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Abstract 

Selective harvesting requires tree-level decisions that balance operational productivity, 
stand development, and sustainable forest management, yet current AI and sensing stud-
ies often remain fragmented across remote sensing, machine perception, optimization, 
and forestry domains. This review synthesizes research on AI-assisted selective harvest-
ing and smart forest management, with emphasis on multimodal sensing, decision sup-
port, and harvester-oriented deployment. A PRISMA-informed scoping review was con-
ducted using Scopus, Web of Science Core Collection, IEEE Xplore, ScienceDirect, and 
SpringerLink, resulting in 82 studies retained for qualitative synthesis. The reviewed lit-
erature was organized into eight thematic groups covering smart forestry, harvesting op-
erations, RGB-based perception, LiDAR and point-cloud processing, multimodal fusion, 
edge deployment, decision-support systems, and forecasting-oriented digital forestry. 
The analysis shows that RGB imaging provides semantic tree recognition, LiDAR enables 
spatial localization and structural assessment, and decision-support methods can trans-
late tree-level observations into transparent cut/keep recommendations. However, inte-
grated harvester-mounted systems remain underdeveloped, particularly regarding real-
time RGB–LiDAR fusion, operator-facing recommendations, and forecasting integration. 
This review proposes a reference architecture for human-in-the-loop AI-assisted selective 
harvesting and identifies future research priorities for field validation and smart forest-
management integration. 

Keywords: harvester-mounted perception; LiDAR; RGB imaging; point clouds; edge  
computing; operator interface 
 

1. Introduction 
Modern forestry is undergoing a transition, moving away from traditional, purely 

operator-dependent practices toward data-rich digitally assisted management. This tran-
sition is driven by the need to improve operational efficiency, support sustainable man-
agement, respond to climate-related uncertainty, and integrate recent advances in sens-
ing, artificial intelligence, robotics, and forest-machine assistance [1–8]. Yet, if we are to 
successfully integrate these technologies in the field, they must remain both scientifically 
rigorous and practically transparent. Driven by this need, our review employs a PRISMA-
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informed methodology to map the current literature and evaluate how emerging research 
can genuinely enable AI-assisted selective harvesting [9]. 

Recent works on precision forestry, “Forest 4.0”, Internet of Things (IoT)-based mon-
itoring, human-centered artificial intelligence and digital forest-management systems 
show that forestry digitalization has grown far beyond traditional geographic information 
systems and remote inventory [1–6]. Future forestry systems are likely to rely not on iso-
lated technological novelties, but on deeply integrated workflows that bind sensor data 
and machine learning to silvicultural models and operator expertise. Indeed, the recent 
literature covering LiDAR fusion, point-cloud analytics, and forest-product supply chains 
illustrates the technical breadth of this transition [7,8,10–12]. 

Selective harvesting provides a demanding test case for these technologies. Unlike 
broad, stand-level inventory tasks, selective logging demands highly localized, tree-by-
tree decision-making. Choosing which trees to fell and which to retain directly impacts 
residual stand density, timber quality, machine efficiency, and long-term ecological 
health. Recent studies on mobile LiDAR-based thinning-density assistance, onboard Li-
DAR in cut-to-length harvesting, harvester-mounted mobile laser scanning, LiDAR-sup-
ported thinning-tree selection, and automated thinning frameworks demonstrate that for-
est operations research is moving toward machine-mounted and operator-facing assis-
tance [13–17]. Concurrently, optimization studies show that these individual-tree deci-
sions can be mathematically structured using spatial, economic, and silvicultural criteria 
[18–20]. Analyses of European harvesting regimes and forest resilience also show that this 
decision matrix is not merely technical; it is also embedded in ecological and policy reali-
ties [21–24]. 

AI-based visual perception has become an important research direction for tree de-
tection and characterization in complex forest scenes. Convolutional neural networks, 
one-stage object detectors, instance-segmentation methods, and related deep learning 
models have been used for crown delineation, tree detection, species classification, 
live/dead tree identification, and trunk recognition [25–38]. These studies show substan-
tial progress, especially in aerial, unmanned aerial vehicle, and remote-sensing contexts, 
where tree crowns and canopy structures can often be represented as image objects. How-
ever, the transfer of such models to harvester-mounted perception is not straightforward. 
Aerial and unmanned aerial vehicle data usually represent trees from above, whereas for-
est harvesters observe stems, lower crowns, understory vegetation, branches, shadows, 
and partial tree structures from an oblique and moving ground-level perspective. This 
cross-perspective domain shift changes object appearance, visible geometry, scale, occlu-
sion patterns, illumination, and even the relevant labeling target, since harvesting support 
often requires stem- or tree-candidate recognition rather than crown-only detection. 

This domain shift helps explain why image-based models that perform well in aerial 
or offline datasets may degrade under practical harvesting conditions. Ground-level for-
est scenes include partial visibility, overlapping stems, strong background clutter, motion 
and vibration, changing weather and illumination, and obstruction by neighboring vege-
tation or machine components. In addition, RGB imagery does not directly provide metric 
distance, local tree coordinates or structural attributes. Thus, lightweight detection models 
for logging scenarios cannot rely only on feature representations learned from aerial im-
agery. They require adaptation toward stem and lower-crown features, multi-scale detec-
tion, occlusion-aware training data, field-specific augmentation, and, where available, 
depth or LiDAR-guided spatial constraints [33,34]. In this context, RGB cameras are best 
understood as a semantic perception channel rather than as a complete standalone basis 
for selective-harvesting decisions. 

LiDAR and point-cloud technologies address many of the geometric limitations of 
image-based perception. Terrestrial, mobile, UAV-based, and harvester-mounted laser 
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scanning can support tree localization, stem detection, individual-tree segmentation, 
structural parameter extraction, local mapping, and machine positioning [10–12,39–54]. 
For selective harvesting, this geometric information is critical; an intelligent retention de-
cision cannot be made without understanding a tree’s precise spatial relationship to its 
neighbors and the machine’s mechanical reach. However, LiDAR brings its own inherent 
limitations, including high sensor costs, complex calibration, massive computational over-
head, and degraded point density in thick brush. These limitations suggest that the most 
realistic near-term direction is not a single-sensor solution but a complementary sensing 
strategy. 

Multimodal sensing is, therefore, a central theme in future harvester-oriented sys-
tems. Studies combining LiDAR with RGB, hyperspectral, multispectral, UAV, or other 
data sources show that fusion can improve tree segmentation, species classification, and 
structural parameter extraction compared with single-modality workflows [10,55–65]. 
The main value of fusion for selective harvesting is not only improved classification accu-
racy but also the creation of actionable tree-level entities that combine semantic identity, 
spatial position, structural descriptors, local neighborhood context, and confidence infor-
mation. Nevertheless, most multimodal forestry studies are still oriented toward inven-
tory, species mapping, or offline analysis rather than real-time operation on a moving for-
est machine. The unresolved problem is, therefore, how to make RGB–LiDAR alignment, 
calibration, synchronization, and decision-level association robust enough for field de-
ployment. 

Deployment conditions further distinguish selective harvesting from many remote-
sensing or laboratory studies. Forest harvesters work under vibration, dust, weather var-
iation, changing illumination, limited network connectivity, and continuous operator 
workload. Recent work on edge artificial intelligence, forest robotics, mobile mapping, 
and operator assistance indicates that onboard inference and local processing are feasible 
for tasks such as trunk detection, tree mapping, localization, and real-time assistance [63–
67]. However, these studies expose a persistent tension between academic benchmarks 
and field realities. While large models may perform well in offline benchmarks, practical 
harvesting demands leaner, highly robust architectures. We must design systems that de-
liberately decouple real-time edge inference from the heavier tasks of offline model train-
ing and validation. 

However, data collection and data processing are just prerequisites for the core task, 
which is the decision support. As the literature on multi-criteria decision-making illus-
trates, forest management requires a delicate balancing act between timber yield, carbon 
retention, biodiversity, and strict silvicultural rules [68–74]. In the context of a harvester, 
tree labeling alone is insufficient for operational decision support. It must help the opera-
tor evaluate that specific tree against a web of constraints, from minimum diameter 
thresholds to habitat preservation and spatial distribution. Because of this, algorithmic 
transparency is paramount. This requires transparent and configurable cut/keep recom-
mendations rather than opaque automatic commands. In this respect, AI-assisted harvest-
ing should be aligned with human-centered Forestry 5.0 principles, where digital tools 
support expert judgment, operator awareness, and decision consistency instead of replac-
ing professional responsibility [4,13,64]. 

A similarly, pragmatical approach is needed for Digital Twins and long-term fore-
casting. Digital Twins in agriculture and forestry, forest-specific Digital Twin architec-
tures, and AI-supported ecosystem-management frameworks show promising directions 
for linking sensing, simulation, and interactive decision environments [75–77]. Growth-
model emulation, deep learning-based forest growth retrieval, LiDAR-optical monitoring, 
biomass estimation, harvesting-practice identification, and smart forest modeling further 
suggest that sensing data can support longer-term forecasting and scenario analysis [78–



Forests 2026, 17, 840 4 of 37 
 

https://doi.org/10.3390/f17070840 

84]. Recent complementary reviews also emphasize the importance of simulation in forest 
engineering, remote-sensing support for harvesting-operation planning and monitoring, 
and the emerging landscape of AI applications in forest operations engineering [85–87]. 
However, mature operational Digital Twins for real-time forest-harvester decision sup-
port remain limited. A more realistic near-term approach is, therefore, to treat forecasting 
as a digital-forestry-oriented extension: tree-level observations and harvesting actions 
should be recorded and structured so that they can later support stand-state updates, 
growth projections, and five- to ten-year harvest estimates. 

The necessity of this review follows from the fragmentation of the existing literature. 
Important progress has been made in tree detection, point-cloud processing, multimodal 
sensing, harvester-mounted LiDAR, edge deployment, optimization, and forest forecast-
ing, but these components are rarely analyzed together as parts of one selective-harvest-
ing decision-support chain. The purpose of this review is, therefore, not only to summa-
rize the state of the art across these domains, but also to evaluate their readiness for an 
integrated, harvester-oriented system. The innovative aspect of this review lies in its sys-
tem-level synthesis: it connects cross-perspective tree perception, local RGB–LiDAR map-
ping, edge-compatible model deployment, operator-interface requirements, transparent 
cut/keep recommendations, and forecasting-ready data structures into a coherent refer-
ence architecture. Its significance lies in connecting forestry objectives with technical im-
plementation requirements: this review identifies where current methods are mature, 
where cross-perspective and field-deployment gaps remain, and how sensing, perception, 
spatial mapping, operator interaction, decision support, and forecasting can be organized 
into a coherent framework for future research and development. 

Taken together, the reviewed literature indicates that AI-assisted selective harvesting 
should not be framed primarily as a path toward fully autonomous logging. The more 
realistic and scientifically defensible near-term pathway is a human-in-the-loop decision-
support architecture that combines RGB–LiDAR perception, local tree mapping, transpar-
ent cut/keep recommendations, offline model improvement, and forecasting-ready data 
structures. Thus, the main contribution of this review is to translate fragmented advances 
in sensing, AI perception, forest-machine assistance, optimization, and forecasting into an 
implementation-oriented roadmap for future selective-harvesting systems. Such an ap-
proach can help bridge the gap between general forest-management objectives and the 
complex field conditions under which selective harvesting is actually performed. 

