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Abstract 16 

Accurate estimation of aboveground biomass (AGB) and carbon stocks is fundamental for 17 

sustainable forest management, climate change mitigation, and ecosystem monitoring. Advances 18 

in synthetic aperture radar (SAR), multi-source remote sensing, and artificial intelligence have 19 

substantially improved biomass estimation; however, existing research remains methodologically 20 

fragmented, with limited synthesis of sensor fusion strategies, machine learning, and deep learning 21 

approaches, and their applicability to urban tree carbon estimation. This study presents a 22 

systematic review and bibliometric analysis of peer-reviewed literature published between 2004 23 

and 2026 following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 24 

(PRISMA 2020) guidelines. Literature was retrieved from Scopus, Web of Science, and Google 25 

Scholar, screened using Rayyan, and 68 eligible studies were identified for qualitative synthesis. 26 

The review examined publication trends, geographical distribution, remote sensing platforms, data 27 

fusion strategies, machine learning and deep learning algorithms, validation approaches, and 28 

emerging research gaps. The findings reveal a substantial increase in publications after 2018, 29 

driven by the widespread availability of Sentinel-1, Sentinel-2, LiDAR, cloud-based geospatial 30 

platforms, and advances in artificial intelligence. The reviewed literature demonstrates a clear 31 

transition from single-sensor approaches towards feature-level fusion of SAR, optical, and LiDAR 32 

data, which consistently improved biomass and carbon estimation compared with individual 33 

sensors. Among predictive models, ensemble learning algorithms, particularly Random Forest and 34 

Extreme Gradient Boosting, remained the most robust and widely adopted, while deep learning 35 

approaches showed increasing potential for high-resolution applications where sufficient training 36 
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data were available. Despite these advances, research focusing specifically on urban tree biomass 37 

and carbon estimation remains limited, highlighting challenges related to heterogeneous urban 38 

environments, limited reference datasets, SAR integration, and model transferability. This review 39 

provides a comprehensive synthesis of current methodological developments, identifies critical 40 

knowledge gaps, and proposes future research directions to develop robust, scalable, interpretable, 41 

and transferable frameworks for biomass and carbon estimation across natural and urban 42 

ecosystems. 43 

Keywords: Aboveground biomass, Carbon estimation, Synthetic aperture radar (SAR), Multi-44 

source remote sensing, Machine learning, LiDAR, Urban trees. 45 

1.0 Introduction 46 

Climate change has become one of the most pressing environmental challenges of the twenty-first 47 

century, with increasing atmospheric greenhouse gas concentrations driving global warming, 48 

biodiversity loss, and ecosystem degradation. Forest ecosystems play a pivotal role in regulating 49 

the global carbon cycle by acting as major carbon sinks that absorb and store atmospheric carbon 50 

dioxide (CO₂), thereby mitigating the impacts of climate change. Accurate estimation of 51 

aboveground biomass (AGB) and carbon stocks is therefore fundamental for understanding 52 

ecosystem productivity, assessing carbon sequestration potential, supporting sustainable forest 53 

management, and informing international climate policies such as the Paris Agreement and the 54 

United Nations Sustainable Development Goals (IPCC, 2023). 55 

Reliable biomass estimation is equally important in urban environments, where trees provide 56 

critical ecosystem services beyond carbon sequestration, including temperature regulation, air 57 

pollution mitigation, stormwater management, biodiversity conservation, and improvements in 58 

human well-being (Livesley et al., 2016; Nowak & Greenfield, 2018). As cities continue to expand 59 

globally, urban forests are increasingly recognized as an essential component of climate adaptation 60 

and resilience strategies. Consequently, developing accurate, scalable, and transferable approaches 61 

for estimating tree biomass and carbon stocks across both natural and urban ecosystems has 62 

become a priority for researchers, forest managers, and policymakers. 63 

Conventional field-based forest inventories remain the benchmark for biomass estimation because 64 

they provide direct measurements of tree characteristics such as diameter at breast height (DBH), 65 

tree height, and species composition. However, these methods are labour-intensive, time-66 

consuming, costly, and often impractical over large or inaccessible areas. In addition, repeated 67 

field campaigns are difficult to implement, limiting their ability to support continuous monitoring 68 

of rapidly changing forest environments (Gibbs et al., 2007; Picard et al., 2012). These limitations 69 

have accelerated the adoption of remote sensing technologies that provide consistent, spatially 70 

explicit, and repetitive observations across multiple spatial and temporal scales. 71 

Optical remote sensing has long been the most widely applied approach for biomass estimation 72 

because of its ability to capture vegetation spectral characteristics related to canopy condition, 73 
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photosynthetic activity, and vegetation health. Satellite missions such as Landsat and Sentinel-2 74 

have substantially improved vegetation monitoring by providing freely accessible, high-resolution 75 

multispectral imagery suitable for regional and global assessments (Wulder et al., 2022). 76 

Nevertheless, optical sensors are constrained by cloud cover, atmospheric effects, and signal 77 

saturation in dense vegetation, which often reduce their effectiveness in estimating biomass in 78 

structurally complex forests (Mitchard, 2018). 79 

To overcome these limitations, Synthetic Aperture Radar (SAR) has emerged as a powerful active 80 

remote sensing technology capable of acquiring observations independent of daylight and most 81 

weather conditions. Microwave signals penetrate vegetation canopies and interact with branches, 82 

stems, and trunks, providing structural information that complements the spectral information 83 

derived from optical imagery. Advances in spaceborne SAR missions, including Sentinel-1, ALOS 84 

PALSAR, TerraSAR-X, and RADARSAT, have significantly expanded opportunities for 85 

estimating forest structure, biomass, and carbon stocks across diverse ecosystems (Joshi et al., 86 

2016; Sinha et al., 2015). However, SAR data are also affected by challenges such as speckle noise, 87 

geometric distortions, signal saturation in high-biomass forests, and sensitivity to imaging 88 

geometry, requiring appropriate preprocessing and feature extraction to maximize predictive 89 

performance. 90 

Light Detection and Ranging (LiDAR) further complements optical and SAR observations by 91 

providing highly accurate three-dimensional information on vegetation structure, including canopy 92 

height, vertical complexity, and forest volume. Airborne and terrestrial LiDAR have consistently 93 

demonstrated superior performance in biomass estimation due to their direct representation of 94 

forest structure. More recently, the increasing availability of spaceborne LiDAR missions, such as 95 

the Global Ecosystem Dynamics Investigation (GEDI), has created new opportunities for 96 

integrating structural information with optical and SAR observations to improve biomass 97 

estimation across large geographic regions (Dubayah et al., 2020). Similarly, unmanned aerial 98 

vehicles (UAVs) equipped with optical, multispectral, hyperspectral, LiDAR, and SAR sensors 99 

have enabled high-resolution monitoring of vegetation characteristics, particularly within 100 

heterogeneous urban landscapes. 101 

Rather than functioning as competing technologies, optical imagery, SAR, LiDAR, and UAV 102 

observations provide complementary spectral, structural, and geometric information. 103 

Consequently, increasing attention has been paid to multi-source remote sensing data fusion, in 104 

which information from multiple sensors is integrated to exploit their complementary strengths 105 

while mitigating the limitations of individual datasets. Depending on the application, data fusion 106 

may occur at the pixel, feature, or decision level, each providing different advantages for biomass 107 

estimation. Numerous studies have demonstrated that feature-level fusion, in particular, improves 108 

predictive performance by combining spectral, textural, and structural variables into unified 109 

modelling frameworks (Luo et al., 2025; Ma et al., 2019). 110 
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The rapid growth of multi-source remote sensing has been accompanied by significant advances 111 

in machine learning and deep learning algorithms. Traditional empirical and regression-based 112 

approaches often struggle to capture the complex, nonlinear relationships between remotely sensed 113 

variables and forest attributes. In contrast, machine learning algorithms including Random Forest 114 

(RF), Support Vector Regression (SVR), Extreme Gradient Boosting (XGBoost), Artificial Neural 115 

Networks (ANN), and deep learning architectures such as Convolutional Neural Networks (CNNs) 116 

have demonstrated superior capability in modelling high-dimensional, nonlinear interactions while 117 

effectively handling heterogeneous datasets (Belgiu & Drăguţ, 2016; Maxwell et al., 2018). These 118 

methodological advances have shifted biomass estimation from conventional statistical modelling 119 

towards data-driven approaches capable of integrating diverse remote sensing datasets with 120 

increasing accuracy and computational efficiency. 121 

Despite these substantial developments, the rapidly expanding literature has become increasingly 122 

fragmented. Existing review studies have typically focused on individual remote sensing 123 

technologies, specific machine learning algorithms, or general applications of remote sensing for 124 

biomass estimation, with comparatively limited attention given to the integrated use of SAR, 125 

optical imagery, LiDAR, multi-source data fusion, and machine learning within a single systematic 126 

framework. Furthermore, relatively few reviews have combined systematic evidence synthesis 127 

with bibliometric analysis to evaluate the evolution of research themes, scientific collaboration, 128 

methodological trends, and emerging research priorities. This fragmentation limits researchers' 129 

ability to identify methodological consensus, evaluate technological progress, and determine 130 

future directions for biomass and carbon stock estimation. 131 

Table 1. Comparison of Previous Review Studies and the Present Review 132 

Reference Review focus Main contribution Remaining 
scope/gap relative to 
the present review 

Contribution of the 
present review 

Maxwell et 
al. (2018). 

Machine-
learning 
classification in 
remote sensing 

Reviewed the 
implementation, 
strengths, limitations, 
and practical 
considerations of ML 
classifiers for 
remotely sensed 
imagery. 

Broadly focused on 
remote-sensing 
classification rather 
than biomass/carbon 
estimation and multi-
sensor biomass 
retrieval. 

Extends the ML 
perspective specifically 
to biomass and carbon 
estimation using SAR, 
optical imagery, LiDAR, 
and multi-source fusion. 

Ma et al. 
(2019). 

Deep learning in 
remote sensing 

Synthesized more 
than 200 studies and 
reviewed DL 
applications including 
classification, object 
detection, 
segmentation, image 

Broad remote-sensing 
focus rather than a 
dedicated assessment 
of biomass/carbon 
retrieval and 
associated sensor-
fusion workflows. 

Compares conventional 
ML and emerging DL 
approaches specifically 
within biomass and 
carbon estimation. 
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fusion, registration, 
and OBIA 

Ullah et al. 
(2025) 

AGB monitoring 
across terrestrial 
ecosystems 

Systematically 
assessed 
spatiotemporal 
research trends, study 
scales, remote-sensing 
technologies, sensor 
synergies, ML 
performance, and 
uncertainties in AGB 
estimation. 

Provides a broad 
terrestrial-ecosystem 
synthesis rather than 
specifically centering 
on SAR-led fusion 
architectures, fusion 
levels, and transfer of 
biomass/carbon 
estimation approaches 
to heterogeneous 
urban-tree 
environments.. 

Provides a targeted 
synthesis of SAR, 
optical and LiDAR 
integration, fusion 
strategies, ML 
approaches, validation 
practices, bibliometric 
trends, and implications 
for urban-tree carbon 
estimation.. 

