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Abstract. Leaf area index (LAI) is a key biophysical variable which quantifies the surface area for light capture and pho-

tosynthetic activity per unit ground area, giving a first order constraint on potential photosynthesis. LAI is tightly coupled

to the carbon, energy, and water cycles of the global terrestrial system. Numerous Earth observation (EO) products provide

estimates of LAI over time (LAIEO), delivering valuable information on plant phenology and canopy dynamics. Widely-used

LAIEO, however, consistently exhibit unrealistic seasonality in evergreen needleleaf forests at the northern latitudes. Taking a5

model-data fusion approach, we show that naïvely assimilating biased, whole-year LAIEO (i.e., the business-as-usual (BAU)

approach) at three well-studied evergreen needleleaf forests in Fennoscandia implies an ecosystem carbon cycle which is un-

realistic and inconsistent with independent lines of evidence. We further demonstrate that the model-data fusion framework,

CARDAMOM, is capable of diagnosing realistic seasonal amplitudes of LAI by assimilating localised information on leaf

lifespan coupled with summer-only LAIEO (i.e., the alternative (ALT) approach). Important differences arise from the BAU10

and ALT experiments. The BAU experiment showed highly seasonal canopy dynamics and diagnostic leaf traits erroneously

consistent with deciduous species. Conversely, the ALT experiment displayed canopy dynamics and functional characteristics

more reflective of evergreen needleleaf species. For BAU, biases in LAIEO propagated throughout the carbon cycle, especially

in the southern, more productive sites. This investigation highlights the need for improved LAIEO estimates in northern ever-

green forests to enhance understanding of carbon cycle processes in this region of rapid warming and large carbon stores, and15

provides a mechanism for improvement using independent leaf trait data.

1 Introduction

Leaf area index (LAI) is a key variable describing the amount of photosynthetically active material present in a given environ-

ment. Formally defined as one half of the total green leaf area per unit horizontal ground area (Chen and Black, 1992), LAI is

an integral component in the study of the terrestrial carbon cycle. LAI is strongly linked to processes such as photosynthesis,20

respiration, transpiration, and energy exchange (Fang et al., 2019). LAI is a highly dynamic property, varying in both space

and time. Consequently, LAI changes provide information on vegetation phenology – the timing of biological events such as
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bud burst and leaf senescence (Verger et al., 2016). Due to its high information content, LAI has been deemed an "essential

climate variable" by the Global Climate Observing System (WMO et al., 2022), and its use is ubiquitous in the study of land-

atmosphere interactions. Terrestrial biosphere models (TBMs) commonly implement LAI in predictions of energy and matter25

exchanges between the atmosphere and biosphere (Fisher et al., 2014).

The terrestrial carbon cycle is one of the largest sources of uncertainty in future climate projections (Friedlingstein et al.,

2014; Piao et al., 2020), underpinning the importance of TBM development and understanding their underlying sources of

uncertainty. Model-data fusion (MDF), an inverse calibration technique which varies model parameters based on assimilated

observations (Scholze et al., 2017; Wang et al., 2009), has become an increasingly popular tool for evaluating and calibrating30

TBMs. Bayesian MDF approaches allow for the explicit quantification of uncertainty in model parameters and outputs and are

therefore capable of identifying key sources of uncertainty and improving knowledge of ecosystem function and its controls

(e.g., Xiao et al., 2014; Keenan et al., 2012; Bloom et al., 2016). While MDF is a valuable tool for carbon cycle analyses, the

approach is greatly dependent on observational fidelity. The assimilation of systematically biased observations can propagate

errors into outputs, hindering knowledge gain (MacBean et al., 2016). To better predict changes in the terrestrial carbon cycle,35

MDF frameworks that assimilate LAI require observations which are non-biased and accompanied by robust estimates of

uncertainty.

Recent decades have seen the release of numerous Earth observation LAI products (LAIEO) that provide global coverage at

moderate resolutions (Fang et al., 2019). LAIEO estimates are typically derived from surface or top-of-atmosphere reflectances

measured by passive optical sensors onboard satellites. Observational operators (e.g., machine learning algorithms, inverted40

radiative transfer models) convert the observed reflectance information into an estimate of LAI (Fuster et al., 2020; Yan et al.,

2016). Product updates and new releases typically coincide with new satellite missions or improved algorithms. Widely used

LAIEO products include NASA’s MCD15A2H (Myneni et al., 2021) derived from the Moderate Resolution Imaging Spectro-

radiometer (MODIS) and Copernicus CGLS 300m (Fuster et al., 2020) derived from the Project for On-Board Autonomy –

Vegetation (PROBA-V) satellite instrumentation. The short (∼ weekly) revisit times of these satellites allow for LAI estimation45

at temporal resolutions consistent with rates of phenological change. Currently, LAIEO have been used to assess TBM estimates

of carbon cycling globally and across various biomes and land cover types (Jarlan et al., 2008; Li et al., 2019).

Despite their strengths, LAIEO products have been widely evaluated and shown to display significant biases. For example,

LAIEO exhibit consistent unrealistic seasonal behaviour in northern evergreen needleleaf forests (ENFs) (Cohen et al., 2006;

Heiskanen et al., 2012; Tian et al., 2004). The erroneous seasonality is illustrated by large intra-annual amplitudes, the differ-50

ence between annual maximum and minimum values. The large amplitudes are linked to implausibly low winter, spring, and

autumn LAI values given the dominance of evergreen species. In a recent global analysis of LAIEO, Fang et al. (2021) showed

that mean monthly values of MODIS LAI (MCD15A2H) over the ENF biome (2003–2017) was highly seasonal, increasing

seven-fold from 0.41m2 m−2 in January to 2.95m2 m−2 in July and decreasing to 0.28m2 m−2 by December. The issue of

LAIEO seasonality has long been recognised; however, no significant improvements have been made despite new product re-55

leases and updates. For example, at three Fennoscandian sites known to be dominated by evergreen needleleaf species, the
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most recent MODIS and Copernicus LAI products show highly seasonal LAI trajectories with amplitudes increasing north to

south (Figure 1).

