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Abstract

Non-Technical Summary
Tropical peatlands in Indonesia and Malaysia store vast amounts of carbon and support rich biodiversity, and their degradation contributes to regional air pollution and global climate change. Policymakers and businesses rely on maps and datasets to manage peatlands, yet these data often contain major uncertainties. This review examines where these uncertainties arise, why they matter for policy and sustainability goals, and how they can be addressed. By improving mapping practices, collaboration across borders, and the way uncertainty is used in decision-making, peatland governance can become more effective and support long-term environmental and societal benefits.

Technical Summary
Tropical peatlands are globally critical ecosystems, storing carbon, sustaining unique biodiversity, and providing essential ecosystem services. In Indonesia and Malaysia, however, these landscapes are major sources of transboundary air pollution and greenhouse gas emissions, driven by drainage, deforestation and fire. Despite their importance for international climate and biodiversity agendas, effective management of Southeast Asian peatlands is constrained by persistent challenges in accurately mapping and quantifying peatland extent, ecological condition, and impacts of anthropogenic activities. Crucially, we argue that peatland data uncertainty is not only a technical mapping problem, but a governance problem, because it propagates directly into decisions on compliance, carbon accounting, restoration prioritization, and biodiversity protection, ultimately influencing policy effectiveness. Drawing on a structured literature synthesis, insights from a hybrid expert workshop, and comparative analyses of open-access datasets, this review systematically evaluates current knowledge on the sources and characteristics of uncertainty in peatland data. The review identifies seven key challenges for peatland data of relevance to climate and biodiversity governance systems. Building on the identified data challenges, we highlight three cross-cutting opportunities to strengthen peatland data and governance: (1) enhancing data practices across scales and borders, (2) constructively engaging with data uncertainty, and (3) valuing broader sustainability benefits.



Social Media Summary
Better peatland maps mean better climate and biodiversity policy. Our review identifies data challenges and policy opportunities.
[bookmark: _5iar81naq3t9]

[bookmark: _87rzke2k1rdc]1. Introduction 

Peatlands are among Earth’s most carbon-rich and ecologically significant ecosystems. Despite covering only 3-4% of the land surface (~500 Mha), these ecosystems are estimated to store up to one third of the planet's soil carbon, double that held by the world's forests (UNEP, 2022). Peatlands in Southeast Asia, found primarily in Indonesia and Malaysia, are of global relevance. They account for around half of tropical peatland area, and are notable for vast carbon stocks, high endemism, and ecosystem services such as water filtration, flood mitigation, and forest products (Mishra et al., 2021). Indonesia and Malaysia, however, have been ranked first and fourth globally in peatland-related greenhouse gas (GHG) emissions (UNEP, 2022), driven by drainage, deforestation, and fire (e.g. Sasmito et al., 2025), often linked to global commodities such as oil palm and pulp, and to food production (e.g. Cao et al., 2026). Further impacts of anthropogenic activities in peatlands include “haze” air pollution, biodiversity loss, and land subsidence that collectively threaten livelihoods and health from regional to local community scales (Varkkey et al. 2024). 

Ecosystem management and governance is challenged by difficulties in mapping and quantification (Castle et al., 2026). Indicators such as peatland extent, condition, and impacts of anthropogenic activities increasingly underpin sustainability governance approaches, including global trade and market mechanisms, certifications, and reporting frameworks. The European Union (EU) Deforestation Regulation requires companies selling commodities such as palm oil in the EU to demonstrate these products are deforestation-free through plot-based spatial data (European Parliament, 2023). Similarly, the Roundtable on Sustainable Palm Oil (RSPO) certification mandates companies use spatial data, including to confirm plantations have not been established on peatlands (RSPO, 2019). More broadly, corporate sustainability reporting frameworks may require companies to quantify and disclose activities and risks related to peatland emissions and impacts (Climate Catalyst 2023; Padfield et al 2016). The integrity of carbon credit projects operating under voluntary Monitoring, Reporting, and Verification (MRV) frameworks and emerging compliance markets also depends on accurate baseline mapping (Teo et al., 2023), including properties such as peatland extent, depth, carbon stocks, and historical disturbance. Regions of Indonesia and Malaysia, including peatlands, have globally significant potential for such projects (Soto-Navarro et al., 2020). Discrepancies between datasets can lead to varying quantifications, conflicting assessments of compliance, undermine the credibility of market mechanisms, and generate disputes over land-use rights, impacts and responsibilities (e.g. over fires causing “haze”; Lee et al., 2016). For Indonesia and Malaysia, where peatlands contribute substantially to national GHG emissions, uncertainties can affect evaluation of climate commitments and mitigation efforts (Goldstein, 2022; Varkkey et al. 2024). To illustrate the apparent magnitude of peatland emissions in Indonesia and Malaysia, the UNEP (2022) estimates are equivalent to 90% and 35%, respectively, of latest nationally reported energy sector emissions. As an illustration of uncertainty, these UNEP (2022) estimates are 39% and 67% higher, respectively, than comparable nationally reported peatland emissions (discussed in more detail in Sections 2.3, 3.3).

Difficulties in mapping and quantifying peatlands arise from several issues, including (1) inconsistent definitions of peat and peatland states, such as differences in peat depth and organic matter content thresholds; (2) divergent methodological approaches to quantification, such as whether peatland extent is estimated from field-based soil maps or remote sensing products; (3) uncertainties introduced when scaling sparse field observations to regional and national levels, and (4) through lack of transparent methodological assumptions and documentation. Such issues lead to differing estimates of peatland extent: as one example (discussed in more detail in Sections 2.1, 3.1), estimates of peatland extent for Indonesia and Malaysia in one spatially explicit dataset (Gumbricht et al., 2017) are 51% and 33% larger, respectively, than in another such dataset (Xu et al., 2018). Collectively, these issues manifest as spatial data uncertainty, reflecting the inherent imprecision, ambiguity, and error in representing geographic phenomena due to limitations in measurement, classification, and spatial and temporal resolution (Fisher, Comber, & Wadsworth 2006; Devillers & Jeansoulin 2006). Errors and uncertainties propagate through analytical workflows as datasets are combined, transformed, or aggregated, a process commonly referred to as error propagation (Heuvelink et al., 1989), which can magnify uncertainty in derived products such as estimates of oil palm plantation area on peatland. Spatial data quality, by contrast, refers to a dataset’s fitness for its intended use, commonly evaluated through accuracy, completeness, consistency, and currency (Goodchild 2008, Devillers & Jeansoulin 2006). Improving data quality can reduce uncertainty, but some degree of uncertainty inevitably persists (Lechner et al. 2012).

This paper aims to review the challenges of mapping and quantifying peatland extent and drivers and impacts of change, and to conduct a structured exploration of the dimensions and implications of peatland data uncertainty. Our central contribution is to show how uncertainty in peatland data propagates through analytical and governance workflows, from peatland extent mapping to land-use overlays, GHG emissions estimates, and sustainability interventions. Rather than treating uncertainty as purely a technical issue, we examine it as a primary constraint on evidence-based peatland governance. While we focus on peatlands in Indonesia and Malaysia, the concepts reviewed are more widely relevant to ecosystem management and governance. The review was conducted by peatland experts from environmental and academic organisations and from government bodies, through a hybrid workshop format, followed by written reflections and comparative spatial data analyses. Accordingly, this paper should be read as a structured, expert-informed synthesis supported by illustrative geospatial analyses, rather than as a systematic review or a definitive remapping of peatland extent. Methodological details are provided in the Supplementary Materials. We begin the review by outlining key characteristics of peatlands in both Indonesia and Malaysia, including current estimates of their extent, major anthropogenic impacts such as forest loss and drainage, and their role in national GHG emissions. We then present a structured examination of sources of uncertainty in peatland datasets, supported by illustrative, quantitative examples of peatland distribution and anthropogenic impacts, and highlight how data discrepancies influence estimates of GHG emissions. Finally, we discuss seven critical peatland data challenges, their associated data needs, uncertainties, and policy implications, and offer recommendations for strengthening peatland data and governance for sustainability. These recommendations are framed within three cross-cutting opportunities: (1) enhancing data practices across scales and borders, (2) constructively engaging with data uncertainty, and (3) valuing broader sustainability benefits.
[bookmark: _dwcdsbzi6jul]
[bookmark: _ye769j9wikd4]2. The importance of peatland characteristics in Indonesia and Malaysia

Our workshop discussions were structured around four pre-determined themes: (1) Peatland data needs, (2) Mapping peatland and its condition, (3) Calculating GHG emissions from peatlands and (4) Cross-cutting challenges and opportunities for enhancing peatland data to support sustainability interventions (Table 1). 

