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Abstract. Expansion of oil palm plantations is a dominant driver of land-use change in equatorial Asia and has contributed 30 

substantially to deforestation in Indonesia. Most dynamic global vegetation models (DGVMs), however, still represent oil 

palm plantations as generic cropland, thereby contributing to uncertainty in carbon emissions from land-use change (ELUC). 

We develop a new oil palm plant functional type (PFT) using the JULES land surface model, called JULES-Palm. This PFT 

incorporates oil palm-specific physiological, structural and plantation-management traits, including rotation-based 

harvest/replanting cycles, and is parameterised from literature-derived values before calibration using eddy covariance (EC) 35 

and allometric observations, including leaf area index (LAI), above-ground biomass and canopy height. This calibration 

improves simulated photosynthesis and the vegetation structure. We then ran JULES-Palm to quantify the contribution of oil 

palm plantations to Indonesian ELUC, using land-use drivers from the Mapbiomas Indonesia 2.0 land cover maps (2000-

https://doi.org/10.5194/egusphere-2026-3689
Preprint. Discussion started: 28 July 2026
c© Author(s) 2026. CC BY 4.0 License.



2 

 

2022). We investigated three scenarios: (i) oil palm represented as a generic crop, (ii) oil palm omitted and treated as natural 

vegetation and (iii) explicit oil palm PFT. The mean and interannual variability of Indonesian ELUC (without peat emissions) 40 

is 0.058 ± 0.012 PgC yr-1 with the oil palm PFT and 0.052 ± 0.010 PgC yr-1 when oil palm is omitted; representing oil palm as 

a generic cropland gives 0.066 ± 0.011 PgC yr-1. Cumulatively, the expansion of oil palm plantations by 10.5 Mha since 2000 

contributed approximately 0.14 PgC, accounting for 10.3% of Indonesia’s total ELUC including legacy fluxes, but 

approximately 89% of land-use change attributable to conversions occurring during 2000-2022.  Representing oil palm as a 

dedicated PFT reduces the estimated oil-palm-related ELUC relative to the generic-cropland representation by capturing 45 

plantation-specific biomass accumulation and carbon turnover. Thus, using a specific PFT for oil palm is preferable to 

providing a more accurate, process-based representation of plantation carbon dynamics, but treating oil palm as cropland still 

captures a first-order estimation of ELUC when a dedicated PFT is unavailable. 

1 Introduction 

Oil palm (Elaeis guineensis) plays a central role in the economy and land-use dynamics of equatorial Asia. Over the past few 50 

decades, the global demand for palm oil has grown rapidly due to its diverse applications in food, cosmetics and bioenergy 

products, making it one of the most traded vegetable oils worldwide (Murphy et al., 2021; Qaim et al., 2025). Indonesia and 

Malaysia are the key producers of the palm oil sector, accounting for >80% of total global production, with about 43-47 million 

(Indonesia) and 19-20 million (Malaysia) metric tons of crude palm oil produced per year (Rittgers et al., 2019; Shigetomi et 

al., 2020; UNDP, 2020; USDA, 2025). The area devoted to oil palm cultivation now exceeds 22 million hectares across both 55 

countries (Danylo et al., 2021), transforming vast landscapes that were once covered by tropical forests into monoculture 

plantations. This result makes oil palms a major contributor to rapid regional land-use change and carbon emissions (Carlson 

et al., 2012; Friedlingstein et al., 2026; Harris et al., 2021; Vijay et al., 2016). 

The growth of oil palm plantations is closely associated with deforestation, peatland conversion, and degradation of natural 

ecosystems (Cooper et al., 2020; Koh et al., 2021; Ramdani and Hino, 2013). In Indonesia, oil palm expansion has been 60 

responsible for an estimated 23% of total forest loss (Austin et al., 2019; Lim et al., 2024). Between 2001 and 2019, around 

3.09 million hectares of old-growth forests were converted into oil palm plantations, comprising about 2.13 million hectares 

developed as industrial-scale estates and 0.72 million hectares managed by smallholders (Gaveau et al., 2022). A similar 

pattern has been reported across Malaysia (Miettinen et al., 2016). These land-use changes have substantial implications for 

carbon emissions and ecosystem functions, particularly because many of these areas were previously carbon-dense tropical 65 

forests or peatlands (Clough et al., 2016; Guillaume et al., 2018). 

At the same time, the physiological and ecological characteristics of oil palm are highly distinct from other crops and forest 

types typically represented in land surface models. Oil palm is a perennial monocot with a solitary columnar stem and a 

sequential series of phytomers produced from the apical meristem, with each phytomer bearing a leaf and an associated 

inflorescence or fruit bunch (Fan et al., 2015; Lewis et al., 2020; Xu et al., 2021). Each phytomer follows a well-defined life 70 
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cycle that includes leaf initiation, inflorescence development, fruit maturation, and pruning (Xu et al., 2021). Mature palms 

can sustain ~40 visible expanded phytomers, with new ones produced at approximately 20-24/year, or about 2 per month 

(Corley and Tinker, 2016; Fan et al., 2015). The canopy structure, photosynthetic activity, and carbon allocation processes of 

oil palm are thus markedly different from those of both tropical forests and annual croplands (Lewis et al., 2020). These unique 

characteristics influence evapotranspiration (Röll et al., 2019), surface albedo (Sabajo et al., 2017), carbon uptake (Meijide et 75 

al., 2020), plant and soil carbon turnover (Guillaume et al., 2018), making the direct substitution of oil palm with generic 

tropical or cropland plant functional types (PFTs) inadequate (Fan et al., 2015; Xu et al., 2021). 

However, despite oil palm’s significant contribution to regional and global carbon fluxes, it remains poorly represented in 

most global and regional models. The majority of dynamic global vegetation models (DGVMs) and Land Surface Models 

(LSMs) – including those used in Earth System Models (ESMs) – represent vegetation through a discrete set of generic PFTs 80 

(Sitch et al., 2015). In these frameworks, oil palm is often classified as cropland (Brasika et al., 2025). This generalisation 

neglects the unique morphology, phenology, and management cycle of oil palm, such as continuous fruiting, shallow root 

systems, and regular pruning and harvesting practices (Carlson et al., 2012). As a result, estimates of carbon emissions and 

land-use change impact in palm-dominated regions remain highly uncertain (Fan et al., 2015; Xu et al., 2021). 

Several studies have recently addressed this gap by introducing oil palm-specific representations in global models. The CLM-85 

Palm model (Fan et al., 2015) developed a sub-canopy and sub-PFT framework to simulate phytomer-level processes, while 

the ORCHIDEE-MICT-OP model (Xu et al., 2021) incorporated age-dependent phenology and carbon allocation to represent 

oil palm growth and management cycles. These developments have substantially improved the realism of carbon, water and 

energy flux simulations in palm systems (Fan et al., 2019). However, these approaches are relatively detailed and closely 

linked to the structural design of their respective host models. A complementary approach is therefore needed for land-surface 90 

models, in which oil palm expansion must be represented consistently in large-scale land-use change simulations without 

requiring major restructuring of vegetation dynamics. 

Here, we develop JULES-Palm as a scalable, PFT-based representation of managed oil palm plantations within the Joint UK 

Land Environment Simulator (JULES). Rather than resolving phytomer-level architecture or detailed age-cohort dynamics, 

JULES-Palm introduces palm-specific physiological and structural traits into the existing JULES-TRIFFID framework, 95 

together with plantation establishment, replanting cycles and productivity dynamics consistent with field observations in 

Southeast Asia. This provides a third, more generic approach to representing oil palm in Earth-system land-surface modelling 

and enables an explicit assessment of how the expansion of oil palm plantations affects land-use change emissions. 

