial assessment 
can support green-space planning and characterization of tree 
resources, while in orchards and plantations it can contribute to 
improved understanding of canopy distribution and vegetation 
variability. These applications demonstrate that remote sensing, 
GIS, and AI can extend biomass assessment from a conventional 
measurement exercise toward an integrated framework for tree 
monitoring and sustainable vegetation management.

Despite these opportunities, the transfer of geospatial 
biomass assessment approaches between different horticultural 
and arboricultural systems remains challenging because tree 
species, age, canopy architecture, planting density, environmental 
conditions, and management practices can vary substantially. 
Differences in sensor resolution and data acquisition conditions 
can further influence the consistency of biomass and canopy 
estimates. Field calibration remains essential for developing 
reliable predictive models, while insufficient representation of 
tree species and environmental conditions can reduce model 
generalizability. AI-based approaches may also require large 
and representative datasets and careful validation before being 
applied across different geographical regions or vegetation 
systems. These limitations highlight the importance of combining 
field observations with multi-source geospatial datasets and 
developing standardized approaches for biomass and carbon 
assessment.

Future applications should increasingly focus on integrating 
high-resolution satellite imagery, UAV observations, LiDAR, 
hyperspectral data, SAR, GIS, and advanced AI models to develop 
comprehensive tree monitoring systems. Multi-temporal 
observations could enable continuous assessment of tree 
growth, canopy development, biomass accumulation, and carbon 
dynamics, while cloud-based geospatial platforms could facilitate 
the processing of large datasets across extensive horticultural and 
arboricultural landscapes. Deep learning and automated machine 
learning may further improve individual-tree detection, biomass 
prediction, canopy characterization, and spatial classification 
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when supported by adequate training and validation datasets. 
Integration of geospatial outputs with digital tree inventories and 
management databases could provide decision-support systems 
for orchard planning, urban tree management, landscape design, 
and carbon accounting. Standardized protocols, uncertainty 
quantification, improved field calibration networks, and 
transferable models will nevertheless remain necessary to ensure 
reliable application across diverse tree-based systems. Ultimately, 
the convergence of remote sensing, GIS, and AI can provide a 
scalable framework for linking tree structure, biomass, carbon 
storage, vegetation condition, and spatial management, thereby 
strengthening the role of geospatial intelligence in sustainable 
horticulture and arboriculture.

Challenges and Limitations

Despite significant advancements in remote sensing, GIS, 
and artificial intelligence-based approaches for above-ground 
biomass (AGB) estimation and carbon stock assessment, several 
methodological and operational challenges continue to limit 
their accuracy and large-scale applicability. One of the major 
limitations is the uncertainty associated with field-based biomass 
measurements, as destructive sampling and allometric equations 
are often restricted to specific forest types, species compositions, 
and environmental conditions, resulting in limited transferability 
across diverse ecosystems. Remote sensing-based approaches 
also face sensor-specific constraints, including spectral saturation 
in high-biomass forests, limited penetration capability of optical 
sensors, signal interference due to atmospheric conditions, and 
uncertainties in radar backscatter responses caused by vegetation 
moisture and structural variability. Although LiDAR provides highly 
accurate three-dimensional canopy information, its application is 
constrained by high acquisition costs, limited spatial coverage, 
and data processing complexity [39]. Furthermore, biomass 
estimation models based on machine learning and artificial 
intelligence require large, representative, and high-quality 
training datasets; however, scarcity of field observations remains 
a significant source of model uncertainty. Variations in forest 
structure, climate conditions, soil properties, disturbance history, 
and ecosystem dynamics further complicate the development 
of universal biomass estimation models. In GIS-based biomass 
mapping, challenges include spatial and temporal inconsistencies 
among datasets, uncertainties in biomass conversion factors, 
limited availability of high-resolution geospatial information, 
and difficulties in integrating heterogeneous data sources. 
Additionally, carbon stock assessment faces uncertainties related 
to carbon permanence, ecosystem responses to climate change, 
greenhouse gas trade-offs, and the long-term stability of nature-
based carbon sequestration pathways.

Future Perspectives

Future developments in above-ground biomass estimation and 
carbon-stock monitoring are expected to increasingly focus on the 
integration of multi-source remote sensing data, advanced artificial 
intelligence techniques, and improved geospatial modelling 

frameworks for horticultural and arboricultural systems. The 
combination of optical imagery, Synthetic Aperture Radar (SAR), 
LiDAR, hyperspectral observations, UAV-based measurements, 
and environmental variables can provide more comprehensive 
representations of tree structure, canopy characteristics, biomass 
distribution, and carbon dynamics. Emerging satellite missions 
with enhanced spatial, spectral, and temporal resolution, together 
with increasingly available LiDAR datasets, are expected to 
improve the assessment of tree biomass and carbon stocks 
across orchards, plantations, urban green spaces, parks, and 
other managed vegetation systems. Furthermore, deep learning 
architectures, automated machine learning (AutoML), and cloud-
based geospatial platforms such as Google Earth Engine can 
facilitate efficient processing of large-volume Earth observation 
datasets and support repeated monitoring of tree growth, canopy 
development, vegetation condition, biomass accumulation, and 
carbon dynamics.