Luo et al. 
(2025) 

Forest above-
ground biomass 
dynamics 

Reviewed remote-
sensing approaches 
for monitoring 
temporal variations in 
forest AGB and 
highlighted the value 
of time-series 
observations for 
biomass change 
assessment. 

Primarily concerned 
with forest AGB 
dynamics rather than 
an integrated 
assessment of 
bibliometric patterns, 
SAR-centred multi-
source fusion, ML 
performance, and 
urban-tree carbon 
estimation. 

Integrates systematic 
and bibliometric 
evidence with 
assessment of SAR-
centred fusion, ML 
approaches, validation, 
and urban-tree carbon 
applications. 

Ullah et al. 
(2025) 

Aboveground 
biomass 
monitoring in 
terrestrial 
ecosystems 

Systematically 
reviewed remote 
sensing approaches 
for aboveground 
biomass monitoring 
across terrestrial 
ecosystems, 
evaluating sensor 
technologies and 
emerging remote 
sensing applications. 

Emphasized remote 
sensing technologies 
but provided limited 
comparison of data 
fusion strategies, 
machine learning 
algorithms, 
bibliometric 
evolution, and the 
transferability of 
methods to 
heterogeneous urban 
environments. 

Provides a 
comprehensive 
synthesis of SAR, 
optical imagery, LiDAR, 
multi-source data fusion, 
machine learning, 
bibliometric trends, 
validation strategies, and 
research priorities for 
urban tree carbon 
estimation. 

Present 
study 

SAR, multi-
source remote 
sensing, ML, and 
bibliometric 
analysis for 
biomass/carbon 
estimation 

Integrates evidence on 
sensors, data-fusion 
strategies, ML 
algorithms, validation 
approaches, 
bibliometric patterns, 
research gaps, and 
future directions. 

- Provides an integrated 
methodological 
assessment with 
particular emphasis on 
SAR-centred multi-
source data fusion and 
its relevance to urban-
tree carbon estimation 
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and operational carbon 
monitoring. 

 133 

As summarized in Table 1, previous reviews have made valuable contributions to understanding 134 

remote sensing applications for biomass estimation; however, they generally evaluate individual 135 

sensors or modelling techniques rather than comprehensively examining the integration of SAR, 136 

multi-source remote sensing data fusion, machine learning, and bibliometric evidence. Moreover, 137 

few studies explicitly discuss the implications of these methodological developments for urban 138 

tree carbon estimation, despite increasing global interest in nature-based solutions for climate 139 

change mitigation and sustainable urban development. 140 

Accordingly, this study presents a PRISMA-guided systematic review and bibliometric analysis of 141 

peer-reviewed literature published between 2004 and 2026 to synthesize methodological 142 

developments in SAR, multi-source remote sensing data fusion, and machine learning for 143 

estimating aboveground biomass and carbon stocks. Specifically, the review analyses publication 144 

trends, geographical distribution, remote sensing platforms, data fusion strategies, predictive 145 

modelling techniques, validation approaches, and emerging research themes while identifying 146 

methodological challenges and future research priorities. Particular attention is given to the 147 

potential application of these advances for urban tree carbon assessment, where robust and 148 

transferable modelling frameworks remain comparatively underdeveloped. 149 

The remainder of this paper is organized as follows. Section 2 describes the systematic review 150 

methodology, including the literature search strategy, study selection process, data extraction 151 

procedures, and bibliometric analysis. Section 3 presents the results of the systematic review and 152 

bibliometric analyses. Section 4 discusses the major methodological advances, research gaps, and 153 

implications for biomass and carbon stock estimation, while Section 5 summarizes the principal 154 

conclusions and outlines future research directions. 155 

The conceptual framework for this systematic review, which illustrates the integration of multi-156 

source remote sensing, data fusion, and machine learning for biomass and carbon estimation, is 157 

given in Figure 1 below. 158 
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 159 

Figure 1. Conceptual framework illustrating the integration of multi-source remote sensing, data 160 

fusion, and machine learning for biomass and carbon estimation. 161 

 162 

 163 

 164 
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2.0 Materials and Methods 165 

This study employed a systematic literature review guided by the Preferred Reporting Items for 166 

Systematic Reviews and Meta-Analyses (PRISMA 2020) framework to ensure a transparent, 167 

reproducible, and methodologically rigorous synthesis of the literature. PRISMA provides 168 

internationally recognized guidelines for the identification, screening, eligibility assessment, and 169 

inclusion of scientific studies, thereby reducing selection bias and improving the transparency and 170 

reproducibility of evidence synthesis (Page et al., 2021). The PRISMA framework has become the 171 

preferred reporting standard for systematic reviews across environmental sciences, remote sensing, 172 

forestry, and geospatial research because it promotes consistency in study selection and 173 

documentation. 174 

Prior to commencing the review, a structured review protocol was developed to ensure consistency 175 

throughout the research process. The protocol defined the review objectives, literature sources, 176 

search strategy, eligibility criteria, study selection procedures, data extraction variables, quality 177 

assessment criteria, and evidence synthesis approach. Establishing the protocol before conducting 178 

the database search reduced the likelihood of subjective decision-making during the review and 179 

ensured that all studies were evaluated using identical criteria. 180 

The review was undertaken through six sequential stages: (i) literature identification, (ii) duplicate 181 

removal, (iii) title and abstract screening, (iv) full-text eligibility assessment, (v) data extraction 182 

and quality assessment, and (vi) qualitative and bibliometric synthesis. Each stage was designed 183 

to progressively refine the evidence base while ensuring that only methodologically relevant and 184 

scientifically robust studies were retained for detailed analysis. Unlike traditional narrative 185 

reviews, this systematic approach enables reproducibility, minimizes reviewer bias, and provides 186 

a transparent framework for comparing methodological developments across multiple studies. 187 

Following the eligibility assessment, information from each included article was systematically 188 

extracted using a standardized data extraction template developed in Microsoft Excel. Extracted 189 

variables included publication year, country or region, ecosystem type, remote sensing datasets, 190 

SAR sensor characteristics, complementary data sources, data fusion strategy, machine learning or 191 

deep learning algorithm, validation approach, reported performance metrics, and principal 192 

findings. The compiled dataset subsequently formed the basis for descriptive statistics, 193 

bibliometric analysis, comparative methodological evaluation, and qualitative evidence synthesis. 194 

Rather than providing a descriptive summary of previous studies, this review critically synthesizes 195 

methodological developments across diverse ecosystems, remote sensing technologies, sensor 196 

fusion strategies, and artificial intelligence approaches to identify emerging research trends, 197 

persistent methodological limitations, and future opportunities for improving tree biomass and 198 

carbon stock estimation. 199 

 200 

 201 
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2.1 Literature Search Strategy 202 

A comprehensive literature search was conducted in accordance with the PRISMA 2020 guidelines 203 

to identify peer-reviewed studies that investigated the use of Synthetic Aperture Radar (SAR), 204 

multi-source remote sensing data, and machine learning techniques for estimating tree biomass 205 

and carbon stocks. To maximize coverage and minimize publication bias, three internationally 206 

recognized bibliographic databases, Scopus, Web of Science Core Collection, and Google Scholar 207 

(accessed using Harzing's Publish or Perish), were searched systematically. These databases were 208 

selected because they collectively provide extensive coverage of high-quality publications in 209 

remote sensing, forestry, environmental sciences, geospatial analysis, and artificial intelligence. 210 

The search encompassed studies published between 2004 and 2026, representing a period 211 

characterized by rapid developments in satellite remote sensing, freely available Earth observation 212 

datasets, cloud computing platforms, and machine learning applications for environmental 213 

monitoring. Restricting the review to this period ensured that the synthesis captured contemporary 214 

methodological advances while avoiding the outdated techniques that are no longer widely applied. 215 

To ensure a systematic and reproducible search process, the search strategy was organized into 216 

four thematic groups representing the principal concepts underpinning the review: (i) vegetation 217 

and forest resources, (ii) biomass and carbon estimation, (iii) remote sensing technologies, and (iv) 218 

machine learning and artificial intelligence methods. Within each thematic group, synonymous 219 

terms were combined using the Boolean operator OR to broaden retrieval, while the four thematic 220 

groups were connected using the Boolean operator AND to ensure that retrieved studies addressed 221 

all major components of the research objectives simultaneously as shown in table 2 below. 222 

Table 2. Search terms and corresponding Boolean search strategy used for literature retrieval 223 

Publish or Perish retrieval keywords Boolean operator meaning 

"Urban tree" | "Urban vegetation" | "Urban 
forest" | Tree | Forest | "Aboveground biomass" 
| Biomass | "Carbon estimation" | "Carbon 
stock" | "Carbon storage" | "Carbon 
sequestration" | "Biomass measurement" | 
"Carbon assessment" | "Carbon evaluation" | 
"Carbon inventory" | "Machine learning" | 
"Deep learning" | "Artificial intelligence" | 
"Random Forest" | "Support Vector Machine" | 
XGBoost | "Synthetic Aperture Radar" | SAR | 
Sentinel-1 | Sentinel-2 | Landsat | LiDAR | 
Optical | "Remote sensing" | "Multi-source 
remote sensing" | "Data fusion" | UAV 

("Urban tree" OR "Urban vegetation" OR "Urban forest" 
OR Tree OR Forest) AND ("Aboveground biomass" OR 
Biomass OR "Carbon estimation" OR "Carbon stock" OR 
"Carbon storage" OR "Carbon sequestration" OR "Biomass 
measurement" OR "Carbon assessment" OR "Carbon 
evaluation" OR "Carbon inventory") AND ("Machine 
learning" OR "Deep learning" OR "Artificial intelligence" 
OR "Random Forest" OR "Support Vector Machine" OR 
XGBoost) AND ("Synthetic Aperture Radar" OR SAR OR 
Sentinel-1 OR Sentinel-2 OR Landsat OR LiDAR OR 
Optical OR UAV) AND ("Remote sensing" OR "Multi-
source remote sensing" OR "Data fusion") 

 224 

Although the conceptual structure of the search strategy remained consistent across all databases, 225 

minor modifications to the syntax were made where necessary to comply with the indexing rules 226 
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and search functionalities of individual databases. Only peer-reviewed journal articles published 227 

in English were considered eligible. Conference proceedings, dissertations, theses, editorials, book 228 

chapters, review papers, and duplicate records were excluded during the screening process to 229 

ensure methodological consistency and maintain the scientific quality of the evidence base. 230 

Google Scholar searches were conducted using Harzing's Publish or Perish software, which 231 

retrieves the highest-ranked records from Google Scholar while facilitating citation management 232 

and export. Because Google Scholar limits the number of records that can be retrieved per query, 233 

identical searches were also conducted in Scopus and Web of Science to maximize coverage and 234 

reduce potential retrieval bias. Records obtained from all databases were merged into a unified 235 

reference library, in which duplicate publications were automatically identified and manually 236 

verified before screening commenced. 237 

 238 

Figure 2. Systematic review workflow (PRISMA) 239 

 240 
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2.2 Study Selection and Eligibility Criteria 241 

