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Abstract
Transfer learning has emerged as an important strategy for overcoming data scarcity and enhancing model efficiency in forest ecosystem modelling using remote sensing data. However, the ecological factors and processes that influence the transferability of trained models across heterogeneous forest ecosystems remain insufficiently studied. This review examines recent advances and approaches in transfer learning for forest remote sensing, with a focus on aboveground biomass estimation, canopy height retrieval, forest disturbance mapping, structural characterisation, and species classification. It further reviews the major constraints affecting model transferability and the strategies adopted to improve performance across different forest ecosystems.
The study conducted a literature review using the Dimensions database. A total of 118 records were retrieved using keywords related to transfer learning, above-ground biomass estimation, canopy height retrieval, forest disturbance mapping, and forest remote sensing. After screening and eligibility assessment, 28 studies published between 2020 and 2026 were retained for qualitative synthesis.
The transfer learning methods in forest remote sensing that are highlighted include cross-site transfer learning, domain adaptation, self-supervised representation learning, synthetic-to-real (Sim2Real) transfer, multimodal foundation models, and vision-language systems. The study identified challenges such as data scarcity, limited reference data, ecological diversity, and poor generalisation across ecological and sensor domains, which restrict transferability. Promising approaches, such as self-supervised learning, forest simulation to reality, and multimodal foundation models, show significant potential to improve the quality of transferable representations, especially with limited labels. The review also offers an ecological view of transferability, framing transfer degradation as a complex interaction among ecological, structural, and sensor-domain inconsistencies within forest remote sensing systems.
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Introduction
Forest ecosystems play a critical role in global carbon cycling, biodiversity conservation, and climate regulation. Accurate monitoring of forest structure, biomass, canopy dynamics, and species composition is therefore essential for sustainable forest management and climate change mitigation (Herold et al., 2008; Hansen et al., 2013). Recent advances in satellite Earth Observation (EO), airborne LiDAR, synthetic aperture radar (SAR), and deep learning have substantially improved large-scale forest monitoring and ecological modelling capabilities (Ma et al., 2019).
Ecological systems vary spatially; places differ in species composition, climatic conditions, and the complexity of terrain, canopy structure, and the configuration of satellite sensors across regions, all of which strongly influence forest remote sensing (Jin et al., 2021; Rolf et al., 2026). It has also been reported that scarce data and limited availability of labelled ecological datasets for estimating aboveground biomass, canopy height models, and forest structure pose challenges to the scalability and generalisation of deep learning models (Nowakowski et al., 2024; Rizaldy et al., 2025).
Transfer learning is a process in which models trained for a task in one region or sensor are transferred and adapted to another region or domain with limited reference data (Nowakowski et al., 2024). Transfer learning is increasingly utilised in forest remote sensing to address data scarcity and limited dataset availability. The utilisation of transfer learning was early applied in land-use/land-cover image classification, where semi-supervised algorithms were used to improve transferability and generalisation across heterogeneous image domains (Matasci et al., 2015). Transfer learning is an emerging strategy gaining popularity to improve scalability and reduce annotation requirements for estimating forest structure under data-sparse conditions (Ge et al., 2023; Seely et al., 2026). For instance, Zhu et al. (2025) demonstrated the transfer of LiDAR- informed learning frameworks from the forest ecosystem in Africa to Latin America.
While transfer learning approaches have proven effective in practice, they pose several challenges. For instance, it has been reported that models trained and utilised in one forest ecosystem domain and adapted to another experience performance degradation while transferred (Jin et al., 2021; Li et al., 2026; Rolf et al., 2026). Likewise, Li et al. (2026) and Rolf et al. (2026) underscored the disagreement over the scalability of the global dataset and the application of local ecological adaptation. Thus, there is a paradigm shift from conventional task-specific supervised learning to more scalable approaches, such as cross-site transfer, domain adaptation, and self-supervised learning. Additionally, contemporary learning now includes synthetic data transfer, simulation-to-reality and foundational frameworks (Chen et al., 2020; Brock et al., 2026; Liu, J. et al., 2026).