2. PRISMA-Informed Review Methodology 
2.1. Review Design and Reporting Framework 

This study was designed as a systematic scoping review informed by the PRISMA-
ScR framework. The aim was to synthesize the current research landscape surrounding 
AI-assisted selective harvesting and smart forest management. Because the topic spans 
precision forestry, multimodal sensing, artificial intelligence, robotics and digital forecast-
ing, the literature presents a high degree of methodological heterogeneity. A scoping re-
view was, therefore, more appropriate than a rigid meta-analysis, as it provides a better 
structure for mapping diverse approaches into a cohesive overview. 

The workflow of this research was guided by the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA 2020) statement alongside its extension for 
Scoping Reviews (PRISMA-ScR) [9]. Specifically, PRISMA 2020 was used to handle the 
mechanics of literature identification and screening, and PRISMA-ScR to shape data-
charting and thematic synthesis. This hybrid approach aligns well with current MDPI 
guidelines for systematic mapping and scoping [9]. 
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2.2. Review Objective and Research Questions 

This review aims to aggregate and classify research that can drive the development 
of intelligent, harvester-mounted decision-support systems for smart forestry. Rather than 
isolating a single technology, the goal was to understand how sensing, AI-based percep-
tion, spatial localization, and operational forecasting can interlock within a real-world for-
estry framework. 

To meet the aim, the review was framed around seven key research questions: 
• RQ1. Which sensing modalities are currently used to support tree-level recognition, 

and individual-tree localization as well as structural assessment in forest environ-
ments? 

• RQ2. Which AI-based approaches are most relevant for individual-tree detection, 
stem recognition, tree-species identification, and tree-level characterization under 
forestry conditions? 

• RQ3. How are RGB imaging, LiDAR, point clouds, multimodal fusion and similar 
approaches used to improve tree-level perception and spatial mapping? 

• RQ4. What forms of decision support have been proposed for selective harvesting 
and thinning operations aiming for operator assistance? 

• RQ5. How are edge computing, real-time deployment, human-in-the-loop interac-
tion and other assistive technologies addressed in forestry-oriented AI systems? 

• RQ6. How do forecasting models and Digital Twin-oriented concepts extend tree-
level sensing toward smart forest management? 

• RQ7. What research gaps currently limit the transition from isolated sensing or AI 
methods to integrated, operational, harvester-oriented decision-support architec-
tures? 
Answering these questions allows us to build a thematic state-of-the-art synthesis, 

which later was used to outline a reference architecture for AI-assisted selective harvest-
ing. 

2.3. Information Sources and Database Selection 

To ensure balanced coverage across engineering, computer science, and forestry dis-
ciplines, the records were retrieved from five scholarly databases: 
• Scopus; 
• Web of Science Core Collection; 
• IEEE Xplore; 
• ScienceDirect; 
• SpringerLink. 

Scopus and Web of Science served as primary multidisciplinary databases. IEEE 
Xplore was integrated specifically to capture engineering-oriented literature focused on 
computer vision, edge AI, mobile robotics, LiDAR processing and other engineering so-
lutions in the field. ScienceDirect and SpringerLink were targeted to capture the domain-
specific literature in forest operations, growth modeling, silvicultural decision-support 
studies. 

The final query was executed on 1 May 2026. The main search window was limited 
to publications between 2015 and 2026 to capture the growth of deep learning and smart-
forestry research during this decade. A few foundational papers published prior to 2015 
were included selectively if they established critical baseline concepts for forest optimiza-
tion or growth modeling. 

2.4. Search Strategy 

Because no single search string could adequately cover such a cross-disciplinary 
topic, the search strategy was broken into three complementary “query families.” Each 
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family was tailored to a distinct dimension of the review: (A) perception, (B) operations, 
and (C) forecasting. 

The syntax rules were adapted to fit each database (e.g., using title, abstract, keyword 
fields in Scopus versus topic fields in Web of Science) but strictly maintained the under-
lying Boolean logic across all platforms. 

2.4.1. Search Family A: Multimodal Sensing and AI-Based Tree Perception 

This family focused on visual tree detection, point-cloud processing, and multimodal 
sensor fusion: 

(forest* OR forestry OR woodland* OR “forest stand*” OR silvicultur*) AND 
(“artificial intelligence” OR “machine learning” OR “deep learning” OR “com-
puter vision” OR YOLO OR transformer* OR “object detection” OR “instance 
segmentation” OR “semantic segmentation”) AND (LiDAR OR “laser scanning” 
OR “point cloud*” OR RGB OR camera* OR “multimodal sensing” OR “sensor 
fusion”) AND (tree* OR stem* OR crown* OR “individual tree” OR “tree detec-
tion” OR “tree localization” OR “tree species”) 

2.4.2. Search Family B: Selective Harvesting and Decision-Support Systems 

This query linked sensing technologies to operational realities like thinning, machine 
assistance, and cut-to-length harvesting: 

(“selective harvesting” OR thinning OR “tree selection” OR “forest harvester*” 
OR “cut-to-length” OR “forest operation*” OR “harvesting operation*”) AND 
(“decision support” OR optimization OR ranking OR “operator assistance” OR 
“operator support” OR “advanced driver assistance” OR “tree marking” OR 
“harvesting recommendation*”) AND (LiDAR OR sensing OR “machine learn-
ing” OR AI OR “digital forestry” OR “precision forestry”) 

2.4.3. Search Family C: Forecasting, Growth Modeling, and Digital-Forestry Extensions 

This family targeted the long-term management aspects, such as stand development 
and simulation: 

(“forest management” OR forestry OR “forest planning” OR “smart forestry” 
OR “digital forestry” OR “forest stand*”) AND (forecast* OR “growth model*” 
OR “yield model*” OR “Digital Twin*” OR simulation OR “scenario analysis” 
OR “future harvest*” OR “stand development”) AND (“decision support” OR 
LiDAR OR AI OR “machine learning” OR “remote sensing” OR multimodal OR 
sensing) 

2.5. Eligibility Criteria 

Eligibility criteria were established as a strict set of inclusion and exclusion parame-
ters designed to exclude papers that lacked a clear operational or smart-forestry connec-
tion. 

2.5.1. Inclusion Criteria 

Studies were retained if they met the following baseline criteria: 

• Focused on forestry, forest operations, inventory, silviculture, or precision forestry; 
• Addressed at least one of the core technical areas: AI-based tree detection/segmenta-

tion; LiDAR/point-cloud localization; multimodal sensing; machine-mounted/mo-
bile perception; DSS for harvesting; or Digital Twin-oriented forecasting; 

• Presented peer-reviewed journal findings or substantial conference proceedings; 
• Published in English; 
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• Published between 2015 and 2026 (excluding foundational papers added manually). 

2.5.2. Exclusion Criteria 

Conversely, studies were excluded if they: 

• Focused exclusively on non-forest agricultural settings (e.g., orchards); 
• Addressed only broad, landscape-scale remote sensing without actionable relevance 

to tree-level assessment or operational harvesting; 
• Discussed AI or automation in vague, generic terms without substantive application 

to forestry; 
• Lacked sufficient methodological depth to be classified accurately; 
• Were editorials, promotional materials, theses, or non-peer-reviewed reports; 
• Duplicated earlier versions of research already covered by a more comprehensive; 

updated publication. 

2.6. Study Identification and Screening Procedure 

The literature was processed through a standard four-step workflow: identification, 
deduplication, title/abstract screening, and full-text assessment. 

At the first stage, records were retrieved independently from the five targeted data-
bases using proposed search families, supplementing them with forward and backward 
citation snowballing from highly relevant cornerstone papers. The raw exports were then 
consolidated into a centralized screening matrix and duplicates were stripped out via DOI 
matching, exact-title checks, and manual verification to prevent double-counting of con-
ference-to-journal extensions. 

During the first screening phase, titles and abstracts were reviewed against prede-
fined eligibility criteria, quickly eliminating research that had no bearing on tree-level 
sensing, smart forestry, or operational decision support. Full texts of the remaining can-
didate papers were then retrieved. Studies that failed to offer usable methodological data 
or lacked a concrete connection to selective harvesting and smart management were 
dropped at this stage, with the specific reason for exclusion logged in the screening matrix. 

2.7. Study Selection Results 

The study-selection process is summarized in Figure 1. The initial database search 
retrieved 1963 records from Scopus, Web of Science Core Collection, IEEE Xplore, Sci-
enceDirect, and SpringerLink. An additional 28 records were identified through backward 
and forward citation snowballing, resulting in 1991 records before duplicate removal. Af-
ter removing 718 duplicate records, 1273 records remained for title and abstract screening. 

The title and abstract screening stage excluded 1084 records that did not meet the 
thematic or methodological scope of the review. Most exclusions at this stage concerned 
studies outside forestry, papers without tree-level relevance, or studies addressing broad 
remote sensing without a direct connection to selective harvesting, machine-mounted per-
ception, or smart-management decision support. The remaining 189 full-text articles were 
assessed for eligibility. At the full-text stage, 107 articles were excluded because they had 
insufficient forestry relevance, lacked a tree-level or selective-harvesting connection, did 
not provide a meaningful decision-support or smart-management contribution, focused 
only on regional or landscape-scale monitoring without operational relevance, or lacked 
sufficient methodological detail. In total, 82 studies were retained for the final qualitative 
synthesis. 



Forests 2026, 17, 840 8 of 37 
 

https://doi.org/10.3390/f17070840 

 

Figure 1. PRISMA-style flow diagram of the literature identification, screening, eligibility assess-
ment, and inclusion process. 
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ographic, technical, operational, and analytical attributes (Table 1). 
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Table 1. Main variables extracted from the reviewed studies. 

Extraction Dimension Main Coded Variables 
Bibliographic info Authors, year, venue, DOI 
Forestry context Inventory, thinning, harvesting, forest management 
Sensing modality RGB, LiDAR, point cloud, multimodal 
Observation perspective Aerial, terrestrial static, mobile, harvester-mounted 
Analytical method Detection, segmentation, optimization, DSS, forecasting 
System output Tree detection, localization, recommendation, forecast 
Deployment Offline, edge, real-time, operator assistance 
Evaluation metrics Accuracy, mAP, F1, RMSE, latency, operational outcome 
Reported limitations Occlusion, calibration, data scarcity, cost, generalization 

2.9. Thematic Synthesis Strategy 

Because the retained studies used diverse methods and evaluation settings, a quali-
tative thematic synthesis was used instead of statistical meta-analysis. Based on the data 
extraction, the 82 retained studies were classified into eight distinct analytical categories: 

1. Smart forestry, precision forestry, and digital transformation (10 records); 
2. Selective harvesting, thinning, and forest-harvester operations (12 records); 
3. RGB and computer-vision methods for tree detection (12 records); 
4. LiDAR, point-cloud processing, and tree localization (15 records); 
5. Multimodal sensing and RGB–LiDAR fusion (10 records); 
6. Edge AI, robotics, and operator-facing deployment (6 records); 
7. Decision-support systems, optimization, and tree selection (8 records); 
8. Forecasting, growth modeling, and Digital Twin-oriented forestry (9 records). 

Each study was assigned to one primary thematic category for counting purposes, 
although some studies contributed conceptually to more than one section of the synthesis. 
This framework was then used to structure the state-of-the-art synthesis in the following 
section, which serves as the blueprint for the proposed reference architecture. 