The study selection process followed the PRISMA 2020 framework and was managed using 242 

Rayyan, a web-based platform specifically developed to support systematic reviews by facilitating 243 

study screening, duplicate detection, reviewer collaboration, and conflict resolution  (Ouzzani et 244 

al., 2016). All records retrieved from Scopus, Web of Science, and Google Scholar were exported 245 

in RIS format and imported into Rayyan, where duplicate records were automatically identified 246 

and removed. The remaining records were subsequently verified manually to ensure the accuracy 247 

of the duplicate removal process. 248 

Following deduplication, the screening process was conducted in two sequential stages within the 249 

Rayyan platform. During the first stage, the titles and abstracts of all retrieved studies were 250 

independently screened against the predefined eligibility criteria to exclude publications that were 251 

clearly unrelated to the review's objectives. Studies considered potentially relevant progressed to 252 

the second stage, where their full texts were independently assessed for eligibility. Rayyan's 253 

labelling, filtering, and conflict identification features facilitated the systematic organization of 254 

screening decisions and enabled efficient comparison of reviewer assessments throughout the 255 

selection process. 256 

The inclusion and exclusion criteria were established prior to screening to ensure consistency, 257 

minimize selection bias, and enhance the reproducibility of the review. Any disagreements 258 

regarding study eligibility were resolved through discussion among the reviewers until consensus 259 

was reached. The complete study selection procedure is summarized in the PRISMA flow diagram 260 

(Figure 2). 261 

2.2.1 Inclusion Criteria 262 

Studies were included if they: 263 

• Investigated aboveground biomass (AGB), tree biomass, carbon stock, or carbon 264 

estimation in urban or natural forest ecosystems 265 

• Utilized SAR data independently or in combination with complementary remote sensing 266 

datasets such as optical imagery, LiDAR, or UAV observations; 267 

• Applied machine learning, deep learning, or artificial intelligence algorithms for biomass 268 

estimation, classification, or predictive modelling 269 

• Reported at least one quantitative validation metric, including coefficient of determination 270 

(R²), root mean square error (RMSE), mean absolute error (MAE), overall accuracy (OA), 271 

or Kappa coefficient; and 272 

• Were published as peer-reviewed journal articles in English between January 2004 and 273 

December 2024. 274 

Recognizing the relatively limited number of studies focusing specifically on urban tree carbon 275 

estimation, forest biomass studies conducted in natural, plantation, and managed forest ecosystems 276 
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were also included where they provided methodological insights relevant to urban environments, 277 

particularly in relation to SAR preprocessing, multi-source data fusion, feature engineering, and 278 

machine learning model development. 279 

2.2.2 Exclusion Criteria 280 

Studies were excluded if they: 281 

• Were not published in English; 282 

• Were conference proceedings, theses, dissertations, editorials, book chapters, or review 283 

articles 284 

• Did not incorporate SAR data within the analytical framework 285 

• Did not employ machine learning, deep learning, or artificial intelligence techniques; or 286 

• Lacked sufficient methodological detail or failed to report quantitative validation metrics. 287 

The complete study selection procedure is presented in the PRISMA flow diagram in Figure 2 288 

below. 289 

2.3 Data Extraction and Quality Assessment 290 

Following the full-text eligibility assessment, data extraction was undertaken using a standardized 291 

Microsoft Excel spreadsheet developed specifically for this review. Information was 292 

systematically extracted from each eligible study, including the publication year, country or region, 293 

ecosystem type (urban trees, urban forests, natural forests, plantations, mangroves, or other 294 

forested environments), SAR sensor and frequency band, complementary remote sensing datasets, 295 

data fusion strategy, machine learning or deep learning algorithm, field reference data, validation 296 

methodology, reported performance metrics (e.g., coefficient of determination (R²), root mean 297 

square error (RMSE), mean absolute error (MAE), overall accuracy (OA), and Kappa coefficient), 298 

together with the principal findings related to biomass and carbon stock estimation. Standardizing 299 

the extraction process ensured consistency across all included studies and facilitated 300 

comprehensive comparisons of methodological developments, remote sensing technologies, 301 

modelling approaches, and predictive performance. 302 

To enhance methodological transparency and minimize selection bias, Rayyan was used 303 

throughout the study selection process, including duplicate identification, title and abstract 304 

screening, full-text eligibility assessment, reviewer conflict management, and documentation of 305 

inclusion and exclusion decision (Ouzzani et al., 2016). Three independent reviewers, comprising 306 

the principal researcher, the academic supervisor, and an independent PhD graduate, independently 307 

evaluated all retrieved studies according to the predefined eligibility criteria. Rayyan's duplicate 308 

detection, labelling, tagging, filtering, and conflict identification functions supported the 309 

systematic management of records throughout the review. Any disagreements arising during the 310 

screening or eligibility assessment stages were resolved through discussion until consensus was 311 

achieved. 312 
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Rather than assigning numerical quality scores, the methodological quality assessment focused on 313 

evaluating the completeness, clarity, and reproducibility of the included studies. Particular 314 

attention was given to the description of the research objectives, remote sensing datasets, 315 

preprocessing procedures, feature extraction methods, machine learning workflow, validation 316 

strategy, and reporting of performance metrics. This qualitative appraisal ensured that the evidence 317 

synthesis was based on studies that provided sufficient methodological detail for robust 318 

comparison, while avoiding the introduction of subjective quality-weighting schemes. 319 

The extracted dataset subsequently supported descriptive statistical analyses, bibliometric 320 

visualizations, comparative evaluations of remote sensing technologies, data fusion strategies, and 321 

machine learning algorithms, as well as the identification of methodological gaps, research 322 

challenges, and future directions presented in the subsequent Results and Discussion sections. 323 

3.0 Results 324 

3.1 Publication Trends and Research Growth 325 

The systematic review revealed a clear and sustained increase in research on integrating synthetic 326 

aperture radar (SAR), multi-source remote sensing, and machine learning for biomass and carbon 327 

estimation between 2004 and 2026 (Figure 3 & Figure 4). Although the search covered more than 328 

two decades, no eligible studies meeting the predefined inclusion criteria were identified before 329 

2013. Publication output remained relatively low from 2013 to 2018, with only isolated studies 330 

investigating the combined use of SAR and complementary remote sensing datasets for biomass 331 

estimation. This limited research activity reflects the early stage of multi-source remote sensing 332 

integration, constrained by the limited availability of high-resolution Earth observation data, 333 

computational resources, and mature machine learning techniques during that period (Wulder et 334 

al., 2022; Zhu et al., 2026). 335 

 336 
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Figure 3. Annual publication trend (2004–2026) 337 

 338 

Figure 4. Geographic distribution of studies 339 

A marked increase in publication output emerged from 2019 onwards and continued through 2026, 340 

with the highest research activity occurring between 2021 and 2024, followed by sustained 341 

contributions from recent studies published in 2025 and 2026 (Figure 3). The additional studies 342 

published during 2025–2026 further demonstrate the continued expansion of research on urban 343 

tree inventory, biomass estimation, carbon stock mapping, and the integration of multi-source 344 

remote sensing. This growth has been driven by the widespread availability of freely accessible 345 

satellite missions such as Sentinel-1, Sentinel-2, and Landsat, together with increasing access to 346 

LiDAR, UAV platforms, cloud-based geospatial computing environments, and advances in 347 

machine learning and deep learning algorithms for Earth observation applications (Wulder et al., 348 

2022). These technological developments have enabled researchers to integrate spectral, structural, 349 

and spatial information from multiple data sources, thereby improving the accuracy, scalability, 350 

and operational applicability of biomass and carbon estimation. 351 

The studies published in 2025 and 2026 also indicate a continued shift towards advanced multi-352 

source data fusion and artificial intelligence-based approaches. Recent investigations increasingly 353 

employed deep learning models, UAV–LiDAR integration, hyperspectral data fusion, and street-354 

view imagery to improve urban tree species classification, biomass estimation, and carbon stock 355 

assessment. However, despite these methodological advances, the newly screened studies reveal 356 



15 

 

that SAR remains underutilized within urban tree carbon estimation, with most investigations 357 

relying predominantly on optical imagery, LiDAR, UAV-derived datasets, or combinations of these 358 

sensors. This finding highlights an important research gap and reinforces the need for more studies 359 

integrating SAR with complementary remote sensing datasets to exploit its all-weather imaging 360 

capability and structural sensitivity for urban vegetation mapping. 361 

Despite encouraging growth in publication output, the distribution of the reviewed studies 362 

indicates that research remains concentrated primarily on natural and peri-urban forest ecosystems, 363 

whereas comparatively fewer studies have focused on urban trees and heterogeneous urban 364 

environments. Consequently, the transferability of many existing biomass and carbon estimation 365 

models to complex urban landscapes remains uncertain. The continued scarcity of studies 366 

integrating SAR with multi-source remote sensing and machine learning for urban tree carbon 367 

estimation underscores a significant knowledge gap and highlights an important direction for 368 

future research and methodological development. This gap further underscores the novelty and 369 

relevance of the present review, which synthesizes current evidence and identifies emerging 370 

opportunities to advance urban tree carbon estimation through integrated remote sensing 371 

approaches. The reviewed studies employed a diverse range of remote sensing data sources, 372 

reflecting the increasing use of complementary sensor technologies for biomass and carbon 373 

estimation. The distribution of the principal data types identified across the reviewed literature is 374 

presented in Figure 5 375 

 376 

 377 

 378 

 379 

 380 
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 381 

Figure 5. Distribution of remote sensing data types used in the articles reviewed 382 

 383 

3.2 Bibliometric Analysis and Research Themes 384 

The bibliometric analysis was conducted using VOSviewer (version 1.6.20) to examine the 385 

conceptual structure and thematic evolution of research on SAR-based multi-source remote 386 

sensing and machine learning for biomass and carbon estimation. The co-occurrence network was 387 

generated from terms extracted from the titles and abstracts of the reviewed studies using the full 388 

counting method. After applying a minimum occurrence threshold, frequently occurring terms 389 

were grouped into clusters based on their co-occurrence relationships, thereby identifying the 390 

dominant research themes in the literature (van Eck, 2011). 391 

The resulting network (Figure 6) reveals a highly interconnected research landscape centered on 392 

four dominant themes. The first cluster primarily represents forest biomass estimation, with strong 393 

associations among terms such as aboveground biomass, forest, carbon, estimation, and model. 394 

These terms form the core of the network, reflecting the longstanding emphasis on quantifying 395 

forest biomass and carbon stocks using remotely sensed data. Their central position indicates that 396 

biomass estimation remains the principal application around which methodological developments 397 

in remote sensing and machine learning have evolved. 398 
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A second cluster is characterized by terms related to remote sensing technologies and Earth 399 

observation datasets, including synthetic aperture radar, Sentinel, LiDAR, remote sensing, and 400 