Despite the rapid expansion of these approaches, a comprehensive synthesis of how transfer learning strategies are applied, constrained, and improved across different ecological and spatial contexts remains limited. This review synthesises recent advances in transfer learning for forest remote sensing, focusing on biomass estimation, canopy height retrieval, structural characterisation, and ecological generalisation. It further examines the major transfer-learning approaches used in forest remote sensing and the ecological and spatial factors that limit model transferability. The review also evaluates emerging strategies for improving cross-domain transferability in forest biomass and structure estimation.
Methodology
Literature Search Strategy
The study used secondary data from a literature review to summarise advances in transfer learning in forest remote sensing. It focused on studies involving transfer learning, domain adaptation, self-supervised learning, multimodal transfer, and related AI frameworks for forest monitoring, structural analysis, biomass estimation, disturbance mapping, species classification, and ecological assessment.
The study utilised the Dimensions database to search for relevant peer-reviewed empirical research, conference proceedings, and relevant preprints published between 2020 and 2026. The study focused on transfer learning for estimating aboveground biomass and canopy height, and on the utilisation of these estimates in remote sensing. The search used keywords related to transfer learning and forest remote sensing, including terms such as:
 “Transfer learning” AND “forest remote sensing”, “domain adaptation” AND forest, “self-supervised learning” AND forestry “, forest disturbance” AND deep learning transfer, “multimodal learning” AND forest monitoring, “foundation models” AND remote sensing forest, “synthetic data” AND forest point cloud, “cross-site learning” AND forest biomass.
Data Screening and Eligibility
A total of One Hundred and eight (108) records were retrieved from the Dimension database. An additional query was performed using Google Scholar, with searches for supplementary data on foundational models, multimodal representation learning, and computer vision. An additional 10 studies were identified and added to the core research papers considered for the study.
The records retrieved from the database, including the query results with their titles, DOIs, abstracts, authors, publication years, etc., were exported to a Microsoft Excel file. Duplicate records were removed in Microsoft Excel using conditional formatting; likewise, retracted records were identified and removed. A total of eight (8) duplicates were found in the data obtained from the Dimension database, with some available both as peer-reviewed and as a preprint. At the same time, one (1) paper was a retracted paper from the query result. 
Inclusion Criteria
Several inclusion criteria were applied when selecting the papers reviewed for this study. Firstly, we focused on papers on forest ecosystems, aboveground biomass, canopy height models, disturbance, and forest monitoring. In addition, we included studies on cross-site, cross-domain, self-supervised, computer vision, simulation-to-reality, and other proxy supervised learning approaches. In addition, papers that specifically focused on the methodological framework in remote sensing applications and were published between 2020 and 2026 in peer-reviewed journals, conference proceedings, and relevant preprints were considered. A total of twenty-eight (28) fulfilled the above-listed criteria; meanwhile, 10 additional studies were obtained using Google Scholar to supplement the selected papers for this study. Any paper that did not meet these criteria was excluded from the study.


Exclusion Criteria
The exclusion criteria were as follows: first, while some papers focused on transfer learning, they did so exclusively in general remote sensing; robotics, agriculture, medical imaging, and non-forest applications were not remote sensing-based and were therefore excluded from the study. Secondly, articles that were general reviews, book chapters, or proceedings papers that were not directly relevant to transfer learning in remote sensing were excluded. Thirdly, some articles focused on remote sensing but were concerned with image classification or segmentation, without relating to forest structure, and were therefore excluded. Lastly, the duplicate and retracted documents were excluded. Out of one hundred and nine (109) documents screened, eighty-one (81) documents were excluded for falling out of the stated criteria. This left twenty-eight papers (28) to be retained for final full-text assessment and synthesis. Fig. 1 summarises the database search, screening, inclusion and exclusion criteria, and the selection and thematic synthesis workflow adopted in this study.