Table 1: Thematic areas and guiding questions used in the expert workshop, covering areas data are required for the sustainable management of, and policymaking for, peatlands in Indonesia and Malaysia. Questions were framed at a high level to accommodate a broad range of responses and open discussion. 
	Theme
	Questions

	Peatland data needs
	Q1 What are the key policy areas which need robust data? And why?
Q2 What kinds of data are needed to manage peatlands sustainably? And why?

	Mapping peatland extent, and its condition, and characteristics
	Q1 How good are peatland datasets and which are missing or restricted or low quality? (e.g. peatland extent and physical state, biodiversity, haze)?
Q2 What are the main sources of peatland dataset uncertainty?
Q3 How do the above issues impact policy decisions?

	Calculating GHG emissions from peatlands
	Q1 What methodologies are used for calculating peatland GHG emissions?
Q2 How good are the carbon stock and GHG emission datasets, and which are missing or restricted or low quality? 
Q3 What are the main sources of GHG emission estimation uncertainty?
Q4 How do the above issues impact policy decisions?

	Cross-cutting challenges and opportunities for enhancing peatland data to support sustainability intervention efforts
	Q1 How important is data transparency to support sustainability intervention efforts?
Q2 What is the role of stakeholders, particularly communities, in enhancing peatland data to support sustainability intervention efforts?
Q3 What are the scale and jurisdictional issues in enhancing peatland data to support sustainability intervention efforts?
Q4 What are the opportunities for harnessing the connections between datasets on GHG emissions and other sustainability dimensions (e.g biodiversity conservation, haze reduction) to support sustainable peatland interventions?



We integrated the expert inputs with literature information (e.g. Reed et al., 2022) to create Figure 1, which outlines key characteristics of peatland socio-ecological systems, including biophysical functions, anthropogenic activities, impacts and management approaches, alongside the range of governance factors relevant to peatland management and interventions. Through questions in our workshop, we also obtained views on key challenges, especially regarding peatland data, which we explore throughout this paper. In the following sections we present illustrative discussions and analyses regarding the key challenges of peatland extent, land use (especially oil palm) and GHG emissions. These illustrations help to support our broader discussion in the concluding section, where we return to the full list of challenges, and offer recommendations for strengthening peatland data and sustainable peatland governance.

Updated version (being finalised)
[image: ]

Earlier version (for reference)
[image: ]
Figure 1: Key components of peatland socio-ecological systems in Indonesia and Malaysia, highlighting biophysical functions (after Reed et al., 2022), major social and environmental impacts, and management strategies and governance factors relevant to peatland sustainability. The diagram also identifies priority challenges requiring focused research and policy attention, including critical data needs for monitoring, modelling, and decision-making. These topics were derived from expert workshop inputs. Quantitative information, alongside illustrative discussion and analysis, is provided for the key challenges of peatland extent (Sections 2.1, 3.1), land use (especially oil palm; Sections 2.2, 3.2) and GHG emissions (Sections 2.3, 3.3).	Comment by MATTHEW ASHFOLD: To insert updated Fig 1

[bookmark: _8lgbcqh4ovsh]2.1 Peatland extent
Understanding the extent, depth, and distribution of peatlands underpins their management and sustainability, informing further assessment of impacts, including biodiversity and GHG emission outcomes. Estimates of the total area of peatland in Indonesia and Malaysia range between 13.4–22.5 Mha and 1.4–3.0 Mha, respectively (Table 2). These estimates are derived from both global or pantropical (Xu et al., 2018; Gumbricht et al., 2017; UNEP, 2022) and national or regional (Wahyunto et al., 2003; 2004; 2006; Melling, 2016; Page et al., 2011a; Anda et al., 2021) assessments, which deploy varying methods and assumptions (e.g. in peat definition). Although estimates for each country differ by up to a factor of ~2, the extent of peatlands is clearly substantial. UNEP (2022) estimates that the two countries combined contribute 5% of the global peatland extent and in both countries, peatlands make up a similar and substantial fraction of total national area, with estimates ranging between 7–12% of national area in Indonesia (190.5 Mha) and 4–9% in Malaysia (33.1 Mha). While our focus throughout will be on the causes, implications, and need for greater consideration of data uncertainties, in Section 4 we will also discuss the feasibility of reductions in uncertainty. 



Table 2: Comparisons of peatland area estimates, definition for peat used, associated spatial data, extent/resolution, availability of peatland data, and methodology for generating peatland maps for Indonesia and Malaysia.

	Source
	Peatland Area (Mha)
	Peat definition
	Spatial data?
	Extent / Resolution
	Availability
	Methodology

	
	Malaysia
	Indonesia
	
	
	
	
	

	Page et al (2011a) 
	2.59 
	20.69 
	Soil layer with organic content of at least 65% and in minimum thickness of 30 cm.
	No
	Pantropical
	Tabular in source
	Compilation of global and tropical peatland inventories, reports and literature values, and national soil inventories. 

	Gumbricht et al (2017)
	2.96 
	22.54 
	Soil at least 30 cm deep with at least 50% of organic content. Maximum peat thickness of 10 m. 
	Yes 
	Tropical and subtropical / 
232 meter
	Publicly available to download
	Identification of peatland based on key indices needed for wetland development using models, satellite data (MODIS), and other spatial products. 

	Xu et al (2018)
	2.23 
	14.90 
	The definition is based on the source of data used (can vary by country). 
	Yes
	Global /
1:50,000 (Malaysia)
1:250,000 (Indonesia)
	Publicly available to download
	Meta-analysis of national and regional peatland maps

	UNEP (2022)
	2.56 
	20.90 
	Ecosystems with a peat soil of any thickness; generally minimum peat depth threshold of 30-40 cm used to define peat soil.
	Yes
	Global / 
1 km
	Publicly available to download
	Compilation of literature, reports, and various national and global peatland/ peatland proxy data products, supplemented by peatland probability mapping, manual digitization, and satellite image classification. 

	Melton (2022)
	1.39
	18.80
	Soil with a minimum of 30% dead organic matter by dry mass and a minimum peat thickness of 30 cm.
	Yes
	Global / 
5 arc min
	Publicly available to download
	Machine learning trained on regional peatland and non-peatland maps and peatland predictors (biophysical, topographical, and meteorological data)

	Wahyunto et al., (2002 - 2006)
	-
	20.80
	Minimum thickness of 30 cm to delineate peatland
	Yes
	National (Indonesia) /
1:250,000
	Available upon request
	Compilation of national maps and reports, satellite data (Landsat), and field survey data. 

	Anda et al (2021)
	-
	13.40 
	Histosol layer with minimum thickness of 50cm.
	Yes
	National (Indonesia) /
1:50,000
	Available for purchase or upon request
	Compilation of national soil maps and peatland maps, field surveys and laboratory analyses, satellite data analyses (Landsat, SPOT) and other spatial products. 

	Melling (2016) 
	2.60
	-
	Classification includes "Peaty phase" for soil with a depth of less than 50 cm, and it must contain 65% organic matter.
	No
	National (Malaysia)
	Tabular in source
	Field surveys, and based on mapping by the Department of Agriculture, Malaysia (2002), Mutalib et al., (1991) and Department of Irrigation and Drainage, Sarawak (2014).



In Indonesia, the product of Anda et al. (2021) is the recognised official peatland map. Notably, this dataset contains the lowest estimate of Indonesia’s peatland area (13.4 Mha), likely due to the exclusion of peatlands with depths of less than 50 cm. Xu et al. (2018) provide a fairly similar estimate of 14.9 Mha, as they reference a previous official peatland map produced by the Ministry of Agriculture (Ritung et al., 2011). However, earlier national-scale maps (Wahyunto et al., 2003; 2004; 2006) estimated a substantially larger area of around 20.8 Mha, aligning more closely with some estimates in pantropical and global datasets (Table 2). For Malaysia, Melling (2016) reported a national peatland extent of 2.6 Mha. Other estimates of Malaysia’s peatland extent are reasonably consistent among global and regional assessments, ranging from 2.23–2.96 Mha, with the exception of the lower (1.39 Mha) estimate of Melton et al. (2022) (Table 2).