 

   100 
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2 Methods 

2.1 JULES-Palm model development & experimental design 

2.1.1 JULES-Palm structure & parameterisation 

JULES is a community land surface model that can operate either in stand-alone mode or as the land surface component of the 

UK Met Office Earth system model (UKESM). Its structure and processes are detailed in Best et al., (2011), Burton et al., 105 

(2019), Clark et al., (2011), Littleton et al., (2020), and Wiltshire et al., (2021). JULES simulates surface energy, carbon, and 

water fluxes on sub-daily time steps. For each plant functional type (PFT), gross primary productivity (GPP) and net primary 

productivity (NPP) are accumulated and subsequently used by TRIFFID – the dynamic global vegetation model within JULES 

– to update vegetation structure and coverage. We set TRIFFID (Cox, 2001) to update daily, separating NPP into contributions 

from increasing LAI and canopy height for growth, and from expanding PFT area within the grid cell. There is spatial 110 

competition based on height, in which taller PFTs first take over spatial availability, while sustaining growth by providing 

sufficient NPP (Clark et al., 2011). 

We employ TRIFFID-crop (Cox, 2001; Littleton et al., 2020), which extends the standard vegetation framework to represent 

managed agricultural systems within the carbon-climate coupling. This module represents multiple agricultural land classes – 

food crops, pasture and bioenergy – each occupying user-defined, temporally variable fractions of a grid cell. Within TRIFFID-115 

crop, PFTs compete only with other PFTs belonging to the same land class through height-based dynamics, while unoccupied 

fractions default to bare soil (Harper et al., 2018). Identically parameterised PFTs may occur across multiple land classes (e.g. 

C3 grass in natural, crop and pasture areas). 

As JULES lacks an oil palm PFT, we are developing one to properly represent oil palm plantations in carbon cycling. This is 

developed based on an improved tropical broadleaf evergreen PFT, which has been expanded beyond the original five PFTs 120 

in the previous JULES version (Harper et al., 2016, 2018). Oil palm shares key traits with managed broadleaf evergreen trees, 

including a perennial canopy, high LAI and continuous carbon turnover. Thus, our oil palm PFT builds on the tropical 

evergreen framework and follows approaches adopted in other DGVMs (Fan et al., 2015; Xu et al., 2021), while introducing 

palm-specific physiological traits. 

However, as oil palm has distinct physiological and structural traits, we use several field observations and experimental 125 

measurements of oil palm (Agus et al., 2013; Ali et al., 2021; Cheah and Teh, 2020; Dufrene and Saugier, 1993; Fan et al., 

2015; Intara et al., 2018; Perez et al., 2022; de Vos et al., 2023), including photosynthesis temperature response, stomatal 

conductance and canopy properties. To address limitations in the available dataset for some parameters, we also utilise values 

from the JULES broadleaf evergreen tree tropical (BETr) PFT, which were then calibrated using sensitivity experiments. 

 130 
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2.1.2 Palm-specific physiological parameter adjustment 

Several parameters were set to reflect the differences between oil palm and BETr PFT. These are adjusted based on available 

published literature on leaf-level, canopy-scale, and eco-physiological observations; these values serve as a baseline before 

calibration. 

Oil palm exhibits lower temperature sensitivity of photosynthetic capacity than many woody tropical trees, with frond 135 

photosynthesis remaining efficient under high daytime temperatures (Dufrene and Saugier, 1993). Accordingly, the activation 

energies for photosynthetic capacity were reduced relative to the default tropical broadleaf evergreen tree (BETr) values 

(act_jmax = 32,810 Jmol-1; act_vcmax = 57,550 Jmol-1, compared with BETr values of 64,000 and 86,900 J mol-1, respectively 

(Oliver et al., 2022)), consistent with leaf-level measurements reported by Cheah and Teh, (2020). Physiological studies further 

indicate that oil palm can sustain high photosynthesis and gas exchange rates across a range of warm conditions (Bayona-140 

Rodriguez and Romero, 2019) and that key photosynthetic capacity traits differ from other plant functional types (Ali et al., 

2021). 

To represent the high thermal tolerance of oil palm photosynthesis, deactivation energies were increased (deact_jmax = 

443,600 J mol-1; deact_vcmax = 500,000 J mol-1) (Cheah and Teh, 2020), reflecting the persistence of photosynthetic activity 

at elevated temperatures observed in plantation systems. As oil palm has a broader thermal optimum, the entropy terms are 145 

adjusted (ds_jmax = 1400; ds_vcmax = 485) relative to the BETr defaults (646 and 649, respectively). This value controls the 

curvature temperature response function and is consistent with tropical monocot physiology (Cheah and Teh, 2020; Salvucci 

and Crafts-Brandner, 2004). 

Based on reported Jmax/Vcmax ratios of oil palm fronds (Cheah and Teh, 2020; Perez et al., 2022), the ratio of electron 

transport needs to be reduced (jv25_ratio = 1.25, compared with 1.6 for BETr). Then the measurements of canopy light-use 150 

efficiency and leaf nitrogen-photosynthesis of oil palm (Ali et al., 2021; Dufrene and Saugier, 1993) were used to set the 

canopy quantum efficiency (alpha_io = 0.051) and nitrogen-use efficiency (neff_io = 0.0034). 

As palm has a dense crown, the light extinction coefficient needs to be set to kext_io = 0.4, consistent with measured light 

attenuation profiles (Breure, 2024). The thick and long-lived frond of oil palm is also represented by increasing lma_io = 0.14 

(Ali et al., 2021). Growth respiration costs were increased (r_grow_io = 0.35) following values used in other oil palm modelling 155 

studies (Xu et al., 2021). This setting reflects palm morphology. 

Finally, thermal tolerance limits were modified to reflect oil palm's adaptation to the equatorial climate. The lower temperature 

threshold for growth was reduced (tlow_io = 0 °C) to avoid artificial cold limitation in tropical environments where oil palm 

is never exposed to frost (Corley and Tinker, 2016). As oil palm photosynthesis remains active at high temperature (Cheah 

and Teh, 2020) with suitable temperature 19-35 oC (Zhao et al., 2024) and leaf temperature in tropical canopies can frequently 160 

exceed 45 oC (Rey-Sánchez et al., 2016), we need to increase the upper temperature limit (tupp_io = 50 oC). 

These adjusted PFT parameters provide a realistic starting point for representing oil palm PFTs. The final PFT parameters will 

be set after calibration using Latin Hypercube Sampling (LHS), as described in section 2.4. 
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2.1.3 Plantation management representation 165 

Oil palm was assigned to the bioenergy land class within JULES-BE (Littleton et al., 2020), which represents managed 

perennial vegetation and allows the application of rotation-based management while retaining dynamic vegetation processes. 

This land-class choice reflects the plantation nature of oil palm and distinguishes it from both natural forest vegetation and 

annual cropland. 

To approximate the shallow rooting system characteristic of oil palm, we prescribed a reduced effective rooting depth to 0.5 170 

m (Intara et al., 2018; Nelson et al., 2006). This setting concentrates the water uptake in the upper soil layers while still allowing 

limited access to deeper moisture in the default exponential root distribution. 

We use our observations of LAI across sites in Southeast Asia (Figure 3) to accurately reflect oil palm LAI development 

throughout the plantation lifecycle. The lower set represents juvenile plantations, which typically include at least 1-year-old 

trees, while the upper bound corresponds to the observed range of mature oil palm canopies (Table 1). 175 

2.1.4 Assisted Expansion 

In TRIFFID-crop, newly expanded agricultural land is, by default, initialised as bare soil and subsequently colonised by 

vegetation spread according to productivity and biomass. While appropriate for natural vegetation, this behaviour is less 

representative of managed agricultural systems, where expansion typically involves active planting. 

To better reflect plantation establishment, we activated the existing assisted expansion option (Table 1). Under this setting, 180 

when the fractional area of an agricultural land class increases, newly added area is directly assigned to eligible PFTs within 

that land class rather than remaining bare soil. For oil palm, this ensures it aligns with real-world planting practices that use 

young oil palm trees. 