SAR. This cluster highlights the increasing integration of complementary remote sensing datasets 401 

to overcome the limitations of individual sensors. While optical imagery provides detailed spectral 402 

information, SAR contributes structural and moisture-related characteristics under all-weather 403 

conditions, and LiDAR supplies three-dimensional measurements of canopy architecture. The 404 

close spatial association among these terms demonstrates that multi-source data integration has 405 

become a defining feature of contemporary biomass estimation research. 406 

The third cluster reflects the growing influence of machine learning and artificial intelligence, with 407 

prominent terms including machine learning, random forest, classification, prediction, and deep 408 

learning. The prominence of these terms indicates a clear methodological transition from 409 

conventional statistical approaches towards data-driven algorithms capable of modelling complex 410 

nonlinear relationships between remotely sensed variables and biomass. The increasing visibility 411 

of deep learning within the network further suggests that automated feature extraction and 412 

representation learning are becoming important research directions, although traditional ensemble 413 

learning methods remain more widely adopted across the reviewed studies. 414 

The fourth cluster encompasses terms associated with environmental applications and ecosystem 415 

monitoring, linking biomass estimation with broader themes such as vegetation dynamics, 416 

ecosystem assessment, carbon cycling, and sustainable forest management. The connections 417 

between this cluster and those representing remote sensing technologies and machine learning 418 

demonstrate the increasingly interdisciplinary nature of biomass estimation research, where 419 

advances in sensor technology, artificial intelligence, and environmental science are converging to 420 

improve forest monitoring and carbon assessment. 421 

Overall, the bibliometric network illustrates a clear evolution in research priorities over the past 422 

decade. Earlier studies primarily emphasized individual remote sensing datasets and empirical 423 

modelling approaches, whereas more recent investigations increasingly integrate SAR, optical 424 

imagery, LiDAR, and advanced machine learning techniques within unified analytical 425 

frameworks. At the same time, the comparatively limited prominence of terms related to urban 426 

trees, urban forests, and urban carbon indicates that urban applications remain underrepresented 427 

within the existing literature. This observation supports the central premise of the present review 428 

that, despite significant methodological advances, important knowledge gaps remain in adapting 429 

forest-based biomass estimation approaches to complex urban environments. 430 
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 431 

Figure 6. Keyword co-occurrence network of terms extracted from the titles and abstracts of the 432 

included studies using VOSviewer. 433 

3.3 Remote Sensing Technologies and Data Fusion 434 

Remote sensing technologies formed the foundation of all studies included in this review, although 435 

considerable variation was observed in the types of sensors, data combinations, and integration 436 

strategies adopted for biomass and carbon estimation, as shown in Figure 7 below. The reviewed 437 

literature demonstrates a clear progression from single-sensor datasets to multi-source remote 438 

sensing frameworks that integrate the complementary strengths of optical imagery, synthetic 439 

aperture radar (SAR), Light Detection and Ranging (LiDAR), unmanned aerial vehicles (UAVs), 440 

and, more recently, street-view imagery. This transition reflects the growing recognition that no 441 

single remote sensing technology can comprehensively characterize the spectral, structural, and 442 

biophysical properties required for accurate biomass and carbon estimation across diverse forest 443 

and urban environments. 444 
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 445 

Figure 7. Sensor type and studies reviewed 446 

Optical remote sensing remained the most widely used data source because of its global 447 

availability, relatively high spatial resolution, and ability to derive vegetation indices closely 448 

associated with canopy condition and photosynthetic activity. Satellite missions such as Landsat 449 

and Sentinel-2 were frequently used to generate spectral variables, including the Normalized 450 

Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and Normalized 451 

Difference Water Index (NDWI), which consistently demonstrated strong relationships with 452 

vegetation productivity and biomass. The inclusion of recent studies published in 2025 and 2026 453 

further confirms the continued dominance of optical imagery, particularly when integrated with 454 

high-resolution UAV imagery and street-view datasets for urban tree species classification, canopy 455 

mapping, and carbon stock assessment. Nevertheless, several studies reported reduced predictive 456 

performance when optical imagery was used independently, especially in densely vegetated forests 457 

where spectral saturation and persistent cloud cover limited the accurate representation of canopy 458 

structure. These limitations have encouraged the growing integration of optical imagery with 459 

complementary remote sensing datasets that capture structural information unavailable from 460 

spectral measurements alone. 461 

SAR remained the second most frequently applied remote sensing technology among the reviewed 462 

studies. Unlike passive optical sensors, SAR actively transmits microwave signals that penetrate 463 

cloud cover and operate independently of solar illumination, making the technology particularly 464 

valuable for continuous vegetation monitoring under varying weather conditions. The reviewed 465 

literature demonstrates that C-band SAR, particularly Sentinel-1, has become the dominant 466 
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microwave data source due to its global coverage and open-access availability, while L-band SAR 467 

datasets such as ALOS PALSAR continue to provide improved sensitivity to woody biomass 468 

owing to their longer wavelengths. However, the review indicates that relatively few recent studies 469 

published during 2025 to 2026 explicitly integrated SAR within urban tree carbon estimation 470 

frameworks, with most recent investigations favouring LiDAR, UAVs, and optical imagery. 471 

Several studies have also reported that SAR backscatter becomes progressively less sensitive as 472 

biomass increases, particularly in mature forests, where signal saturation limits discrimination of 473 

high-biomass stands. Geometric distortions, including layover and radar shadow over complex 474 

terrain and dense urban landscapes, remain important challenges affecting SAR-based biomass 475 

estimation. 476 

LiDAR provided unique three-dimensional structural information unavailable from either optical 477 

or SAR observations. Measurements of canopy height, crown architecture, and vertical vegetation 478 

structure consistently improved biomass estimation, particularly when integrated with spectral and 479 

microwave variables. The review provides evidence of increasing adoption of airborne LiDAR (as 480 

shown in Figure 8 below), UAV-mounted LiDAR, and terrestrial handheld LiDAR for urban tree 481 

inventory, species classification, and crown-level carbon mapping. Several recent studies 482 

demonstrated that UAV–LiDAR integration substantially improves the characterization of 483 

individual trees and urban canopy structure, while airborne LiDAR remains the dominant platform 484 

for large-area biomass assessment. Despite these advantages, LiDAR datasets continue to be used 485 

less frequently than optical satellite imagery because of relatively high acquisition costs, limited 486 

spatial coverage, and lower temporal availability. Consequently, LiDAR is increasingly employed 487 

as a complementary data source within multi-sensor frameworks rather than as a standalone 488 

solution. 489 

 490 

 491 

Figure 8. LiDAR platforms 492 
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The review indicates that improvements in biomass and carbon estimation have been driven not 493 

only by the integration of multiple sensors but also by advances in data fusion strategies. The 494 

literature identified several fusion combinations, with LiDAR–optical integration remaining the 495 

most frequently adopted approach, followed by SAR–optical, UAV–LiDAR, UAV–SAR, UAV–496 

optical, LiDAR–SAR, and the emerging integration of optical imagery with street-view data for 497 

urban tree applications, as shown in Figure 9 and also compared in Table 3. These combinations 498 

exploit the complementary strengths of spectral, structural, and contextual information, thereby 499 

improving model robustness and prediction accuracy across heterogeneous landscapes. Feature-500 

level fusion remained the predominant strategy because it integrates vegetation indices, SAR 501 

backscatter, texture measures, terrain attributes, canopy height metrics, and other derived variables 502 

into a unified feature space prior to model development. Pixel-level fusion was used less frequently 503 

due to stringent geometric co-registration requirements, whereas decision-level fusion was 504 

primarily adopted when predictions from independent sensor-specific models were combined to 505 

improve overall estimation performance. 506 

Overall, the reviewed studies demonstrate a clear shift from single-source remote sensing towards 507 

integrated multi-source frameworks. Rather than relying on individual sensors, recent research 508 

increasingly combines optical imagery, SAR, LiDAR, UAV-derived observations, hyperspectral 509 

data, and ancillary datasets to exploit their complementary strengths in representing vegetation 510 

spectral responses, canopy structure, and three-dimensional forest architecture. Studies published 511 

in 2025 and 2026 further confirm that urban tree research is increasingly adopting advanced data 512 

fusion strategies and deep learning techniques. However, recent reviews also highlight that 513 

relatively few studies have incorporated SAR into these urban-focused frameworks, indicating that 514 

integrating SAR with optical, LiDAR, and other complementary datasets remains an important 515 

research opportunity for improving urban tree carbon estimation. This methodological evolution 516 

provides a strong foundation for the increasing adoption of advanced machine learning approaches 517 

discussed in the following section. 518 
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 519 

 520 

Figure 9. Articles with fusion of data 521 

Table 3 522 

Comparison of remote sensing technologies identified in the reviewed studies 523 

Technology Strengths Limitations Typical Application 

Optical Rich Spectral Information Cloud Contamination Vegetation Indices 

SAR All-weather imaging Signal Saturation Biomass Estimation  

LiDAR 3D canopy structure Expensive Forest Inventory 

UAV Very high Resolution Limited Coverage Local Mapping 

 524 

3.4 Machine Learning and Deep Learning Approaches for Biomass and Carbon 525 

Estimation 526 

Machine learning has become one of the principal analytical approaches for estimating biomass 527 

and carbon from remote sensing data because it can effectively model the complex, nonlinear 528 

relationships between remotely sensed variables and vegetation characteristics. The reviewed 529 

studies show a diverse range of machine learning and deep learning algorithms, as illustrated in 530 

Figure 10, reflecting the increasing availability of multi-source remote sensing datasets and the 531 

growing demand for accurate, scalable, and transferable prediction models. Studies published in 532 

2025 and 2026 further demonstrate the rapid evolution of artificial intelligence within remote 533 

sensing, particularly for urban tree inventory, species classification, biomass estimation, and 534 
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carbon stock mapping. Although several algorithms demonstrated satisfactory predictive 535 

performance, their effectiveness varied according to the characteristics of the input data, vegetation 536 

structure, spatial scale, and modelling objectives. 537 

 538 

Figure 10. Distribution of machine-learning and deep-learning approaches in the reviewed studies 539 

Random Forest (RF) remained the most frequently applied machine learning algorithm across the 540 

reviewed studies as shown in figure 11. Its widespread adoption is largely attributed to its ability 541 

to model nonlinear relationships, accommodate high-dimensional datasets, and remain relatively 542 

robust to multicollinearity and noisy predictor variables. Unlike many conventional statistical 543 

approaches, RF requires relatively little parameter tuning while providing measures of variable 544 

importance that facilitate model interpretation. These characteristics make it particularly suitable 545 

for integrating heterogeneous variables derived from optical imagery, SAR backscatter, LiDAR 546 

metrics, terrain attributes, vegetation indices, and other environmental variables. Consequently, 547 

many studies consistently reported that RF achieved high predictive accuracy while maintaining 548 

stable performance across diverse forest ecosystems and urban landscapes. 549 

Support Vector Regression (SVR) was another commonly applied algorithm shown in figure 11, 550 

particularly in studies involving moderate-sized datasets. SVR effectively models nonlinear 551 

relationships using kernel functions and often performs well when training data are limited. 552 