Given the substantial differences in total peatland area estimates, it is important to examine areas of discrepancies and alignments. We conducted analyses to compare the spatially explicit, publicly available, and commonly used peatland datasets of Gumbricht et al (2017) and Xu et al. (2018). While these are both global datasets, we focus our analyses on Indonesia and Malaysia. There are fundamental differences in the split of peatland areas among key regions of both countries (Table S1), with Sumatra making the largest contribution to Indonesia’s peatland area in the Xu et al. (2018) dataset, and Papua the largest contribution in the Gumbricht et al (2017) dataset. We also calculated the intersection between the spatial datasets (i.e. is peatland at the same location in both datasets?). Overall areas of agreement (Table S1) are low: in Indonesia, the area in which the two datasets agree is just 6.80 Mha. In Malaysia this area of agreement is 0.83 Mha. To facilitate spatial analyses of impacts in peatlands presented in Section 2.2, we created a combined peatland layer by merging the two datasets (details in Supplementary Materials). The combined peatland extent in this layer is 29.48 Mha in Indonesia and 4.34 Mha in Malaysia (Table S1). Importantly, this combined layer is likely to overestimate actual peatland area, and thus it is used as an illustrative envelope for downstream overlay analyses, rather than a preferred estimate of true peatland extent. Nevertheless, the area of agreement between the datasets in Indonesia (6.80 Mha) only covers 23% of the combined peatland extent. The equivalent area of agreement in Malaysia is 19%. Among sub-national regions, the largest agreement in Indonesia is in Sumatra (26%) and in Malaysia is in East Malaysia (20%) (Table S1). The causes and implications of these substantial uncertainties in peatland location are discussed further in Section 3.1, but they likely reflect variation in peat definitions, depth thresholds, mapping methods, and source data. This is important because uncertainty in peatland extent and location propagates directly into all subsequent overlays and assessments of impacts, emissions, and protection status.

[bookmark: _3m3s6ewdej3y]2.2 Peatland impacts
Understanding the impacts of anthropogenic activities in peatlands is crucial for assessing the state of biophysical functions and for considering potential management approaches and interventions (Figure 1). As illustrations of the range of relevant activities and impacts, and to support later discussion on data uncertainties, we overlaid key activity and impact datasets (Table S2) on the combined peatland layer introduced in Section 2.1 (Figure 2). The significance of peatland extent uncertainty becomes clearer at this stage, because every downstream estimate of forest loss, drainage, oil palm extent, emissions, or protection in peatlands depends directly on the peatland map selected. Thus, while in principle these types of open-source spatial dataset can contribute to peatland monitoring and management systems across scales, poor practices and inconsistencies in mapping of peatlands can undermine such approaches.

[image: ]Figure 2: Mapping of peatlands in Indonesia and Malaysia (A) using the Gumbricht et al. (2017) and Xu et al. (2018) datasets, with areas of agreement between datasets indicated. Peatland extent (B-F) is based on a combined layer created by merging the two datasets. Mapping of impacts within this peatland layer includes forest loss (B), canal density (C), oil palm (D), GHG emissions (E) and protected areas (F). Illustrative quantifications of peatland extent and impacts presented are in Table S1. Descriptions of the illustrative activity and impact datasets are in Table S2. The Figure is updated from Varkkey et al. (2024).

Substantial areas of peat swamp forest in Indonesia and Malaysia have been lost due to anthropogenic activities and land use/cover changes (e.g. Miettinen et al. 2016). Figure 2B illustrates forest loss within the peatland extent layer in Indonesia and Malaysia from 2001 to 2022, with loss reaching 6.9 Mha and 1.6 Mha, or 24% and 37% of the national peatland areas, respectively (Table S1). Sub-national regions with the largest fractional forest losses in peatlands are Sumatra (43%) and East Malaysia (39%) (Table S1). 

There is close spatial correspondence between forest loss and the presence of canals that have been introduced to drain peat soils and to enable agriculture and logging (Figure 2C). Impacts on peatland biophysical functions are profound, through the lowering of water tables, leading to subsidence, carbon loss and vulnerability to fire (Hoyt et al., 2020). Fires within Southeast Asia’s peatlands have various impacts, including as sources of regional, trans-boundary air pollution or “haze” (e.g. Gaveau et al., 2014). Within our illustrative analyses, a substantial 1.40 Mha (i.e. 23%) of overall peatland forest loss (Figure 2B) in Indonesia was due to fires, whereas in Malaysia fire-related losses were just 0.07 Mha (4%) (Table S1). Regionally, the largest fraction of fire-related loss was found in Kalimantan (31%) (Table S1). These calculations are consistent with literature emphasising the association of forest loss, drainage and peatland fires in Indonesia (e.g. Adrianto et al., 2019; Lestari et al., 2024), and indicate a less prominent association between fire and peatland forest loss in Malaysia.

One common land use in deforested and drained peatlands is plantation agriculture, particularly oil palm (Miettinen et al., 2016). Our illustrative analysis suggests oil palm on peatland covers 2.2 Mha in Indonesia (8% of the peatland layer in Indonesia, Figure 2D), of which 1.5 Mha is “industrial plantation” (Table S1). Sumatra, with a total of 1.60 Mha, is the largest contributing region for Indonesia. In Malaysia, our analysis indicates oil palm covers 0.94 Mha (22% of the peatland layer in Malaysia), of which the majority, 0.82 Mha, is industrial plantation (Table S1). East Malaysia, with a total area of 0.63 Mha, is the major contributing region for Malaysia. For comparison, Miettinen et al. (2016) reported areas of oil palm in peat of 1.3 Mha in Sumatra (0.3 Mha smaller than our illustrative calculation) and 0.78 Mha in East Malaysia (0.15 Mha larger). We present a more detailed analysis of such uncertainties in areas of a major commodity crop in peatland in both countries in Section 3.2.

The loss of forest, drainage and conversion to plantation agriculture in peatlands are strongly associated with disturbance of soil carbon, and thus with GHG emissions. As one illustration, utilising one of the few spatially explicit forest-related GHG emissions datasets (Harris et al., 2021), on average between 2001-2022 annual emissions of 322 and 57 MtCO2e occurred, respectively, in Indonesia and Malaysia within our peatland layer (Figure 2E). This represents 34% and 24%, respectively, of emissions from all forest types in the two counties in this dataset (Table S1). The substantial contribution of peatlands to GHG emissions in both countries is discussed in Section 2.3, and causes of variation between peatland emission estimates in Section 3.3. 

As well as affecting biophysical functions of water and carbon, the various impacts on peatlands also threaten their unique biodiversity (Yule, 2010; Azhar et al., 2011; Sasidhran et al., 2016; Shuhada et al., 2017; Grover et al. 2024; Struebig et al., 2025). Peatlands of Indonesia and Malaysia host a range of plants, animals, and microbes, serving as sanctuaries for threatened species such as orangutans (Yule, 2010). Alongside restoration, protection is one key strategy to conserve peatland areas, their biodiversity, and their wider biophysical functions and ecosystem services (Novita et al, 2022). Depending on the legal category and national context, protected status may limit land clearance, drainage and canal construction, plantation expansion, peat extraction, deliberate burning and infrastructure development.  Figure 2F suggests 3.6 Mha (or 13%) of our peatland layer for Indonesia is protected, whereas only 0.22 Mha (5%) in Malaysia is protected (Table S1). While just one illustrative analysis, the modest fractions of protected peatland in both countries indicate great potential to enhance interventions to support peatland sustainability.

[bookmark: _ig1m6yjo6sc7]2.3 Peatland greenhouse gas emissions 
Multiple studies have emphasised the important contributions of peatlands to GHG emissions globally, and in both Indonesia and Malaysia (e.g. Miettinen et al., 2016; UNEP, 2022; Sasmito et al., 2025). As noted in the Introduction, UNEP (2022) ranked these two countries as first and fourth largest contributors to global emissions from peat decomposition, with estimated annual emissions of 668 MtCO2e in Indonesia and 90 MtCO2e in Malaysia. Peat decomposition is a key emitting process, in which carbon-rich organic matter in peat soils is broken down by microbes under aerobic conditions (also referred to as peat oxidation), releasing CO2. This process is inhibited under naturally waterlogged conditions, allowing peat accumulation over time, but enhanced when peatlands are drained, the water table falls, and oxygen penetrates the peat (Page et al., 2011b). Further processes contributing to peatland GHG emissions, such as fires, are highlighted below.