Several explanations for the seasonal behaviour have been offered including: the effect of understory vegetation, cloud

and snow contamination, low solar angles, and seasonal variations in chlorophyll content (Chen, 1996; Fang et al., 2019;60

Weiss et al., 2007; Wang et al., 2017). LAIEO product validation with field-based estimates is typically restricted to a single

observation at or near peak growing season (summer), providing information on annual maximum LAI but no constraint

on seasonal dynamics (e.g., Garrigues et al., 2008). Regardless of the underlying causes, when used for model calibration,

these biases could potentially propagate into MDF carbon cycle analyses in the northern regions. Likewise, when used in

evaluation of TBMs, LAIEO biases may drive model development towards ecologically unrealistic outcomes which is especially65

problematic for this region that is experiencing rapid warming (Post et al., 2019) and holds large amounts of carbon (Bradshaw

and Warkentin, 2015; Pan et al., 2024).

Across much of the northern latitude forests where short growing seasons and low soil fertility tend to favour conservative

resource investment strategies (Wright et al., 2004), evergreen needleleaf species dominate. Conservative strategies manifest in

plant functional traits as high leaf mass per area (LMA), low foliar photosynthetic capacities and nitrogen concentrations, and70

long leaf lifespans (LLs), all of which are highly correlated and partially form the leaf economics spectrum (Reich et al., 1992;

Wright et al., 2004). Of these traits, leaf lifespan has a direct impact on the seasonal variability of LAI (Chen, 1996). Relative

to deciduous species which shed their entire canopy each year (LL < 1 year), the long leaf lifespans of northern evergreen

needleleaf species equate to low canopy turnover rates, thus low seasonal LAI amplitudes. Leaf lifespan information could

therefore be ingested into MDF frameworks to inform modelled canopy turnover and improve representations of LAI seasonal75

dynamics.

Here, we investigate the implications of incorporating spuriously seasonal LAIEO on carbon cycle analyses by performing

two model-data fusion experiments at three northern latitude sites dominated by evergreen needleleaf species. We compare the

outputs of a business-as-usual (BAU) experiment that assimilates whole-year LAIEO observations against an alternative (ALT)

experiment that assimilates site-specific leaf lifespan information along with summer-only LAIEO to provide constraints on80

canopy turnover and the annual upper bound of leaf area. We compare diagnostic LAI from BAU and ALT experiments against

time series of independent field-based datasets. Two of the test sites contain repeat estimates of LAI spanning the whole growing

season, uniquely enabling such an evaluation. Model-data fusion is performed using the CARDAMOM framework (Bloom

et al., 2016) that retrieves parameters (i.e., ecosystem functional characteristics, such as LMA, potential photosynthesis rates

(PPRs), leaf lifespan) for an intermediate complexity model of the terrestrial ecosystem (DALEC). Using the CARDAMOM-85

retrieved ecosystem functional characteristics, DALEC is used to diagnose ecosystem carbon stocks and fluxes. This setup

allows for insights into LAIEO bias impacts on both trait retrievals and overall carbon cycling. There is potential for LAI

biases to influence carbon cycling more broadly than within the canopy alone, for instance adjusting fluxes to and from other

plant pools and dead organic matter. Specifically, we will address the following research questions, testing their associated

hypotheses:90

1. Can the assimilation of local leaf lifespan generate realistic seasonal fluctuations of diagnostic (modelled) LAI? (RQ1)
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H1: The assimilation of local leaf lifespan and peak growing season LAIEO will provide significant constraint on

canopy turnover resulting in diagnostic LAI consistent with field observations of northern evergreen needleleaf

forest LAI.

2. How do biases in whole-year LAIEO affect diagnostics of carbon cycle dynamics and functional characteristics compared95

to those corrected by leaf lifespan? (RQ2)

H2: The assimilation of whole-year LAIEO will result in canopy dynamics and functional characteristics erro-

neously indicative of a deciduous system to fit the highly seasonal LAIEO observations. Leaf lifespan corrected

analyses will generate canopy characteristics consistent with field observations of evergreen needleleaf species.

H3: Impacts of LAIEO biases will not be limited to canopy carbon dynamics but will propagate throughout the100

carbon cycle. Differences in whole-system carbon cycling between experiments will be most apparent at southern

sites as they exhibit the highest degree of LAIEO seasonal bias, quantified by seasonal amplitude.

2 Methods

2.1 Model and calibration system

We employed a MDF framework, CARDAMOM, to calibrate a process-based model of the terrestrial carbon cycle, DALEC,105

forced with meteorological data. CARDAMOM assimilates ecological observations to generate data-informed, diagnostic anal-

yses of carbon cycling. DALEC parameters are linked to specific processes, retrieved uniquely for each location and so are

ecologically meaningful and reflect biodiversity. Hence parameters are hereafter also referred to as ecosystem functional char-

acteristics. Assimilated ecological observations in this study include: LAIEO, net ecosystem exchange (NEE), wood carbon

stock, soil organic matter (SOM) carbon stock, and leaf lifespan. Observations of LMA and foliage litter production were left110

out of the assimilation to be used for independent model evaluation. CARDAMOM calibrated DALEC based on a weekly time

step across four years (2016 – 2019) independently at each of the three sites in this study.

2.1.1 DALEC

The DALEC suite of intermediate complexity terrestrial ecosystem models are capable of simulating both carbon and water

cycles (Bloom and Williams, 2015; Smallman and Williams, 2019; Williams et al., 2005). Currently the suite is comprised of115

more than 15 published versions of DALEC (Famiglietti et al., 2021; Smallman et al., 2021). In this analysis we specifically

use DALEC4. DALEC4 has previously been described as M3 in Smallman et al. (2021) and C7 in Famiglietti et al. (2021).

DALEC4 (hereafter referred to simply as DALEC) simulates the flow of carbon through four live biomass pools (foliage, labile,

fine roots, wood) and two dead organic matter pools (DOM): litter and SOM. All fluxes are donor-controlled by calibrated

parameters.120
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Figure 1. Seasonal trajectories of Earth observation LAI (CGLS 300m [purple triangles]; MCD15A2H [green squares]) and field LAI [gold

circles] at three Fennoscandian sites dominated by evergreen needleleaf species (2016-2019). Field values at FI-Var (n=1) and SE-Htm (n=11)

are derived from digital hemispheric photography. At FI-Hyy (n=28), field values are based on below- and above-canopy PAR sensors and

the inverted Beer-Lambert equation with a local extinction coefficient. Dominant species at each site are noted on the map.