Several studies reported predictive accuracies comparable to those obtained using Random Forest, 553 

particularly when predictor variables were carefully selected and model parameters were 554 

optimized. However, the reviewed literature indicates that SVR becomes increasingly sensitive to 555 

parameter selection and computational complexity as the dimensionality and size of remote 556 

sensing datasets increase, reducing its suitability for recent large-scale studies employing extensive 557 

multi-source datasets. 558 

Recent years have seen increasing adoption of ensemble learning algorithms beyond Random 559 

Forest, particularly Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine 560 

Deep Learning

33%

Machine 

Learning

67%
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(LightGBM), CatBoost, and other boosting frameworks as explain in table 4. These algorithms 561 

iteratively minimize prediction errors by sequentially improving weak learners, often producing 562 

higher predictive accuracy than single-tree methods. Their ability to capture complex interactions 563 

among heterogeneous remote sensing variables has made them increasingly attractive for biomass 564 

and carbon estimation, especially where large and diverse predictor datasets are available. 565 

Nevertheless, boosting algorithms generally require more extensive parameter tuning than 566 

Random Forest and may be more susceptible to overfitting if model complexity is not carefully 567 

controlled. 568 

 569 

Figure 11. Machine learning techniques 570 

Deep learning methods have become increasingly prominent in the reviewed literature, particularly 571 

in studies published in 2025 and 2026. Artificial Neural Networks (ANNs), Convolutional Neural 572 

Networks (CNNs), and other deep learning architectures have demonstrated considerable potential 573 

for automatically extracting hierarchical features from high-dimensional remote sensing data 574 

illustrated in figure 12. Recent studies have introduced advanced object detection and feature 575 

extraction models, including YOLOv11, for the identification of individual urban tree species and 576 

biomass estimation using UAV–LiDAR data. Similarly, deep learning frameworks have been 577 

successfully applied for crown-level urban carbon stock mapping, enabling automated delineation 578 

of individual trees within complex urban environments. These developments demonstrate a shift 579 

from conventional pixel-based modelling towards object-based and instance-level analysis capable 580 

of capturing detailed structural characteristics of urban vegetation. 581 
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 582 

Figure 12. Deep learning techniques 583 

Despite these advances, the reviewed studies consistently reported that deep learning models 584 

require substantially greater computational resources, larger training datasets, and careful 585 

hyperparameter optimization than conventional machine learning algorithms. Their predictive 586 

performance is highly dependent on the availability of extensive labelled datasets, which remain 587 

scarce for many urban environments and developing regions. Consequently, although deep 588 

learning frequently outperformed traditional machine learning algorithms under data-rich 589 

conditions, its operational application remains constrained by computational demands, data 590 

availability, and reduced model interpretability. 591 

The review also indicates that machine learning is increasingly being integrated with advanced 592 

multi-source data fusion strategies. Rather than relying solely on handcrafted predictor variables, 593 

recent studies combined optical imagery, SAR, LiDAR, UAV-derived datasets, hyperspectral 594 

imagery, and street-view observations within unified modelling frameworks. Feature-level fusion 595 

remained the predominant approach because it enables algorithms such as Random Forest, 596 

XGBoost, LightGBM, and deep neural networks to exploit complementary spectral, structural, and 597 

spatial information simultaneously. This integration has substantially improved biomass 598 

estimation, species classification, and urban carbon stock mapping while enhancing model 599 

robustness across heterogeneous landscapes. 600 

Overall, the reviewed literature demonstrates a clear methodological evolution from conventional 601 

statistical modelling towards increasingly sophisticated machine learning and deep learning 602 

frameworks. While Random Forest continues to provide a favourable balance between predictive 603 

accuracy, computational efficiency, and interpretability, recent studies increasingly demonstrate 604 

the potential of boosting algorithms and deep learning architectures for extracting complex 605 
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relationships from multi-source remote sensing data. Nevertheless, the review highlights that 606 

relatively few studies have explored integrating SAR with advanced deep learning models for 607 

urban tree carbon estimation. This gap represents an important opportunity for future research and 608 

further reinforces the novelty of the present review, which synthesizes current evidence on 609 

integrating SAR, multi-source remote sensing, and machine learning to improve urban tree carbon 610 

estimation. 611 

Table 4. Comparative characteristics of machine learning and deep learning algorithms used for 612 

biomass and carbon estimation. 613 

Algorithm Strengths Limitations Typical Application 

Random Forest Robust to noise and 
multicollinearity; 
handles nonlinear 
relationships; 
interpretable 
variable importance 

May underestimate extreme 
values; limited extrapolation 

Multi-source remote sensing; 
biomass estimation 

Support Vector 
Regression 

Effective with small 
datasets; captures 
nonlinear 
relationships 

Sensitive to kernel selection 
and parameter tuning; 
computationally demanding 
for large datasets 

Moderate-sized datasets 

XGBoost High predictive 
accuracy; models 
complex 
interactions 

Requires extensive parameter 
optimization; risk of 
overfitting 

Large multi-source datasets 

Artificial Neural 
Networks 

Learns nonlinear 
relationships 

Requires large training 
datasets; reduced 
interpretability 

Biomass prediction 

Convolutional 
Neural 
Networks 

Automatic spatial 
feature extraction; 
effective with 
imagery 

Computationally intensive; 
large, labelled datasets 
required 

High-resolution optical, SAR 
and LiDAR imagery 

Light Gradient 
Boosting 
Machine 

Fast training speed; 
efficient with high-
dimensional 
datasets; reduced 
memory 
consumption; 
excellent scalability 

Performance depends on 
parameter tuning; may overfit 
small datasets 

Large-scale biomass and 
carbon estimation using multi-
source remote sensing 

CatBoost Handles categorical 
variables efficiently; 
minimizes 
overfitting; requires 

Longer training time than 
LightGBM; computationally 
intensive for very large 
datasets 

Biomass and carbon prediction 
using heterogeneous 
environmental datasets 
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limited data 
preprocessing 

YOLOv11 Real-time object 
detection; highly 
accurate individual 
tree detection and 
species 
identification; 
effective with UAV 
imagery and LiDAR 
integration 

Requires extensive labelled 
training datasets; high 
computational requirements; 
relatively new with limited 
ecological applications 

Individual urban tree detection, 
species classification, biomass 
estimation using UAV–LiDAR 
data 

Deep Learning 
(Hybrid 
Architectures) 

Learns complex 
spectral–spatial–
structural 
relationships 
automatically; 
suitable for multi-
source data fusion 

Reduced interpretability; high 
computational cost; 
performance strongly depends 
on training data quality 

Urban tree carbon mapping, 
multi-source remote sensing 
fusion, crown-level carbon 
estimation 

 614 

The preceding sections demonstrate that substantial progress has been achieved through advances 615 

in multi-source remote sensing, data fusion strategies, and machine learning algorithms. However, 616 

despite these developments, several methodological, computational, and operational limitations 617 

continue to constrain the accuracy, scalability, and transferability of biomass and carbon estimation 618 

models. These challenges are discussed in the following section. 619 

3.5 Challenges and Research Gaps 620 

The rapid advancement of SAR-based multi-source remote sensing and machine learning has 621 

substantially improved biomass and carbon estimation over the past decade. Nevertheless, the 622 

reviewed studies reveal several methodological and operational challenges that continue to limit 623 

model accuracy, generalizability, and large-scale implementation. These challenges relate not only 624 

to the physical characteristics of remote sensing data but also to the transferability of machine 625 

learning models across different ecosystems, the availability of high-quality reference data, and 626 

the increasing complexity of multi-source data fusion frameworks. Studies published in 2025 and 627 

2026 further confirm that, despite significant methodological progress, important knowledge gaps 628 

remain, particularly for urban tree carbon estimation. 629 

One of the most frequently reported limitations concerns the behaviour of SAR backscatter in 630 

dense vegetation. Although microwave signals provide valuable structural information and can 631 

penetrate cloud cover, their sensitivity to aboveground biomass decreases progressively in high-632 

biomass forests because of signal saturation. Beyond a certain biomass threshold, increases in 633 

vegetation volume produce only small changes in radar backscatter, reducing the ability of SAR 634 

observations to discriminate mature forest stands. The magnitude of this limitation varies with 635 

radar wavelength, polarization, vegetation structure, and environmental conditions, with longer 636 
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wavelengths such as L-band generally exhibiting greater sensitivity than C-band. Consequently, 637 

several studies recommended combining SAR observations with optical imagery or LiDAR-638 

derived structural metrics to improve prediction accuracy in densely vegetated environments 639 

(Santoro et al., 2024; Tamiminia et al., 2022). However, the review indicates that relatively few 640 

recent studies have adopted SAR within urban tree carbon estimation frameworks, despite its clear 641 

advantages for all-weather monitoring and structural characterization. 642 

Another important challenge is the occurrence of geometric distortions inherent to side-looking 643 

radar systems. Terrain-induced effects such as foreshortening, layover, and radar shadow can 644 

significantly influence SAR backscatter, particularly in mountainous terrain and highly built-up 645 

urban environments. In cities, buildings often generate strong double-bounce reflections that 646 

complicate the separation of tree canopies from surrounding infrastructure, while shadows created 647 

by tall structures may obscure vegetation entirely. These effects introduce additional uncertainty 648 

into biomass estimation and reduce the transferability of models developed for relatively 649 

homogeneous natural forests to heterogeneous urban landscapes. Although terrain correction and 650 

advanced preprocessing techniques reduce these distortions, they cannot eliminate them 651 

completely, particularly in areas with complex urban morphology. 652 

The review also highlights important challenges associated with multi-source data fusion. 653 

Integrating optical imagery, SAR, LiDAR, UAV-derived observations, hyperspectral imagery, 654 

street-view imagery, and ancillary geospatial datasets increases the amount of information 655 

available for biomass and carbon estimation, but also introduces practical difficulties related to 656 

differences in spatial resolution, acquisition dates, sensor calibration, and data compatibility. 657 

Accurate geometric co-registration remains essential because even minor positional 658 

inconsistencies can propagate through feature extraction and reduce model performance. 659 

Furthermore, the increasing dimensionality of fused datasets may introduce redundant variables, 660 

increase computational costs, and elevate the risk of model overfitting when effective feature 661 

selection is not performed. The studies further demonstrate that although advanced fusion 662 

strategies improve prediction accuracy, they also require more sophisticated preprocessing 663 

workflows and greater computational resources. 664 

Machine learning algorithms present additional challenges. While Random Forest, XGBoost, 665 

LightGBM, and other ensemble learning methods consistently demonstrated strong predictive 666 

performance, they often function as black-box models, making it difficult to explain how 667 

individual predictor variables influence biomass and carbon estimates. The recent adoption of deep 668 

learning approaches, including convolutional neural networks and object detection models such as 669 