Data Extraction and Thematic Synthesis
After scrutiny for inclusion and exclusion, relevant information on transfer learning approaches and paradigms, challenges, and adopted solutions was extracted and synthesised thematically. Extracted attributes included ecosystem focus, transfer-learning paradigm, remote sensing datasets, methodological architecture, forest application domain, transfer-related challenges, and proposed solutions. The reviewed studies were subsequently organised into major thematic categories, including cross-site transfer learning, domain adaptation, self-supervised learning, Sim2Real transfer, and foundation-model transfer frameworks.
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Fig. 1. PRISMA flow diagram showing screening, inclusion and exclusion criteria, selection, and thematic synthesis workflow.
Results
Overview of Transfer Learning Applications in Forest Remote Sensing
Across the reviewed literature, transfer learning was applied to various ecological forest biomes, including tropical rainforests, boreal forests, and temperate forests. Likewise, transfer learning was applied in mixed woodland forests and agroforestry. In particular, transfer learning is being applied in tropical rainforests, including the Amazon rainforest, to estimate aboveground biomass, canopy height, and spectral differences in tropical canopies (Li et al., 2024; Meng et al., 2025). Specifically, transfer learning was applied in countries located in the Tropical region, such as the Congo Basin, Gabon, Tanzania, and the Amazonia region, where difficulties ranging from ecological differences, sensor saturation and canopy structural complexity have been identified (Li et al., 2024; Björk et al., 2022). While studies in tropical forests have focused on canopy height, biomass, and structural complexity, studies in boreal and temperate forests have focused on windthrow and snow-load disturbance, as well as three-dimensional mapping.  Transfer learning has been widely used to improve learning performance under limited availability of annotations in different acquisition conditions (Rizaldy et al., 2025; Ahishali et al., 2025).
Several articles utilised multisensor fusion, such as Sentinel-1 and Sentinel-2 data, because they are freely available, complement each other well spectrally, and adapt easily to transfer learning setups (Ge et al., 2023; Kuzu et al., 2024). To add more depth and reduce prediction errors, other studies pulled in datasets from airborne laser scanning (ALS), GEDI LiDAR, ALOS PALSAR-1 and 2, TanDEM-X interferometry, UAV flights, and hyperspectral imaging (Li et al., 2024; Zhu et al., 2025). The use of optical, SAR, and LiDAR datasets in a transfer learning pipeline creates a multimodal system that is capable of mapping both the spectral and structural complexities of the canopy simultaneously (Meng et al., 2025).
The common methodological approach utilised by most studies for biomass estimation, canopy height retrieval and forest disturbance mapping is the convolutional neural network architecture framework (Zhu et al., 2025; Björk et al., 2022). However, several studies have recently adopted advanced architectures such as CNNs, Vision Transformers (ViTs), and generative adversarial networks (GANs). Moreover, self-supervised contrastive frameworks and foundation models are being used (Brock et al., 2026). Several types of transfer learning have been identified in the literature, including fine-tuning, cross-site transfer, and domain adaptation. Additionally, self-supervised learning, zero-shot transfer, and synthetic-to-reality learning are adapted to model forest ecosystems (sim2real) (Liu, J. et al., 2026; Rizaldy et al., 2025). It is evident that the paradigms of transfer learning are moving beyond conventional supervised learning toward adaptive and scalable approaches applicable to data-sparse and cross-domain scenarios (Huo et al., 2025). Sim2Real frameworks such as Boreal3D demonstrated the growing importance of synthetic pretraining for overcoming annotation scarcity in 3D forest analysis (Liu, J. et al. 2026). 
Despite methodological improvements, model performance declines when models are transferred across ecological regions due to spatial and ecological differences (Rolf et al., 2026; Li et al., 2024). For instance, Rolf et al. (2026) compared several global datasets and found that their performance increased over the years; models are getting smarter globally, but efforts to adapt accurate global datasets do not automatically yield accurate local performance. These findings show that transfer learning is sensitive to local complexities and ecological context. This reinforces the domain adaptation and locally informed fine-tuning strategies. The subsequent section describes different paradigms identified in remote sensing-based transfer learning for above-ground biomass, canopy height retrieval, and forest disturbances.