Carbon enters the system via gross primary productivity (GPP), which is a function of LAI, plant functional characteristics

(e.g., potential photosynthetic rate (PPR), rooting depth), soil moisture, and meteorology. The PPR parameter sets the upper

limit of GPP which is then downregulated by the co-limitation of temperature, light, and atmospheric CO2 availability. A

fraction of GPP is lost to the atmosphere as autotrophic respiration (Ra). The remainder supports net primary productivity

(NPP). Carbon use efficiency (CUE, 0–1) determines the fractional partitioning of GPP to Ra and NPP (NPP = GPP · CUE).125

NPP is allocated to the live biomass pools by calibrated fixed fractions. Foliage can receive carbon directly from NPP or via

the labile pool. Allocation via the labile pool occurs during a flushing period, the peak timing and total duration of which

are controlled by calibrated parameters. Foliage senescence is also calibrated, determined by parameters that define the peak
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timing and duration of a leaf fall period. Modelled LAI is determined by the size of the foliage pool and LMA. LMA is a

calibrated parameter.130

Turnover of the fine root and woody pools are continuous processes controlled by calibrated fixed fractions. Turnover from

foliage and fine root feed into the litter pool, while wood turnover supports the SOM pool. Litter decomposition to SOM and

mineralisation of litter and SOM to heterotrophic respiration (Rh-litter and Rh-SOM, respectively) each follow parameterised first

order kinetics modified by an exponential temperature coefficient. Collectively, Rh-litter and Rh-SOM comprise total heterotrophic

respiration (Rh). The sum of Ra and Rh is total ecosystem respiration (Reco).135

2.1.2 CARDAMOM calibration system

CARDAMOM (Bloom et al., 2016; Worden et al., 2025) is the MDF framework that calibrates DALEC. Taking a Bayesian

approach via an adaptive proposal Markov chain Monte Carlo (AP-MCMC) algorithm (Haario et al., 2001), CARDAMOM

varies model parameters to minimize the mismatch between simulated model states (and/or fluxes) and their concomitant

observations, weighted by associated observational uncertainty. Following Bayes’ theorem, given a parameter vector, X, and a140

set of observations, O, with uncertainty, σ, the probability of the parameter vector given the observations, P(X|O), is calculated

as a function of the likelihood of the observations given the parameter set, P(O|X), and any prior knowledge on the parameter

distributions, P(X):

P(X | O)∝ P(O | X) · P(X) (1)

The likelihood, P(O|X), is calculated based on the mismatch between N available observations and their equivalent modelled145

state or flux values, M, produced by the current parameter vector, X:

P(O | X) = exp

(
−0.5 ·

N∑

n=1

(
On −Mn

σn

)2
)

(2)

Prior knowledge, P(X), on parameter ranges are intended to span plausible (observable) ranges (e.g., non-negative turnover

rates). Specific prior distributions can also be placed on parameters, for instance Gaussian priors provided for CUE (0.46 ±
0.12) (Collalti and Prentice, 2019) and PPR (21.15 ± 8.53 g C m-2 leaf day-1) (Kattge et al., 2020). Ecological theory which150

cannot be readily described as a numerical prior is incorporated with ecological and dynamical constraints (EDCs) (Bloom and

Williams, 2015). EDCs are a set of rules that ensure ecological realism in the absence of observational constraint by rejecting

parameter sets that result in ecologically unrealistic outputs. EDCs provide constraint on carbon pool turnover times and the

relationship between emergent dynamics of live biomass pools. EDCs also prevent unrealistic fluctuations in wood, litter, and

SOM pools in the absence of disturbance.155

A subset of calibrated parameters include the initial states of all carbon pools and an initial soil water parameter. These

parameters align with the state value at time step = 1 of an analysis. By calibrating initial states, CARDAMOM is able to

forego model spin-up, the standard practice of running models over long time scales to bring pools into equilibrium with
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environmental forcing. See Table A1 for further details on all calibratable parameters. In this study, 100 accepted parameter

vectors were sampled from the latter half of three independent AP-MCMC chains. CARDAMOM then produced an ensemble160

of modelled fluxes and states at every time step, explicitly capturing uncertainty in outputs.

2.2 Experimental setup

We ran two independent CARDAMOM assimilation experiments (Table 1), generating two diagnostic carbon cycle analyses

at each of the three sites included in this study. The first experiment, BAU (business-as-usual), assimilated all available LAIEO

observations from the CGLS 300m product (Fuster et al., 2020), which exhibit seasonal bias (Figure 1). The second experiment,165

ALT (alternative), assimilated local information on leaf lifespan and CGLS 300m LAI from the summer period only (DOY 168–

231, inclusive), removing the majority of seasonally biased observations. We assume LAIEO during summer is unbiased and

provides adequate constraint on maximum annual LAI. All other assimilated data and meteorological forcing were consistent

across the two experiments. Differences in carbon cycle analyses between BAU and ALT can therefore be attributed to the

impacts of assimilated LAI and leaf lifespan information.170

To assess the constraint on the seasonality of diagnostic LAI resulting from the assimilation of leaf lifespan information

(RQ1), we compared diagnostic LAI derived from the two assimilation experiments (BAU and ALT) against independent

field-based estimates at the two sites where multiple data were available. To investigate how biases in whole-year LAIEO

affect carbon cycle analyses of the entire system (RQ2), we explored differences in diagnostic canopy dynamics, functional

characteristics, and carbon fluxes and pools between BAU and ALT at all three sites. Diagnostic outputs from the assimilation175

experiments are denoted with a subscript of the experiment name. For example, LAIBAU equates to diagnostic LAI derived

from the BAU experiment.

Experiment Assimilated LAIEO LAIEO temporal filtering Leaf lifespan assimilated?