YOLOv11, has further improved individual tree detection, species classification, and crown-level 670 

carbon mapping. However, these methods require extensive labelled datasets, substantial 671 

computational resources, and careful hyperparameter optimization. The scarcity of comprehensive 672 

field measurements and high-quality urban tree inventories remains a major limitation, particularly 673 

in developing countries where reference datasets are often incomplete or unavailable. 674 
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Consequently, many models remain geographically specific and require further validation before 675 

being transferred to other cities or ecological regions. 676 

One of the most significant findings emerging from the review is the continued imbalance between 677 

studies conducted in natural forests and those focusing on urban trees and urban forests shown in 678 

figure 13. Although recent studies published in 2025 and 2026, represented in Figure 7, 679 

demonstrate growing interest in urban tree inventory, species classification, and crown-level 680 

carbon estimation, the overall number of urban-focused investigations remains relatively small 681 

compared with those conducted in natural forest ecosystems. Moreover, the screened studies reveal 682 

that urban tree carbon estimation continues to rely predominantly on optical imagery, LiDAR, 683 

UAV platforms, and deep learning approaches, while the integration of SAR with these datasets 684 

remains uncommon. This imbalance highlights an important methodological gap and suggests that 685 

SAR's potential to improve urban biomass estimation has yet to be fully explored. 686 

 687 

Figure 13. Sensor type and study environment 688 

Another emerging research gap concerns the limited evaluation of model transferability across 689 

different geographic regions, climatic conditions, and urban forms. Most studies developed and 690 

validated models within a single study area, with relatively few assessing their robustness under 691 

contrasting environmental conditions. Standardized benchmark datasets, harmonized validation 692 

protocols, and cross-regional model evaluation remain limited, making it difficult to compare 693 

algorithms objectively or identify the most transferable modelling approaches. Addressing these 694 
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limitations will be essential for developing operational carbon monitoring systems applicable 695 

across diverse urban environments. 696 

Looking ahead, several technological developments are likely to shape future research. The 697 

increasing availability of next-generation SAR missions, including NISAR and the ESA 698 

BIOMASS mission, is expected to improve the structural characterization of vegetation at regional 699 

and global scales. Advances in explainable artificial intelligence (XAI), transformer-based deep 700 

learning architectures, multimodal learning, foundation models for Earth observation, and cloud-701 

based geospatial computing platforms are also expected to enhance the integration of 702 

heterogeneous remote sensing datasets while improving model transparency and scalability. 703 

Equally important will be the development of standardized benchmark datasets, rigorous 704 

uncertainty quantification frameworks, and transferable machine learning models that support 705 

consistent biomass and carbon estimation across natural and urban ecosystems. 706 

Overall, the reviewed evidence indicates that future progress will depend less on introducing 707 

individual sensors or algorithms than on developing integrated, transparent, and transferable 708 

analytical frameworks that effectively combine complementary remote sensing technologies with 709 

robust machine learning methods. The review further demonstrates that, despite rapid advances in 710 

deep learning and multi-source data fusion, SAR remains underrepresented in urban tree carbon 711 

estimation. Addressing this limitation represents a significant opportunity for future research and 712 

reinforces the present review's contribution in identifying methodological gaps and directions for 713 

advancing urban tree carbon estimation using SAR, multi-source remote sensing, and machine 714 

learning. 715 

4.0 Discussion 716 

This systematic review synthesized evidence from studies published between 2004 and 2026 to 717 

evaluate advances in SAR-based remote sensing, multi-source data fusion, and machine learning 718 

for biomass and carbon estimation. The results reveal substantial technological and 719 

methodological progress, accompanied by important challenges relating to data integration, model 720 

transferability, and urban applications. The following sections interpret these findings in relation 721 

to previous research, discuss their implications for biomass estimation, and identify priorities for 722 

future investigation. 723 

 724 

 725 

4.1 Evolution of Remote Sensing Technologies for Biomass and Carbon Estimation 726 

The evidence synthesized in this review demonstrates a substantial evolution in the application of 727 

remote sensing technologies for biomass and carbon estimation over the past two decades. Early 728 

studies relied predominantly on optical satellite imagery because of its widespread availability, 729 

established vegetation indices, and relatively mature processing techniques. Optical sensors, 730 



31 

 

particularly Landsat and Sentinel-2, have provided valuable information on vegetation condition, 731 

canopy cover, and photosynthetic activity through spectral indices such as the Normalized 732 

Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI). However, the 733 

findings of this review indicate that optical imagery alone is often insufficient for accurate biomass 734 

estimation in densely vegetated environments because of spectral saturation, atmospheric 735 

interference, and cloud contamination. Similar limitations have been reported in previous reviews, 736 

which concluded that optical data become increasingly insensitive to biomass variations beyond 737 

moderate canopy densities (Reisi Gahrouei et al., 2024; Wulder et al., 2022). Studies published in 738 

2025 and 2026 further demonstrate that optical imagery remains the dominant data source, 739 

particularly when integrated with UAV imagery and street-view observations for urban tree species 740 

classification and carbon stock assessment, rather than being used as a standalone dataset. 741 

The increasing integration of synthetic aperture radar (SAR) observed across the reviewed studies 742 

reflects the growing recognition that microwave remote sensing provides structural information 743 

that complements spectral observations. Unlike passive optical sensors, SAR systems operate 744 

independently of daylight and are largely unaffected by cloud cover, making them particularly 745 

suitable for vegetation monitoring in regions with frequent cloud cover or prolonged rainy seasons. 746 

Several studies included in this review demonstrated that SAR-derived backscatter and texture 747 

measures significantly improved biomass prediction when combined with optical variables, 748 

particularly in structurally complex forests where optical indices alone became saturated. These 749 

findings agree with previous investigations showing that integrating Sentinel-1 with Sentinel-2 750 

improves the representation of vegetation structure and reduces uncertainty in biomass estimation 751 

compared with single-sensor approaches (Persson & Fransson, 2017; Wulder et al., 2022). 752 

Nevertheless, the evidence from the review reveals that relatively few recent urban tree studies 753 

have incorporated SAR into multi-source frameworks. Most studies published during 2025 to 2026 754 

relied primarily on optical imagery, LiDAR, UAV-derived datasets, and deep learning, suggesting 755 

that the potential of SAR for urban tree carbon estimation remains underexplored. 756 

LiDAR remains the benchmark technology for capturing three-dimensional vegetation structure 757 

because it directly measures canopy height, crown geometry, and vertical vegetation distribution. 758 

Consistent with previous studies, this review found that LiDAR-derived metrics generally 759 

produced the highest prediction accuracies when available, particularly when incorporated into 760 

multi-source modelling frameworks. The review also demonstrates an increasing adoption of 761 

airborne LiDAR, UAV-mounted LiDAR, and terrestrial handheld LiDAR for urban tree inventory, 762 

species classification, and crown-level carbon mapping. Recent studies have shown that 763 

integrating UAV-LiDAR with hyperspectral imagery and deep learning substantially improves 764 

individual tree detection, biomass estimation, and urban carbon stock mapping. Despite these 765 

advantages, relatively high acquisition costs, limited temporal coverage, and inconsistent data 766 

availability continue to constrain the widespread operational use of LiDAR over large geographical 767 

areas. Consequently, LiDAR is increasingly employed as a complementary structural data source 768 

within integrated remote sensing frameworks rather than as a standalone technology. 769 
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An important finding emerging from this review is that technological progress has been 770 

accompanied by a fundamental shift in research priorities. Earlier investigations focused primarily 771 

on evaluating the performance of individual sensors, whereas recent studies increasingly 772 

emphasize integrating heterogeneous datasets within unified analytical frameworks supported by 773 

advanced machine learning and deep learning algorithms. This transition has been facilitated by 774 

the widespread availability of freely accessible satellite missions, improvements in UAV 775 

technology, advances in cloud-based geospatial computing, and the rapid development of artificial 776 

intelligence for Earth observation. The studies published during 2025 to 2026 further illustrate this 777 

transition by introducing advanced approaches such as UAV–LiDAR synergy, street-view imagery 778 

integration, hyperspectral data fusion, and deep learning-based crown-level mapping for urban 779 

carbon estimation. These developments demonstrate that biomass and carbon estimation has 780 

evolved from a sensor-specific problem to a data integration challenge in which complementary 781 

spectral, structural, spatial, and contextual information are simultaneously exploited to improve 782 

prediction accuracy. 783 

The review also highlights an important difference between methodological developments in 784 

natural forests and urban environments. Although multi-source remote sensing and machine 785 

learning have substantially improved biomass estimation across forest ecosystems, relatively few 786 

studies have specifically addressed the complexity of urban trees. Urban landscapes are 787 

characterized by fragmented vegetation, diverse species composition, impervious surfaces, and 788 

heterogeneous canopy structures, presenting challenges not encountered in continuous forest 789 

environments. The recent emergence of studies integrating UAV imagery, LiDAR, street-view 790 

imagery, and deep learning demonstrates growing interest in addressing these challenges. 791 

However, the continued scarcity of studies integrating SAR with these emerging data sources 792 

indicates that urban tree carbon estimation remains an evolving research field with considerable 793 

scope for methodological innovation. Consequently, future research should prioritize developing 794 

robust SAR-enabled multi-source frameworks that leverage the complementary strengths of 795 

optical imagery, LiDAR, UAV observations, and machine learning to enable accurate and 796 

transferable urban tree carbon estimation across diverse urban environments. 797 

4.2 Critical Comparison of Machine Learning and Deep Learning Algorithms 798 

The findings of this review demonstrate that the increasing adoption of machine learning has 799 

fundamentally transformed biomass and carbon estimation by enabling the modelling of complex, 800 

nonlinear relationships that are difficult to capture using conventional statistical approaches. 801 

Although a wide range of algorithms has been applied, their performance is strongly influenced 802 

by the characteristics of the remote sensing data, vegetation complexity, sample size, feature 803 

engineering, predictor selection, and model parameterization. The inclusion of studies published 804 

during 2025 and 2026 further confirms that algorithm development is evolving alongside advances 805 

in multi-source remote sensing, particularly for urban tree inventory, species classification, and 806 

carbon stock estimation. Consequently, no single algorithm consistently outperformed all others 807 

across all studies, supporting previous observations that model selection should be guided by both 808 
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data characteristics and the intended application rather than algorithm popularity alone (Belgiu & 809 

Drăguţ, 2016; Maxwell et al., 2018). 810 

Among the reviewed studies, Random Forest (RF) remained the most widely adopted algorithm. 811 

This finding is consistent with previous reviews that describe RF as one of the most robust 812 

ensemble learning techniques for remote sensing applications because of its ability to model 813 

nonlinear relationships, accommodate multicollinearity, manage noisy predictor variables, and 814 

process high-dimensional datasets without extensive parameter optimization (Belgiu & Drăguţ, 815 

2016). The consistent performance of RF observed across the reviewed studies is largely 816 

attributable to its ensemble structure, in which multiple decision trees improve model stability, 817 

reduce prediction variance, and enhance generalization. Furthermore, the variable importance 818 

measures generated by RF facilitate interpretation of the relative contributions of optical, SAR, 819 