The national-scale importance of peatlands to GHG emissions can also be assessed through biennial transparency reports (BTRs), or other official sources of emissions data, submitted to the United Nations Framework Convention on Climate Change (UNFCCC). Indonesia and Malaysia submitted their first BTR at the end of 2024. These BTRs include, or are accompanied by, a national (GHG emissions) inventory document and a range of standardised reporting tables. The standardised tables support comparisons between countries, and thus we focus on BTR data rather than less standardised forms of national emissions information. 

For both Indonesia and Malaysia, “Energy” was the largest emission category in the latest reported year (Table 3). In Indonesia, however, Energy has become the largest emission category only in recent years (2018, 2020-2022), following reductions in net emissions from the “Land Use, Land Use Change and Forestry” (LULUCF) category. The LULUCF category includes both GHG emissions and carbon removals, with net emissions representing their balance. Within LULUCF, CO2 emissions from peat decomposition (oxidation) were derived from reported losses of carbon from organic soils across multiple land-use categories (Table 3). Both countries report substantial net carbon removals in the Forest Land category (including peatlands classified as Forest Land), and report emissions from drained organic soils within Forest Land and other land-use categories. In Indonesia, emissions from organic soils total 479 MtCO2, contributing substantially to the net LULUCF source and equivalent to 65% of Energy emissions. In Malaysia, large removals within Forest Land outweigh peat decomposition emissions, which occur predominantly within the Cropland category, resulting in a net LULUCF sink. Nevertheless, at 54 MtCO2, Malaysia's peat decomposition emissions are equivalent to 21% of Energy emissions and exceed emissions from the Industry (37 MtCO2e), Agriculture (9 MtCO2e), and Waste (24 MtCO2e) sectors (not shown in Table 3).

Table 3: Nationally reported GHG emissions, for selected key emissions categories, rounded to nearest MtCO2e, from the latest available year in the common reporting tables in BTRs of Indonesia and Malaysia (Republic of Indonesia, 2024; Government of Malaysia, 2024). Loss of carbon from organic soils is reported by Indonesia in land-use categories 4A, 4B, 4C, 4F (respectively Forest Land, Cropland, Grassland, Other Land) and by Malaysia in 4A and 4B (Forest Land and Cropland). The values in this table are the sum of these carbon losses, converted to CO2 emissions.
	Emissions category
	Indonesia (2022)
	Malaysia (2021)

	Total net GHG emissions
	1383
	107

	Total Energy
	739
	260

	Total LULUCF
	312
	-222

	LULUCF Forest Land (land use category 4A, including organic soils)
	-267
	-258

	LULUCF Loss of carbon from organic soils (multiple land-use categories)
	479
	54



The peat-related emissions reported in Table 3 are due to one major emitting process, peat decomposition. Demonstrating the importance of further processes, Sasmito et al. (2025) assessed peatland emissions across Southeast Asia. This study estimated annual emissions of 496 MtCO2e in Indonesia and 94 MtCO2e in Malaysia, averaged over 2001–2022, representing 73% and 14% of peatland emissions in Southeast Asia. Further, Sasmito et al. (2025) estimated 46% of peatland emissions in the region were due to peat decomposition, with additional emissions due to processes of deforestation (i.e. biomass loss), peat fires, and drainage. Particularly, GHG emissions from peat fires are known to be substantial, especially in Indonesia (e.g. Huijnen et al., 2016), but are more variable year-on-year than continual emissions from peat decomposition. Unlike in Indonesia’s previous Biennial Update Report (a format superseded by the BTR), the standardised BTR format does not yield a standalone value for peat fire GHG emissions. Nevertheless, recent years of well documented peat fires (e.g. 2015, 2019) are years with higher emissions in Indonesia’s BTR inventory, and the reported lower LULUCF emissions in 2022 can in part be attributed to relatively low levels of peat fires. 

The importance of peatlands is thus evident, yet notable uncertainties also emerge. For example, in both countries, the peatland decomposition emissions reported by UNEP (2022, quoted above) exceed those presented in the BTRs, by 39% in Indonesia and 67% in Malaysia. If the UNEP estimates were used in place of the national inventory values (bottom row of Table 3), the total national net GHG emissions (top row of Table 3) would increase by 14% for Indonesia and 34% for Malaysia. The consideration of further emitting processes, such as peat fires, adds uncertainty. Discrepancies of this scale can imply meaningfully different narratives about national mitigation performance, the relative importance of peatlands within LULUCF, and the potential of peat-related climate interventions. These issues are examined further in Section 3.3.

[bookmark: _gip3nwr2bylq]3. Analysis of key sources of uncertainty
This section provides the conceptual core of the review by tracing how uncertainty enters peatland datasets, compounds through overlay and aggregation, and ultimately affects the evidence base for governance. Building on the Indonesia–Malaysia context and earlier examples of data discrepancies, we examine uncertainties in (1) peatland extent, (2) peatland impacts (illustrated with an oil palm case), and (3) peatland GHG emissions. Our analyses allow us to review major sources of peatland data uncertainty in a structured way (Figure 3). In Section 3.1, we consider uncertainty in peat definition, and uncertainty in methods to identify, map and characterise peatlands. In section 3.2, we consider uncertainties related to dataset selection and to approaches to combining multiple spatial datasets in quantifying impacts within peatlands. In Section 3.3, through a synthesis of published peatland GHG emission estimates, we consider the propagation of error and uncertainty into national-scale quantification, and highlight the value of transparent reporting in explaining data variations. Figure 3 also highlights the potential for uncertainties to increase and errors propagate into calculations of GHG emissions, which has implications for tracking progress in mitigating climate change. Broadly the same approaches to working with data can lead to uncertainties in other crucial aspects of sustainability, such as biodiversity assessments. Through this structured exploration, we aim to contribute to discussions on evidence-based peatland governance under conditions of substantial data uncertainty.
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Figure 3: Flow chart diagram showing links between the illustrative analyses presented in this section, and different dimensions of uncertainty.

[bookmark: _3ftpy2mos1q2]3.1 Uncertainties in peatland extent
Even when overall areal estimates are similar, the distribution of peatlands can vary greatly. For example, in Figure 4 we present a comparison between the datasets of Gumbricht et al. (2017), Xu et al. (2018), and UNEP (2022) (Table 2) which reveals a lack of consensus on the distribution of peatlands. For this visualisation we have included the UNEP (2022) dataset, which was excluded from earlier quantitative comparisons (Section 2.1) due to inconsistencies between the spatial datafile and statistics presented within the UNEP (2022) report. Spatial differences between datasets become more apparent when zooming into specific areas. Figure 4B shows that while these maps agree on the general areas of peatland, exact boundaries vary substantially among the data sources. Figure 4C further illustrates the influence of pixel size and data structures (i.e. raster or vector), which drive differences between datasets at finer scales. For example, raster data may include many small, isolated patches of peatland as pixels, whereas vector data generally preserve the geometry of the peatlands. In our mapped example (Figure 4), while the finer-scale data from Gumbricht et al. (2017), with a pixel size of 232 m, offers detailed mapping, the other two datasets have comparatively coarser resolutions (Table 2).
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Figure 4: Mapping discrepancies in peatland distribution, with the intersection (∩) representing locations identified as peatland across one or more datasets. (A) Shows areas of agreement and disagreement between peatland datasets across all of Indonesia and Malaysia. (B) Provides a detailed view of a region in Kalimantan (red box in A), showing that different sources generally identify a peatland area, but the actual extent and precision of the mapping varies between datasets. (C) Provides a more detailed view of the region indicated by the red box B. Note there are few examples of A∩B. 

Differences in peatland mapping arise through varying practices in defining peat, difficulties in measuring peatland systems accurately and comprehensively, differences in methodologies, the dynamic nature of peatland landscapes (Wahyunto and Suryadiputra, 2008; Lourenco et al., 2022), as well as misclassification of remote sensing data. For example, peat thickness plays a critical role in defining peat (see Table 2), assessing functions such as carbon storage, and for understanding peatland development and land-use management decisions (Parry et al., 2014; Minasny et al., 2019). Thus mapping disagreements reflect at least three distinct forms of uncertainty: semantic uncertainty over what counts as peat, measurement uncertainty in detecting peat extent and thickness, and representation uncertainty arising from scale, resolution, and data structure.