BAU CGLS 300m none N

ALT CGLS 300m summer-only Y

Table 1. Assimilation experiments and associated details. BAU = Business-as-usual experiment; ALT = Alternative experiment with summer-

only assimilation.

2.3 Site descriptions

Three evergreen needleleaf sites were chosen for this analysis due to their abundant data availability. All sites maintain an

eddy-flux tower and are members of the Integrated Carbon Observation System (ICOS) network, thus possessing relevant180

information suitable for calibrating, driving, and validating DALEC at a weekly time step. The three sites are situated along a

latitudinal gradient (56° 6’ N – 67° 45’ N) (Figure 1, right panel) and experience a wide range of temperature regimes (Table

2). Finnish sites Varrio (FI-Var) and Hyytiälä (FI-Hyy) are dominated by Pinus sylvestris L. (hereafter referred to as pine) and
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lie within the boreal climate region. In the spring of 2019 at FI-Hyy, the majority of understory trees with a diameter at breast

height (DBH) < 7 cm were removed. The thinning had a minor impact on site-level leaf area, reducing field-measured LAI by185

0.3m2 m−2 (Aslan et al., 2024). The Swedish site, Hyltemossa (SE-Htm), is dominated by Picea abies (L.) Karst (hereafter

referred to as spruce) and is located within a northern temperate, maritime climate. All sites contain only small proportions of

deciduous species (< 10% of total basal area).

Site Lat MAT MAP Basal area Species-specific LL Effective LL
◦N ◦C mm m2 ha−1 (%P, %S, %D) yrs. (P, S, D) yrs.

Fl-Var 67.8 0.0 539 15.0 (95, 0, 5) 5.2, NA, 0.4 4.9

Fl-Hyy 61.8 4.7 705 28.6 (82, 9, 8) 3.6, 6.8, 0.5 3.6

SE-Htm 56.1 8.5 745 27.4 (0, 97, 2) NA, 3.1, 0.6 3.0

Table 2. Summary information for three sites in the analysis. Mean annual temperature (MAT) and mean annual precipitation (MAP) are

representative of the four years in this analysis (2016—2019). The species-specific basal area percent is used as the weighting mechanism in

the calculation of the effective leaf lifespan observation, see Eq. (4). P = Pine, S = Spruce, D = Deciduous.

2.4 Drivers and observations

All model drivers (meteorology and atmospheric CO2) and observations of GPP, Reco, NEE, and LMA were taken from the190

ICOS Warm Winter dataset, downloaded from the ICOS Carbon Portal (Warm Winter Team and ICOS Ecosystem Thematic

Center, 2020).

2.4.1 Meteorological drivers

Meteorological forcings required by DALEC include air temperature, atmospheric CO2 concentration, shortwave radiation,

wind speed, precipitation, and vapour pressure deficit at each weekly time step. These drivers are locally derived, based on195

site-specific measurements at the flux towers.

2.4.2 LAI

Assimilated observations of LAIEO were extracted from the 300 m resolution Copernicus Global Land Service (CGLS 300m)

LAI product version 1.0 (Fuster et al., 2020). Top-of-atmosphere reflectances from PROBA-V are converted to LAI with the

GEOV3 artificial neural network algorithm (Baret et al., 2016), which is in part trained by the MODIS collection 5 (Yang et al.,200

2006) and CYCLOPES (Baret et al., 2007) LAI products. Values originating from pixels contaminated with cloud or snow are

rejected during product processing. Product processing also includes a temporal smoothing procedure, providing estimates that

are more conducive for site-level analyses, contrary to the noisy time series of the MODIS LAI product at pixel scale (Brown

et al., 2020). CGLS 300m provides LAI estimates at 10-day intervals. If two LAIEO observations fell within the same weekly

time step of the model run, the mean between the two values was taken.205
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The CGLS 300m product provides uncertainty estimates associated with observations. However, there are times and places

for which an LAI estimate is provided but the uncertainty estimate is missing. For missing uncertainty values, we assigned a

cautious relative uncertainty of 20% during the summer period (DOY 168–231) and 50% outside summer, with a minimum

threshold of 0.2 m2m−2. The choice in uncertainty partly reflects the threshold values specified by the Global Climate Observ-

ing System (GCOS) Essential Climate Variable (ECV) requirements (WMO et al., 2022). Pixel extraction was based on the210

coordinates of the flux towers. We restricted the time period of the analysis to 2014—2019 to avoid the sensor transition from

PROBA-V to OLCI onboard Sentinel-3 that occurred in 2020.

Independent field-based data sets of LAI (LAIFIELD) at FI-Hyy and SE-Htm were used for evaluation. The field-based

dataset at FI-Hyy was derived from above (n = 1) and below-canopy photosynthetically active radiation (PAR) sensors (n

= 16) situated near the flux tower. A processed data set was provided by the site data manager (Pasi Kolari) via personal215

correspondence. Estimates were available every three days (n = 64) from early-April to mid-October, 2019. Processed LAI

was calculated based on an inverted Beer-Lambert equation, with an extinction coefficient (0.18) determined at the site in

1998 (Mäkelä et al., 2006). Clumping is implicitly accounted for in the extinction coefficient formulation; however, extinction

coefficients are known to vary with stem density across stands of the same species (Smith, 1993). As forest structure has likely

changed at FI-Hyy since 1998, the extinction coefficient may no longer be appropriate. However, since the dominant species220

has not changed during that time period, leaf optical properties have likely remained stable. Absolute values of estimated field

LAI may be affected by the extinction coefficient used here, but the seasonal shape should be minimally affected. The three-day

estimates were aggregated to the weekly CARDAMOM time step (n = 28; 10 in the summer period, 18 outside the summer

period) by taking the mean across the 16 sensor-specific LAI values falling within each week.

To quantify observational uncertainty of LAIFIELD at FI-Hyy, we calculated the standard deviation of the sample and the225

standard error of the mean across all estimates falling within each weekly time step. We then added these two sources of

uncertainty in quadrature. The mean relative uncertainty across all time steps was 16%. We inflated this value to 21% to

account for poorly constrained sources of uncertainty (e.g., instrument error and extinction coefficient uncertainty). The 21%

uncertainty was assumed for all weekly aggregated field LAI values at FI-Hyy.