2.10. Methodological Scope and Limitations 

While this review was structured to be as comprehensive as possible across several 
disciplines, several inherent limitations also should be acknowledged. First of all, restrict-
ing the search to English-language, peer-reviewed literature means that valuable regional 
research published in other languages may have been missed. Also, the primary 2015–
2026 window inherently prefers modern deep learning developments, meaning some 
older, conceptually foundational papers may be underrepresented unless revealed via ci-
tation snowballing. Another point is the lack of standardized terminology across forestry, 
robotics, and computer science means that, despite running three distinct search families, 
some studies, which might use highly niche or unconventional phrasing, may have been 
omitted. 

At last, it should be mentioned that technologies such as multimodal sensor fusion 
and Digital Twins are evolving at a high speed. As a result, this review should be viewed 
as a snapshot of the literature up to 1 May 2026, rather than an exhaustive endpoint for 
the field. 
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3. Results: State-of-the-Art Landscape of AI-Assisted Selective  
Harvesting and Smart Forest Management 
3.1. Literature Landscape and Thematic Taxonomy 

The 82 retained studies show that research relevant to AI-assisted selective harvest-
ing is not concentrated in a single disciplinary stream. In contrast, the field is distributed 
across smart forestry, precision forestry, remote sensing, computer vision, LiDAR-based 
forest inventory, forest-machine assistance, optimization, and digital-forestry forecasting. 
Smart-forestry and Forest 4.0 studies provide the broader conceptual frame, emphasizing 
that forestry digitalization depends on coordinated sensing, data quality, interoperability, 
and human-centered decision support rather than on isolated digital tools [1–8]. 

Within this landscape, selective harvesting occupies a particularly demanding posi-
tion. It requires tree-level observations, local spatial awareness, operator-facing interpre-
tation, and silvicultural decision logic. Recent studies on mobile LiDAR thinning-density 
assistance, onboard LiDAR in cut-to-length harvesting, harvester-mounted mobile laser 
scanning, and automated thinning-tree selection demonstrate that the operational forestry 
community is beginning to move from post facto analysis toward real-time or near-real-
time assistance for machine operators [13–17]. 

The retained studies were grouped into eight thematic groups (Table 2). The first 
group concerns the digital transformation of forestry and precision forestry concepts. The 
second group focuses on selective harvesting, thinning, and forest-harvester operations. 
The third and fourth groups address AI-based visual perception and LiDAR-based tree 
localization. The fifth group covers multimodal fusion, especially RGB-LiDAR and multi-
source remote-sensing integration. The sixth group concerns edge AI, robotics, localiza-
tion and operator-facing deployment. The seventh group addresses decision-support sys-
tems and optimization. The last, the eighth group, covers forecasting, growth modeling 
and Digital Twin-oriented forest management. This taxonomy provides the structure for 
the following synthesis. 

Table 2. Main thematic streams identified in the retained literature and their relevance to AI-assisted 
selective harvesting. 

Thematic Stream Typical Focus Contribution to Selective Har-
vesting 

Main Unresolved 
Limitation 

Representative 
References 

Smart forestry and 
Forest 4.0 

Digital transformation, 
IoT, precision forestry, 

human-centered AI 

Provides the conceptual basis 
for intelligent and interoperable 

forest operations 

Often remains at con-
ceptual, infrastruc-
ture, or stand-man-

agement level 

[1–8] 

Selective harvesting 
and forest operations 

Thinning, cut-to-length 
harvesting, harvester as-
sistance, operational con-

straints 

Defines the practical decision 
environment for operator sup-

port 

Limited integration 
with real-time per-

ception and forecast-
ing 

[13–24] 

RGB and computer 
vision 

Tree detection, crown de-
lineation, trunk recogni-
tion, tree-species classifi-

cation 

Provides semantic tree-level 
perception 

Sensitive to occlu-
sion, lighting, view-
point changes, and 
lack of metric depth 

[25–38] 

LiDAR and point 
clouds 

Stem mapping, localiza-
tion, DBH/height proxies, 

structural attributes 

Provides geometry, local tree 
position, and structural context 

Computational bur-
den, calibration, and 
field robustness re-
main challenging 

[10–12,39–54] 
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Multimodal fusion 
RGB-LiDAR, LiDAR-hy-
perspectral, multi-plat-

form mapping 

Combines semantic and geomet-
ric evidence into tree-level enti-

ties 

Requires calibration, 
synchronization, and 
more complex data 

handling 

[10,55–62,65] 

Edge AI and deploy-
ment 

Onboard inference, robot-
ics, localization, operator 

interfaces 

Supports real-time operation 
under field constraints 

Few complete ma-
chine-mounted sys-
tems have been vali-

dated in forestry 

[13–
15,47,48,53,63–

67] 

Decision support and 
optimization 

MCDM, tree-level optimi-
zation, thinning rules, 

harvesting-system selec-
tion 

Transforms sensing outputs into 
actionable management recom-

mendations 

Often disconnected 
from real-time sens-

ing streams 
[16–20,68–74] 

Forecasting and digi-
tal forestry 

Growth modeling, Digital 
Twin concepts, scenario 
analysis, future harvest 

assessment 

Links current interventions to 
future stand condition and har-

vest potential 

Operational Digital 
Twin implementa-
tions remain imma-

ture 

[75–84] 

3.2. Multimodal Sensing for Tree-Level Assessment 

3.2.1. Image-Based Sensing 

Red–green–blue (RGB) imagery remains the most accessible sensing modality for 
tree-level visual interpretation. It supports tree-crown detection, trunk recognition, and 
tree-species classification, as well as operator-oriented visualization. Reviews of CNN-
based individual-tree crown detection and drone-based tree-species identification confirm 
that image data continue to prevail in many deep learning forestry workflows because of 
their relatively low cost, direct interpretability and compatibility with already well-estab-
lished detection and segmentation models [25,26]. 

Nevertheless, RGB data alone are insufficient for many selective-harvesting tasks. In 
general, forest scenes present strong occlusion, irregular lighting, repeated stem-like 
structures, and background clutter. Even though aerial RGB studies have achieved strong 
results in crown detection and delineation [29–32,38], the ground-level and machine-
mounted perspective, which is more difficult because trees are partially visible, overlap 
strongly, and are observed from a moving platform, still remains understudied. For this 
reason, RGB imaging is best understood as a semantic perception channel rather than as 
a complete standalone basis for selective-harvesting decisions. 

3.2.2. LiDAR and Point-Cloud Sensing 

LiDAR complements RGB imaging by providing metric geometry. Terrestrial and 
mobile point-cloud studies demonstrate that LiDAR can support individual-tree segmen-
tation, stem detection, structural parameter extraction, local forest mapping and spatial 
structure assessment [10–12,39–46]. This is central for selective harvesting, where a de-
tected tree must be linked at least to its spatial position and neighbor relationships. It is 
also useful to evaluate machine accessibility and measurable structural attributes. 

The operational relevance of LiDAR is particularly evident in recent harvester-ori-
ented studies. Sagar et al. investigated onboard LiDAR applications for cut-to-length har-
vesting [14], while Faitli et al. integrated a mobile laser scanning system with a forest har-
vester to support localization and tree-stem measurements [15]. Pohjala et al. evaluated a 
mobile LiDAR-based thinning-density assistant and demonstrated that the technology 
can directly support harvester operators during thinning [13]. These and other studies in 
the field indicate that mobile and machine-mounted LiDAR are moving from inventory-
focused research toward operational decision assistance. 
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3.2.3. Complementary Sensing for Operational Forestry 

The reviewed literature supports a complementary sensing strategy rather than a sin-
gle-sensor design. RGB imaging is better suited for visual recognition and operator inter-
pretation, while LiDAR provides distance, geometry, and local spatial structure. Multi-
modal studies combining LiDAR, RGB, hyperspectral, multispectral, or multi-platform 
data show that fusion can improve tree segmentation, species classification, structural es-
timation and the extraction of semantic attributes [8,55–62,65]. For selective harvesting, 
the key value of fusion is not simply higher classification accuracy, but the creation of 
actionable tree-level objects that may combine several valuable parameters, including 
identity, location, structural attributes and local context. Table 3 summarizes the relevance 
of major sensing modalities for AI-assisted selective harvesting. 

Table 3. Comparative relevance of major sensing modalities for AI-assisted selective harvesting. 

Sensing Modality Typical Focus Main Limitation Contribution to Selec-
tive Harvesting 

Representative 
References 

RGB camera 
Visual semantics, appear-
ance, tree/trunk detection, 

operator display 

No direct metric depth; 
sensitive to illumination 

and occlusion 

Essential baseline for se-
mantic recognition [25–38,63] 

UAV or aerial im-
agery 

Stand-scale context, crown 
mapping, species and bio-

mass assessment 

Limited correspondence 
with machine-level ground 

perspective 

Useful for planning and 
model pretraining, less 
sufficient for real-time 

harvester guidance 

[25–32,38,55–62] 

Terrestrial laser 
scanning 

Dense 3D forest structure 
and high-quality reference 

data 

Mostly static or survey-ori-
ented; limited direct opera-

tional use 

Important for reference 
datasets and algorithm 

validation 
[10–12,40–46,54] 

Mobile or harvester-
mounted LiDAR 

Tree position, local map-
ping, stem measurements, 

machine localization 

Requires robust calibra-
tion, processing, and field 

integration 

Highly relevant to real-
time selective-harvesting 

support 
[13–15,39,47–54] 

Multimodal sensing 
Combines semantics, ge-
ometry, and structural at-

tributes 

Increased calibration, syn-
chronization, and data-

management complexity 

Most promising pathway 
toward actionable tree-
level decision support 

[10,55–62,65] 

3.3. AI Methods for Individual-Tree Detection and Characterization 

3.3.1. Deep Learning-Based Tree Detection 

Deep learning has become the dominant paradigm for tree detection and characteri-
zation. Systematic reviews show that convolutional neural network-based methods have 
substantially improved individual-tree detection and crown delineation compared with 
classical image-processing methods [25,26]. One-stage detectors, including YOLO-type 
models, are particularly attractive for forestry applications because they provide a favor-
able balance between inference speed and detection performance, as illustrated by recent 
studies using YOLO-based models for tree detection and trunk recognition [27,28,33,34]. 

However, the literature also shows that high performance in aerial or satellite im-
agery does not automatically translate into robust harvester-mounted perception. 
Ground-level scenes introduce partial visibility, moving viewpoints, shadows, understory 
clutter, and occlusion by neighboring stems or branches. These factors can reduce detec-
tion reliability and make direct transfer from aerial or satellite benchmarks unreliable. 
Therefore, one-stage detectors are best interpreted as strong baseline models for future 
harvester systems, while their performance must be validated under operational field con-
ditions rather than assumed from remote-sensing benchmarks alone. 
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3.3.2. Cross-Perspective Domain Shift in Harvester-Mounted Perception 

A key reason for degraded transfer from aerial or unmanned aerial vehicle datasets 
to harvester-mounted perception is cross-perspective domain shift. Aerial and UAV im-
agery often represents trees as crowns or canopy objects observed from above. In contrast, 
a harvester-mounted camera observes stems, lower crowns, branches, understory vegeta-
tion, machine parts, shadows, and partially visible tree structures from a moving ground-
level or oblique perspective. This changes the visible object geometry, the spatial scale of 
candidate trees, the occlusion pattern, and the relationship between the labeled object and 
the operational decision [25–38,63]. 