While the thickness of tropical peat varies significantly (Page et al., 2011a), mapping thickness is challenging. Ground-based methods like probing and ground-penetrating radar are resource-intensive. Conversely, remote sensing techniques struggle to measure peat depth due to subsurface variability and face challenges in tropical regions where extensive cloud cover frequently obstructs retrievals (Minasny et al., 2024; Fiantis et al., 2023; Parry et al., 2014). Several studies have mapped the spatial distribution of peat and its thickness in Indonesia and Malaysia (e.g. Anda et al., 2021; Gumbricht et al., 2017; Widyastuti et al., 2025). Anda et al. (2021) determined peat thickness in Indonesia using field measurements and satellite imagery, categorizing depth into six classes from “shallow” (50-100 cm) to “exceptionally very deep" (>700 cm). Gumbricht et al, (2017) used a model-based approach, incorporating biophysical indicators and terrain data to estimate peat depth and distribution across tropical regions, while Widyastuti et al. (2025) modelled both peat thickness and carbon stocks globally, within the peatland extent of UNEP (2022). Comparisons between peatland depth datasets in Indonesia would be informative, but are limited by availability of data (Table 2).

Peatland extent and depth are two key indicators of peatland quantity, and crucial for characterising its condition and contribution to carbon storage. Many other physical, spatial, and temporal properties of peatlands are equally or more challenging to assess. For example, peat bulk density and organic carbon content are critical indicators of peatland ecosystems, but cannot be directly mapped using remote sensing. Instead, mapping depends on proxies and correlations, due to obstructions from ground cover and tree canopy (UNEP, 2022). Thus, a key part of the methodological challenge in peatland mapping and quantification is the disciplinary diversity required, from remote sensing to soil science and chemistry. Overall, this section highlights how a range of sources of uncertainty, including varying depth-based definitions of peat and uncertainty in measuring and modelling peat thickness, contribute to uncertainty in peatland area and distribution (e.g. Figure 4). 

[bookmark: _7yzyowdsyvov]3.2 Uncertainties in oil palm on peatland
While differences between peatland extent datasets can be substantial, the challenge is compounded by the need for multiple spatial datasets in many applications of peatland management. Combining multiple datasets can potentially compound uncertainty and propagate errors (Lechner et al. 2012). We use oil palm as a worked example because it is both a major driver of peatland conversion in the region (see Section 2.2) and a land-use category for which spatial data are widely used in certification, compliance, and sustainability reporting. As with peatland extent, there are numerous maps of oil palm extent, covering different time periods (Figures 5, S1, S2). Importantly given rapid land use changes, some datasets provide continuous records beginning in 1987, while most are available only for a single year, with greater coverage after 2015. While the various datasets indicate increasing oil palm coverage across Indonesia and Malaysia, detailed comparisons reveal large discrepancies in both areas and trends. Across eight datasets, estimates of total oil palm area vary by up to 70% (Figure 5A), with regional discrepancies exceeding a 2.5-fold difference between datasets (Figure 5). Part of this disagreement reflects genuine temporal mismatch among datasets as well as differences in classification methods and semantic definitions, reinforcing that estimates are sensitive to both spatial and temporal inconsistency. Some datasets explicitly acknowledge uncertainty, with Xu et al. (2020) reporting upper and lower bounds for oil palm area estimates, while Petersen et al. (2016) distinguishes between “oil palm only” and “oil palm mix” to capture semantic uncertainty.

[bookmark: _utoqw0u45u35][image: ]
[bookmark: _2et92p0]Figure 5: Time series of the oil palm datasets area (MHa) for A) Malaysia and Indonesia (Sumatra and Kalimantan), B) Malaysia only, C) Indonesia only, D) West Malaysia (Peninsular Malaysia), E) Borneo (Kalimantan and East Malaysia) and F) Sumatra, from 2000 to 2019. The data nodes are labelled with the source reference and publication dates.
[bookmark: _n6zsq7quc9yu]
[bookmark: _1f885b6fin0f]Uncertainty magnifies when oil palm datasets are combined with peatland extent datasets, for example in answering the fundamental question: “how much oil palm is on peatland?”. Figure 6 shows four estimates of oil palm area within peatlands, from calculating the area of overlap between the four possible combinations of two oil palm datasets (Danylo et al., 2021; Descal et al., 2021) with two peatland datasets (Gumbricht et al., 2017; Xu et al., 2018). Because these estimates are calculated as total pixel counts from categorical map overlays, rather than from a statistical sampling design, uncertainty is represented here through dataset-combinations (i.e. rather than confidence intervals). Depending on the combination, total oil palm areas in peatlands of Indonesia and Malaysia combined range between 1.5–2.2 Mha. When considering the areas of overlap across all four datasets (i.e. a conservative estimate), the area calculated is just 0.4 Mha. In contrast, for a less conservative estimate, the intersection between merged oil palm datasets and merged peatland datasets is almost 3.8 Mha. These large discrepancies underscore how strongly results depend on dataset selection and treatment, and highlight the difficulty of meaningfully quantifying land-use disturbances.
[bookmark: _e069yh5pjpv5] 
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Figure 6: Areas of oil palm in peatland calculated by combining datasets. The first four bars compare the various combinations of two oil palm datasets (A) Danylo et al. (2021) and (B) Descal et al. (2021) with two peatland datasets (A) Gumbricht et al. (2017) and (B) Xu et al. (2018), for Malaysia against Indonesia. The fifth bar shows a conservative intersection of all four datasets, quantifying areas where peatland is present in both datasets and oil palm is present in both datasets. The sixth (rightmost) bar shows the intersection of all oil palm areas (union of oil palm A+B) within both peatland datasets (union of peatland A+B), reflecting a more generous coverage. These are total pixel-count areas derived from deterministic overlay of categorical map products, rather than modelled area estimates with associated confidence intervals. Note also that the datasets have different temporal reference periods. The peatlands dataset of Xu et al (2018) is a composite synthesis drawing on source data from multiple years and decades and Gumbricht et al. (2017) reflects peatland conditions around 2011. For Danylo et al. (2021) time-series oil palm dataset we used their most recent year, 2017 and Descal et al. (2021) represents 2019. While temporally inconsistent, these datasets are commonly used as the best available representations for current applications. 

[bookmark: _rslro732ui0a]These analyses demonstrate how uncertainty is magnified when spatial datasets are combined, leading to error propagation. In practical terms, this means that a single plantation area could be classified differently depending on which peatland and land-use layers are selected, risking inconsistent results for certification, compliance checks, and project baselines. While illustrated here using oil palm and peatland layers, the same issue applies to other commonly overlaid datasets, including fire occurrence, drainage infrastructure, and forest loss (Figure 2). The adoption of good practice in mapping and area estimation, such as the approaches outlined by Tyukavina et al. (2025), including avoiding direct area estimation from classified maps and explicitly accounting for map error, is essential for producing statistically defensible results. These practices, alongside thorough documentation and transparent reporting, should be embedded within broader quality assurance frameworks to support downstream analyses and to make uncertainty propagation explicit rather than implicit. Uncertainty arising from combining peatland data with other datasets can undermine certification systems such as RSPO, carbon credit MRV systems, and has direct implications for GHG accounting, which is examined further in the next section. Taken together, uncertainty propagation constitutes a ubiquitous challenge for peatland management and governance.

[bookmark: _26uug7pasuwn]3.3 Uncertainties in peatland greenhouse gas emission estimates
In this section we focus on comparing national-scale peatland GHG emission estimates, but note that sub-national (e.g. project scale) estimates are increasingly important. Discrepancies among peatland GHG emissions estimates arise from multiple sources, including differences in peat area assumptions, land-state classifications, emission factors, process and gas coverage, and the years represented. Estimates rely on various observational methods, including in situ chamber measurements of GHG fluxes, eddy covariance tower observations, upscaling approaches based on remote sensing by unmanned aerial vehicles (UAV) and satellites, and process-based biogeochemical modelling (e.g. Hoyt et al., 2020; Desmukh et al. 2023; Basri et al., 2024; Kasak et al., 2025), yet multiple challenges lead to uncertainties. Spatial heterogeneity in peatland vegetation, hydrology and land-use means uncertainty is introduced by extrapolating local emission measurements across large areas, or applying those data at unmeasured sites. Similarly, emissions fluctuate temporally, leading to uncertainties when relying on short-term measurements. There are also different carbon accounting practices (i.e. stock difference and gain-loss methods, ex-ante and ex-post estimates), and not all approaches include the full range of carbon fluxes and pools or all relevant GHGs, including methane and nitrous oxide (Murdiyarso et al., 2024).