2.1.5 Harvest representation for oil palm 

Our harvest setting reflects oil palm as a managed perennial PFT; we set periodic harvests to represent plantation replanting 185 

rather than annual fruit harvesting. A harvest frequency of 25 years was prescribed, consistent with the oil palm replanting 

cycle in Southeast Asia. We also set the vegetation height to 1 m after harvest, as common replanting utilises young oil palm 

plants. Based on our observations, the juvenile period of oil palm (1-5 years old) has a canopy height of around 0.2-1.5 m. 

This periodic harvesting should realistically reflect the renewal of the oil palm plantation. 

This configuration does not represent routine FFB harvesting. In real plantations, FFB harvest removes reproductive biomass 190 

repeatedly during the plantation lifetime, without reducing canopy height or removing the long-lived structural biomass of 

stems, leaves and roots. Reported FFB productivity varies substantially among plantations, but mature oil palm can produce 

more than 10 t FFB ha-1 yr -1, with high-yielding mature plantations reaching approximately 30 t FFB ha-1 yr -1 (Siang et al., 

2022; Teh and Sung, 2016; Zolfagharnassab et al., 2022). Recent studies have converted annual oil palm fruit bunch production 
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to carbon using a dry-matter fraction of 0.50 and a carbon fraction of 0.557 (Wakhid et al., 2022; Wakhid and Hirano, 2021). 195 

These values indicate that FFB harvest can represent a substantial annual carbon export from the plantation. 

In the current JULES-Palm configuration, however, there is no separate fruit or reproductive carbon pool and no repeated FFB 

product-export flux. Carbon allocated to reproductive tissues is therefore not explicitly removed as harvested product. Instead, 

the model carbon balance reflects vegetation growth, turnover, litter input, soil decomposition and the periodic stand-

replacement harvest. Consequently, the simulations are designed to assess carbon-stock changes associated with land-use 200 

conversion, plantation regrowth and replanting, rather than the full plantation product-export carbon cycle. We therefore treat 

missing FFB-C export as a model limitation and assess its potential magnitude using a first-order diagnostic in the Discussion 

(Table 3), but we do not apply it as a direct correction to ELUC. The detailed JULES-Palm settings are shown in Table 1. 

Table 1 JULES-Palm configuration used to represent oil palm plantation establishment, rooting depth, canopy 

development, assisted expansion, and replanting management. 205 

Process represented JULES 

option/parameter 

Value Interpretation 

Land-class 

assignment 

Bioenergy land 

class 

Oil palm assigned to 

bioenergy land class 

Represents oil palm as managed perennial vegetaion 

rather than natural forest or annual crop 

Rooting depth rootd_ft_io 0.5 m Reduces effective rooting depth to reflect the 

shallow rooting distribution of oil palm 

Soil moisture stress/ 

root distribution 

option 

fsmc_mod_io 0 Retains the default exponential root distribution 

used for soil moisture uptake 

Minimum leaf area 

index 

lai_min_io 0.27 m2 m-2 Represents low canopy leaf area during young 

plantation establishment 

Maximum leaf area 

index 

lai_max_io 7.0 m2 m-2 Constrains mature oil palm canopy LAI to observed 

values from Southeast Asian sites 

Assisted agricultural 

expansion 

l_ag_expand .true. Newly expanded agricultural area is actively 

assigned to eligible PFTs instead of first appearing 

as bare soil 

Harvest type harvest_type_io 2 Represents periodic stand-replacement 

harvest/replanting rather than annual fruit harvest 

Harvest frequency harvest_freq_io 25 years Represents a typical oil palm replanting cycle 

Post-harvest 

vegetation height 

harvest_ht_io 1.0 m Represents young palms after replanting 
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2.2 The forcing dataset 

2.2.1 Land-use change dataset (Mapbiomas Indonesia) 

Mapbiomas Indonesia is a LULCC (Land Use and Land Cover Change) dataset that utilises Landsat imagery and employs a 

pixel-based approach, combined with a machine learning algorithm, to analyse it, leveraging the powerful cloud-processing 210 

capabilities of Google Earth Engine (GEE). This is adapted from Mapbiomas Brazil, which started in 2015, with some 

adjustments for local/national uniqueness (MapBiomas, 2023). 

For example, Mapbiomas Indonesia has specific categories of Oil Palm. This is because oil palm makes a major contribution 

to land-use changes in Indonesia, accounting for 58- 60% of world palm oil production (Dermoredjo et al., 2025; Shigetomi 

et al., 2020; USDA, 2025). Apart from Oil Palm, agriculture in Mapbiomas Indonesia 2.0 (MB2) is also categorised as rice 215 

paddy, pulpwood plantation, and other agriculture – which in JULES we treat as a single crop type, irrigated and with the same 

physiology as grassland. 

MB2 has a high spatial resolution of 30 meters, enabling it to detect even small changes in LULCC (Mapbiomas Indonesia, 

2022). We resample this dataset as a land fraction of 0.5o to make it compatible with JULES. This dataset is widely used for 

various research, including the calculation of CO2 emissions from land-use change (Brasika et al., 2025; Friedlingstein et al., 220 

2023, 2026). MB2 cover the whole area of Indonesia from 2000 to 2022. 

2.2.2 Land use scenarios for JULES-Palm 

In this study, the annual MB2 (Fig. 1) is used across 3 land cover scenarios (Fig. 2) to quantify the effect of oil palm 

representation on estimates of carbon emissions from land-use change (ELUC). The ELUC is highly affected by the conversion 

of forested areas to other land uses, primarily agricultural uses. This agriculture might consist of cropland, grazing land or 225 

other agriculture such as oil palm. 
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Figure 1: Timeseries of agricultural land use in MB2 dataset from 2000 to 2022 used as forcing in the JULES-Palm 

model. Data from Mapbiomas Indonesia (2022). 230 

In the first scenario, we define oil palm as a generic cropland (together with paddy and other croplands), similar to models in 

the Global Carbon Budget (GCB) (Friedlingstein et al., 2023, 2025). This scenario is necessary to avoid neglecting oil palm's 

contribution. As many models lack an oil palm PFT (plant functional type) in their systems, this approach addresses it. The 

second scenario excludes LUC for oil palm; in this scenario, oil palm plantations are not represented in any land use, not in 

cropland or other land use, but are classified as natural vegetation. This scenario simulates ELUC in the absence of oil palm 235 

plantations, allowing us to understand the contribution of oil palm plantations to total ELUC. The third scenario introduces a 

new PFT, Oil Palm. In this last scenario, we examine our new PFT of oil palm to represent land-use change caused by oil palm 

plantations. 
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 240 

Figure 2: The three LULCC scenarios applied in the JULES-Palm simulation to estimate oil palm effect on carbon 

emissions. Scenario 1 (left), Scenario 2 (middle) and Scenario 3 (right) 

Scenario 3 minus Scenario 2 gives the ELUC contribution from oil palm expansion, while Scenario 3 minus Scenario 1 

estimates the difference in ELUC estimate when representing oil palm as a specific crop rather than a generic crop. In all three 

scenarios, we used the same pasture dataset, adjusted according to the first scenario. If the total land fraction of cropland 245 

(including oil palm) and pasture exceeds 1, we reduce pasture to a maximum of 1 (i.e., 100% grid cell cover). We use this 

pasture for other scenarios, with and without palm plantation. We distinguish between total ELUC over 2000-2022 and ELUC 

attributable to land-use transitions occurring within 2000-2022. Total ELUC includes legacy fluxes, defined here as ongoing 

carbon fluxes during 2000-2022 arising from land-use changes that occurred before the analysis period. These fluxes occur 

because vegetation, litter and soil carbon pools continue to adjust after a land-use transition. Therefore, Scenario 3 minus 250 