The target definition also changes. In aerial tree-detection studies, the label is often 
an individual crown or crown boundary. In selective harvesting, the relevant object may 
be a stem, a tree candidate, a retained tree, or a tree marked for possible removal. This 
creates a label-space mismatch: a detector trained to recognize crown-like image regions 
may not reliably identify partially visible trunks or lower-crown structures needed for 
harvester assistance. Ground-level perception must also tolerate motion blur, vibration, 
rapidly changing distance, strong illumination gradients under the canopy, seasonal var-
iation, and obstruction by neighboring trees or understory vegetation [33,34,63–67]. 

For this reason, performance indicators reported for aerial or offline datasets should 
not be treated as direct evidence of field readiness for selective harvesting. The more rel-
evant evaluation setting is a machine-perspective dataset collected from ground-level or 
harvester-mounted sensors, preferably synchronized with LiDAR and annotated not only 
for tree presence but also for operational relevance. This does not reduce the value of aer-
ial datasets; they remain useful for pretraining, stand-level context, and broader forestry 
mapping. However, harvester-mounted decision support requires additional domain ad-
aptation and field validation. 

3.3.3. Feature Adaptation Strategies for Lightweight Logging-Scenario Models 

Lightweight detection models for logging scenarios should be optimized for the fea-
tures that remain stable under ground-level, machine-mounted forest observation. In con-
trast to aerial crown detection, selective-harvesting assistance requires stronger attention 
to stems, lower-crown geometry, visible bark and branching patterns, local tree spacing, 
and partial tree evidence. Therefore, feature adaptation should prioritize trunk- and stem-
oriented representations, multi-scale features for trees located at different distances, and 
robustness to occlusion and background clutter [33,34,63]. 

Based on the reviewed literature, several practical directions for adaptation arise. The 
most important thing is that training datasets must shift away from a strict reliance on 
aerial data to incorporate ground-level or harvester-perspective imagery. To ensure real-
world robustness, data augmentation strategies should actively simulate field-specific 
degradations. This means accurately reproducing conditions such as shadows, sun 
patches, motion blur, airborne dust, partial occlusions, dense undergrowth, seasonal var-
iations, and fluctuating camera distances. Also, model architectures must be designed to 
maintain low latency while simultaneously improving their sensitivity to challenging fea-
tures, particularly thin vertical structures and partially obscured objects. For the systems, 
when LiDAR is available, leveraging geometric constraints offers significant advantages; 
these constraints can be used to filter candidate regions, facilitate distance-aware interpre-
tation, and accurately map image-based detections to localized point-cloud clusters [13–
15,39–54,63]. 

In operational terms, the most important metric may not be only mean average pre-
cision on an offline test set. A harvester-oriented detector should be evaluated by missed 
candidate trees, false candidate recommendations, temporal stability across frames, infer-
ence latency, and the reliability of subsequent association with LiDAR-derived tree ob-
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jects. This means that lightweight models should be optimized for the full perception-to-
decision chain rather than for image detection alone. 

3.3.4. Instance Segmentation and Tree-Level Delineation 

Instance segmentation methods, especially Mask R-CNN-based workflows, are im-
portant when the objective is to separate individual trees or crowns rather than simply 
detect tree-containing regions. Several studies demonstrate the usefulness of Mask R-
CNN for individual-tree crown delineation, live/dead tree classification, biomass-related 
assessment, and multi-temporal crown mapping [29–32]. These methods are particularly 
relevant to dense or overlapping stands, where bounding boxes may be insufficient to 
separate adjacent trees. 

For selective harvesting, instance segmentation can support more reliable RGB-Li-
DAR association by providing more precise object boundaries. Its main drawbacks are the 
higher annotation burden and greater computational cost. Consequently, segmentation 
appears most suitable as an advanced component for difficult scenes, dataset preparation, 
or validation subsets, while lightweight detection models may remain preferable for real-
time onboard operation. 

3.3.5. Ground-Level and Deployment-Oriented Visual Perception 

A smaller but particularly relevant part of the literature addresses ground-level trunk 
detection and deployment-oriented visual perception. Lightweight trunk-recognition 
models and forest robotics studies show that real-time or near-real-time perception is tech-
nically feasible, but accuracy must be balanced against latency, hardware limitations, and 
environmental variability [33,34,63]. This research direction is important for harvester-
oriented systems because operator assistance requires timely and interpretable outputs, 
not only high offline benchmark scores. 

Table 4 summarizes the main AI perception families and their expected roles in se-
lective harvesting systems. 

Table 4. Main AI perception families and their expected roles in selective-harvesting systems. 

AI/Model Family Typical Output Main Strength Main Limitation Recommended Role Representative 
References 

One-stage object 
detectors 

Bounding boxes 
and confidence 

scores 

Fast inference and 
mature implemen-
tation ecosystem 

Less precise sepa-
ration in dense or 

overlapping 
scenes 

Operational baseline for 
onboard tree/trunk detec-

tion 
[27,28,33,34] 

Convolutional 
segmentation and 

Mask R-CNN-
based workflows 

Per-object masks 
and bounding 

boxes 

Better delineation of 
individual crowns 

or trees 

Higher annotation 
and computa-

tional cost 

Advanced analysis for 
dense stands and validation 

datasets 
[29–32] 

Multisource clas-
sification models 

Species or condi-
tion labels 

Combines visual 
and structural cues 

Often trained in 
aerial or survey 

contexts 

Useful for extending pine-
only detection toward 

broader species recognition 

[35–38,55–
62,65] 

Lightweight 
ground-level de-

tectors 

Stem/trunk can-
didates 

Good fit for edge 
deployment and 

machine perception 

Narrower repre-
sentation of full 
tree condition 

Practical component for 
real-time harvester assis-

tance 
[33,34,63] 

Harvester-per-
spective-adapted 

models 

Tree or stem 
candidates with 
field-oriented 

confidence 
scores 

Better alignment 
with machine-

mounted percep-
tion and opera-

tional constraints 

Requires dedi-
cated ground-

level datasets and 
validation 

Preferred direction for fu-
ture selective-harvesting 

prototypes 

[13–
15,33,34,47,53,6

3–67] 
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3.4. LiDAR-Based Localization and Tree Attribute Extraction 

LiDAR-based localization and attribute extraction form one of the most important 
technical foundations for AI-assisted selective harvesting. Mobile LiDAR studies show 
that point clouds can be used in many forestry applications, such as forest inventory, 
stem-attribute estimation, operational mapping and related tasks [39,49,52]. Ground-
based and terrestrial point-cloud studies further demonstrate the potential of deep learn-
ing and geometric methods for tasks such as individual-tree segmentation, trunk detec-
tion and structural parameters extraction [40–46,54]. 

The relevance of these methods increases when they are connected to forest-machine op-
eration. Harvester-mounted mobile laser scanning has been used for tree-stem measurements 
and localization [15], while recent work on LiDAR-enabled tree-map matching addresses real-
time and drift-free harvester positioning [53]. Such approaches are important because a selec-
tive-harvesting assistant must identify not only whether a tree is visible, but also where the 
tree is located relative to the machine and to other retained or candidate stems. 

At the same time, LiDAR-based processing remains challenging. Dense point clouds 
can be computationally demanding, and forest scenes contain leaning stems, occlusion, 
understory vegetation, variable terrain, and irregular point density. Reviews of terrestrial 
point clouds and software tools note that reproducibility, benchmark availability, and ro-
bust processing workflows remain important barriers [10–12]. Therefore, the most practi-
cal near-term strategy is to combine interpretable point-cloud preprocessing and cluster-
ing with AI-based visual perception, rather than relying immediately on a fully end-to-
end learned 3D forest-understanding pipeline. 

A direct universal quantitative comparison between geometric trunk extraction and 
deep learning instance segmentation cannot be reported from the reviewed literature be-
cause the available studies differ in scanner type, point density, species composition, plat-
form motion, hardware, annotation protocol, and evaluation metrics [40–48,54]. Never-
theless, the reviewed evidence supports a clear operational trade-off. Geometric prepro-
cessing and clustering are usually more interpretable and better suited to low-latency 
onboard filtering, but they can be brittle under occlusion, leaning stems, and irregular 
point density. Deep learning-based 3D segmentation has stronger potential for complex 
forest structures when trained on suitable datasets, but it requires more annotated data, 
higher computational resources, and careful validation before field deployment. For se-
lective harvesting, a hybrid workflow is, therefore, the most defensible near-term ap-
proach: use geometric rules and clustering to extract candidate spatial objects, and use 
image-based or multimodal AI to improve semantic interpretation and decision relevance. 

The trade-offs between geometric point-cloud extraction, deep learning segmenta-
tion and hybrid approaches for selective-harvesting support derived from this review are 
summarized in Table 5. 

Table 5. Review-based trade-offs between geometric point-cloud extraction, deep learning segmen-
tation and hybrid approaches for selective-harvesting support. 

Approach Expected Accu-
racy Profile 

Expected La-
tency  

Profile 
Field Robustness Interpreta-

bility 
Main Limitation Representative 

References 

Geometric rule-
based stem extrac-

tion 

Moderate to high 
when stems are 

clear and approxi-
mately cylindrical 

Low to moder-
ate; suitable for 
preprocessing 

Sensitive to lean-
ing stems, occlu-

sion, under-
growth, and irreg-
ular point density 

High  
May fail in com-
plex or cluttered 

stands 
[40,51,54] 

Clustering with 
model fitting 

Moderate; useful 
for separating 

Moderate, de-
pending on 

Moderate; param-
eter-sensitive un-

High to 
moderate 

Requires careful 
tuning and may 

[39,40,49,52] 
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nearby spatial ob-
jects 

point density 
and clustering 

parameters 

der dense under-
story 

merge or split 
stems incorrectly 

Deep learning-
based 3D instance 

segmentation 

Potentially high 
on suitable anno-

tated datasets 

Moderate to 
high computa-

tional load; 
hardware-de-

pendent 

Potentially strong 
in complex struc-
ture, but dataset-

dependent 

Lower than 
geometric 
methods 

Requires labeled 
point-cloud da-
tasets and field 

validation 

[41–45] 

Mobile or har-
vester-mounted 
mapping pipe-

lines 

Moderate to high 
for localization 
and stem map-
ping when cali-

brated 

Depends on sen-
sor rate, localiza-

tion pipeline, 
and onboard 

hardware 

Field-relevant but 
sensitive to cali-

bration, vibration, 
and platform mo-

tion 

Moderate 

Requires ma-
chine integration 
and robust syn-

chronization 

[13–
15,47,48,53] 

Hybrid geometric 
preprocessing 
plus AI visual 

perception 

Balanced; com-
bines spatial filter-
ing with semantic 

interpretation 

Moderate; more 
deployable than 
full end-to-end 

3D learning 

More robust than 
either modality 

alone if calibration 
is stable 

Moderate to 
high 

Requires sensor 
synchronization 
and association 

logic 

[10–
15,33,34,39–

54,63–67] 

This table should not be interpreted as a universal numerical benchmark. Instead, it 
summarizes the trade-offs identified in this review and should guide future quantitative 
experiments. A controlled harvester-oriented benchmark should report tree-detection 
precision and recall, stem-localization error, instance association accuracy, end-to-end la-
tency, dropped-frame rate, and robustness under occlusion, vibration, illumination 
change, and different stand densities. 

3.5. Multimodal Fusion of Image and Laser Scanning Data 

Multimodal fusion is repeatedly identified as a key direction in smart forestry and 
forest-resource monitoring [8,60]. Fusion is especially relevant for selective harvesting be-
cause the system must combine semantic recognition with geometric localization. RGB 
imagery can identify likely tree or species candidates, while LiDAR can provide position, 
distance, structural context and other spatial parameters. Studies using UAV LiDAR, 
RGB, hyperspectral, multispectral, and other sources demonstrate that fused data can im-
prove many typical tasks for smart forestry, such as tree segmentation, species classifica-
tion, and structural parameter extraction [55–62,65]. 