Field-based LAI estimates at SE-Htm were based on digital hemispheric photography (Chianucci, 2020) following ICOS230

sampling protocols (Gielen et al., 2017). Processing of photographs and quantification of LAI was performed by ICOS. Site-

level aggregated data is available from the ICOS data portal (Heliasz et al., 2026). Individual, photograph-specific LAI val-

ues were provided by the site manager (Tobias Biermann) via personal correspondence. Photographic campaigns typically

provided approximately 35 processed values that were averaged to produce a site-level LAI estimate aligning with a single

CARDAMOM weekly time step. We estimated uncertainties by adding the standard deviation of the sample and standard error235

of the mean in quadrature. Mean relative uncertainty across all time steps was 19% which we inflated to 24% and applied to

all observations to account for unconstrained errors.

The field-based LAI data used here are more accurately described as plant area index (PAI) due to the influence of woody

components in estimation. Site-specific values of woody area index (WAI) are needed to convert PAI to LAI, which were

unavailable at the sites in this analysis. WAI varies considerably both across and within biomes (Fang et al., 2019). Lacking240
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this information, we neglected a PAI adjustment. However, the impact on seasonal trajectories is most likely minimal given the

assumption that the surface area of woody components does not change considerably within a given year (Chen, 1996).

2.4.3 Flux measurements

Half-hourly aggregated estimates of weekly NEE based on the eddy covariance method (Baldocchi, 2003) were obtained from

the ICOS data portal. NEE equates to the difference between GPP and Reco, where negative values correspond to net carbon245

uptake and positive values to net carbon release from land to the atmosphere. Reco is comprised of both autotrophic respiration

(Ra) and heterotrophic respiration (Rh).

NEE = Reco −GPP (3)

Estimates of the component fluxes GPP and Reco are derived from NEE based on the night-time (Reichstein et al., 2005) or

daytime (Lasslop et al., 2010) partitioning methods, both made available in the ICOS data. We extracted night-time partitioned250

fluxes at FI-Hyy and SE-Htm and day-time partioned fluxes at FI-Var as it sits above the Arctic circle and does not experience

complete darkness during the peak summer period.

We screened NEE observations based on their associated quality control (QC) values provided by ICOS. The QC value

(fraction, 0-1) indicates the amount of measured or good quality, gap-filled half-hourly values within each weekly time period.

As GPP and Reco estimates are derived from NEE, all fluxes associated with a NEE QC value < 0.85 were removed from the255

analysis. A constant observational uncertainty of 0.58 gCm−2 day−1 was assumed for each observation of NEE based on the

findings of Hill et al. (2012). All screened NEE observations were assimilated and component fluxes GPP and Reco were left

out for model evaluation. The percentage of weeks containing NEE observations suitable for assimilation at each site was 96%

at FI-Var, 87% at FI-Hyy, and 95% at SE-Htm.

In addition to flux tower observations, we obtained foliage litter trap data at FI-Hyy (2007–2017) and SE-Htm (2019–2022)260

via personal correspondence with site managers. Measurements from 20 litter traps at each site were averaged across each

recording period and then aggregated to one mean annual value of foliage litter production at each site. These estimates were

used for independent model evaluation.

2.4.4 Forest inventory

Tree-level inventory data were provided by site managers and used to estimate basal area and wood carbon stock. Tree height,265

DBH, and species were recorded for every individual > 5 cm DBH within survey plots surrounding the flux tower at each

site following ICOS protocols (Gielen et al., 2017). We used species-specific allometric equations (Marklund, 1988; Petersson

and Ståhl, 2006) to derive an estimate of total wood stock at each site by summing component biomass estimates of stem and

bark, live branches, stump, and coarse roots down to 2 mm diameter. To convert from biomass to units carbon, we assumed a

conversion factor of 0.5. One estimate of wood stock was assimilated for each site (FI-Var 2019, FI-Hyy 2018, SE-Htm 2016).270
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A conservative relative uncertainty of 20% was assumed for each observation of wood carbon stock based on expert advice

from site managers.

2.4.5 Soil properties

An estimate of SOM carbon in the surface soil layer (0–30 cm) for each site and its associated uncertainty were extracted

from the SoilGrids version 2 product (Poggio et al., 2021), which provides various soil property maps at a 250 m resolution.275

SoilGrids SOM carbon stock maps are obtained by modelling carbon density at various depths between 0 and 30 cm based on

measurements of soil organic carbon concentration, bulk density, and coarse fragment percentage at various sampling locations.

SOM carbon stock equates to the weighted sum of the carbon densities for each soil layer. SOM carbon stock estimates from

sample locations are then used to create a global map using quantile random forest modelling. We extracted SOM estimates

from the SoilGrids global map for each site location based on the flux tower coordinates. Soil texture information required by280

DALEC was also extracted from the SoilGrids product.

2.4.6 Leaf lifespan

For the ALT experiments, we constructed an observation of the effective leaf lifespan (LLeffective) for the forest canopy at

each site independently. DALEC simulates the entire canopy as one layer. Effective canopy leaf lifespan was calculated as the

weighted mean of species-specific leaf lifespans, with weights equal to the proportion of each species’ basal area relative to285

the total basal area at the site when tree inventories were conducted.

LLeffective = LLpine ·Wpine + LLspruce ·Wspruce + LLdecid ·Wdecid (4)

where W signifies the weighting value for each species classification. Weight values at each site were determined based on the

stem inventory (Table 2).

Leaf lifespans are specific to each site location. For pine and spruce, we used the number of needle cohorts as a proxy for290

leaf lifespan, a common practice in leaf lifespan calculation (e.g., Reich et al., 2014; Jankowski et al., 2017). As one needle

cohort is produced each year, the total number of cohorts retained on a branch directly reflects how many years the needles

persist before being shed, making it a reliable proxy for leaf lifespan (Muukkonen, 2005). At FI-Hyy and FI-Var, we extracted

needle cohort information from Finnish maps generated by Tupek et al. (2015). At SE-Htm, spruce leaf lifespan is based on a

needle cohort survey conducted at the site in 2023 (data provided by site manager via personal correspondence). To estimate295

deciduous leaf lifespan (LLdecid), we used growing season length (GSL) as a proxy:

GSL = GSE−GSS (5)

where GSE is growing season end (DOY), and GSS is growing season start (DOY). We implemented the widely used definitions

of GSE and GSS in the Nordic countries described in Venäläinen and Nordlund (1988), where GSS coincides with the point
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at which daily mean temperature exceeds 5° C for five consecutive days. GSE is determined when the 10-day rolling average300

of daily mean temperature drops below 5° C. Site-specific LLdecid was calculated using daily mean temperature data from the

four years included in this analysis (2016—2019).