Future research should emphasize the development of 
standardized biomass estimation protocols, improved field 
calibration networks, uncertainty quantification frameworks, 
and transferable AI models capable of operating across diverse 
tree species, horticultural landscapes, and arboricultural 
environments. Greater integration of individual-tree observations 
with GIS-based decision-support systems could strengthen tree 
inventories, orchard planning, canopy management, urban tree 
assessment, landscape planning, and spatial carbon accounting. 
Multi-temporal remote sensing can further enable the monitoring 
of changes in tree structure, biomass, and vegetation condition, 
providing opportunities for early identification of environmental 
stress and improved management interventions. The integration 
of remote sensing-derived biomass products with GIS and AI-
based management frameworks can therefore extend biomass 
assessment beyond conventional carbon monitoring toward 
precision horticulture, sustainable arboriculture, tree-resource 
management, and climate-resilient landscape planning. Ultimately, 
the convergence of remote sensing, GIS, artificial intelligence, and 
ecological modelling is expected to provide a robust pathway for 
accurate tree biomass and carbon assessment while supporting 
science-based strategies for sustainable horticultural and 
arboricultural management.

Conclusion

Above-ground biomass (AGB) assessment provides an 
important basis for understanding tree productivity, vegetation 
structure, carbon storage, and climate-mitigation potential in 
horticultural and arboricultural systems. This review demonstrates 
that accurate biomass quantification can support assessment of 
carbon sequestration, tree development, vegetation condition, 
and sustainable management across orchards, plantations, urban 
green spaces, parks, gardens, and other managed tree-based 
landscapes. Although conventional field inventories and allometric 
equations remain valuable for local-scale biomass estimation, 
their labour-intensive nature, high operational requirements, 
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and limited spatial coverage restrict their application across 
extensive and heterogeneous vegetation systems. The integration 
of optical remote sensing, Synthetic Aperture Radar (SAR), LiDAR, 
hyperspectral imagery, and UAV platforms provides increasingly 
effective approaches for generating spatially explicit biomass 
estimates by combining spectral, structural, and environmental 
information. The advancement of Geographic Information Systems 
(GIS) and artificial intelligence (AI) has further strengthened 
biomass assessment by enabling the integration of multi-source 
geospatial datasets, environmental variables, field observations, 
and advanced predictive models. Machine learning and deep 
learning approaches, including Random Forest, Support Vector 
Machine, XGBoost, and Artificial Neural Networks, can improve 
the modelling of complex relationships between remotely 
sensed characteristics and field-measured biomass. GIS-based 
biomass and carbon mapping further extends the application of 
AGB assessment toward tree inventories, canopy assessment, 
orchard planning, landscape management, urban tree monitoring, 
and spatial carbon accounting. The convergence of remote 
sensing, GIS, and AI therefore provides a powerful framework 
for improving tree biomass prediction and supporting evidence-
based horticultural and arboricultural management.

Despite considerable technological progress, uncertainties 
associated with field calibration datasets, tree species and canopy 
variability, environmental conditions, sensor limitations, spectral 
saturation, biomass conversion factors, and model transferability 
continue to affect the reliability of AGB estimation. Future research 
should prioritize standardized biomass estimation protocols, 
expanded field observation networks, improved uncertainty 
quantification, multi-sensor data fusion, and transferable AI 
models capable of operating across diverse horticultural and 
arboricultural environments. Emerging satellite missions, global 
LiDAR datasets, UAV-based observations, cloud-based geospatial 
platforms, and explainable artificial intelligence are expected to 
improve the spatial and temporal monitoring of tree biomass, 
canopy development, vegetation condition, and carbon stocks. 
Ultimately, the integration of ecological knowledge, remote 
sensing, GIS-based spatial analysis, and artificial intelligence 
represents a transformative pathway for advancing tree biomass 
and carbon assessment. Future monitoring frameworks should 
focus on scalable, transparent, and interoperable systems capable 
of supporting precision horticulture, sustainable arboriculture, 
tree inventories, orchard and landscape planning, carbon 
accounting, and climate-resilient vegetation management. By 
improving the accuracy, spatial coverage, and accessibility of 
biomass information, integrated geospatial approaches can 
strengthen science-based management of horticultural and 
arboricultural resources while enhancing the contribution of trees 
and managed vegetation to long-term carbon sequestration and 
environmental sustainability.
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