The reviewed studies suggest three general fusion strategies: early fusion, feature-
level fusion, and late fusion. Early and feature-level fusion may extract richer joint repre-
sentations, but they require well-aligned multimodal datasets, careful calibration, and 
more complex training. Late fusion, in which independently produced detections and Li-
DAR objects are associated after separate processing, is more modular and interpretable. 
For an initial harvester-oriented implementation, late RGB-LiDAR fusion is, therefore, the 
most realistic starting point. It allows visual detections to be linked with LiDAR-derived 
clusters, local tree coordinates, and structural descriptors, while preserving transparency 
for operator-facing decision support. 

The main unresolved issue is that most multimodal forestry studies are still oriented 
toward inventory, species mapping, or aerial/survey workflows rather than real-time for-
est-machine operation. The next research step is, therefore, not only improving fusion ac-
curacy, but also validating whether fusion outputs can reliably support thinning, cut/keep 
recommendations, and operator decisions under moving-machine conditions. 
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3.6. Edge Computing and Real-Time Forestry Deployment 

Real-time deployment is a defining requirement for AI-assisted selective harvesting. 
Forest operations often occur in areas with unreliable connectivity, variable lighting, vi-
bration, dust, changing machine viewpoints, variable weather and seasonal variation. 
Therefore, many critical functions must be executed locally on the machine rather than 
relying on cloud processing. Edge AI studies and forestry robotics research show that 
onboard inference is feasible for trunk detection and forest-monitoring tasks, although 
model selection must consider latency, power use, memory, and robustness [63,67]. 

The edge-AI study by da Silva et al. is particularly relevant because it evaluates tree-
trunk detection across deployment-oriented hardware categories [63]. Real-time assistance 
using augmented reality (AR) or operator displays has also been explored for forest harvest-
ers, suggesting that human–machine interaction is becoming a practical research topic ra-
ther than a purely conceptual addition [64]. These works support the view that the near-
term role of AI in harvesting should be human-in-the-loop assistance, not full autonomy. 

The human-centered forestry AI literature reinforces this point. Forestry 5.0 empha-
sizes the role of expert users, explainability, and operator acceptance [5]. In selective har-
vesting, this means that AI should help operators maintain thinning targets, identify can-
didate trees, detect structural conditions, and reduce cognitive burden. Final responsibil-
ity, however, still remains with the human operator. 

3.7. Decision-Support Approaches for Selective Harvesting 

The reviewed literature shows that currently, decision-support systems in forestry 
address ecosystem services, planting, harvesting-system selection, multi-criteria analysis, 
and management planning in typical scenarios [22,68,69]. However, many DSS ap-
proaches operate at stand or planning scales and are not directly connected to real-time 
machine perception. This creates a gap between sensing outputs and operational recom-
mendations. 

Selective harvesting requires decisions about individual trees under several con-
straints, the most important of which are silvicultural, ecological, operational and eco-
nomic. Recent optimization studies show that tree-level decisions can be formalized 
through mathematical programming, spatial connectivity constraints, and multi-objective 
models, as well as optimization of thinning or harvesting operations [18–20,70–74]. These 
studies demonstrate that algorithmic tree selection is an established and growing research 
direction. 

The most directly relevant examples link sensing-derived structural information with 
thinning decisions. Lee et al. developed and evaluated a thinning tree-selection system 
using optimization techniques and multi-platform LiDAR data [16], while Yang et al. pro-
posed an automated forest-thinning framework for selective harvesting at the individual-
tree level [17]. These studies implement a decision-support structure in which candidate 
trees are first detected and localized, then filtered by retention rules, ranked by utility or 
competition indicators, and finally presented to the operator as cut/keep recommenda-
tions. For a forest-harvester assistant, the decision layer should therefore be constraint-
aware, interpretable and configurable according to the current silvicultural objective. 

3.8. Forecasting and Digital-Forestry Extensions 

The reviewed literature also indicates that smart harvesting systems should eventu-
ally connect immediate tree-level decisions with longer-term forest development. Digital 
Twin concepts have been reviewed for agriculture and forestry [75]. Forest-specific Digital 
Twin frameworks generally propose the integration of spatiotemporal data, simulation 
and interactive management environments [76,77]. These studies are important because 
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they suggest that future forest machines may become data-generating nodes within 
broader digital forestry systems. 

However, Digital Twin claims should be treated carefully. Operational Digital Twins 
for forest-harvester decision support are not yet mature. More realistic near-term ap-
proaches include forecasting-oriented smart management, growth-model emulation, and 
scenario analysis using updated tree or stand descriptors [78–84]. Deep learning ap-
proaches to forest growth retrieval, LiDAR-optical structure monitoring, biomass estima-
tion and harvest-practice identification demonstrate how sensing data may support 
longer-term planning beyond immediate harvesting operations [79–84]. 

Accordingly, this review frames forecasting as a digital-forestry-ready extension ra-
ther than as a fully implemented Digital Twin layer. The most realistic pathway is to ag-
gregate tree-level perception outputs into stand-state descriptors, update those de-
scriptors after thinning actions, and use growth or scenario models to estimate future har-
vest potential over a 5–10-year horizon. This approach connects selective harvesting with 
smart forest management while avoiding overstatement of the current maturity of Digital 
Twin implementations. 

3.9. Synthesis of the State of the Art 

The reviewed evidence highlights the following integration-relevant findings. 
Tree-level perception has advanced substantially, but most computer-vision studies 

remain aerial, static, or offline rather than harvester-mounted and operational [25–38]. As 
a result, cross-perspective domain shift remains a key barrier for transferring models from 
aerial or UAV images to moving ground-level harvester perception. 

Next, LiDAR and mobile point-cloud processing provide the strongest basis for spa-
tial localization, stem mapping, and structural-attribute extraction, especially from mobile 
or machine-mounted platforms [13–15,39–54]. However, the reviewed literature does not 
yet provide a single controlled benchmark that quantifies the accuracy–latency–robust-
ness trade-off across geometric trunk extraction, deep learning segmentation, and hybrid 
workflows under identical harvesting conditions. 

Multimodal fusion is well justified because selective harvesting requires both seman-
tic interpretation and metric geometry [10,55–62,65]. The most realistic near-term direc-
tion is interpretable late fusion, in which image detections are associated with LiDAR-
derived tree objects, while deeper learned fusion remains a future research path. 

Decision-support and optimization methods are mature enough to support transpar-
ent tree-selection logic, but they remain insufficiently connected to real-time sensing 
streams [16–20,68–74]. 

Finally, forecasting and Digital Twin-oriented approaches provide an important long-
term extension, but the current state of the field supports a staged, forecasting-oriented in-
terpretation rather than claims of fully mature forest-harvester Digital Twins [75–84]. 

Together, these findings inform the next section of the manuscript, which synthesizes 
the evidence into a review-derived reference architecture for AI-assisted selective harvest-
ing. The architecture should therefore be understood not as a fully validated final system, 
but as an integrative framework that organizes the most promising sensing, perception, 
fusion, decision-support, and forecasting approaches into a coherent direction for future 
smart forest-management systems. 
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4. Integrative Synthesis: Reference Architecture for AI-Assisted  
Selective Harvesting 

The previous section showed that the relevant literature has not yet converged into 
one fully validated harvester-mounted system. Instead, it provides several mature or 
emerging building blocks: smart-forestry sensing, RGB and LiDAR-based tree perception, 
ground-level and machine-mounted mapping, decision-support methods for thinning 
and tree selection, and forecasting-oriented digital-forestry concepts. The purpose of this 
section is, therefore, not to claim a completed technological solution, but to synthesize 
these building blocks into a review-derived reference architecture for future AI-assisted 
selective harvesting systems. This synthesis follows the evidence base identified in the 
PRISMA-informed review and is intended as a conceptual bridge between current re-
search and future experimental implementation [1–8,13–18,63–76]. 

The proposed reference architecture is framed as an operator-support and forest-
management system rather than as a fully autonomous harvesting controller. Recent work 
on Forestry 5.0 and human-centered artificial intelligence emphasizes that digital systems 
should support expert decision-making, transparency, and human oversight in complex 
forest environments [5]. Similarly, operational studies on thinning assistance and onboard 
LiDAR indicate similar trends: the most realistic near-term role of AI is to improve situa-
tional awareness, reduce decision uncertainty, and support the consistent application of 
silvicultural prescriptions [13–16]. 

4.1. Design Principles Derived from the Review 

The reference architecture is based on six design principles derived from the re-
viewed literature. The first design requirement is to operate at the tree level. Selective 
harvesting and thinning decisions are not made only at stand scale; they require identify-
ing individual trees, estimating their local context, evaluating them against retention or 
removal criteria and supporting future stand-development estimates. This requirement is 
supported by recent studies, including individual-tree optimization, the use of LiDAR-
derived thinning-tree selection, and implementations of automated thinning frameworks 
[16–20,70,71]. For the proposed architecture, tree-level operation also provides the link 
between immediate cut/keep recommendations and future stand-development estimates. 

Next, the system should combine semantic and geometric perception. RGB imaging 
and computer vision provide visual and species-related cues, while LiDAR and point-cloud 
processing provide distance, position, and structure. Reviews of smart forestry and LiDAR 
data fusion show that robust digital-forestry workflows increasingly depend on multimodal 
sensing rather than a single sensor channel [2,8,9,55–62,65]. For this reason, RGB–LiDAR 
fusion is treated as a core architectural requirement, not as an optional enhancement. 

A further requirement is that the architecture should remain modular. The reviewed 
studies differ in sensing modality, acquisition perspective, AI model family, and deployment 
maturity. A modular architecture allows major components to be improved independently, 
such as RGB detection, LiDAR clustering, fusion, decision support and forecasting. At the 
same time, all mentioned components are still contributing to a common operational work-
flow. This is especially important because AI perception models evolve quickly, whereas for-
estry decision rules and operational constraints may remain more stable [4,25–33,63]. 

A further design principle is that the system should preserve human-in-the-loop control. 
Forest operations involve multiple different considerations, including economic, ecological, 
safety and regulatory, that cannot be fully reduced to a detection score. Therefore, AI outputs 
should be presented as recommendations, confidence cues, or decision aids for operators and 
managers, but not as unqualified automatic commands. This is consistent with human-cen-
tered Forestry 5.0 concepts and recent work on harvester operator assistance [5,13,64]. 



Forests 2026, 17, 840 20 of 37 
 

https://doi.org/10.3390/f17070840 

Another design principle is deployability under field constraints. Machine-mounted 
systems must tolerate field conditions typical of forestry operations: machinery vibra-
tions, changing illumination during the day or caused by different forestry density, partial 
occlusion, dust, variable weather and seasonal conditions, and limited connectivity. The 
reviewed literature related to edge AI and mobile forest robotics indicates that real-time 
or near-real-time processing must be handled locally whenever possible, with offline 
training and model updates performed separately [14,15,47,48,53,63,67]. 

Finally, the architecture should connect current actions to future stand development. 
Selective harvesting affects important forestry indicators and features such as future 
growth, structural diversity and harvest potential, which are important for smart planning. 
Digital Twin and forecasting studies suggest that tree-level observations and harvesting ac-
tions can gradually feed into digital-forestry-ready models, although full Digital Twin im-
plementation remains an emerging direction rather than a mature standard [6,75–83]. 