Scenario 2 represents the total effect of representing oil palm expansion, including both contemporary oil palm transitions 

during 2000-2022 and any legacy carbon-pool adjustments present during the simulation period. To isolate emissions from 

contemporary oil palm expansion, we additionally calculated ELUC using only fluxes associated with land-use transitions 

prescribed during 2000-2022. 
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2.3 Oil palm observations datasets 255 

We use the eddy covariance (EC) tower dataset as observations to evaluate JULES simulations. In addition to the EC fluxes 

that represent net ecosystem CO2 exchange in oil palm plantations and derived quantities such as GPP, we also collect several 

datasets of oil palm allometries to adjust JULES PFT settings, including leaf area index (LAI), above-ground biomass (AGB), 

and canopy height. For the spatial analysis, we utilise oil palm spatio-temporal change from Mapbiomas Indonesia 2.0 

(Mapbiomas Indonesia, 2022) as a driver forcing, following the same protocol as in GCB (Friedlingstein et al., 2023, 2026). 260 

2.3.1 Eddy covariance at oil palm 

The EC towers are located in commercially managed oil palm plantations situated in Sabaju (3o9.615’N,113o25.163’E) and 

Sebungan (3o9.965’N,113o21.198’E) in Sarawak, northern Borneo (McCalmont et al., 2021) with a 20 m high tower (see figure 

3). These towers are 7.3 km apart. The sites were established on deep peat (up to 8 m) in the region and previously logged Peat 

Swamp Forest (PSF) cleared and drained by cutting a regular network of drainage channels prior to palm establishment (Cook 265 

et al., 2018). 

The previously degraded forest at Sabaju was cleared (without burning) at the beginning of 2016, with forest biomass cut and 

compacted on site and drainage channels cut into the peat. Establishment of oil palm (~160 plants/ha) was completed by the 

end of April 2016 and followed commercial practice throughout; no harvest was taken from the immature palms during the 

study period. The Sebungan plantation was established in July 2007, with fruit bunch harvesting starting from month 32. 270 

In our simulation validation, we use the GPP from the EC dataset for the entire 2017-2019 period in Sabaju and for the 2018 

period in Sebungan (McCalmont et al., 2021). This represents young oil palm (1-3 years old) in Sabaju and mature oil palm 

(~10 years old) in Sebungan, thereby providing information on oil palm plantation dynamics. The dataset is available at 30-

minute intervals and is gap-filled. 

2.3.2 Oil palm allometric database 275 

We complemented the EC flux dataset with a compilation of oil palm allometric observations. Studies include field 

measurements across Southeast Asia – Indonesia, Malaysia and Thailand – where the same species and broadly similar 

management practices prevail. LAI was our primary structural variable because JULES uses LAI to determine AGB and 

canopy height (canht), see equations 1 and 2. We assembled LAI observations spanning plantation ages and fitted an 

exponential age-LAI relationship, which was used to drive the model’s allometric equations (Awal et al., 2010; Fan et al., 280 

2015). 

In the context of carbon emissions, we focused on AGB and canopy height as key indicators of carbon storage. The AGB 

database comprises 47 site-age observations from Bukit Dua Belas, Genting, Harapan, Sabaju, Sebungan, South Sulawesi, 

Teluk Intan and West Malaysia with long time series available at Genting and Teluk Intan (Fan et al., 2015; Ida Sunaryathy et 

al., 2015; Kotowska et al., 2015; Teh and Sung, 2016; Xu et al., 2021). The canopy height dataset includes 29 observations 285 
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from Banh Saphan Noi (Thailand) and South Malaysia (Kluang, Genting and Sime Darby) (Kulpanich et al., 2022; Tan et al., 

2014) (Figure 3). 

 

 

Figure 3: Location of observation sites used for JULES-Palm calibration of Oil Palm in Southeast Asia 290 

In JULES, the AGB (equation 1) and canopy height (equation 2) are defined as follows: 

 

𝐴𝐺𝐵 = 𝑎_𝑤𝑙 ∗  𝐿𝐴𝐼𝑏_𝑤𝑙 + 𝐿𝐴𝐼 ∗ 𝑙𝑚𝑎_𝑖𝑜 ∗ 0.4 (1) 

𝑐𝑎𝑛ℎ𝑡 =  
𝑎_𝑤𝑙 ∗  𝐿𝐴𝐼𝑏_𝑤𝑙−1

𝑎_𝑤𝑠 ∗  𝜂_𝑠𝑙
 (2) 295 

 

Where a_wl and b_wl are empirical allometric coefficients, lma_io represents the leaf mass per area, a_ws is the stem density 

scaling factor, and 𝜂_𝑠𝑙 denotes the structural efficiency coefficient.  
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2.4 Model calibration 

To constrain parameter uncertainty and ensure physiologically realistic behaviour of the oil palm PFT, we calibrated the model 

against key observed variables governing the carbon cycle, namely GPP and vegetation structure (AGB and canopy height). 300 

We calibrated the PFT parameters that relate to photosynthetic capacity (e.g., Vcmax, Jmax), canopy radiative transfer (e.g., 

kext_io), and biomass allometry (e.g., a_wl, a_ws); evergreen phenology was also calibrated to reflect continuous leaf 

production typical of oil palm physiology. 

We optimised parameters using Latin Hypercube Sampling (LHS) in two separate experiments. First, a 500-member ensemble 

was used to optimise photosynthesis-related parameters, each varied within ±30% of their default values. Second, a 4000-305 

member ensemble was used to optimise allometric parameters controlling vegetation structure (AGB & canopy height), with 

a ±50% range. Photosynthesis parameters are relatively well constrained by physiological understanding and literature values, 

so were perturbed within a narrower range to maintain realistic behaviour. A larger range and ensemble size were chosen for 

second optimisation because these parameters are strongly coupled through non-linear relationships governing vegetation 

structure (see equations 1 and 2). Additionally, a preliminary evaluation showed that the simulated canopy height was 310 

approximately three times the observed value, justifying a wider exploration range. These LHS calibrations explore the PFT 

parameter space to find the most reliable combination that best reflects the observed oil palm physiological behaviour. Table 

2 shows the PFT parameters that have been calibrated. 

Table 2 Calibrated plant functional type (PFT) parameters used in JULES-Palm, compared with the default BETr 

values. Parameters were derived from published oil palm measurements and further optimised using LHS calibration 315 

experiments. 

Parameters BETr JULES-Palm Rationale 

a_wl  0.845 0.55 Optimised via 4000-member LHS calibration (±50%), reducing 

leaf biomass density to reflect observed palm architecture and 

moderating early structural growth. 

a_ws 13 16.14 

 

Optimised via 4000-member LHS calibration (±50%), to match 

empirical stem mass accumulation rates consistent with plantation 

observations. 

act_jmax 64000 30122 Set up via empirical data for oil palm (Cheah and Teh, 2020) which 

represent lower activation energy for Jmax in palm fronds. Then 

calibration with LHS (±30%)  

act_vcmax 86900 59361 Based on leaf-level measurement by Cheah & Teh, 2020 to reflect 

lower temperature sensitivity of Vcmax for oil palm. Tuned up with 

±30% LHS. 
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alpha_io 0.064 0.065 Based on canopy light-use efficiency measured in oil palm 

(Dufrene and Saugier, 1993) and refined via ±30% LHS search. 

b_wl_io 1.667 1.838 

 

Estimated via 4000 members ±50% LHS ensemble to reproduce 

observed nonlinear scaling of leaf biomass with canopy 

development. 

deact_jmax 200000 500716 Adjusted based on Cheah & Teh, 2020 temperature response 

analysis and tuned via ±30% LHS to reflect high thermal tolerance 

of palm photosynthesis enzymes. 

deact_vcmax 200000 499539 Assigned based on Cheah & Teh, 2020 temperature response 

analysis and tuned via ±30% LHS. 

ds_jmax 646 1012 Based on Cheah & Teh, 2020 biochemical parameters and adjusted 

via ±30% LHS to capture sharper decline in palm enzymatic 

activity beyond optimum temperature. 

ds_vcmax 649 546 Adopted C3 plant default due to limited palm-specific evidence 

and refined via ±30% LHS. 