LiDAR, terrain, and environmental variables. These characteristics explain why RF continues to 820 

dominate biomass and carbon estimation studies despite the emergence of more sophisticated 821 

machine learning algorithms. 822 

Support Vector Regression (SVR) also demonstrated strong predictive capability, particularly in 823 

studies involving relatively small training datasets. Unlike RF, SVR employs kernel functions to 824 

transform nonlinear relationships into higher-dimensional feature spaces, enabling complex 825 

interactions between remotely sensed variables and biomass to be modelled effectively (Drucker 826 

et al., 1996; Mountrakis et al., 2011). Several studies included in this review reported prediction 827 

accuracies comparable to those obtained using RF when kernel functions and regularization 828 

parameters were carefully optimized. However, SVR proved more sensitive to parameter selection, 829 

feature scaling, and computational complexity, particularly when applied to large multi-source 830 

datasets containing numerous predictor variables. Consequently, while SVR remains an effective 831 

option for moderate-sized datasets, its operational applicability decreases as dataset size and model 832 

complexity increase. 833 

The review also highlights the growing importance of gradient boosting algorithms, particularly 834 

Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), and 835 

CatBoost. These algorithms improve predictive performance by sequentially correcting the errors 836 

of preceding decision trees, enabling them to capture complex interactions among heterogeneous 837 

predictor variables while reducing prediction bias (Chen & Guestrin, 2016). The study indicates 838 

that these boosting algorithms achieved predictive accuracies comparable to, and occasionally 839 

exceeding, those of Random Forest, particularly when integrating optical imagery, LiDAR metrics, 840 

UAV-derived products, terrain variables, and other environmental predictors. Nevertheless, these 841 

improvements generally required more extensive hyperparameter optimization and greater 842 

computational resources, increasing the risk of overfitting when model complexity was not 843 

carefully controlled. Consequently, boosting algorithms appear particularly advantageous for 844 

information-rich datasets, whereas Random Forest remains the preferred choice for operational 845 

applications because of its balance between predictive accuracy, computational efficiency, and 846 

interpretability. 847 
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Deep learning approaches have become increasingly prominent within the reviewed literature, 848 

reflecting recent advances in artificial intelligence for Earth observation. Artificial Neural 849 

Networks (ANNs) and Convolutional Neural Networks (CNNs) have demonstrated considerable 850 

potential for automatically extracting hierarchical spectral, spatial, and structural features directly 851 

from remote sensing imagery, reducing the reliance on manually engineered variables (Ma et al., 852 

2019). The study further demonstrates the growing adoption of advanced deep learning 853 

architectures, including YOLOv11, for individual urban tree detection, species classification, and 854 

biomass estimation using UAV–LiDAR data. Similarly, deep learning frameworks have enabled 855 

crown-level carbon stock mapping in dense urban environments by automating the delineation of 856 

individual trees. These advances represent an important shift from conventional pixel-based 857 

modelling towards object-based and instance-level analysis capable of exploiting high-resolution 858 

imagery and three-dimensional structural information. 859 

Despite these advances, the reviewed literature consistently indicates that deep learning models 860 

require substantially larger labelled datasets, greater computational resources, and more extensive 861 

hyperparameter optimization than conventional machine learning algorithms. These requirements 862 

remain a significant limitation for biomass and carbon estimation, particularly in urban 863 

environments where comprehensive field inventories are often unavailable. In addition, deep 864 

learning models generally exhibit lower interpretability than ensemble learning methods, which 865 

limits their acceptance in operational environmental monitoring and policy applications, where 866 

transparent decision-making is increasingly important. 867 

An important observation emerging from this review is that algorithm performance depends more 868 

on the quality and diversity of the available remote sensing data than on the choice of algorithm 869 

alone. Random Forest consistently produced stable and reliable predictions when integrating 870 

heterogeneous variables derived from optical imagery, SAR, LiDAR, UAV observations, and 871 

topographic datasets, whereas SVR performed well with carefully selected predictors and 872 

relatively small datasets. XGBoost, LightGBM, and CatBoost demonstrated considerable potential 873 

for exploiting complex multi-source datasets, while deep learning approaches generally achieved 874 

the highest predictive performance where abundant labelled data and high-performance computing 875 

resources were available. However, the review also indicates that relatively few studies have 876 

integrated SAR with advanced deep learning architectures for urban tree carbon estimation, 877 

suggesting that the complementary strengths of microwave remote sensing and modern artificial 878 

intelligence remain insufficiently exploited. 879 

Another notable trend identified in this review is the transition from algorithm comparison towards 880 

the development of integrated modelling frameworks that combine multi-source remote sensing, 881 

feature-level data fusion, and artificial intelligence within a unified analytical workflow. Rather 882 

than seeking a universally superior algorithm, recent studies increasingly focus on optimizing the 883 

interplay among sensor characteristics, feature engineering, and learning architectures. The studies 884 

published during 2025 and 2026 further reinforce this trend by integrating UAV imagery, LiDAR, 885 

hyperspectral data, street-view imagery, and deep learning for individual-tree analysis and urban 886 
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carbon estimation. These developments demonstrate that future methodological advances are more 887 

likely to arise from improved integration of complementary remote sensing datasets, explainable 888 

artificial intelligence, and transferable machine learning frameworks than from incremental 889 

improvements to individual algorithms alone. Moreover, the limited incorporation of SAR into 890 

these emerging frameworks highlights a clear research opportunity to advance urban tree carbon 891 

estimation through more comprehensive fusion of multi-source data. 892 

4.3 Urban Trees Versus Natural Forests: Implications for Model Transferability 893 

One of the clearest patterns emerging from this review is the pronounced imbalance between 894 

studies conducted in natural forests and those focusing specifically on urban trees and urban 895 

forests. Most of the reviewed studies developed and validated biomass and carbon estimation 896 

models within relatively continuous forest ecosystems, where canopy structure, species 897 

composition, and land-cover conditions are comparatively homogeneous. In contrast, considerably 898 

fewer investigations have focused on urban environments, despite the growing recognition of 899 

urban forests as critical components of climate change mitigation, carbon sequestration, 900 

biodiversity conservation, and sustainable urban development (IPCC, 2023; Nowak & Greenfield, 901 

2018). This disparity indicates that much of the current methodological evidence has been derived 902 

from ecological conditions that differ fundamentally from the heterogeneous landscapes typical of 903 

urban areas. 904 

The transferability of machine learning models from natural forests to urban environments remains 905 

one of the major challenges identified in the reviewed literature. Forest-based models are generally 906 

calibrated using training datasets in which vegetation dominates the remotely sensed signal, 907 

allowing relatively direct relationships to be established between sensor-derived variables and 908 

biomass. Urban landscapes, however, consist of fragmented tree cover interspersed with buildings, 909 

roads, impervious surfaces, and other anthropogenic features that create highly complex spectral, 910 

structural, and spatial mixtures (Nowak & Greenfield, 2018; Raciti et al., 2014). Consequently, 911 

predictor variables that perform well in continuous forest ecosystems often exhibit reduced 912 

predictive capability in urban settings, where tree characteristics are strongly influenced by 913 

surrounding infrastructure, management practices, and species diversity (Zhu et al., 2026). Similar 914 

observations have been reported by Nowak & Greenfield, (2018) and Raciti et al., (2014), who 915 

emphasized that urban vegetation displays greater spatial heterogeneity and lower spectral 916 

separability than vegetation in natural forests. 917 

These challenges are particularly evident in SAR-based biomass estimation. Within natural forests, 918 

radar backscatter is primarily controlled by vegetation structure, moisture content, and canopy 919 

architecture. In urban environments, however, SAR signals are simultaneously influenced by 920 

vegetation and complex scattering mechanisms associated with buildings, roads, and other vertical 921 

structures. Double-bounce scattering, layover, radar shadow, and variations in building orientation 922 

frequently complicate the interpretation of microwave observations and reduce the ability to 923 

distinguish tree canopies from surrounding infrastructure (Balzter et al., 2015; Wulder et al., 2022). 924 
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As a result, SAR-based relationships developed in forest ecosystems cannot be directly transferred 925 

to urban landscapes without careful calibration. This limitation partly explains why many urban 926 

tree studies have relied more heavily on optical imagery, LiDAR, UAV observations, and deep 927 

learning techniques than on SAR data, despite the well-established advantages of microwave 928 

remote sensing for all-weather vegetation monitoring (Ferreira et al., 2024; Gong et al., 2022). The 929 

relatively limited integration of SAR within urban tree carbon estimation therefore represents an 930 

important opportunity for future methodological development. 931 

Another important distinction concerns the availability and quality of reference data used for 932 

model calibration and validation. Forest biomass studies frequently benefit from standardized 933 

national forest inventories containing consistent measurements of tree diameter, height, species 934 

composition, and stand characteristics (Dubayah et al., 2020). In contrast, urban tree inventories 935 

are often incomplete, spatially inconsistent, or developed primarily for municipal management 936 

rather than scientific research (Nowak & Greenfield, 2018). Consequently, many urban studies 937 

rely on relatively small, geographically constrained reference datasets, thereby limiting model 938 

robustness and transferability across cities. This limitation is particularly challenging for deep 939 

learning approaches, including convolutional neural networks and recent object detection models, 940 

which require extensive labelled datasets to achieve reliable performance (Luo et al., 2025; Ma et 941 

al., 2019). The lack of standardized urban benchmark datasets therefore remains a major obstacle 942 

to the broader adoption of advanced artificial intelligence techniques for urban tree carbon 943 

estimation. 944 

The reviewed literature also demonstrates that urban environments increasingly require modelling 945 

approaches specifically designed to capture fine-scale vegetation characteristics. High-resolution 946 

satellite imagery, UAV observations, airborne and terrestrial LiDAR, hyperspectral imagery, and 947 

street-view imagery have shown considerable potential for representing individual trees and 948 

complex urban canopy structure (Velasquez-Camacho et al., 2021; Wang et al., 2025). When 949 

combined through feature-level data fusion and advanced machine learning algorithms, these 950 

complementary datasets substantially improve species classification, crown delineation, biomass 951 

estimation, and carbon stock mapping (Alonzo et al., 2014; Seely et al., 2025). Recent advances 952 

in explainable artificial intelligence (XAI), object-based image analysis, and multimodal deep 953 

learning further offer opportunities to improve model transparency and to exploit the 954 

complementary strengths of diverse remote sensing data sources (Zhu et al., 2026). 955 

From a broader perspective, the limited emphasis on urban trees within the reviewed literature 956 

represents both a methodological gap and a significant research opportunity. As cities continue to 957 

expand and adopt nature-based solutions to address climate change, accurate quantification of 958 

urban tree carbon stocks will become increasingly important for greenhouse gas accounting, 959 

climate reporting, ecosystem service assessment, and evidence-based urban planning (IPCC, 2023; 960 

Nowak & Greenfield, 2018). Future research should therefore prioritize the development of 961 

transferable modelling frameworks that integrate SAR, optical imagery, LiDAR, UAV-derived 962 

observations, and advanced machine learning within unified analytical workflows. Equally 963 
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important is the need for standardized urban tree reference datasets, harmonized validation 964 

protocols, and cross-city model evaluation to improve the reliability and scalability of urban tree 965 

carbon estimation across diverse environmental and socio-economic settings (Bressant et al., 966 