4.2. Review-Derived Reference Architecture 

Based on these principles, the proposed architecture can be organized into the fol-
lowing six functional layers: sensing, perception, localization and fusion, decision sup-
port, forecasting and deployment. These layers are not independent research topics, but 
they are connected components of a sensing-to-decision pipeline. The architecture begins 
with multimodal data acquisition from RGB cameras and LiDAR sensors, proceeds 
through AI-based tree detection and point-cloud processing, combines these outputs into 
a local tree map and then converts the tree-level representation into operator-facing 
cut/keep recommendations and longer-term management information. 

In this architecture (Figure 2), the forest harvester acts as a mobile observation and 
decision-support node. It collects local information from the operational environment, 
constructs a machine-local representation of visible and measurable trees, and eventually 
assists the operator in applying thinning or selective-harvesting objectives. This interpre-
tation is supported by studies on harvester-mounted mobile laser scanning, onboard Li-
DAR applications in cut-to-length harvesting, and thinning-density assistance systems 
[13–15]. At the same time, the architecture remains connected to broader smart-forestry 
and forest-management goals by allowing data export, model updating, and stand-level 
forecasting [2,7,75,76]. 

 

Figure 2. Overall reference architecture of the AI-assisted selective harvesting system, showing the 
forest-harvester platform, RGB and LiDAR sensing, onboard edge processing, local storage, opera-
tor interface, offline training workstation, and optional external database or cloud synchronization. 
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The proposed architecture layers were derived from the review results and are de-
tailed in Table 6. 

Table 6. Review-derived architecture layers and their evidence base. 

Architecture Layer Main Function Representative Evidence Base Implication for the Proposed 
System 

Sensing layer 
Acquire visual and geometric 

information from the local 
forest environment. 

Smart forestry and sensor integra-
tion studies; LiDAR fusion and 

point-cloud reviews [1–8,10–12]. 

Use RGB imaging and 3D Li-
DAR as complementary 

sources rather than competing 
alternatives. 

AI perception layer 
Detect and characterize visi-
ble tree instances from image 

data. 

Deep learning detection, segmen-
tation, and lightweight trunk-de-

tection studies [25–38,63]. 

Begin with real-time detection, 
with segmentation reserved 

for dense or ambiguous 
scenes. 

Localization and fu-
sion layer 

Associate detected trees with 
LiDAR-derived spatial ob-
jects and construct a local 

tree map. 

Harvester-mounted MLS, ma-
chine localization, RGB–LiDAR 
fusion, and point-cloud studies 

[13–15,39–62,65]. 

Prefer interpretable late fusion 
as the first deployable strategy, 
with deeper fusion as a future 

upgrade. 

Decision-support layer 

Convert tree-level observa-
tions into cut/keep recom-
mendations under silvicul-
tural and operational con-

straints. 

Thinning-tree selection, individ-
ual-tree optimization, DSS, and 

multi-criteria decision studies [16–
20,68–74]. 

Use transparent constraint-
aware ranking or optimization 
rather than opaque automatic 

decisions. 

Forecasting layer 

Aggregate current tree and 
stand states into future har-
vest or stand-development 

estimates. 

Growth, biomass, harvesting-re-
gime, and Digital Twin-oriented 

studies [6,75–83]. 

Treat forecasting as a staged 
digital-forestry extension, not 

as a fully mature harvester 
Digital Twin. 

Deployment layer 
Separate field inference from 
offline training, storage, and 

model updating. 

Edge AI, mobile robotics, har-
vester assistance, and localization 
studies [13–15,47,48,53,63,64,67]. 

Run operational inference 
onboard; perform training, 

benchmarking, and major up-
dates offline. 

The architecture presented in Table 6 reflects the synthesis of the reviewed literature 
rather than a fixed implementation. Its purpose is to identify the minimum functional 
chain required to move from sensing to selective-harvesting support. Depending on budg-
ets, site conditions, and management objectives, some components may be simplified. For 
example, a reduced-cost prototype could use fewer cameras or a simpler LiDAR configu-
ration, whereas a research-grade system should prioritize 3D LiDAR, synchronized mul-
timodal data, and a structured data-management loop. 

4.3. Suggested Multisensor Configuration 

The sensing configuration should reflect the operational geometry of a forest har-
vester. The reviewed harvester-mounted and mobile mapping studies indicate that sen-
sors must be positioned to observe trees before the harvesting head reaches them, while 
minimizing occlusion from the boom, cabin, and nearby understory [13–15,47,53]. For this 
reason, a cabin-roof configuration is a reasonable reference option: RGB cameras can pro-
vide forward and lateral visual coverage, while a 3D LiDAR can capture the surrounding 
local structure and support machine-local mapping. 

The review supports 3D LiDAR as the preferred geometric sensing option for a full 
research system. Two-dimensional LiDAR may remain useful for low-cost obstacle aware-
ness or simplified stem detection, but it does not preserve enough vertical structure for 
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robust tree separation, height-related descriptors or local stand reconstruction. By con-
trast, terrestrial and mobile point-cloud studies show that 3D LiDAR can support tree 
segmentation, stem extraction, structural parameter estimation, machine localization and 
provide a wider range of information for smart-forestry systems [9,39–54]. 

RGB cameras remain essential because LiDAR geometry alone does not provide the 
same semantic information as visual imagery. RGB and multispectral image-based studies 
demonstrate the usefulness of visual data for tree detection, crown delineation, trunk 
recognition, and species-related classification [25–38]. For the proposed architecture, RGB 
cameras serve as the main semantic channel, and LiDAR provides the spatial channel. 
This division also makes the first fusion layer easier to validate: visual detections can be 
associated with LiDAR-derived clusters or local tree objects rather than relying immedi-
ately on a fully learned multimodal network. 

The proposed harvester-oriented sensor configuration is illustrated in Figure 3. 
The 25 m observation zone should be treated as an illustrative design target rather 

than a universal parameter. Its practical value depends on sensor range, forest density, 
machine speed, terrain, and the degree to which recommendations must be generated be-
fore the operator reaches a candidate tree. In dense stands, useful perception may be lim-
ited by occlusion before sensor range is reached. In more open stands, a larger local map 
may be feasible. The architecture therefore defines the observation radius as a configura-
ble operational parameter rather than a fixed biological or silvicultural threshold. 

 

Figure 3. Illustrative harvester-oriented sensor configuration showing top and side views of the 
harvester, cabin-roof RGB cameras and LiDAR, camera fields of view, LiDAR scanning region, and 
an operational tree-detection zone of up to approximately 25 m. 

4.4. Decision-Support Workflow and Operator-Facing Recommendations 

The decision-support workflow is the central forest-management component of the 
proposed architecture. It converts sensor-derived tree entities into recommendations that 
correspond to a silvicultural task, including selective thinning, removal of competing 
stems, retention of young or protected trees, and maintenance of a target residual density. 
The reviewed DSS and optimization literature shows that such decisions should be repre-
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sented as multi-criteria and constraint-aware rather than as a simple detection/classifica-
tion problem [16–20,68–74]. 

In the proposed architecture, decision support has two closely connected functions. 
The first function is analytical: detected and localized trees must be filtered, ranked, and 
evaluated against the current thinning prescription or management objective. The second 
function is operational: the result of this analysis must be presented to the operator in a 
form that supports field decisions without replacing professional judgment. For this rea-
son, the workflow is divided into the decision-support logic itself and the operator-facing 
interface requirements. 

4.4.1. Decision-Support Logic for Cut/Keep Recommendations 

The workflow begins with a detected and localized tree (Figure 4). From this tree, the 
system estimates or records relevant features such as position, distance from the har-
vester, structural descriptors, species or class label, confidence score, and neighborhood 
context. Depending on available sensors and models, these features may include either 
direct LiDAR measurements or image-based descriptors, or may include derived proxies. 
The tree is then evaluated against preservation constraints, with minimum diameter, min-
imum height, minimum age proxy, habitat-tree designation, seed-tree status, protection 
buffers, and machine-accessibility limitations being the most important constraints. 

After exclusion rules have been applied, the remaining eligible trees can be ranked 
according to a utility or priority score. The score may reflect different parameters, among 
which can be distinguished thinning objectives, competition reduction, economic value, 
spatial distribution, accessibility, and broader management goals. Finally, the ranking is 
constrained by the target removal level, for example, a prescribed thinning percentage. 
This structure is consistent with recent tree-level optimization approaches and LiDAR-
informed thinning-tree selection systems [16–20,70,71]. 

 

Figure 4. Decision-support workflow for selective harvesting. The workflow links detected trees, 
feature estimation, preservation constraints, thinning targets, optimization or ranking, and final 
cut/keep recommendations. 

A key advantage of this workflow is interpretability. The operator can see why a tree 
was excluded, why another tree was ranked as a candidate for removal, and how the rec-
ommendation relates to the thinning objective. This is important because forestry deci-
sions involve not only data but also professional judgment and site-specific priorities. In 
this sense, the proposed system follows the logic of human-centered Forestry 5.0: it assists, 



Forests 2026, 17, 840 24 of 37 
 

https://doi.org/10.3390/f17070840 

structures, and documents decisions, while at the same time keeping the final responsi-
bility with the human operator or forest manager [5,13,64]. 

4.4.2. Operator Interface and Human-in-the-Loop Decision Cues 

For the proposed architecture, the operator interface should be designed as a deci-
sion-support layer rather than as an automated command interface. This distinction is 
important because selective harvesting requires simultaneous consideration of tree attrib-
utes, machine accessibility, residual stand structure, safety, and silvicultural rules. Hu-
man-centered Forestry 5.0 concepts and recent harvester-assistance studies support the 
view that AI should improve operator awareness and decision consistency while preserv-
ing expert control [5,13,64]. 

To reduce cognitive load, the interface should avoid displaying every low-confidence 
detection or every intermediate model output. Instead, it should prioritize a small number 
of operationally relevant tree candidates and present them with clear decision cues. These 
cues should include the recommendation type, confidence level, and the reason for the 
recommendation. For example, the system may present a tree as “candidate for removal: 
high local competition”, “retain: below diameter threshold”, “retain: protected or habitat 
tree”, or “uncertain: operator confirmation required”. This design allows the operator to 
understand the logic behind the recommendation rather than responding to an unex-
plained binary output. 

The interface should also help prevent overreliance on automation. Recommenda-
tions should therefore be expressed as advisory categories rather than automatic com-
mands. Uncertain cases should be visually distinguished from high-confidence recom-
mendations, and the operator should be able to confirm, reject, or override a recommen-
dation. Such overrides should be stored, together with the local tree map and decision 
context, because they can later support model evaluation, dataset improvement, and re-
finement of decision-support rules. 

Table 7 summarizes the proposed operator-interface requirements derived from the 
reviewed evidence and the human-in-the-loop architecture. 

Table 7. Operator-interface requirements for human-in-the-loop selective-harvesting support. 

Interface  
Requirement 

Practical Decision Cue Purpose in Operator Support Evidence Base 

Prioritized candidate 
display 

Show only operationally relevant 
tree candidates rather than all detec-

tions. 

Reduces visual clutter and limits un-
necessary cognitive load. [5,13,64] 

Explainable cut/keep 
reason 

Provide short reason labels such as 
“retain: below threshold” or “candi-

date: high competition”. 

Helps the operator understand why a 
recommendation was produced. [5,16–20,68–74] 

Confidence and uncer-
tainty indication 

Mark uncertain detections or weak 
RGB–LiDAR associations. 