These observational challenges and uncertainties propagate into emissions estimates, including national inventories (e.g. BTRs; Section 2.3) which are developed using Intergovernmental Panel on Climate Change guidelines (IPCC, 2006; 2013). In essence, emissions are calculated as the product of an emitting activity or activity data (e.g. an area under a particular land use) and an emission factor (an emission rate, per unit activity), both affected by uncertainties. Calculations can be conducted within varying tiers of detail and complexity. The simplest Tier 1 approach relies on default emission factors and basic activity data. Tier 2 employs country-specific emissions factors, typically informed by local peatland measurements. Tier 3 may involve more detailed models, spatial data, site-specific measurements, and long-term flux monitoring, potentially resulting in more accurate estimates but requiring substantial technical resources. Indonesia and Malaysia largely use Tier 1 approaches for estimating LULUCF emissions, but reflecting their importance, Indonesia has developed country-specific emission factors, based on multiple field observations (Novita et al., 2021), for a Tier 2 approach to peatland emissions that has also been applied in Indonesia’s second Forest Reference Level (Republic of Indonesia, 2022).

To illustrate the importance of assumptions and data uncertainties within calculations of GHG emissions, and to demonstrate the value of transparency in methodological documentation, we compare multiple estimates of peatland GHG emissions for Indonesia and Malaysia (Figure 7). We first compare UNEP (2022) and Miettinen et al. (2017) ([1] and [2] in Figure 7), demonstrating the importance of assumptions in peatland areas. Both estimate peat decomposition emissions only and deploy default IPCC (i.e. Tier 1) emission factors for non-pristine peatland areas. For Malaysia, total peatland area assumed is similar (2.5 and 2.7 Mha, respectively). While not all details of peatland state are available in UNEP (2022), the effective emission factors (that emerge from the emission calculation, weighted by the sizes of areas in different states) are also similar, and thus calculated emissions are similar (90 and 97 MtCO2e). For Indonesia, the large difference in estimated emissions (668 and 440 MtCO2e) likely arises due to the smaller peatland area assumed in Miettinen et al. (2017), which did not calculate emissions for all provinces. 
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Figure 7: Estimates of peatland GHG emissions, plotted as a function of the peatland area reported in the study, in Indonesia (left) and Malaysia (right). The red shading in the lower corner of the Indonesia plot indicates the emission-area space in the Malaysia plot. The year for which the estimate is made is indicated. The sources of the estimates are: [1] UNEP (2022); [2] Miettinen et al. (2017); [3] Latest national BURs; [4] Latest national BTRs; [5] Sasmito et al. (2025). National reports are shown with open circles, with arrows showing updates from most recent BURs (Republic of Indonesia, 2021; Government of Malaysia, 2022) to BTRs. The final effective emission factor for a study, and thus the positioning of the marker relative to the dashed grey diagonal lines, will reflect the proportion of peatland areas in differing state categories (e.g. oil palm) and the specific emission factor used for each category. Emissions are presented using common units of tCO2e, though some estimates only consider CO2 emissions.

Emissions reported by both countries to the UNFCCC, in BTRs and in preceding Biennial Update Reports (BURs), are also shown in Figure 7 (arrows show the change from BUR to BTR, for emissions in the latest reported year). In Malaysia’s BTR the reported emission (54 MtCO2) is larger than in its preceding (fourth) BUR (29 MtCO2). This difference appears to be predominantly due to the larger area of organic soil in the cropland category in the BTR (1.8 Mha, out of the total reported 2.6 Mha of organic soil) than in the fourth BUR (1.1 Mha of a total 1.6 Mha). The implied emission factor in both the fourth BUR and the BTR is similar, close to 20 tCO2e/ha. For Indonesia, we focus this comparison between the most recent (third) BUR and BTR on peatland decomposition (i.e. loss of organic soil), and ignore separately reported emissions from peatland fires. While changes in reporting approach hinder detailed comparison, both a modest increase in total peatland area, and a slightly higher implied emission factor, lead to higher emissions in the BTR (479 MtCO2e) than the preceding third BUR (398 MtCO2e). For both countries, this comparison involves different reporting years, which may also contribute to differences in reported emissions.

The standardised data tables associated with BTRs also enable comparisons of the methodological approaches taken by different countries. The reporting includes areas of organic soil in specified land categories, alongside “implied carbon stock change factors” (equivalent to emission factors if carbon is lost to the atmosphere as CO2). The reported factors for organic soils in croplands are -7.53 and -11.53 tC/ha for Malaysia and Indonesia, respectively, equivalent to emission factors of 27.6 and 42.3 tCO2/ha. There are similar differences for other land categories, with the factors for organic soils in forest land also greater in Indonesia’s report. These inter-country differences in choice of emission factor are a major cause of the differing relative positions of the markers labelled [4] in Figure 7.

Using peatland areas from Xu et al. (2018), Sasmito et al. (2025) provided more detailed emissions estimates, considering variations by year and additional emitting processes. The connected diamonds labelled [5] in Figure 7 show the effect of selecting different years to estimate emissions, comparing the average of 22 years with two specific years: 2014 (highest emissions) and 2022 (lowest emissions). Earlier years had larger contributions from peatland drainage, deforestation and fire (in sum 71% and 59% of 2014 emissions, in Indonesia and Malaysia respectively). By 2022, these emitting processes are less important, leaving peat decomposition as the major (close to 80%) contributor in both countries, and resulting in lower estimates of total emissions. The dataset of Sasmito et al. (2025) therefore highlights the importance of temporal fluctuations in anthropogenic activities in peatlands, and in contributions from multiple emitting processes. Similarly, the work of Sasmito et al. (2025) supports the case for separately reporting emissions contributions from individual GHGs linked to specific processes. This approach is also relevant to assessing potential peatland interventions, such as rewetting of drained peatlands aiming to reduce peat oxidation and CO2 emissions, while potentially increasing CH4 emissions under some conditions (Evans et al., 2021; Sasmito et al., 2025). 

Overall, ourThese comparisons show the value of reporting transparency in understanding how uncertain data inputs contribute to differences between calculated GHG emissions. For Malaysia’s national reporting, while the peatland (organic soil) area used in the BTR is broadly consistent with other studies, the use of a lower implied emission factor results in lower reported emissions. For Indonesia, the estimates of area and emissions from decomposition in the BTR, and in Miettinen et al. (2017) and Sasmito et al. (2025), are broadly similar. The UNEP (2022) estimate is affected by a much larger assumed peatland area. The areas considered here have been aggregated nationally, and will thus influence reported contributions to national and global carbon emissions. Further enhancements in Tier 2 and 3 approaches and in transparent methodological documentation would further strengthen credibility. However, in sub-national areas (e.g. relevant to projects generating carbon credits), uncertainties and locational disagreement in peatland extent and status (Sections 3.1, 3.2) could propagate into even larger uncertainties in emissions. For this reason, improving transparency in both activity data and emission factors is crucial for credible peatland accounting at national and project scales.

[bookmark: _b97qyx542mb5]4. Conclusion: Cross-cutting challenges and opportunities for peatland data to support sustainability interventions

With pervasive uncertainties in mapping and quantification, this review emphasises that uncertainty in peatland data is central to peatland management and governance. Because peatland extent, condition, land use, and emissions data underpin certification, MRV, national inventories, and conservation planning, their limitations directly shape the credibility and effectiveness of sustainability interventions. Achieving desired sustainability outcomes will require enhancing the accessibility and accuracy of peatland datasets, and managing uncertainty in data transparently across spatial and institutional scales. Table 4 synthesizes the seven key data challenges identified in this review, outlining associated uncertainties, consequences, and actionable recommendations. These challenges converge around three cross-cutting opportunities: (1) enhance data practices across borders and scales, (2) engage constructively with data uncertainty, and (3) value broader sustainability benefits.