ƞ_sl 0.01 0.012 Adopted from BETr, then calibrated using LHS ±50% to match 

structural efficiency consistent with palm frond production and 

crown architecture.  

g1_stomata 5.31 5.98 Using stomatal slope measurement for oil palm to set up 

functional-structural simulation (Perez et al., 2022). Followed with 

calibration ±30% LHS. 

gpp_st_io 1.58E-07 2.05E-07 Calibrate BETr value with ±30% LHS to align simulated GPP 

sensitivity with EC observations at young and mature plantations. 

jv25_ratio 1.6 1.23 Based on Jmax/Vcmax ration of oil palm, reported by (Cheah and 

Teh, 2020; Perez et al., 2022). Followed by calibration ±30% LHS. 

kext_io 0.5 0.4 Reduced to 0.4 based on measurement of light extinction 

coefficient in oil palm canopies (Breure, 2024); This is typical 

value for dense palm crowns. 

lma_io 0.1036 0.198 Set from available observation of LMA in oil palm plantation by 

Ali et al., 2021; (SLA-to-LMA conversion from gC fractions). 

Then calibrate through ±30% LHS to reproduce structural 

allocation. 
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neff_io 8.00E-04 0.00242 Set higher nitrogen efficiency to reproduce palm biochemical 

response curves. Then calibrate ±30% LHS and constrained by 

empirical Jmax/Vcmax curvature behaviour. 

q10_leaf_io 2 2.44 Adopt BETr thermal sensitivity with calibration ±30% LHS to 

match oil palm respiration and photosynthesis. 

r_grow_io 0.25 0.35 Adopted from (Xu et al., 2021) to represent higher growth 

respiration demand in palm tissue construction. 

tlow_io 13 0 Lowered to avoid artificial cold limitation in tropical simulations; 

this is a model configuration choice rather than a physiological 

tolerance threshold. 

tupp_io 43 62.13 Raised via ±30% LHS during calibration to reduce excessive high-

temperature limitation in tropical condition. 

 

2.4.1 Photosynthesis calibration (GPP) 

The primary calibration of the model focused on photosynthesis, as represented by GPP. GPP observations come from EC 

towers at the Sabaju and Sebungan oil palm plantations. The Sabaju site has a young oil palm plantation, while the Sebungan 320 

site has mature oil palm. The EC tower provides half-hourly fluxes, which need to be aggregated to a monthly total. This 

simplifies comparison with JULES GPP outputs. 

The calibration process involved 500 model simulations employing the LHS technique to effectively explore the parameter 

space. Twelve PFT parameters associated with the oil palm photosynthesis process were varied within a ±30% range. These 

parameters included; act_jmax, act_vcmax, alpha_io, deact_jmax, deact_vcmax, ds_jmax, ds_vcmax, gpp_st_io, g1_stomata, 325 

jv25_ratio, neff_io and tupp_io. 

For each simulation, modelled monthly GPP was compared with the observed GPP to evaluate performance. The parameter 

set yielding the lowest Mean Absolute Error (MAE) between modelled and observed GPP was selected as the optimal 

calibration for representing oil palm photosynthesis behaviour in JULES. 

2.4.2 Allometric calibration (AGB & canopy height) 330 

The second calibration focuses on allometric relationships of oil palm, specifically on AGB and canopy height. These two 

variables are critical for accurately representing the dynamics of oil palm structure, as they govern carbon partitioning and 

vertical development. 

We prescribe LAI using an exponential best-fit curve derived from available oil palm observations in Southeast Asia (Fig. 4). 

This LAI-age relationship is used to ensure a realistic canopy structure during parameter calibration. However, the LAI evolves 335 
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dynamically in JULES-TRIFFID simulations. This allows the oil palm canopy to respond to the dynamics of climate and 

carbon allocation. 

The allometric calibration simultaneously optimised five key PFT parameters - a_wl, b_wl, lma_io, a_ws and  - which together 

control the scaling of AGB and canopy height with LAI in JULES. This calibration uses a joint objective function design, 

prioritising accurate representation of ecosystem carbon stock by reproducing chronosequences of AGB and canopy height. 340 

There are 4,000 LHS parameter combinations to explore the multidimensional parameter space. Each combination is run in 

JULES, then evaluated against field observations. 

Data-fit term (relative error) 

The primary data-fit component (equation 3) was defined as the mean relative error between modelled and observed quantities: 

𝐸𝑋 =
1

𝑁𝑋

∑
|𝑋𝑖

𝑚𝑜𝑑 − 𝑋𝑖
𝑜𝑏𝑠|

𝑋𝑖
𝑜𝑏𝑠

𝑁𝑋

𝑖=1

 (3) 345 

Where X denotes either AGB or canopy height (canht), 𝑁𝑋 is the number of observations and 𝑋𝑖
𝑚𝑜𝑑 and 𝑋𝑖

𝑜𝑏𝑠 are modelled 

and observed values, respectively. This optimises the prevention of domination from large observations. 

Slope and intercept penalties 

To reduce systematic bias, an additional penalty (equation 4) was applied based on linear regression between modelled and 

observed values: 350 

𝑃𝑋 =  𝜆𝑖𝑛𝑡|𝑎| + 𝜆𝑠𝑙𝑜𝑝𝑒|𝑏 − 1| (4) 

Where 𝑎 and 𝑏 are the intercept and slope the regression 𝑋𝑚𝑜𝑑 = 𝑎 + 𝑏𝑋𝑜𝑏𝑠, and 𝜆𝑖𝑛𝑡 and 𝜆𝑠𝑙𝑜𝑝𝑒 control the strength of the 

penalty. This term favours solutions approaching a 1:1 relationship (slope ≈ 1, intercept ≈ 0). 

Asymmetric error weighting 

To avoid systematic underestimation of biomass and canopy height – particularly important for carbon stock estimation – 355 

relative errors were weighted asymmetrically (equation 5): 

𝐸𝑋
∗ =  

1

𝑁𝑋

∑ 𝜔𝑖

𝑁𝑋

𝑖=1

|𝑋𝑖
𝑚𝑜𝑑 − 𝑋𝑖

𝑜𝑏𝑠|

𝑋𝑖
𝑜𝑏𝑠

(5) 

 

Where 𝜔𝑖  > 1 when 𝑋𝑖
𝑚𝑜𝑑  < 𝑋𝑖

𝑜𝑏𝑠  and 𝜔𝑖  = 1 otherwise. This asymmetry reflects the greater importance of avoiding 

underestimation of carbon stocks in mature oil palm plantations. 360 

Prior constraints. 