Prevents low-confidence outputs 
from being interpreted as commands. [13–15,63,64] 

Spatial anchoring 
Link recommendations to the visible 

tree position or local tree-map ob-
ject. 

Supports correspondence between the 
display and the real forest scene. 

[13–15,47,53,64] 

Operator confirmation 
and override 

Allow confirm, reject, or override 
actions. 

Maintains human responsibility and 
reduces automation overreliance. [5,13,64] 

Logging of decisions 
and overrides 

Store recommendations, operator 
actions, and context metadata. 

Supports later model evaluation, 
training-data improvement, and au-

ditability. 
[63–67,75–84] 
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4.5. Forecasting-Oriented Extension 

The reviewed literature suggests that selective-harvesting assistance should eventu-
ally extend beyond the immediate cut/keep recommendation. A harvesting action 
changes the residual stand, modifies competition patterns, and influences such important 
parameters such as future growth, biomass, resilience, and harvesting potential. Forecast-
ing-oriented smart forestry therefore represents a natural extension of the proposed ar-
chitecture, although it should be introduced cautiously because mature, real-time forest 
Digital Twin systems are still limited [6,75–83]. 

In the reference architecture, the forecasting layer receives aggregated outputs from 
the local tree map and the decision-support workflow. These outputs may include such 
information as the current detected tree distribution, retained and removed tree sets, di-
ameter or height distributions, tree-density indicators, and different types of metadata 
describing the applied harvesting prescription. The forecasting layer then updates a sim-
plified stand-state representation and estimates future outcomes over a medium-term 
horizon, such as five to ten years. Possible outputs include major parameters such as ex-
pected harvestable volume, expected number of harvestable trees, stand-density indica-
tors or scenario comparisons under different thinning intensities. 

The literature supports several possible modeling approaches. Classical growth and 
yield models remain useful where long-term empirical relationships are available. Ma-
chine-learning approaches can emulate or approximate forest growth dynamics when 
suitable historical or simulation data are available [78,79]. Remote-sensing time series and 
LiDAR-optical synergies can support broader monitoring of forest structure and harvest-
ing practices [80–82]. Digital Twin-oriented studies offer a longer-term vision in which 
physical forest stands, data streams, simulations, and interactive decision environments 
are linked within a continuously updated system [75–77,83,84]. 

Based on this analysis, a proposed forecasting and digital-forestry-oriented extension 
workflow is depicted in Figure 5. 

 

Figure 5. Forecasting- and digital-forestry-oriented extension. The subsystem links the current tree 
map, current harvest action, stand-state update, predictive model, and five- to ten-year future har-
vest estimate. 

For the present review, the most defensible interpretation is that future harvester sys-
tems should be digital-forestry-ready rather than presented as complete Digital Twins 
from the outset. This means that data structures, local tree maps, and harvesting-action 
records should be designed so that they can later feed forecasting models and stand-level 
planning tools. Such a staged approach avoids overclaiming technological maturity while 
still connecting selective harvesting to long-term smart forest management. 
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4.6. Deployment Architecture 

The deployment architecture (Figure 6) follows a split between onboard field pro-
cessing and offline model development. Onboard processing is required because forest 
operations often occur in environments with limited or unreliable connectivity, and oper-
ator-support outputs must be produced with low latency. The edge subsystem should 
perform sensor acquisition, AI inference, LiDAR processing, RGB–LiDAR association, lo-
cal tree-map generation, decision-support computation, and operator-interface rendering 
directly on the harvester [13–15,63,67]. 

Offline processing has a different purpose. It should support dataset curation, anno-
tation, model training, benchmarking, hyperparameter tuning, validation, and model 
packaging. The offline workstation or data-center subsystem can also aggregate field data 
from multiple machines, store model versions, and support longer-term forecasting or 
scenario analysis. This separation is consistent with edge-AI and forestry-robotics studies, 
where deployment performance must be evaluated separately from model-training ca-
pacity [47,48,63,66,67]. 

 

Figure 6. Deployment architecture showing the onboard edge subsystem on the forest harvester, 
local inference and storage, removable or wireless data export, offline training workstation, and 
model-update deployment loop. 

The resulting deployment loop has two directions. The first direction transfers field 
data from the harvester to the offline environment for annotation, analysis, model im-
provement, and data archiving. The second direction returns validated model updates, 
calibration settings, and decision-support configurations to the harvester to be used in a 
field scenario. In operational practice, this loop may be implemented through different 
media. Possible implementation options include removable storage, wired transfer, local 
wireless networks, and cloud synchronization where connectivity and data-governance 
requirements allow. 

This incremental pathway is also important from a validation perspective. The first 
prototype should not attempt to solve tree perception, multimodal fusion, decision sup-
port, forecasting, and full Digital Twin integration simultaneously. A more defensible ex-
perimental sequence is to validate local RGB–LiDAR perception and tree-map generation 
first, then test operator-facing cut/keep recommendations, and only then connect recorded 
actions to forecasting or stand-state update models. This staged pathway reflects the ma-
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turity differences identified in the reviewed literature and avoids overstating the readi-
ness of fully autonomous or fully integrated Digital Twin-based harvesting systems [1–
8,13–20,63–84]. 

5. Discussion: Research Gaps, Practical Implications, and Future  
Experimental Agenda 
5.1. Main Research Gaps 

The synthesis in Sections 3 and 4 shows that the field has advanced rapidly but une-
venly. Smart forestry, Forest 4.0 concepts, precision forestry, and IoT-enabled sensing 
have created a broad digitalization context for forest operations [1–8,10–12]. At the same 
time, the literature still tends to develop sensing, AI perception, forest-machine assistance, 
optimization, and forecasting as partially separate research streams rather than as com-
ponents of a single operational workflow. For AI-assisted selective harvesting, this sepa-
ration is a central gap because the practical value of the system depends on whether tree-
level observations can be transformed into transparent and timely management recom-
mendations. 

A related gap concerns feature adaptation for lightweight models. Existing visual 
models provide important baselines, but many of them are trained and evaluated on aer-
ial, unmanned aerial vehicle, satellite, or static image data [25–38]. Harvester-mounted 
perception requires a different feature emphasis: stems, lower crowns, partial tree visibil-
ity, vertical structures, distance variation, and occlusion patterns become more important 
than crown-only appearance. Therefore, future datasets should not only contain more 
field images; they should also support model adaptation toward logging-specific features 
and should be evaluated under machine-motion, vibration, shadow, and understory con-
ditions [33,34,63–67]. Harvester-mounted LiDAR and mobile laser scanning studies di-
rectly address this setting, but they remain much fewer than general forest-inventory or 
aerial mapping studies [13–16,47,53]. 

Another gap lies in the transition from accurate sensing to reliable multimodal fu-
sion. RGB-based models provide semantic information, and LiDAR or point-cloud work-
flows provide geometry, stem positions, and structural attributes [25–55]. Several recent 
studies demonstrate the value of combining LiDAR, RGB, hyperspectral, or multi-source 
data for individual-tree mapping and classification [56–63,65]. However, the literature still 
offers limited evidence on real-time RGB–LiDAR fusion under actual harvesting-machine 
constraints, where calibration stability, synchronization, latency, and operator interpreta-
bility are as important as offline accuracy. 

Another unresolved issue is the absence of a controlled benchmark for the trade-off 
between geometric point-cloud extraction, deep learning-based 3D segmentation, and hy-
brid workflows. The reviewed point-cloud literature includes geometric, mobile-map-
ping, and learning-based methods [39–54], but the studies differ substantially in scanner 
type, point density, forest structure, evaluation metrics, and deployment setting. As a re-
sult, this review cannot report a universal numerical comparison of accuracy, latency, and 
field robustness. This should be treated as a research gap rather than as a weakness of a 
particular method. For selective harvesting, future studies should compare these ap-
proaches under the same harvester-oriented dataset and hardware conditions. 

A further gap concerns the connection between perception and silvicultural decision-
making. Decision-support systems, multi-criteria methods, and optimization approaches 
have already been well established in forestry [68–74]. Recent studies on thinning-tree 
selection and tree-level optimization show that individual-tree decisions can be formal-
ized algorithmically [16–21,70–74]. Yet these approaches often rely on inventory or plan-
ning data rather than continuous real-time observations from a working harvester. Con-
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versely, perception-oriented papers often stop at detection, localization, or attribute ex-
traction without specifying how the result should alter a thinning or selective-harvesting 
decision. 

The final gap concerns the still immature link between harvesting actions and future 
stand development. Digital Twin and forecasting-oriented forestry studies indicate that 
data-driven and simulation-based tools can connect current observations with future 
management outcomes [76–84]. Nevertheless, full Digital Twin integration remains rare 
in operational harvesting contexts. For this reason, the near-term research target should 
not be an overstated fully autonomous forest Digital Twin, but a digital-forestry-ready 
forecasting layer that can gradually connect tree-level harvesting decisions with future 
stand-state and harvest-potential estimates. 

5.2. Practical Implications for Forest Operations 

For forest operations, the most immediate implication of this review is that AI-as-
sisted selective harvesting should be framed as an operator-support technology rather 
than as a replacement for professional judgment. This framing is consistent with human-
centered AI discussions in Forestry 5.0 and with studies of harvester-oriented assistance 
systems [4,13–15,64]. The operator remains responsible for interpreting stand conditions, 
machine limitations, and local silvicultural prescriptions, while the AI system can help 
maintain awareness of local tree density, candidate removals, tree attributes, and compli-
ance with predefined constraints. 

Selective harvesting also requires more than accurate object detection. A technically 
successful detector may still be operationally weak if it does not produce information that 
supports decisions such as which tree should be retained, which tree is eligible for re-
moval, how many trees can be removed in the local neighborhood, and whether the re-
sulting stand structure remains consistent with management objectives. Studies on thin-
ning-density assistance, onboard LiDAR, tree-selection optimization, and tree-level plan-
ning show that this decision layer is where sensing becomes relevant to actual harvesting 
practice [13–20]. 

Another important implication concerns sustainability and resilience. Thinning and 
selective harvesting influence competition, stand structure, habitat retention, and long-
term productivity. Evidence on thinning effects and broader harvesting regimes indicates 
that harvesting decisions must be evaluated not only in terms of immediate productivity 
but also in terms of resilience, disturbance risk, and stand-development trajectory [23,24]. 
Accordingly, an AI-assisted harvester should not simply identify harvestable stems; it 
should support a controlled decision process where preservation rules, ecological con-
straints, and operator review are explicit. 

Organizational implications also should be addressed. A harvester-mounted sensing 
system can become a mobile source of forest data if the workflow records local tree maps, 
operator decisions, and post-harvest stand information. Such data could strengthen in-
ventory updating, training-data generation, and future decision-support models, espe-
cially if combined with mobile LiDAR, tree-map matching, and standardized point-cloud 
processing pipelines [15,39,49,52,53]. However, the value of this data stream depends on 
technical factors such as calibration quality, consistent metadata, data governance, and 
the ability to integrate field data with forest-management systems, which should be ad-
dressed carefully. 

The operator-interface implications are also important. A useful system should not 
overload the operator with all intermediate detections or low-confidence model outputs. 
Instead, the display should prioritize operationally relevant tree candidates, show confi-
dence or uncertainty, provide short reasons for each cut/keep suggestion, and allow the 
operator to confirm, reject, or override recommendations. This approach is consistent with 
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the human-in-the-loop framing of the reference architecture and reduces the risk that the 
system will be interpreted as an automatic command generator rather than as a decision-
support tool [5,13–15,64]. 