Table 4: Seven key peatland challenges, identified from the workshop, are presented alongside their importance and data needs, associated uncertainties and consequences, and recommendations for improving peatland data and sustainability policies in Indonesia and Malaysia. These recommendations are underpinned by three cross-cutting opportunities: (1) enhance data practices across scales and borders, (2) constructively engage with data uncertainty, and (3) value broader sustainability benefits, which are cited in the rightmost column.
	Key Data Challenge
	Importance of Peatlands and Data Needs
	Peatland Data Uncertainties and Consequences
	Recommendations for Peatland Data and Sustainability Policy

	1. Peatland Extent
	Mapping peatland boundaries and hydrological and ecological units needed to identify and prioritize areas for management and interventions.
	Disagreements on definitions, varying mapping methods, and limited coverage in space and time of field data. Leading to fundamental uncertainties in characterisation of peatland extent and distribution hindering assessments of GHG emissions and conservation.
	Improved spatial data availability, with transparent methodologies and quantification of uncertainty, are needed to address extent mismatches, as these affect error propagation and all peatland quantification and management efforts (1,2)

	2. Peat Soil Characteristics and Hydrology
	Essential for understanding peatland health in terms of soil characteristics (e.g. depth and bulk density), water management (e.g. canals), fire susceptibility, and flood risks.
	Lack of data on peat soil and hydrology, with limited field measurements in space and time (e.g., water depth). Leads to uncertainty in characterisation of peatland conditions, particularly problematic for restoration initiatives.
	Accurate data on peat soil and hydrology are critical inputs for all aspects of peatland quantification (e.g. GHG emissions), and effective management. Extensive fieldwork required as well as further developments of novel remote sensing methods (1,2).

	3. Biodiversity
	Supports biodiversity conservation, ecosystem health assessments.
	Lack of detailed, accurate mapping of peatland biodiversity and ecosystem health, with limited data on many species, especially non-mammals and birds. Hinders effective conservation planning, overlooking critical habitats, contributing to local species declines and potential extinctions. 
	Parallel assessments of carbon stock and flora diversity, and greater research on link between peatland condition and biodiversity loss (or conservation). (1,3) 

	4. Greenhouse Gas Emissions
	Quantify emissions, support climate change mitigation efforts, and evaluate carbon storage capacity, particularly important for reporting to UNFCCC and for carbon credit projects.
	Limited spatially-explicit belowground carbon stock data; high variability of GHG emissions in space and time; limited data on methane and nitrous oxide emissions; high uncertainty in emission factors for decomposition, fire and rewetting; lack of adequate baseline data for carbon projects. Lowers confidence in peatland's role in GHG emissions and reduction targets, and leads to carbon credit integrity risks.
	Transparent and detailed reporting of peatland emission methodologies can clarify contribution to national or corporate targets and support data harmonization at the regional scale. Approaches that foreground uncertainty are likely to reduce risks to integrity of outcomes. (1, 2)

	5. Land Use, Management and Community Engagement
	Identification of drivers of degradation such as agriculture, and of key stakeholders (i.e. local communities, involved companies) to inform and support protection and restoration efforts. Evaluation of management effectiveness.
	Missing spatial data on restored peatlands; lack of accessible site-level data; outdated land-use change data. Mismatches in administrative/jurisdictional boundaries and biophysical boundaries and lack of clear land tenure can result in policies that do not support the natural hydrology of peatlands.
	Engaging local communities in peatland data collection, management, and translation can foster ownership, advocacy, and culturally appropriate, accessible information. Potential to contribute to data-driven, context-specific interventions, sustainable stewardship, and informed policy influence. (1,2,3)

	6. Spatial Data Quality, Transparency and Open Data
	Systematic and transparent assessment of spatial data quality supports fitness-for-use evaluations and understanding of error propagation, while open data enables broader stakeholder access, use, and contribution to peatland information.
	Lack of systematic assessment and transparency in spatial data quality and uncertainty, leads to error propagation and hinders management. Lack of available “official” spatial data and/or limited open data access results in stakeholders using a variety of inconsistent and non-standard datasets.
	Formal recognition of uncertainty through spatial data quality metrics, transparent metadata, and modelling methods for assessing fitness-for-use and error propagation, enabling advanced modelling of uncertainty, alongside open data, are essential for robust and consistent analysis. (1,2)

	
7. Policy and Regulatory Needs
	
Evidence-based, data-driven approaches guide effective conservation and restoration strategies, promote equitable management, and embed transparency and spatial data quality into decision-making processes.
	
Policies that ignore data uncertainty and lack evidence-based approaches risk leading to poor and potentially biased and/or harmful decisions.
	
Integrate quantitative approaches and uncertainty assessment into decision-making processes, grounded in the precautionary principle. (1,2,3)





Several of our recommendations emphasise a need for improved peatland data. The proliferation of sensors and platforms including optical, radar and time-series satellite data, together with high-resolution UAV-derived data (Lechner et al., 2020), combined with field observations, digital soil mapping and machine-learning methods, provide new opportunities to map peatlands more widely, accurately and consistently (Minasny et al., 2019). Such observations are providing new fundamental knowledge of the extent and characteristics of tropical peatlands (e.g. Crezee et al., 2022; Winton et al., 2025) and . Additional data can characterise peatlands more precisely by capturing their detailed temporal variability and spatial heterogeneity in more detail. Additional observations , but may also reveal further processes relevant to peatland sustainability that introduce further sources of uncertainty, such as methane emissions from drainage ditches in converted peatlands (e.g. Kasak et al., 2025). However, uncertainty will not be eliminated by improved and additional data. Instead, uncertainty connected to the complexity of peatland ecosystems, such as genuine spatial heterogeneity, temporal variability and incomplete understanding of peatland processes will continue to be relevant. In contrast, as we argue, uncertainty connected to data practices, such as inconsistent definitions, limited provision of metadata, and poor harmonisation across borders, can be both reduced and more transparently characterised. Overall, u Uncertainty will thus remain an evolving property of complex peatland socio-economic systems, even while new and improved data are collected, highlighting a need for more explicit appreciation of data uncertainty, and for consideration of acceptable levels of certainty for specific governance purposes (e.g. Kovács et al., 2026).

A productive approach to addressing the identified data challenges would incorporate the three highlighted cross-cutting opportunities. As one example, for Challenge 5, we recommend engaging local communities in peatland data collection, management, and translation to enhance data practices (Opportunity 1). Community-led data verification exercises can provide a trusted, on-the-ground audit of management practices and their impacts, yielding culturally appropriate information and context-specific policy interventions (Varkkey et al., forthcoming) (Opportunity 2). Ultimately, such processes can incorporate multiple metrics alongside qualitative indicators to fully value broader sustainability benefits (Opportunity 3), ensuring that land management decisions support not just carbon outcomes but also community livelihoods, cultural values, and biodiversity, thereby fostering stewardship and resilience. Experiences in Indonesia with community fire management and peatland restoration in Ogan Komering Ilir district, South Sumatra and Pulang Pisau district, Central Kalimantan show communities can be effectively engaged to address peatland data issues. In this case, community contributions were essential in developing Indonesia’s Peat Fire Danger Rating System (Robins et al, 2022). Exploratory surveys among peat communities in Perak and Selangor, Malaysia furthermore revealed 74% of community members wanted to contribute to peat conservation through participation in community-based management (Nath et al., 2016). 

Similarly, to support peatland policy and regulation (Challenge 7), we recommend embedding quantitative approaches and uncertainty assessment into decision-making. Grounded in the precautionary principle, and incorporating all three cross-cutting opportunities identified, this ensures data limitations are addressed conservatively. Systemic, data-driven approaches have potential to guide effective peatland conservation and restoration across scales and borders (Opportunity 1). For protected areas, this means that uncertainty should be considered explicitly in conservation gap analyses, protected area expansion, and restoration prioritisation, rather than assuming that existing peatland maps provide fixed estimates of protection status. At the regional scale, ASEAN’s Peatland Management Strategy 2023–2030 (APMS; ASEAN Secretariat, 2023) emphasises enhancing spatial data to support effective management (Varkkey et al., 2024). Nevertheless, the APMS does not explicitly provide a framework for quantifying, reporting and managing the major data uncertainties reviewed here. Such uncertainties (e.g. over hotspots indicating fires, often within peatlands) have hindered regional cooperation over transboundary “haze” pollution. Evaluation of the various datasets relevant to peatlands now available could be overseen by an ASEAN panel of experts (e.g. Murulitharan & Ashfold, 2021). This panel, or an equivalent authority, could provide consensus statements on the quality, consistency and fitness-for-use of datasets, assess the potential influence of uncertainty and error propagation on decision-making, and support harmonisation of datasets and MRV systems across borders (Opportunity 2). Such approaches are also called for through ASEAN’s Roadmap on Transboundary Haze Pollution Control (ASEAN Secretariat, 2024), underscoring the potential co-benefits that can be achieved through improved data approaches for peatland policy and regulations (Opportunity 3). 