Paradigms of Transfer Learning in Forest Structure Estimation
Based on the literature review conducted, the paradigms marking different approaches and methods used to estimate forest structure and aboveground mapping were categorised into three (3). Table 1 shows the three broad classes of paradigms, the respective approaches, and the purpose of each identified paradigm. First are the data scarcity relief paradigms, which include efforts and approaches to address the unavailability of labelled datasets through self-supervised learning and the simulations-to-reality method. Secondly, ecological reconciliation methods enhance transferability across sites through cross-site adaptation and domain alignment. Finally, the general forest intelligence approach aims to create a scalable, multimodal system to support environmental reasoning. This category includes foundation Models, such as SkySense++ and AnySat, as well as computer vision language models, such as RemoteCLIP and Forest-Chat.
Data Scarcity Relief Paradigms
The data scarcity relief paradigms include approaches to address the unavailability of labelled data, which is costly, sparse, and unevenly distributed, especially in tropical forest datasets. Specific transfer learning methods categorised under this paradigm include transfer learning approaches that utilise simulation-to-reality and synthetic data, as well as self-supervised and contrastive methods.
Simulation-to-reality (Sim2real) and synthetic data
The simulation-to-reality approach in remote sensing involves training models on simulated or synthetic datasets and transferring them to real-world scenarios. The approach is important for addressing the scarcity of labelled, annotated datasets in remote sensing applications. The Simulation-to-reality method has recently been applied by scholars to model forest ecosystems and estimate forest biomass and all structural parameters (Liu J. et al., 2026). A digital cousin framework, a simulated representation of the forest environment that resembles the ecological and structural characteristics but is not a true replica of the forest ecosystem, was proposed by Liu J. et al. (2026). They demonstrated this by pretraining models on synthetic datasets and subsequently fine-tuning using real forest data. The performance was comparable to that on a real forest dataset, demonstrating that transfer learning can be efficiently pretrained on synthetic data and then applied to a real forest dataset.  Moreover, to address the scarcity of reference forest aboveground values, Yu et al. (2024) developed a simulated Airborne laser scanning dataset using a synthetic three-dimensional forest to represent different global forest types. Also, Jin et al. (2021) developed a hybrid convolutional network. The synthetic learning was transferred and validated on a real forest, yielding high performance and improved aboveground biomass estimation.
While these studies demonstrate alternatives to costly, time-consuming, and limited field measurements required for scientific inquiry into forest ecosystems, canopy height retrieval, and biomass estimation, technology has advanced to the point where it can model real-world forests using synthetic scenarios. Nevertheless, there is concern about the possibility of translating high-performance models developed using sim2real approaches directly into high performance for estimating real-forest complexities. Liu, J. et al. (2026) acknowledged that “the structural complexity of real forest scenes cannot be fully captured by synthetic data.” Although the digital cousin can reproduce representative and scalable structural characteristics, simulated learning may not fully capture site-specific ecological dynamics.
Self-Supervised and Contrastive Learning
While the simulation-to-reality approach focused on training models on synthetic data and transferring them to real-life scenarios, the self-supervised and contrastive approach enables models to learn from a large volume of unlabelled data by adapting it to the final application for which the learned representations are used. Unlike a conventional supervised machine learning approach, where predictor variables are learned with respect to the target dependent variables, self-supervised and contrastive learning perform learning without a predefined response variable. Also, self-supervised learning does not require human labelling, unlike supervised learning methods in remote sensing (Cong et al., 2022). Rather than relying on aboveground biomass labels during pretraining, the model learns from intrinsic inter- and intra-relationships among unlabelled observations, thereby avoiding the need for biomass labels. It can then be fine-tuned using a small amount of reference data. 