Finally, the findings suggest that transparency is not optional. Forestry decisions in-
volve ecological, economic, and operational trade-offs, and operators are unlikely to trust 
recommendations that appear as “black-box” outputs. Constraint-aware ranking, inter-
pretable thinning rules, confidence-aware visualization, and clear feedback to the opera-
tor are, therefore, more suitable approaches for near-term deployment than fully opaque 
recommendation models [68–75]. 

5.3. Future Experimental Agenda 

The next stage of research should begin with the creation of a harvester-perspective 
multimodal dataset. Such a dataset should contain synchronized RGB imagery, LiDAR or 
point-cloud observations, machine-state metadata, calibration parameters, tree-instance 
annotations, and, where possible, expert-defined cut/keep or thinning-priority labels. Ex-
isting tree-detection and LiDAR datasets provide important methodological precedents 
[25–45], but they do not fully represent the viewpoint, motion, occlusion, and decision 
context of a working forest harvester. 

After dataset creation, model benchmarking should compare one-stage object detec-
tors, lightweight trunk-detection models, convolutional instance-segmentation work-
flows, and emerging transformer-based approaches. These models should be evaluated 
not only by detection accuracy, but also by robustness under occlusion, lighting variation, 
stand density, and viewpoint changes [25–38]. For this application, model selection should 
use combined criteria including detection quality, suitability for RGB–LiDAR association, 
inference speed, and compatibility with edge deployment. 

In parallel, LiDAR and point-cloud workflows should be benchmarked under the 
same operational assumptions. Geometric stem extraction, clustering with model fitting, 
deep learning-based 3D instance segmentation, mobile mapping pipelines, and hybrid 
geometric–visual approaches should be compared using common test data. The evalua-
tion should include stem-localization error, instance association accuracy, end-to-end la-
tency, dropped-frame rate, robustness under occlusion and understory clutter, and sensi-
tivity to calibration drift. This would directly address the current lack of comparable ac-
curacy–latency–robustness evidence for selective-harvesting conditions [39–54]. 

Once perception models have been benchmarked, fusion strategies should be com-
pared experimentally. Late fusion should be treated as the initial baseline because it is 
interpretable and compatible with limited early-stage datasets. The system can then pro-
gress toward learned or feature-level fusion after sufficient aligned multimodal data be-
come available. Evaluation should include not only classification or detection accuracy, 
but also tree-association accuracy, coordinate error, robustness under calibration drift, 
and the stability of tree identifiers across time [10–12,39–63]. 

The decision-support layer should then be validated. This requires comparing AI-
generated recommendations with expert thinning decisions and with explicit manage-
ment prescriptions. Experiments should evaluate whether the system respects target thin-
ning ratios, avoids protected or undersized trees, maintains spatial distribution require-
ments, and reduces operator workload without oversimplifying silvicultural judgment 
[13–20,68–74]. Such validation should include both simulated scenarios and field trials, 
because offline agreement with expert labels does not necessarily guarantee usability dur-
ing real harvesting. 

Edge deployment and human–machine interaction should also be tested. The system 
should be evaluated on onboard computing hardware under realistic latency, vibration, 
lighting, temperature, and connectivity conditions. Metrics should include inference time, 
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end-to-end cycle time, dropped-frame rate, memory use, thermal stability, and operator 
comprehension of the displayed recommendations [63–67]. Human-in-the-loop experi-
ments should also evaluate whether confidence cues, explanation labels, candidate prior-
itization, and override options reduce cognitive load and prevent overreliance on auto-
mation. Such tests are especially important because the interface may determine whether 
the technology is perceived as useful support or distracting overload [5,13–15,64]. 

A final step is forecasting-oriented integration. Once reliable tree-level observations 
and harvesting decisions are available, these outputs can feed growth-model surrogates, 
stand-state updates, scenario analysis, or Digital Twin-inspired planning modules [76–
84]. At this stage, the key research question changes from “Can the system identify and 
rank trees?” to “Can the system help evaluate how today’s selective harvesting decision 
affects future stand condition and harvest potential?”. 

The research gaps, operational implications and future experimental priorities, along 
with the references to the key supporting literature, are summarized in Table 8. 

Table 8. Research gaps, operational implications, and future experimental priorities for AI-assisted 
selective harvesting. 

Research Gap Operational Implication Future Experimental Priority 
Key Supporting Lit-

erature 

Machine-perspective 
data scarcity 

Models trained on aerial or static 
data may not generalize to har-

vester-cabin views. 

Create synchronized RGB–LiDAR 
datasets from moving harvesters 

with expert cut/keep labels. 
[13–16,25–38,47,53] 

Cross-perspective do-
main shift and feature 

adaptation 

Aerial crown-oriented features 
may not capture stems, lower 

crowns, partial visibility, and ma-
chine-perspective occlusion. 

Adapt lightweight models using 
ground-level data, occlusion-aware 
augmentation, multi-scale features, 

and LiDAR-guided constraints. 

[25–38,63–67] 

Limited real-time multi-
modal fusion evidence 

Tree recognition and localization 
may remain disconnected or un-

stable in dense stands. 

Compare late, feature-level, and 
learned fusion using association ac-

curacy, coordinate error, and latency. 
[10–12,39–63,65] 

Insufficient quantitative 
trade-off evidence for 

point-cloud workflows 

It remains unclear which combi-
nation of geometric prepro-

cessing, 3D segmentation, and hy-
brid perception is best under field 

constraints. 

Benchmark geometric extraction, 
clustering, deep 3D segmentation, 

mobile mapping, and hybrid work-
flows on the same harvester-oriented 

dataset. 

[39–54] 

Weak perception-to-de-
cision coupling 

Accurate detection does not auto-
matically produce silviculturally 

valid recommendations. 

Validate cut/keep outputs against ex-
pert prescriptions, thinning ratios, 

and retention constraints. 
[16–20,68–74] 

Field deployment and 
operator interface un-

certainty 

A technically accurate model may 
fail if latency, visualization, or 

trust are inadequate. 

Test edge hardware, operator dis-
plays, confidence cues, and workload 

effects in field trials. 
[5,13–15,63–68] 

Immature forecasting 
integration 

Immediate harvesting assistance 
remains weakly connected to fu-

ture stand development. 

Link tree maps and harvest actions to 
growth models, scenario analysis, 

and digital-forestry-ready databases. 
[75–84] 

5.4. Limitations of the Review 

This review has several limitations that should be considered when interpreting the 
synthesis. First, although the search followed a PRISMA-informed strategy, the topic 
spans several research communities with different terminologies. Forestry, robotics, re-
mote sensing, computer vision, optimization, and Digital Twin research do not always 
use the same vocabulary. As a result, some relevant studies may have remained outside 
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the search strings, particularly if they framed the same problem through more specialized 
or regional terminology. 

Second, the review intentionally emphasized the English-language peer-reviewed lit-
erature from the period 2015–2026, supplemented by selected foundational works. This 
decision made the review manageable and focused on the modern deep learning and 
smart-forestry period, but it may underrepresent older silvicultural decision-support tra-
ditions or non-English regional studies. 

Third, the reviewed evidence is heterogeneous: the included papers differ substan-
tially in sensing modality, spatial scale, species composition, evaluation metrics, deploy-
ment setting, and maturity level. For that reason, a statistical meta-analysis would not be 
meaningful at this stage. 

Fourth, the reference architecture proposed in this paper is a synthesis outcome, not 
a validated commercial system. Its value lies in organizing the reviewed evidence into a 
coherent development pathway, but its performance must still be tested through datasets, 
prototype implementations, and operational trials. 

A further limitation is that the reviewed studies do not provide a directly comparable 
quantitative basis for ranking all sensing and perception approaches under identical se-
lective-harvesting conditions. Reported metrics vary across datasets, forest types, plat-
forms, sensors, and evaluation protocols. Therefore, the accuracy–latency–robustness 
comparisons in this review should be interpreted as review-based trade-off synthesis ra-
ther than as a universal numerical benchmark. 

Finally, because this is a scoping review across heterogeneous research domains, the-
matic classification and interpretation required author judgment. A structured extraction 
matrix and predefined thematic categories were used to make the synthesis transparent, 
but no inter-rater reliability analysis was performed. This should be considered when in-
terpreting the classification of studies across overlapping categories such as multimodal 
fusion, edge deployment, and decision support. 

Despite these limitations, the review provides a practical basis for moving from frag-
mented research components toward integrated, transparent, and field-oriented AI assis-
tance for selective harvesting and smart forest management. 

6. Conclusions 
This review examined how recent advances in artificial intelligence, multimodal 

sensing, and decision-support methods can contribute to AI-assisted selective harvesting 
and smart forest management. Based on a PRISMA-informed scoping process, 82 studies 
were retained and synthesized across the main research streams relevant to future har-
vester-mounted systems, including smart forestry, forest operations, RGB and LiDAR 
sensing, computer vision, multimodal fusion, edge deployment, decision support, and 
forecasting-oriented digital forestry. 

The main finding is that the field already provides several technically mature com-
ponents, but they are not yet sufficiently integrated for operational selective harvesting. 
Computer-vision methods support tree and trunk recognition, while LiDAR and point-
cloud processing provide the spatial and structural information needed for local tree map-
ping. However, much of the existing work remains based on aerial, static, or offline work-
flows. Selective harvesting requires a different setting: ground-level, machine-mounted 
perception that can operate under occlusion, vibration, changing illumination, limited 
connectivity and continuous operator workload. 

The review therefore supports RGB–LiDAR sensing as the most realistic basis for 
near-term harvester assistance. RGB imagery provides semantic information that is easy 
to interpret, whereas LiDAR contributes metric geometry, local tree position, and struc-
tural context. Their combination is especially important when moving from visual detec-
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tion toward actionable tree-level assessment. At the same time, the reviewed literature 
indicates that perception alone is not enough. A useful system must connect detected and 
localized trees with transparent decision-support logic, including thinning objectives, re-
tention rules, accessibility constraints, operator-interface cues and professional judge-
ment. 

The proposed reference architecture should be understood as a review-derived de-
velopment pathway rather than as a finalized technical solution. It organizes the available 
evidence into a staged system concept: multimodal sensing, AI-based perception, LiDAR-
supported localization, local tree mapping, operator-facing recommendations, and fore-
casting-oriented data use. This structure reflects the current maturity of the field and 
avoids overstating the readiness of fully autonomous harvesting or fully operational for-
est Digital Twins. In the near term, the most defensible approach is a human-in-the-loop 
system that provides interpretable cut/keep recommendations rather than automatic har-
vesting commands. 

Future work should focus on harvester-perspective RGB–LiDAR datasets, controlled 
benchmarking of geometric, deep learning-based, and hybrid point-cloud workflows, 
field validation of real-time fusion methods, edge-compatible perception models, and de-
cision-support modules tested against expert silvicultural prescriptions. Operator-inter-
face studies should also evaluate whether confidence cues, explanation labels, candidate 
prioritization, and override options reduce cognitive load and prevent overreliance on 
automation. Forecasting components should be introduced gradually, using recorded 
tree-level observations and harvesting actions to support stand-state updates and me-
dium-term harvest estimates. In this form, AI-assisted selective harvesting can become a 
practical human-in-the-loop technology that strengthens operator situational awareness, 
improves consistency of tree-level decisions, and links harvesting operations more closely 
with long-term smart forest management. 
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