Weak prior constraints were imposed to maintain physically and ecologically plausible parameter combinations. A constraint 

was applied to the product of the height-scaling parameters (aws x 𝜂𝑠𝑙) (equation 6) to preserve a realistic canopy height scale: 

𝑃𝑠𝑐𝑎𝑙𝑒 =  𝜆𝑠𝑐𝑎𝑙𝑒 [𝑙𝑛 (
𝑎_𝑤𝑠 ∗ 𝜂_𝑠𝑙

(𝑎_𝑤𝑠 ∗ 𝜂_𝑠𝑙)𝑡𝑎𝑟𝑔𝑒𝑡

)]

2

(6) 

 365 
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In addition, individual priors (equation 7) were applied to prevent unphysical deviations from empirically supported baseline 

values: 

𝑃𝜃 = ∑ 𝜆𝑘

𝑘

(𝜃𝑘 − 𝜃𝑘,𝑡𝑎𝑟𝑔𝑒𝑡)
2

(7) 

The 𝜃𝑘  represent the constrained parameters and 𝜆𝑘  their respective prior strengths. We use log-space for positive scale 

parameters, while linear prior is applied where appropriate. 370 

Then the overall function (equation 8) is: 

  

𝐿𝑜𝑠𝑠 = 0.6(𝐸𝐴𝐺𝐵
∗ + 𝑃𝐴𝐺𝐵) + 0.4(𝐸𝐻𝐺𝑇

∗ + 𝑃𝐻𝐺𝑇) + 𝑃𝑠𝑐𝑎𝑙𝑒 + 𝑃𝜃 (8) 

Where the weights the objective function (data-fit & bias penalties) were normalised to sum to one, with greater emphasis 

placed on AGB to reflect its central role in determining ecosystem carbon stocks and land-use change emissions. 375 

We develop these functions to meet the study objective of quantifying land-use change emissions but the structure of the 

function follows common practice in ecological and land surface model calibration, such as data-fit terms, bias penalties and 

prior constraints to balance realism and robustness (e.g. Bloom & Williams, 2015; Van Oijen, 2005; Williams et al., 2009). 

3 Results 

3.1 Calibration and evaluation of oil palm canopy structure and productivity 380 

In the calibration, we use an empirical LAI-age curve to constrain oil palm canopy development (Fig. 4). LAI shows a rapid 

early expansion and stabilisation at the mature oil palm stage, which is consistent with realistic development timing. In 

subsequent simulations, LAI evolves dynamically through TRIFFID-PFT processes rather than being prescribed. 
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 385 

Figure 4: Best-fit relationship between LAI and oil palm age, showing the exponential regression  

The calibration process substantially improved JULES performance for oil palm photosynthesis and structural growth. Figures 

4-6 compare model output against observations from EC towers and plantation biomass inventories, for both the default JULES 

broadleaf evergreen configuration and the calibrated oil palm configuration. 

Monthly GPP from JULES showed clear age-dependent behaviour relative to observations (Fig 5). At the young oil palm 390 

plantation site (1-3 years), the default JULES run slightly underestimated GPP, but the calibrated JULES-Palm closely aligned 

with the 1:1 line. This indicates the accurate simulation of oil palm photosynthesis during the juvenile phase. Meanwhile, in 

Sebungan, in mature oil palm (~10 years), calibration improves the model by reducing bias, but it still underestimates GPP. 

This remaining underestimation may reflect the use of a single fixed oil palm PFT parameterisation for both young and mature 

plantations, which may not fully capture age-related changes in canopy structure, photosynthesis capacity, and stomatal 395 

behaviour. Thus, while the calibration has successfully captured photosynthesis in young oil palm, further improvements may 

be required to reproduce productivity in mature oil palm. 
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Figure 5: Scatterplot comparing monthly GPP from the JULES models and EC observation at Sabaju (young palm oil) 400 

and Sebungan (mature palm oil). Results are shown for the default JULES-ES configuration and the JULES-Palm 

parameterisation using LHS. 

Default JULES values produced strong overestimation of AGB, exceeding observations by up to ~30-40% across the plantation 

chronosequence (Fig 6, panel left). In contrast, JULES-Palm show significant improvement, with the rotation period between 

the two sites, Genting and Teluk Intan. This improvement is clearly seen in mid- to late-rotation ages (8-20 years). A scatter 405 

plot comparison across all sites (Fig 6, right panel) confirms that JULES-Palm reduces bias and brings model estimates closer 

to the 1:1 relationship. 
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Figure 6: Comparison of AGB between model simulations and observations for oil palm. The timeseries (left) shows 

the development of AGB with oil palm age, comparing model simulations with observations from Genting and Teluk 

Intan. The scatterplot (right) compares modelled AGB from JULES and JULES-Palm with observed AGB across 410 

multiple sites.  

Default JULES results suggest a large overestimation in simulated canopy height (canht)(Fig. 7); It is 3 times taller than the 

observed canopy height. This is because the BETr simulates natural tree PFTs with much higher canopy, whereas oil palm has 

a monopodial growth structure with much shorter canopy (Fan et al., 2015; Harper et al., 2016). JULES-Palm shows significant 

improvement, reducing the height bias and providing more realistic height-age relationships. There is a slight overestimation, 415 

but the error is significantly lower than the default. 
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Figure 7: Scatterplot of JULES /JULES-Palm models with observed oil palm canopy height across multiple sites. “Banh 

Saphan Noi 1-9” denotes individual plots or site-age observations from the Banh Saphan Noi, Thailand dataset, while 420 

“South Malaysia 01-20” denotes individual observations from the South Malaysia dataset, which includes Genting, 

Kluang and Sime Darby records. 

In general, the calibration has provided significant improvements in the representation of oil palm physiology and structure. 

This includes realistic photosynthesis in young oil palm, corrected height-to-biomass scaling, and improved rotation biomass 

accumulation.  425 

3.2 National-scale ELUC impacts of oil palm expansions 

After developing and validating the new oil palm PFT against EC and allometric observations, we applied it at the national 

scale to quantify the contribution of oil palm expansion to land-use change emissions (ELUC) in Indonesia (Fig 8). We 

prescribed oil palm land-use change from MB2 for the JULES simulations over 2000-2022.  
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 430 

Figure 8: Annual ELUC in Indonesia from 2000-2022 under three oil palm representation scenarios 

Oil palm expansion results in approximately 10.3% of Indonesia’s total ELUC over 2000-2022 when legacy fluxes are included 

(Scenario 3 minus Scenario 2). This is equivalent to ~0.14 PgC of total cumulative carbon emissions over the study period. 

When the analysis is restricted to land-use change fluxes attributable to conversion occurring during 2000-2022, plantation 

expansion of oil palm accounts for approximately 89% of the cumulative emissions. Mean annual ELUC was 0.058 ± 0.012 435 

PgC yr-1 when including oil palm as a dedicated PFT (Scenario 3), compared with 0.052 ± 0.010 PgC yr-1 in the simulation 

where oil palm land-use change was ignored (Scenario 2). The oil palm scenario, represented as generic cropland (Scenario 

1), yields a larger estimate (0.066 ± 0.011 PgC yr-1), ~12% higher than the dedicated oil palm PFT (Scenario 3), because 

generic crops have lower carbon content than oil palm trees. 

The temporal evolution of ELUC also differed across scenarios. The ELUC shows a decreasing trend in the absence of oil 440 

palm scenarios, whereas simulations with oil palm show increasing emissions over time. This pattern is consistent with oil 

palm expansion based on the MB2 dataset. It has increased significantly by 10.5 Mha and overtaken other agricultural sectors 

over the past two decades. This means explicitly representing oil palm PFT has a significant impact on improving ELUC. 

3.3 Process-level controls on ELUC 

To diagnose why these simulations differ, we decompose ELUC into its component carbon fluxes (Fig. 9). We analyse S2-S3 445 

differences following the TRENDY protocol (Sitch et al., 2024), where S2 represents a no land-use change control and S3 

includes observed land-use transitions (Fig. 9). The value is positive if the fluxes are larger in a world without land-use change, 

and negative if the opposite. There are two processes that dominate the ELUC response. First, the NPP of explicit oil palm is 

https://doi.org/10.5194/egusphere-2026-3689
Preprint. Discussion started: 28 July 2026
c© Author(s) 2026. CC BY 4.0 License.



23 

 

consistently lower under the land-use change scenario, whereas S2-S3 is positive and increases through time (Fig. 9a). This 

means that replacing forest with oil palm plantations reduces NPP. The productivity penalty is strengthened as palm area 450 

expands nationally. 