Contrastive learning is a type of self-supervised learning that learns transferable representations by increasing similarity between observations and separating dissimilar ones within the learned feature space. According to Kuzu et al. (2024), contrastive learning maximises similarities and differences between related samples. 
Self-supervised and contrastive learning have emerged as important paradigms for addressing data scarcity because they enable the learning of transferable feature representations from unlabelled remote sensing data prior to adaptation to downstream forest applications. Contrastive learning for visual representations (SimCLR) was developed by Chen et al. (2020) and demonstrated that meaningful visual representations can be learned by maximising agreement between different augmented views of the same image without requiring explicit labels. 
To address the scarcity of reference data for aboveground biomass estimation, Seely et al. (2026) developed a self-supervised approach. An Octree Convolutional Neural Network was pre-trained on 500,000 unlabelled airborne laser scanning point clouds and then fine-tuned on a smaller set of biomass reference plots. Likewise, Rizaldy et al. (2025) combined self-supervised learning with domain adaptation to improve 3D forest instance segmentation and semantic classification. 
Masked Autoencoders Frameworks
Masked Autoencoders are another type of self-supervised learning that represents a reconstruction-based supervised learning framework in which models learn from a large volume of unlabelled or hidden data by reconstructing missing spatial and spectral information from input imagery. Unlike contrastive self-supervised learning, which matches and compares similar and dissimilar samples, the masked autoencoder learns by predicting a masked or hidden part of an image (Cong et al., 2022).
Recent studies have emphasised the increasing significance of the Masked Autoencoder (MAE). For instance, Cong et al. (2022) introduced innovative frameworks for learning remote sensing representations that facilitate easier transferability. SatMAE is a self-supervised satellite-image encoder that pretrains on both temporal and multispectral imagery. It employs masked image reconstruction to enhance the learning of valuable Earth observation representations. These progressions represent promising advancements in remote sensing technology.
Cross-Scale MAE and Scale-MAE have made significant strides in improving the consistency of cross-resolution representations, thanks to their innovative scale-aware reconstruction and multiscale positional encoding (Tang et al., 2023; Reed et al., 2023). These developments highlight a positive shift towards scalable, versatile geospatial intelligence systems that can support transferable forest monitoring across diverse ecological regions. Recent surveys also underscore how multimodal remote sensing foundation models, integrating optical, SAR, LiDAR, language, positional, and temporal data, are becoming increasingly vital to Earth Observation systems that can adapt across tasks. Although the progress is encouraging, significant challenges persist, including cross-task generalisation, effective multimodal feature extraction, and ecological scalability, which remain open questions for future research (Zhou et al., 2025).
Ecological Reconciliation Methods
Ecological reconciliation approaches aim to transfer learning between two or more regions. It aligns the feature distributions between the sources and the target region. In forest remote sensing, ecological reconciliation approaches manifest geographically as cross-site and algorithmically as domain adaptation and cross-domain transfer learning.
Cross-Site Transfer Learning
Cross-site transfer learning involves the transfer of biomass from a data-rich source region to a data-scarce region within the same or a different ecological region (Ge et al., 2023; Zhu et al., 2025; Wang et al.,2026).
Several studies have demonstrated that model representations are transferable across settings, improving data scarcity, scalability, and generalisation. Cross-site transfer learning has been executed within specific regions. Wang et al. (2026) applied this cross-site approach by training a model to predict aboveground biomass in Guangdong to Yunnan, China. A plausible challenge with the loss function is that it reduces the model's performance in the target region, and overfitting was mitigated through fine-tuning and regularisation. Likewise, Rolf et al. (2026) also demonstrated cross-site transfer learning on the canopy height retrieval within Karingami Game Reserve, Mozambique, as they split their study area into twenty-four (24) sites.  Models were trained on twelve sites, validated in a different six (6) sites, and tested on the other six (6) sites. Likewise, Li et al. (2026) applied SC-DRGAN cross-site transfer learning to bridge the ecological differences between the Lope source region and the Modah target region of Gabon.