LLdecid =
GSL

365.25
(6)

Effective leaf lifespan information was incorporated in the CARDAMOM calibration by its inclusion in the likelihood

function (Eq. 2). LLeffective was treated as an observation and compared against its model equivalent (LLmod). LLmod is calculated305

as the mean foliar pool size across the analysis period divided by mean foliar litter production.

As no raw data were publicly available for the Finnish needle cohort survey presented in Tupek et al. (2015), we assumed

uncertainty of LLeffective based on survey data presented in Oleksyn et al. (2020). Data included the number of needle cohorts

counted from several branches of over 1,300 trees across 74 pine sites in Sweden. Data from Sweden was assumed to be

applicable for Finland given similar climates between countries. We calculated uncertainty at each of the 74 sites presented in310

Oleksyn et al. (2020) by adding in quadrature the standard deviation of values at each site with the standard error of the mean.

The mean relative uncertainty across all sites was 10.3%. We inflated this uncertainty to 15%, which was the assumed relative

uncertainty for all LLeffective values in this study.

2.4.7 LMA

We calculated effective LMA values at each site following the weighted average scheme for effective leaf lifespan. Species-315

specific estimates of LMA for pine and spruce were taken from ICOS ancillary data at FI-Hyy and SE-Htm (Warm Winter

Team and ICOS Ecosystem Thematic Center, 2020). At FI-Var, LMA was provided by the site PI (Pasi Kolari) via personal

correspondence. For birch LMA, the main deciduous species at all sites, observations of Betula pendula and Betula pubescens

located in Fennoscandia were extracted from the TRY database (Kattge et al., 2020). The mean of extracted observations

(excluding measurements from manipulation experiments, e.g., elevated CO2) was used as the deciduous LMA value at all320

sites (38.3 gCm−2 leaf). Species-specific basal areas were used as weights in the effective LMA calculation. Effective LMA

was used for independent evaluation of the calibration process.

2.5 Metrics

2.5.1 Model-data fusion assessment

To gauge how well CARDAMOM outputs of diagnostic fluxes and states fit their corresponding observations, we calculated325

the percentage of output ensemble members generated by CARDAMOM that fall within observational uncertainty bounds at

each time step an observation is available. We then took the mean percentage across all time steps for a particular data stream

to produce a diagnostic-observation overlap (DOO) percentage. DOO can be calculated with assimilated or independent, non-

assimilated observations. DOO accounts for uncertainty in both the outputs and observations they are compared against. In the
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following text, DOO is often referred to simply as "overlap". We also calculated the root mean squared error (RMSE) between330

median values of diagnostic fluxes and corresponding observations of GPP, Reco, and NEE.

2.5.2 Hellinger distance

As CARDAMOM produces an ensemble for every output, outputs can be expressed as probability distributions to explicitly

express uncertainty. To quantify differences between diagnostic outputs from the two assimilation experiments (BAU vs. ALT),

we employed the use of the Hellinger distance (Hellinger, 1909; Boone et al., 2014), which measures the (dis)similarity335

between two probability distributions. Properties of the Hellinger distance allow for easy interpretation as it is a bounded

metric ranging from 0 to 1, where 0 indicates two identical distributions and 1 indicates completely dissimilar distributions,

i.e., the two distributions do not overlap in any region of probability space. Specifically, the Hellinger distance, HD, between

two continuous probability distributions, p and q, is defined as

HD(p,q) =

√
1

2

∫ (√
p(x)−

√
q(x)

)2
dx (7)340

To compute HD between the diagnostic outputs of the experiments, we first approximated probability density functions

(PDFs) from the diagnostic ensemble outputs via kernel density estimation (KDE) for bounded densities using the reflection

method (Jones, 1993). The reflection method corrects for the allocation of non-zero probability to regions outside plausible

bounds (e.g., positive probability attributed to negative values of non-negative data) by mirroring overspilled density back to

the bounded range. Here, the reflection method corrects for downward biased PDFs introduced by standard KDE. We used345

a Gaussian smoothing kernel and bandwidths determined by the Sheather and Jones method (Sheather and Jones, 1991). We

used a Hellinger distance value of 0.5 to mark the threshold that designates similarity/dissimilarity between two distributions

(similar: HD < 0.5; dissimilar: HD > 0.5).

2.5.3 LAI seasonality

To quantify the degree of seasonality in diagnostic LAI, we computed the absolute seasonal amplitude (ASA) and relative350

seasonal amplitude (RSA) of LAI for each year in the analysis separately.

ASA = LAImax −LAImin (8)

RSA =
ASA

LAImax
(9)

where LAImax and LAImin are the highest and lowest LAI values in each respective year. RSA, a normalised value, ranges from

0 to 1 where 0 indicates a complete lack of seasonality and 1 indicates high seasonality. We then took the mean ASA and RSA355

across all years in the analysis at each site and experiment. ASA and RSA are based on the median diagnostic LAI values.
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3 Results

3.1 LAI seasonality

Overlap values (DOO) between diagnostic LAI and assimilated LAIEO showed that CARDAMOM adequately fit ingested

observations for both the ALT experiment (DOOALT: FI-Var = 83%; FI-Hyy = 87%; SE-Htm = 84%) and the BAU experiment360

(DOOBAU: FI Var = 88%; FI-Hyy = 88%; SE-Htm = 84%). High overlap with assimilated observations establishes that the

following results are not the consequence of poor model-data fusion performance. LAIBAU satisfactorily reflected whole-year

LAIEO, and LAIALT matched well to the peak summer values of LAIEO.