 

 

Figure 9: The differences in nine carbon-cycle components contributing to ELUC among the scenarios, which consist 

of: a. net primary productivity (NPP), b. soil respiration to atmosphere, c. harvest, d. vegetation fire emission, e. burnt 

carbon decomposable plant material (DPM), f. burnt carbon resistant plant material (RPM), g. wood products (WP) 

fast, h. wood products (WP) medium and i. wood products (WP) slow. 455 

Second, there is a large shift in soil respiration loss under land-use change, with increasingly negative S2-S3 differences (Fig. 

9b). In JULES, this reflects disturbance-driven acceleration of soil carbon turnover. It means a different fraction of biomass 

enters soil carbon pools as litter after conversion, altering the balance between soil-carbon inputs and heterotrophic losses. 

This finding aligns with other studies (Safitri et al., 2025, 2026). Harvest has almost no effect as the harvest setting is 25-year 

rotation (Fig. 9c). The wood products (WP) of dedicated oil palm PFT (Scenario 3) is consistently larger (more negative) than 460 
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WP of oil palm as generic cropland (Scenario 1), indicating greater transfer of biomass to product pools and their delayed 

released to atmosphere (Fig. 9g, 9h, 9i). Fire-related processes do not play a major role (Fig. 9d, 9e, 9f).  

Over the early years of expansion, much conversion occurred on previously cleared land and rapid biomass accumulation in 

establishing plantations temporarily enhanced carbon uptake, partly offsetting net emissions. This is consistent with previous 

studies (Khasanah et al., 2015; Lewis et al., 2020; Meijide et al., 2020). However, from the late 2000s onwards, emissions 465 

increasingly reflect sustained soil carbon losses, enhanced heterotrophic respiration and transfer of forest biomass into shorter-

lived product pools, consistent with previous observational and modelling evidence across Southeast Asian plantation 

landscapes (Comeau et al., 2016; Guillaume et al., 2018; Hergoualc’h et al., 2017; Safitri et al., 2024; Zhao et al., 2022).  

3.4 Spatial patterns of ELUC 

Spatial patterns of ELUC show that the impact of oil palm expansion varies across Indonesia (Fig. 10). To understand this, we 470 

separate the spatial signal into two components. Panel (a) shows the contribution of oil palm expansion to ELUC, calculated 

as the difference between simulations with (Scenario 3) and without (Scenario 2) oil palm. Panel (b) shows the bias introduced 

when oil palm is represented as a generic cropland (Scenario 1 minus Scenario 3). 

Oil palm expansion is concentrated in specific regions (Fig. 10a). The largest increases in ELUC occur in Sumatra and 

Kalimantan, where oil palm plantations have expanded rapidly. The mean spatial ELUC is about 0.007 ± 0.032 kgC m⁻² yr⁻¹, 475 

with a range from −0.114 to 0.309 kgC m⁻² yr⁻¹. Oil palm expansion generally increases emissions relative to the non-palm 

scenario. Positive values dominate in areas undergoing recent conversion from natural vegetation into plantation, indicating 

increased ELUC associated with oil palm expansion. In contrast, regions with limited oil palm expansion show values close 

to zero, indicating that the effect is spatially constrained to areas of active land-use change. 

The bias from mistreating oil palm as generic cropland seems to appear in the same regions of Sumatra and Kalimantan but to 480 

a lower magnitude (Fig. 10b). The mean bias ELUC is around 0.0015 ± 0.012 kgC m⁻² yr⁻¹, with a range from −0.072 to 0.150 

kgC m⁻² yr⁻¹. Representing oil palm as generic cropland results in higher ELUC compared with using an explicit oil palm PFT, 

mainly in Sumatra and some parts of Kalimantan. This means that generic cropland does not fully capture the carbon dynamics 

of oil palm systems. 

 485 
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Figure 10: Spatial patterns of the effect of oil palm representation on cumulative land-use change carbon emissions 

(ELUC) in Indonesia over 2000–2022. (a) the contribution of oil palm expansion to ELUC, calculated as the difference 

between the explicit oil palm PFT simulation and the no-palm simulation and (b) the bias introduced when oil palm is 490 

represented as generic cropland, calculated as the difference between the generic-crop and explicit oil palm PFT 

simulations. Positive values indicate higher cumulative ELUC in the first scenario named in each panel. 

 

Negative values in Figure 10a, particularly in parts of Sumatra, indicate locations where including oil palm results in lower 

ELUC than in the no-palm scenario. Analysis of carbon fluxes in these regions shows that this effect is driven by lower soil 495 

respiration losses under the oil palm PFT, mainly in the early stages of plantation. This lower soil respiration might reach up 

to ~0.2 kgC m⁻² yr⁻¹ during the peak period in these grid cells. Meanwhile, the productivity of the oil palm is consistently 

lower than the no-palm scenario. As a result, even though productivity is reduced, total carbon losses to the atmosphere are 

also reduced, producing a transient net decrease in ELUC. These negative values are spatially localised and reflect differences 

in modelled carbon cycling processes rather than a general reduction in emissions from oil palm expansion. Overall, this 500 

highlights the importance of soil carbon dynamics in determining the spatial variability of ELUC. 

These spatial patterns are consistent with the national-scale results (Section 3.2) and the process-level analysis (Section 3.3). 

Regions with strong ELUC signals correspond to areas where changes in NPP and soil respiration are most pronounced 
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following land conversion. In particular, reduced productivity and enhanced soil carbon loss contribute to higher emissions in 

areas of recent plantation expansion. Overall, the results show that the impact of oil palm on ELUC depends not only on its 505 

total area but also on where expansion occurs. Accurately representing oil palm as a distinct PFT is therefore important for 

capturing both the magnitude and spatial distribution of land-use change emissions in Indonesia. 

4 Discussion 

This study focuses on developing a distinct oil palm PFT in JULES to better understand its role in the carbon cycle. It 

parameterises the model using available observations of oil palm structures and physiological characteristics. The model does 510 

not perfectly capture the oil palm plantation. Even after calibration, the model still has several limitations. It overestimates 

canopy height, while underestimating GPP for mature oil palm. However, the calibrated parameter settings represent a 

substantial improvement in characterising oil palm as a unique PFT. This development reduces the ambiguity in model outputs 

where oil palm is misclassified as a generic crop or a tropical evergreen tree (Harper et al., 2016). 

The explicit oil palm PFT influenced the temporal dynamics/variation of annual ELUC, particularly in the period of rapid 515 

plantation. In several early years, the ELUC of the explicit oil palm PFT is lower than other scenarios. This reflects the rapid 

biomass accumulation in young oil palm compared with that in annual crops. However, this effect decreases over the long 

term, as the annual ELUC of explicit oil palm is close to the annual ELUC of oil palm as a generic crop after 15 years. This 

happens as biomass accumulation slows in mature plantations, while soil carbon losses increasingly offset NPP gains. 

Large-scale oil palm expansion in Indonesia began around 1990, with approximately 7 million hectares (Mha) planted during 520 

that first decade (Carlson et al., 2012; FAO, 2022). Because the Mapbiomas Indonesia dataset used in this study begins in 

2000, emissions associated with earlier plantation establishment are not explicitly represented. As a result, the simulation 

depicts a rapid increase in plantations at the start of the record. This may overestimate emissions in the early simulation years 

while underrepresenting legacy carbon fluxes from the previous decade. 

There are further limitations in the current model configuration, e.g., it does not distinguish between peat and mineral soils. 525 

Peatlands are of particular significance in Southeast Asia, where a large proportion of oil palm plantations are established on 

peat soils (Miettinen et al., 2016; Page et al., 2011). The EC sites utilised in this study – Sabaju and Sebungan – are both 

located in peat swamp regions. The measurements show large peat carbon losses, with higher emissions at Sabaju than 

Sebungan. For example, reported heterotrophic respiration from peat was approximately 24 Mg CO2-C ha-1 yr-1 at Sabaju and 

11 Mg CO2-C ha-1 yr-1 at Sebungan, while combined plantation peat carbon losses were estimated at about 96-97 Mg CO2-eq 530 

ha-1 yr-1 at Sabaju and 48-51 Mg CO2-eq ha-1 yr-1 at Sebungan (Manning et al., 2019). These values indicate that peat-related 

emissions can be of the same order of magnitude as, or even larger than, vegetation carbon-stock changes following land-use 

conversion. This means the observed fluxes include contributions from peat, which the model does not explicitly account for. 