Cross-site transfer learning has been adapted to estimate forest structure and generalised across transcontinental ecosystems and different ecological regions. Gu (2024) went beyond using the same region to a cross-continental one. He applied a cross-site transfer learning approach by training an artificial Neural network model on the Congo rainforest and transferring it to the Amazon.  A model trained to represent estimated aboveground biomass and canopy height has also been transferred from the subarctic region of Japan to the tropical rainforest of South America (Mitsuhashi et al., 2024). Likewise, Zhu et al. (2025) performed cross-continental transfer learning by training a model for biomass estimation using LiDAR and Sentinel-2 data, transferring knowledge from Africa to Latin American agroforestry systems.
Domain Adaptation and Cross-Domain Learning
While cross-site transfer learning describes the geographical transfer of models, domain adaptation and cross-domain learning aim to reduce the source-target mismatch. A model trained in the source region and transferred to the target region experiences domain shift due to differences in geographical area, sensor, and environmental conditions. Hence, domain learning frameworks such as Generative Adversarial Networks (GANs) are used to match image styles in transfer learning. (Li et al., 2026). Cross-domain learning provides a mathematical approach to resolving discrepancies that arise when models are transferred across datasets (Ahishali et al., 2025; Li et al., 2024). 
Early approaches to resolving discrepancies across datasets utilised semi-supervised transfer component analysis (Matasci et al., 2015). Moreover, recent approaches harness attention-guided contrastive learning and image translation via ADA-Net (Ahishali et al., 2025). These studies show the importance of domain adaptation in handling ecological diversity, limited annotations, and spectral inconsistency.
Frameworks like ADA-Net isolate invariant canopy structures while suppressing site-specific noise, such as understory vegetation (Ahishali et al., 2025). This alignment minimises variance in feature distributions, preventing performance degradation across divergent ecological zones. Collectively, these approaches demonstrate the importance of domain adaptation in handling ecological diversity, limited annotations, and spectral inconsistency.
Foundation Models
The term "foundational models" was introduced by Bommasani et al. (2021), who describe them as models trained on broad data using self-supervision, then adapted and fine-tuned to perform downstream tasks. Models like ChatGPT, DALL-E, and BERT are examples of foundation models, pretrained architectures that learn from massive datasets before adapting to specific tasks.  In conventional remote sensing applications, various factory-made models are designed for isolated purposes, such as flood prediction, vegetation monitoring, land-use and land-cover change detection, and hydroecological assessment; each model requires its own large-scale labelled dataset. In contrast, foundation models are self-supervised, general-purpose architecture models pretrained on large datasets, which can then be fine-tuned and adapted to a wide range of specialised tasks.
A foundation model, Anysat, was recently proposed by Astruc et al. (2025). The Anysat, a self-supervised model trained on a single dataset on heterogeneous data, was utilised in remote sensing applications such as land cover mapping, deforestation, flood modelling, climate classification, and crop type detection. Moreover, Wu et al. (2025) developed a multimodal remote sensing foundation model (MM-RSFM), Skysense ++, which was evaluated across seven (7) domains, including agriculture, forestry, oceanography, atmosphere, biology, land surveying, and disaster management. Skysense++ was applied to specific tasks, including crop classification, land use and land cover, deforestation, oil spill segmentation, wildlife detection, and wildfire monitoring. Likewise, Zhang et al. (2025) developed Skysense V2, a unified MM-RSFM which utilises a single transformer backbone to handle multiple modalities. 