Overall, this review has provided a comprehensive assessment of persistent data challenges and uncertainties constraining peatland management and governance. By integrating insights from an expert workshop with spatial analyses, and a structured approach designed to quantify and visualize key uncertainties, our interdisciplinary synthesis has characterized seven critical data challenges and demonstrated how uncertainties can propagate into downstream policy approaches. Our recommendations contribute to progressing from uncertain and heterogeneous peatland datasets into actionable evidence for peatland research and policy in Malaysia and Indonesia, and potentially in peat landscapes worldwide. , including elsewhere in the tropics and in Europe. Issues we have highlighted, such as inconsistent definitions, dataset disagreement, error propagation and governance under uncertainty are widely relevant, including in the Congo Basin, Amazonia and Europe. At the same time, issues such as land-use pressures, peat characteristics, emission factors, mapping capacity and regulatory settings may differ quite substantially between regions. Thus, rRather than waiting for perfect data, peatland governance should proceed treating data uncertainty explicitly and transparently, with decisions and safeguards designed for persistent uncertainty. This will support the continued integration of peatlands into global climate and sustainability strategies, ensuring these critical ecosystems are governed through robust decision-making frameworks designed for real-world complexity.
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Methodological approaches to the review

Expert workshop
Our hybrid workshop involved participants from Indonesia, Malaysia, and Singapore. Participants were identified through the professional networks of the academics leading the project through which the workshop was organised. The workshop was conducted on 7 August 2024 at Monash University Indonesia, and brought together 22 peatland experts. 16 participants joined in person and 6 joined online. Across the participants, 14 were from Indonesian institutions, 6 from Malaysian institutions, and 2 from Singaporean institutions. From an alternative perspective, 8 participants were environmental practitioners (i.e. from NGOs or consulting organisations), 8 were from academic institutions, and 6 from governmental bodies.

Prior to the workshop we identified four themes: 1) Peatland Data needs, 2) Mapping peatland and its condition, 3) Calculating GHG emissions from peatlands, and 4) Cross-cutting challenges and opportunities for enhancing peatland data to support sustainability interventions (presented in Table 1). For each of the four themes we held group discussions both online and in small breakout tables, focusing on questions relevant to Indonesia and Malaysia. Discussion points from the workshop were compiled in an Excel spreadsheet, and participants were subsequently invited to submit further written reflections and supporting evidence. A smaller working group then consolidated and refined these contributions. As part of the consolidation exercise, an artificial intelligence (AI) tool (Microsoft Copilot) was used to summarise the workshop notes contained in an anonymised version of the Excel spreadsheet and to generate initial outlines for Figure 1 and for Table 4. The AI outputs were cross-checked against the workshop notes, and were refined over multiple iterations by the authors to create the final versions.

GIS methods
Overlay analyses were conducted for area and percentage calculations. Datasets were first converted from their original raster formats to vector representations and projected to a Cylindrical Equal Area coordinate system to ensure accurate area estimation. The analyses did not aim to derive absolute values but to illustrate the overall magnitude of differences between datasets. All spatial analyses were conducted in ArcGIS Pro 3.6.1 (ESRI, 2023).

Esri. 2023. ArcGIS Pro. Version 3.6.1. Environmental Systems Research Institute, Redlands, CA.

Table S1: Statistical summary of mapped quantities in Figure 2, by country and region.
	 Region / Country
	 Peatland extent (1,000 km2) 
	Forest Loss in Peatland
(1,000 km2)
	Oil Palm in Peatland (1,000 km2)
	 Protected Peatland
(1,000 km2)
	 Forest Emission  (MtCO2e y-1) 
	 Forest Removal  (MtCO2e y-1) 

	
	 Xu et al 
	Gumbricht et al 
	 Agreement Area 
	 Extent 
	 All driver 
	 by Fire 
	Industrial 
	 Small-
holder 
	 Total 
	
	 Total 
	 in Peatland 
	 Total 
	 in Peatland 

	 Sumatra 
	      64.0
	 59.9
	        25.9
	    97.6
	    41.8
	       5.7
	        9.6
	           6.3
	15.9
	(16%)
	       6.6
	7%
	       444
	    201
	45%
	213
	67
	31%

	 Kalimantan 
	      49.2
	        64.7
	        23.2
	   90.7
	    24.9
	       7.6
	        5.2
	          0.8
	   6.0
	(7%)
	     12.8
	14%
	       385
	    112
	29%
	188
	40
	21%

	 Papua 
	      36.4
	       72.3
	       18.9
	     89.8
	       1.6
	       0.2
	        0.2
	           0.0
	   0.2
	(0%)
	     16.9
	19%
	         36
	     6.5
	18%
	85
	36
	43%

	 Sulawesi 
	          -  
	          7.8
	               -  
	   7.8
	       0.8
	       0.1
	        0.1
	           0.2
	   0.3
	(4%)
	       0.4
	6%
	         66
	     2.6
	4%
	49
	4
	9%

	 Maluku 
	         -  
	          2.5
	               -  
	    2.5
	       0.1
	       0.0
	            -  
	                -  
	     -  
	(0%)
	       0.2
	6%
	         18
	     0.6
	3%
	27
	3
	12%

	 Jawa Bali 
	          -  
	        5.8
	                  -  
	     5.8
	       0.0
	       0.0
	          0.0
	0.0
	   0.0
	(0%)
	         -  
	0%
	        8.1
	     0.1
	1%
	39
	1
	3%

	 Nusa Tenggara 
	          -  
	           0.3
	                -  
	    0.3
	       0.0
	       0.0
	            -  
	     -  
	     -  
	(0%)
	       0.0
	3%
	        5.2
	  0.01
	0%
	12
	0
	1%

	 Indonesia 
	   149.6
	       213.3
	         68.0
	     294.8
	    69.3
	     13.6
	       15.0
	 7.4
	22.4
	(8%)
	     36.4
	13%
	       961
	    322
	34%
	612
	152
	25%

	 West Malaysia 
	       7.5
	         11.3
	          2.9
	        15.8
	       5.0
	       0.2
	          2.3
	 0.8
	   3.1
	(20%)
	       0.3
	2%
	         84
	    12
	14%
	42
	6
	15%

	 East Malaysia 
	     15.8
	         17.2
	        5.4
	        27.6
	    10.9
	       0.4
	          5.9
	 0.4
	   6.3
	(23%)
	      1.9
	7%
	   151
	   45
	30%
	63
	12
	20%

	 Malaysia 
	   23.3
	        28.4
	         8.3
	        43.4
	    15.9
	       0.7
	          8.2
	 1.2
	  9.4
	(22%)
	       2.2
	5%
	       234
	      57
	24%
	105
	19
	18%




Table S2. Descriptions of the illustrative datasets for anthropogenic activities and impacts relevant to peatlands used in creating maps in Figure 2. 
	Variable
	Temporal resolution
	Spatial resolution
	Details of datasets and processing methods
	Source

	Forest loss
	2001 - 2024
	30 meters
	Forest loss indicates the removal or mortality of forest cover due to factors including mechanical harvesting, fire, disease, or storm damage. Forest cover is defined as vegetation greater than 5 meters in height.
	Hansen et al. (2013)

	Canal density
	2017
	N/A
	Informed by satellite images from 2017. 
	Dadap et al. (2021)

	Forest loss due to fire
	2001 - 2024
	30 meters 
	Mapped within the extent of Hansen et al. (2013), is updated through to 2024, and includes fire-related forest losses due to both natural causes and human activity. We used only forest loss by fire with higher certainty (labelled “code 4” in this dataset).
	Tyukavina et al (2022)

	Oil palm plantation
	2019
	10 meters
	Smallholder and industrial plantation categories
	Descals et al. (2021)

	GHG emissions due to forest loss
	2001 - 2024
	30 meters
	Mapped within the extent of Hansen et al. (2013), and updated through to 2024. We used the forest emissions data, and did not include carbon removals due to forest gain. 
	Harris et al. (2021)

	Protected areas
	Compilation 
	Compilation
	Global dataset of protected areas, both marine and terrestrial, and both national and international. Overlapping areas merged..
	IUCN and UNEP-WCMC, 2024
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Figure S1: Areas of oil palm in peatland calculated by combining datasets, as described in Figure 6, but presenting the proportional split of oil palm in peatland between Malaysia and Indonesia when various dataset combinations are employed. 
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Figure S2: As in Figure 6, areas of oil palm in peatland calculated by various combinations of two oil palm datasets (A) Danylo et al. (2021) and (B) Descal et al. (2021) with two peatland datasets (A) Gumbricht et al. (2017) and (B) Xu et al. (2018), for different sub-regions of Malaysia and Indonesia. These differences in sub-regional areas further illustrate spatial discrepancies in both oil palm and peatland datasets.
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