The assimilation of local leaf lifespan resulted in close agreement between LAIALT and independent LAIFIELD at FI-Hyy

and SE Htm (Figure 2). LAIALT overlap with field data (DOOALT: FI-Hyy = 98%; SE-Htm = 96%;) was 38-60% greater than365

LAIBAU overlap (DOOBAU FI-Hyy = 60%; SE-Htm = 36%). Low DOOBAU with field data was caused by erroneous seasonality

indicated by LAIEO.

Differences in the seasonality of LAIALT and LAIBAU are further quantified by absolute seasonal amplitude (ASA) and rela-

tive seasonal amplitude (RSA) (Table 3). Mean RSABAU across all site years was 0.84, signifying strong seasonal fluctuations

in LAIBAU. In contrast, mean RSAALT was 0.18, indicating a lack of seasonality consistent with expectations for evergreen370

systems.

Site ASABAU RSABAU ASAALT RSAALT

FI-Var 1.67 0.84 0.49 0.25

FI-Hyy 2.80 0.77 0.61 0.17

SE-Htm 4.08 0.90 0.54 0.12

Table 3. Mean annual (2016–2019) absolute seasonal amplitude (ASA) and relative seasonal amplitude (RSA) of diagnostic LAI from both

assimilation experiments.

3.2 Canopy carbon dynamics

Seasonal biases in LAIEO propagated into diagnostics of canopy carbon dynamics. Seasonal fluctuations in diagnostic LAI

interact with the net balance of carbon inflows (direct NPP allocation, indirect flows from the labile pool) and carbon outflows

(foliage litter production). Consequently, the two experiments exhibited differences in carbon inflows and outflows to foliage375

(Figure 3). FoliageBAU growth in spring was driven by large inputs from the labile pool. At FI-Var, labile inputs accounted for

23% of total annual inflow to FoliageBAU compared with 11% to FoliageALT. Larger differences were observed at FI-Hyy (49%

vs. 6%), and SE-Htm (32% vs. 5%). Total canopy outflows in the form of foliage litter production were higher for FoliageBAU

across all sites. Relative to ALT, total annual foliar litter production from BAU was 159% (FI-Var), 138% (FI-Hyy), and 69%

(SE-Htm) higher when comparing median estimates.380
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Figure 2. Diagnostic LAI (LAIBAU, LAIALT), assimilated LAIEO observations (ObsCGLS 300m), and independent field LAI observations

(ObsFIELD) at FI-Hyy (panels a.i and a.ii) and SE-Htm (panels b.i and b.ii). Top panels show results from the year with the most inde-

pendent field observations (2019). Bottom panels show the entire four year time series of the analysis. Grey shading denotes the summer

LAIEO assimilation window for ALT experiments. Coloured lines represent the median LAI estimate from each experiment. Coloured shad-

ing represents a 95% confidence interval. Errors bars represent observational uncertainty.
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Foliage litter trap data provided independent evaluation of the diagnosed canopy outflows from the two experiments. At

FI-Hyy, comparisons show the assimilation of leaf lifespan information improved diagnostic estimates of foliage litterfall.

The field-based estimate of mean annual foliage litter production (2007 – 2017) was 88.1 gCm−2 yr−1. This value falls

outside the 95% confidence interval (95CI) for BAU [118.5 – 391.1 gCm−2 yr−1] but within the 95CI of ALT [77.4 –

187.1 gCm−2 yr−1]. At SE-Htm (2019 – 2022), mean annual foliage litter production measured at the site was 228.9 gCm−2 yr−1,385

falling within the 95CIs of diagnostic foliage litterfall from both experiments (BAU = [168.9 – 424.5 gCm−2 yr−1]; ALT =

[163.6 – 299.8 gCm−2 yr−1]) but closer to the median ALT estimate (BAU = 297.4 gCm−2 yr−1; ALT = 214.1 gCm−2 yr−1).

No independent litter trap data were available at FI-Var.
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Figure 3. Diagnostic carbon inflows, outflows and net canopy change (inflows – outflow) of the foliage pool stemming from the two assimi-

lation experiments (BAU and ALT) at the three sites in this analysis. Results shown here are based on the median values at each time step.
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3.3 Ecosystem functional characteristics

In many cases, functional characteristics retrieved from the two experiments displayed divergent properties (Figure 4). For390

leaf lifespan, median LLBAU was < 1 year for all three sites (Figure 4a). Median LLALT mirrored the assimilated leaf lifespan

observations, as expected. At all three sites, diagnostic leaf lifespan distributions were statistically dissimilar between the two

experiments (Hellinger distance (HD) = 1).

Seasonal biases in assimilated LAIEO observations resulted in higher retrievals of the potential photosynthesis rate (PPR)

parameter for the BAU experiments relative to ALT experiments (Figure 4e). Higher PPRBAU allowed low-biased LAIBAU395

to deliver GPP consistent with assimilated NEE observations during canopy flushing and senescence phases. In contrast, ALT

canopies retained leaf area year-round, reducing the need for increased PPR in spring. Median PPRBAU was higher than PPRALT

across all sites; however, distributions of PPR were statistically dissimilar at SE-Htm only (HD = 0.71).

LAIEO biases also impacted diagnostic LMA. LMABAU was constrained to lower values and median LMAALT values were

higher across all sites. Independent LMA values were closer to LMAALT at FI-Var and SE-Htm (independent LMA: FI-Var400

= 97.2 gCm−2 leaf; SE-Htm = 117.1 gCm−2 leaf). At FI-Hyy, independent LMA (81.8 gCm−2 leaf) was more similar to

median LMABAU but fell within 95% CIs for both experiments. LMA distributions were statistically dissimilar between ALT

and BAU at all three sites (HD > 0.5).