Vision-Language Models
This study has reviewed different paradigms utilised to transfer learning from one place and domain to another. The foregoing has shown advances in remote sensing technology, while the multimodal remote sensing foundation model (MM- RSFM) has shown that a self-supervised learning could be trained once and adapted to a general-purpose application, with the limitation of MM-RSFM on the ability to handle multimodal data such as optical, lidar, text, video, and audio (Zhou et al.,2025). To address these constraints, the Vision-X paradigm is designed to overcome the limitations of foundational models in handling vision, audio, text, and positional data within a unified system. Liu et al. (2024) developed RemoteClip, a vision-language foundation model that addresses the lack of language understanding and the need for annotated data for fine-tuning. Likewise, Brock et al. (2026) introduced Forest-chat, a vision-language learning model that utilises large language models to enable the analysis of forest change and interpretation using remote sensing data.
Table 1. Representative transfer-learning paradigms, ecological challenges, and methodological solutions in forest remote sensing
	Broad Thematic category
	Transfer-Learning Paradigm
	Core objectives
	Representative papers

	Data Scarcity Relief Paradigms
	Simulation-to-reality (Sim2real) and synthetic data
	Reduce dependency on labelled field data
	Liu et al. (2026); Yu et al. (2024); Li et al. (2024)

	
	Self-supervised learning (SSL)
	Learn transferable ecological representations from large unlabelled remote sensing datasets
	Seely et al. (2026); Rizaldy et al. (2025); Cong et al. (2022)

	
	Contrastive learning
	Improve feature learning by maximising similarity between related samples and separating dissimilar observations.
	Chen et al. (2020); Kuzu et al. (2024); Ahishali et al. (2025)

	
	Masked Autoencoders (MAEs) framework
	Learn scalable spatial–spectral representations through masked image reconstruction
	Cong et al. (2022); Tang et al. (2023); Reed et al. (2023)

	Ecological Reconciliation Methods
	Cross-site transfer learning
	Transfer models across ecologically different regions; align source and target feature distribution across domains
	Ge et al. (2023); Zhu et al. (2025); Mitsuhashi et al. (2024); Jin et al. (2021); Rolf et al. (2026); Wang et al. (2026)

	
	Domain adaptation and cross-domain learning
	
	Matasci et al. (2015); Ahishali et al. (2025); Li et al. (2026); 

	General forest intelligence approach
	Foundation models
	Develop scalable multimodal EO systems adaptable across tasks
	Astruc et al. (2025); Wu et al. (2025); Zhang et al. (2025); Zhou et al. (2025); Huo et al. (2025)

	
	Vision language models
	
	Brock et al. (2026); Liu et al. (2026)


Ecological and Spatial Constraints on Transferability
Transfer learning in forest remote sensing has achieved significant success in recent years. Table 1 summarises the core objectives and challenges addressed by each paradigm. Several transfer learning studies have reported that labelled training datasets are costly and unavailable (Seely et al., 2026; Liu et al., 2026; Liu et al., 2024). Many forest ecosystems, particularly tropical forests, remain poorly represented in publicly available benchmark datasets. This limits the ability of transfer learning frameworks to learn ecologically diverse feature representations (Ouaknine et al., 2025). Data scarcity has led to the use of unlabelled datasets, synthetic data generation, and self-supervised and contrastive learning. The utilisation of synthetic-to-reality (sim2real), a digital cousin framework approach, has also raised concerns about its ability to capture real-world conditions of forest ecosystems.
Moreover, research findings show that as models are transferred from a source region to a target region, there is a loss of performance due to differences in species composition, canopy density, forest structure, disturbance history, climatic conditions, terrain complexity, and sensor acquisition characteristics, which frequently cause substantial performance degradation when models are transferred across regions (Li et al., 2024; Rolf et al., 2026; Meng et al., 2025). This limits scalability and the pretrained model's ability to generalise effectively across ecological domains. This challenge has been addressed by fine-tuning a model to fit the local conditions of the target region. Domain-adaptive frameworks, such as generative adversarial networks, have also been utilised to address this challenge (Li et al., 2026).