This may result in an underestimation or misrepresentation of total carbon fluxes (Hirano et al., 2024; Wakhid et al., 2022; 
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Wakhid and Hirano, 2021). As more EC datasets become available in oil palm plantations, future research can refine this 535 

parameterisation. 

The application of JULES-Palm should carefully consider harvest settings, based on research objectives. This study uses a 

periodic harvest formulation to approximate replanting plantations rather than routine fresh fruit bunch (FFB) harvesting. This 

configuration provides a clear signal of ecosystem carbon stock changes associated with land-use conversion, regrowth, and 

stand replacement, without conflating these effects with product export. However, it also means that regular FFB harvest is 540 

not explicitly represented in the current JULES-Palm configuration. This is an important limitation because FFB harvest 

removes reproductive carbon from the plantation as product, whereas the current model does not include a separate fruit carbon 

pool or a repeated fruit export pathway. 

To assess the possible scale of this missing pathway, we calculated a first-order diagnostic of potential FFB-C export (Table 

3). The low, mid and high estimates were based on a sensitivity range of 15, 20 and 30 t FFB ha-1 yr-1 (Siang et al., 2022; Teh 545 

and Sung, 2016; Zolfagharnassab et al., 2022). This range spans lower-yielding to high-yielding mature oil palm plantations 

and is consistent with reported FFB productivity values from Indonesian plantations and wider oil palm literature. Fresh FFB 

yield was converted to carbon using a dry matter fraction of 0.50 and a carbon fraction of 0.577 (Wakhid et al., 2022; Wakhid 

and Hirano, 2021). Based on these assumptions, mature FFB-C export was estimated as 4.33-8.65 tC ha-1 yr-1, with a mid-

estimate of 5.77 tC ha-1 yr-1. This corresponds to approximately 34-35 % of annual oil palm NPP. Applying an age-yield ramp 550 

to oil palm area added after 2000 gives an expansion-related gross FFB-C export estimate of 0.334-0.668 PgC over 2000-2022. 

Table 3 First-order scale diagnostic for potential missing fresh fruit bunch carbon export. Mature FFB-C export was 

estimated using literature-based assumptions for fresh fruit bunch yield, dry matter fraction and carbon content.  

Diagnostic Low Mid High Interpretation Main_source_or
_basis 

Mature 
FFB-C 
export 

4.33 tC ha⁻¹ yr⁻¹ 5.77 tC ha⁻¹ yr⁻¹ 8.65 tC ha⁻¹ yr⁻¹ Gross product 
carbon 
potentially 
exported from 
mature oil palm 
plantations. 

FFB yield 
sensitivity range; 
dry matter 
fraction = 0.50 
and C fraction = 
0.577 from 
(Wakhid and 
Hirano, 2021). 

FFB-C 
export / 
annual NPP 

34.0 % 34.5 % 35.0 % Approximate 
share of annual 
oil palm 
productivity 
allocated to 
fruit bunches. 

Fruit bunch 
production share 
of NPP from 
(Wakhid et al., 
2022). 
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Expansion-
related 
gross FFB-C 
export, 
2000–2022 

0.334 PgC 0.445 PgC 0.668 PgC Gross product 
export 
associated with 
post-2000 
expansion; not 
applied as a 
direct ELUC 
correction. 

Calculated from 
MapBiomas oil 
palm expansion, 
age-yield ramp, 
and FFB-C export 
assumptions. 

 

These values should not be interpreted as a direct correction to simulated ELUC, because FFB harvest is a gross product-555 

export flux, whereas ELUC is a net land-use-change carbon-balance term. In the current model, the fate of carbon that would 

otherwise be exported as FFB depends on vegetation turnover, litter decomposition and soil respiration, and cannot be isolated 

without explicitly tracking a fruit carbon pool. The diagnostic therefore indicates that FFB harvest is a substantial missing 

carbon pathway, but it is not applied as a formal correction to ELUC. Future development of JULES-Palm should prioritise an 

explicit reproductive carbon pool and repeated FFB harvest export, similar to recent oil palm implementations in other land-560 

surface models (Xu et al., 2021). 

In the wider context of the global land surface, the question of how best to represent oil palm remains critical. Given its rapid 

expansion over recent decades, the contribution of oil palm to carbon emissions, land surface albedo and energy balance cannot 

be neglected (Brasika et al., 2025; Xu et al., 2021), especially when it is converted from peat-swamp forests. Establishing a 

dedicated oil palm PFT provides the most robust and scientifically defensible means of representing its unique physiological 565 

and ecological properties. Nevertheless, in the absence of a specialised PFT, representing oil palm under a generalised “crop” 

or “agriculture” category remains a reasonable interim solution to capture first-order land-use change carbon emissions. 

5 Conclusion 

This research shows the first implementation of oil palm (Elaeis guineensis) as an explicit PFT within JULES. The parameters 

adjust the key characteristics of oil palm, including the photosynthesis process (GPP), structural allometry (LAI, AGB, and 570 

canopy height), and oil palm management (plantation and harvest). There are significant improvements in the oil palm PFT 

after evaluation and calibration with available EC flux measurements and field allometry measurements. It accurately captures 

photosynthesis in young oil palm and reduces overestimations of AGB and canopy height. 

The JULES-Palm plays a key role in improving our understanding of the contribution of oil palm in land-use change emissions 

in Indonesia. The explicit oil palm representation increases mean annual ELUC from 0.052 ± 0.010 to 0.058 ± 0.012 PgC yr-1 575 

for the period of 2000-2022. Meanwhile, representing oil palm as generic cropland overestimates the magnitude of emissions 

(0.066 ± 0.011 PgC yr-1). Cumulative emissions of ~0.14 PgC are attributed to oil palm expansion, accounting for about 10.3% 

of Indonesia’s total ELUC when legacy fluxes are included, and approximately 89% of land-use change fluxes attributable to 

conversion occurring during the study period. Thus, an explicit oil palm PFT reduces bias by capturing rapid early-stage 
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biomass accumulation, delayed respiration and soil carbon responses. In addition, the spatial analysis shows that this impact 580 

is highly heterogeneous, with emission hotspots concentrated in Sumatra and Kalimantan where extensive land conversion 

occurs. These results demonstrate that oil palm expansion has a measurable, regionally significant impact on Indonesia’s land 

carbon balance. 

Overall, JULES-Palm represents an important improvement in modelling tropical plantations, enabling a more robust carbon 

budget assessment with realistic process attribution. However, the extent and timing of land use conversion remain critical 585 

drivers of ELUC. As oil palm expands in tropical landscapes, further development, including completing pre-2000 land-use 

history, peat-specific processes, and better harvest representation, might increase accuracy. 

6 Code Availability 

The JULES code used in these simulations is available from the Met Office's Science Repository Service with suite u-ea492 

at https://code.metoffice.gov.uk/trac/roses-u/browser/e/a/4/9/2/trunk/app/jules/rose-app.conf?rev=359798. 590 

7 Data Availability 

The JULES-Palm output can be accessed at https://doi.org/10.5281/zenodo.21070341 (Brasika, 2026). Legacy flux is available 

at https://doi.org/10.5281/zenodo.15552386 (Brasika, 2025). The Mapbiomas data are freely available 

at https://mapbiomas.nusantara.earth, last access: 11 December 2025 (Mapbiomas Indonesia, 2022). The observation datasets 

of EC and allometric can be accessed through its associated publications (detailed in Supplement). 595 
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