2025). 967 

4.4 Future Research Directions and Emerging Opportunities 968 

The findings of this review indicate that future advances in biomass and carbon estimation will 969 

depend less on the development of individual sensors or machine learning algorithms and more on 970 

integrating complementary technologies into robust, transferable analytical frameworks. Although 971 

substantial progress has been achieved through the combination of SAR, optical imagery, LiDAR, 972 

and machine learning, several methodological limitations remain unresolved. Addressing these 973 

limitations will require improvements in remote sensing data integration, model interpretability, 974 

uncertainty quantification, and the availability of representative reference datasets. Consequently, 975 

future research should move beyond simply improving prediction accuracy towards developing 976 

reliable, transparent, and operational workflows that support long-term monitoring of both natural 977 

forests and urban ecosystems (Wulder et al., 2022; Zhu et al., 2026). 978 

One important research priority is the development of generalizable machine learning models that 979 

perform consistently across forest types, climatic regions, and urban environments. Most studies 980 

have developed and validated models within a single study area, making it difficult to assess their 981 

transferability to different geographic regions. Variations in vegetation structure, species 982 

composition, environmental conditions, management practices, and sensor characteristics often 983 

degrade model performance when algorithms are applied outside their calibration environments. 984 

Future investigations should therefore emphasize multi-regional datasets, cross-site validation, and 985 

standardized benchmarking protocols to improve model robustness and facilitate operational 986 

implementation at regional and national scales (Ma et al., 2019; Maxwell et al., 2018). 987 

Another important research direction is the integration of explainable artificial intelligence (XAI) 988 

into biomass and carbon estimation. While ensemble learning and deep learning algorithms often 989 

achieve high predictive accuracy, their decision-making processes are difficult to interpret, which 990 

limits user confidence in applications such as carbon accounting, climate reporting, and 991 

environmental policy. Explainability techniques such as SHapley Additive exPlanations (SHAP) 992 

and Local Interpretable Model-Agnostic Explanations (LIME) provide valuable insights into 993 

variable importance and model behaviour, enabling researchers to better understand the 994 

relationships between remotely sensed variables and biomass estimates. Incorporating these 995 

approaches into future modelling frameworks would improve transparency, facilitate model 996 

validation, and support more informed scientific and policy decisions (Duncanson et al., 2019; 997 

Ullah et al., 2025). 998 

Recent advances in artificial intelligence also present new opportunities for remote sensing 999 

applications. Transformer-based architectures and foundation models have demonstrated 1000 

considerable success in computer vision and are increasingly being adopted for Earth observation 1001 
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due to their ability to capture long-range spatial relationships and learn generalized feature 1002 

representations from large, heterogeneous datasets. These models show considerable promise for 1003 

integrating optical imagery, SAR, LiDAR, and other complementary datasets within unified 1004 

analytical frameworks, thereby reducing the need for extensive manual feature engineering while 1005 

improving model scalability and transferability. Nevertheless, their application to biomass and 1006 

carbon estimation remains in its early stages and is constrained by substantial computational 1007 

requirements and the need for large, well-annotated training datasets (Yun et al., 2024). 1008 

Future progress will also be supported by advances in Earth observation systems. The forthcoming 1009 

NASA–ISRO Synthetic Aperture Radar (NISAR) mission and the European Space Agency 1010 

BIOMASS mission are expected to provide unprecedented information on vegetation structure 1011 

through enhanced radar capabilities and near-global coverage. These missions will complement 1012 

existing observations from Sentinel-1, Sentinel-2, Landsat, and GEDI, creating new opportunities 1013 

for multi-source data fusion, improved structural characterization of vegetation, and more 1014 

consistent biomass estimation across diverse ecosystems (Dubayah et al., 2020; Santoro et al., 1015 

2024). Their integration with advanced machine learning algorithms is expected to strengthen 1016 

regional and global carbon monitoring programmes and improve support for climate mitigation 1017 

initiatives. 1018 

The reviewed literature also demonstrates that urban tree carbon estimation remains comparatively 1019 

underrepresented relative to studies conducted in natural forest ecosystems. Given the increasing 1020 

importance of urban forests for climate adaptation, ecosystem service provision, biodiversity 1021 

conservation, and sustainable city planning, future research should prioritize modelling 1022 

frameworks specifically designed for heterogeneous urban environments. High-resolution optical 1023 

imagery, airborne and terrestrial LiDAR, UAV observations, object-based image analysis, and 1024 

feature-level data fusion offer considerable potential for improving the representation of individual 1025 

trees and small urban forest patches. Greater emphasis should also be placed on integrating SAR 1026 

within these multi-source frameworks to exploit its all-weather imaging capability and sensitivity 1027 

to vegetation structure, thereby improving the robustness of urban tree carbon estimation. 1028 

Finally, greater attention should be given to uncertainty quantification, reproducibility, and open 1029 

science practices. Although many studies report conventional performance metrics such as the 1030 

coefficient of determination (R²), root mean square error (RMSE), and mean absolute error (MAE), 1031 

comparatively few explicitly quantify prediction uncertainty or evaluate model transferability 1032 

using independent datasets. Future studies should incorporate uncertainty analysis, standardized 1033 

benchmark datasets, open-access reference data, and reproducible analytical workflows to 1034 

facilitate objective comparisons among competing approaches and improve confidence in biomass 1035 

and carbon estimates used for environmental management, climate policy, and national greenhouse 1036 

gas accounting (Shane et al., 2026; Ullah et al., 2025). 1037 

4.5 Strengths and Limitations of the Review 1038 
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This systematic review provides a comprehensive synthesis of research published between 2004 1039 

and 2026 on the integration of synthetic aperture radar (SAR), multi-source remote sensing, and 1040 

machine learning techniques for biomass and carbon estimation. By following a transparent and 1041 

reproducible review protocol based on the Preferred Reporting Items for Systematic Reviews and 1042 

Meta-Analyses (PRISMA) framework, employing Rayyan for article screening and duplicate 1043 

removal, and applying predefined inclusion and exclusion criteria, the review minimizes selection 1044 

bias and enhances methodological transparency (Ouzzani et al., 2016; Page et al., 2021). 1045 

Furthermore, integrating bibliometric analysis with a critical synthesis of remote sensing 1046 

technologies, data fusion strategies, and machine learning algorithms provides a broader 1047 

perspective than conventional narrative reviews, enabling both quantitative and qualitative 1048 

assessments of developments in the field. 1049 

Another strength of this review lies in its emphasis on urban tree carbon estimation, an area that 1050 

has received comparatively limited attention within the existing literature. While previous reviews 1051 

have predominantly focused on natural forests or generalized biomass estimation, the present 1052 

review critically evaluates the applicability of existing methodologies to heterogeneous urban 1053 

environments. By identifying differences between natural forests and urban tree applications, this 1054 

review highlights key methodological gaps and provides a framework for future investigations to 1055 

improve urban carbon monitoring by integrating remote sensing and artificial intelligence 1056 

techniques. 1057 

Despite these strengths, several limitations should be acknowledged. First, the review was 1058 

restricted to peer-reviewed publications indexed in Scopus, Google Scholar, and Web of Science, 1059 

and only English-language studies were considered. Consequently, relevant research available in 1060 

other bibliographic databases or published in other languages may not have been captured. Second, 1061 

although systematic search procedures and predefined eligibility criteria were applied, the 1062 

synthesis remains dependent on the methodological quality and reporting standards of the included 1063 

studies. Variations in study design, field sampling protocols, remote sensing datasets, feature 1064 

engineering approaches, and accuracy assessment methods limited direct quantitative comparison 1065 

among studies and precluded formal meta-analysis. 1066 

Another limitation relates to the rapid evolution of remote sensing technologies and machine 1067 

learning methods. The review covers literature published up to 2026, providing a comprehensive 1068 

assessment of the evidence available during the review period. Nevertheless, new satellite 1069 

missions, deep learning architectures, and explainable artificial intelligence techniques continue 1070 

to emerge, meaning that future systematic reviews will be required to capture ongoing 1071 

methodological developments. This limitation is inherent to systematic reviews in rapidly evolving 1072 

research fields and does not diminish the relevance of the present synthesis. 1073 

Overall, the strengths of this review outweigh its limitations. The systematic methodology, critical 1074 

evaluation of emerging technologies, and emphasis on urban tree applications provide a robust 1075 

foundation for understanding current research trends while identifying priority areas for future 1076 
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investigation. Taken together, the findings demonstrate that integrating SAR, complementary 1077 

remote sensing datasets, and advanced machine learning provides a promising pathway towards 1078 

more accurate, scalable, and transferable biomass and carbon estimation. At the same time, 1079 

addressing the methodological gaps identified in this review, particularly those relating to urban 1080 

environments, model interpretability, and standardized validation, will be essential for supporting 1081 

reliable carbon accounting and climate-informed environmental management 1082 

5.0 Conclusion 1083 

This systematic review demonstrates that aboveground biomass and carbon stock estimation has 1084 

evolved from predominantly single-sensor approaches to integrated frameworks that combine 1085 

SAR, optical imagery, LiDAR, UAV observations, and machine learning. The reviewed evidence 1086 

shows that these data sources provide complementary information on vegetation spectral 1087 

characteristics, canopy structure, and biomass-related properties, with multi-source and feature-1088 

level fusion offering important advantages over reliance on individual sensors. Random Forest 1089 

remains one of the most widely applied and robust machine learning approaches because of its 1090 

ability to handle nonlinear relationships and heterogeneous predictors, while XGBoost, artificial 1091 

neural networks, convolutional neural networks, and other deep learning methods are increasingly 1092 

extending the analytical capabilities available for biomass and carbon estimation. 1093 

Despite these advances, important challenges remain. SAR signal saturation in high-biomass 1094 

environments, geometric distortions such as layover and shadow, differences in sensor resolution 1095 

and acquisition timing, limited field reference data, and uncertainty in model transferability 1096 

continue to constrain reliable large-scale implementation. These challenges are particularly 1097 

important in urban environments, where fragmented tree cover, buildings, impervious surfaces, 1098 

and complex scattering mechanisms make relationships established in continuous natural forests 1099 

difficult to transfer directly. The comparatively limited representation of urban trees in the 1100 

reviewed literature, therefore, identifies a significant research gap and demonstrates the need for 1101 

models specifically developed and independently validated under heterogeneous urban conditions. 1102 

Future progress will depend on moving beyond improvements in individual sensors or algorithms 1103 

towards transparent, transferable, and reproducible multi-source modelling frameworks. The 1104 

growing availability of advanced Earth observation data, together with explainable artificial 1105 

intelligence, multimodal learning, improved uncertainty quantification, and standardized reference 1106 

datasets, provides opportunities to strengthen biomass and carbon monitoring across both natural 1107 

and urban ecosystems. Greater emphasis on cross-region validation and harmonized urban tree 1108 

datasets will be particularly important for translating methodological advances into operational 1109 

applications. Ultimately, integrating complementary remote sensing observations with robust and 1110 

interpretable machine learning offers a practical pathway towards more reliable carbon assessment 1111 

and can strengthen the evidence required for forest management, urban planning, climate 1112 

mitigation, and carbon accounting. 1113 
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