Finally, while foundation models have been found to be useful for training and adapting to downstream, task-specific tasks, their inapplicability to retrieval and zero-shot applications due to a lack of language understanding has been challenged (Liu et al., 2024). The challenge of foundational models in handling multimodal data, such as optical, lidar, text, video, and audio, has also been highlighted by Zhou et al. (2025). To address this, the vision-X paradigms have given rise to frameworks such as Forest_chat and remoteCLIP.
Emerging Strategies for Improving Transferability
Recent advances in forest remote sensing show a shift from traditional supervised models to more adaptive and scalable learning systems. Studies indicate that improvements in transferability now focus on ecological robustness, label efficiency, and cross-domain generalisation rather than on larger datasets or more complex architectures.
A key emerging trend is the increased use of self-supervised and contrastive learning to reduce reliance on labelled ecological data. Instead of only using field annotations, these methods learn transferable representations from large unlabelled Earth Observation data, improving disturbance detection, structural analysis, and biomass estimation in sparse-data scenarios (Kuzu et al., 2024; Rizaldy et al., 2025). Recent work shows that diverse ecological training samples may be more crucial for transferability than annotation density, highlighting the importance of representation diversity in generalised forest intelligence systems.
Another key trend is the growing use of structurally informed, physically grounded transfer-learning frameworks. Simulation-assisted methods that combine forest growth models, radiative transfer modelling, and synthetic point clouds are emerging as strategies to improve ecological generalisation and reduce the need for costly field measurements (Yu et al., 2024; Liu, J et al., 2026). Despite good predictive performance, concerns remain about the ecological realism and fidelity of simulated forests under heterogeneous conditions.
The studies revealed a shift towards multimodal and hierarchical transfer-learning systems. Combining optical, SAR, LiDAR, and textual data enhanced models' ability to capture spectral and structural forest features across diverse environments (Meng et al., 2025). Hierarchical frameworks have shown that coarse ecological representations can support detailed forest interpretation and species classification across different ecosystems (Liu, S. et al., 2026).
Recently, foundation models and vision-language architectures have expanded possibilities for generalised environmental reasoning, zero-shot transfer, and interactive forest monitoring (Brock et al., 2026; Huo et al., 2025). Unlike earlier transfer learning methods that relied on task-specific fine-tuning, these systems aim to learn broad multimodal ecological representations that adapt across diverse remote sensing tasks and conditions. Although computationally demanding and still developing, they mark a significant shift toward scalable, semantically aware forest intelligence systems.
These emerging strategies indicate that future progress in forest transfer learning will rely less on isolated algorithms and more on integrating ecological diversity, multimodal learning, grounded simulation, and scalable models that work across diverse forest environments.
Research Gaps and Future Directions
Despite the rapid advancement in transfer learning in remote sensing, several constraints and unresolved challenges remain. While transfer learning has been applied across different ecological forest biomes, including rainforests, boreal, and temperate forests, future transfer learning should move beyond the macroscale to heterogeneous, underrepresented landscapes such as coastal mangroves, savanna woodlands, and highly fragmented and degraded forest mosaics.
Secondly, the literature has established that the scarcity of data and the requirement for a large labelled dataset have been addressed through the use of a synthetic unlabelled dataset and self-supervised and contrastive learning; however, this leads to another constraint and challenges of synthetic to reality and contrastive learning ability to site-specific real-life conditions of the forests. Future progress must therefore pivot from basic synthetic approximations to frameworks for authentic, ecologically grounded digital twins that capture the true-to-life physical condition of the forests.
Thirdly, while different paradigms explored in this review showed the implementation of different approaches, like simulation to reality, self-supervised and contrastive, masked Autoencoders (MAE), domain learning and adaptation, as well as the foundational models and vision-computer learning yet little to no research has been dedicated to understanding how feature representations learned natively within one specific sensor modality can be autonomously transferred or adapted directly to another. Although recent research has also applied multisensory fusion to multimodal datasets, future research should prioritise cross-sensor domain learning frameworks to rigorously ascertain which architecture provides a robust cross-modality scaling.
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