NPP allocation fractions to the live biomass pools differed between the two experiments, albeit to varying degrees across the

sites (Figure 4b,d,f). Across all sites, a larger fraction of NPPBAU were directed to the foliage and labile pools to support the405

rapid leaf flush signalled from whole-year LAIEO, whereas ALT canopies retained foliage year-round, reducing carbon input

requirements. Median fractional NPPALT allocation to the fine roots was higher than fractional NPPBAU at all sites. Fractional

NPP allocation distributions to the canopy and fine roots were not statistically dissimilar at FI-Var, where differences in canopy

dynamics were not as pronounced compared to FI-Hyy and SE-Htm (Figure 3). Distributions of diagnostic NPP allocation

fraction to wood were dissimilar at SE-Htm only (HD = 0.73).410

Carbon use efficiency (CUE = NPP / GPP) was similar between experiments at FI-Var (ALT = 0.38 [0.25 - 0.52]; BAU=

0.42 [0.31 - 0.54]) and FI-Hyy (ALT = 0.57 [0.45 - 0.7]; BAU = 0.54 [0.45 - 0.63]). At SE-Htm, CUEALT (0.71 [0.58 - 0.79])

was higher than CUEBAU (0.54 [0.46 - 0.64]).

3.4 Biosphere-atmosphere fluxes

BAU and ALT experiments produced similar diagnostics of biosphere-atmosphere carbon fluxes (Figure 5). NEE observations415

were assimilated in both experiments. GPP and Reco observations were left out for evaluation. RMSE between median diag-

nostic fluxes and eddy-covariance (EC) values were very similar for both BAU and ALT experiments as both experiments

diagnosed nearly indistinguishable component fluxes. Assimilated NEE observations at the southern site, SE-Htm, were much

noisier relative to FI-Var and FI-Hyy, and both experiments struggled to fit the fine temporal swings. NEEBAU mean overlap

(DOO) with observations was 99% (FI-Var), 93% (FI-Hyy), and 56% (SE-Htm). Similarly, NEEALT mean overlap was 98%420

(FI-Var), 95% (FI-Hyy), and 57% (SE-Htm).
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Figure 4. Diagnosed functional characteristics from each assimilation experiment across the three sites. Shown are the posterior distributions

from CARDAMOM calibrations of model parameters for leaf lifespan (a), leaf mass per area (c), potential photosynthesis rate (e), and

net primary productivity allocation fractions to foliage + labile pools (b), fine roots (d), and wood pools (f). Vertical lines denote median

diagnostic values. A Hellinger distance (HD) between the two experiments (BAU, ALT) > 0.5 signifies dissimilar distributions and HD

< 0.5 signifies similarity. Blue points in panel (a) show the assimilated leaf lifespan value for ALT experiments. Error bars represent the

observational uncertainty. Black points in panel (c) denote independent estimates of effective LMA for evaluation.
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Figure 5. Time series of diagnostic LAI and biosphere-atmosphere carbon fluxes for each experiment (BAU and ALT) across the three sites.

Assimilated observations (CGLS 300m LAI and eddy covariance (EC) NEE) are plotted with their uncertainties (error bars, ± 1 σ), see

dashed black box. Grey areas in LAI plots delineate the summer LAIEO assimilation window for the ALT experiment. GPP and Reco were

not assimilated in either experiment. Red and blue solid lines represent median diagnostic outputs. Shading represents a 95% confidence

interval. RMSE is calculated between median diagnostic fluxes and eddy covariance values (EC).

3.5 Mean annual carbon budgets

Whole-system carbon budgets showed that the number of dissimilar pools and fluxes between the two experiments varied

across sites (Figure 6). Dissimilarity is again quantified by the Hellinger distance statistic (HD > 0.5). At FI-Var, carbon cycle

differences between BAU and ALT were restricted to three of 22 total components: foliage pool size, foliage litter production425

(Mortfol), and decomposition of litter to SOM (Figure 6a). At FI-Hyy, seven components were statistically dissimilar: NPP

allocation to the roots and root litter production (Mortroot), in addition to canopy related components (Figure 6b). At SE-Htm,

14 components of the carbon cycle were statistically different between BAU and ALT (Figure 6c). Diagnostic pools and fluxes

that showed no significant distributional divergence at any of the three sites include: NEE, direct NPP allocation to the foliage

pool, size of the wood pool, turnover of the wood pool, size of the SOM pool, and Rh-SOM. Of these pools and fluxes, both430

experiments assimilated NEE, size of the wood pool, and size of the SOM pool. Across all sites, BAU diagnosed higher

Mortfol:Mortroot ratios relative to ALT experiments. At SE-Htm, the ALT experiment resulted in a much higher flow of carbon
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from NPP, through the roots and litter pool, to Rh compared to BAU. However, ALT uncertainties were also substantially larger

(Figure A1c).
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Figure 6. Whole-system carbon cycle schematics for both experiments (BAU and ALT) at each of the three sites. Black boxes indicate

mean carbon pools (gCm−2) and arrows represent mean carbon fluxes (gCm−2 yr−1) across the four-year diagnostic period (2016 –

2019). Values shown are the median ensemble estimates. Stars indicate dissimilarity between distributions of the two experiments (Hellinger

distance > 0.5). Panel (d) shows the Hellinger distance values between ALT and BAU experiments at each schematic component, across the

three sites († = HD > 0.5).

4 Discussion435

Earth observation LAI (LAIEO) show exaggerated seasonal behaviour in evergreen needleleaf forests at northern latitudes com-

pared to in situ data. This seasonal bias was corrected by assimilating information on local leaf lifespan into the CARDAMOM

model-data fusion (MDF) framework, alongside observations of LAI limited to the peak growing season (ALT experiment). Ex-

periments showed that seasonal biases in LAIEO impacted diagnosed canopy dynamics with high amounts of carbon transport

through the foliage pool each year (BAU experiment). LAIEO biases also affected retrievals of various functional characteris-440

tics that erroneously resemble deciduous systems. At southern locations, impacts were not limited to the canopy and biases
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propagated throughout the carbon cycle. Despite differences in internal carbon cycling, both ALT and BAU experiments fit

observations of biosphere-atmosphere fluxes equally well, highlighting the issue of equifinality. Overall, the inclusion of leaf

lifespan as a model calibration constraint led to a more realistic representation of the carbon cycle given the dominance of

evergreen needleleaf species at these locations; however, more work is needed to constrain below-ground processes.445

4.1 Assimilated leaf lifespan generates realistic LAI seasonality

The ALT assimilation experiment confirmed the hypothesis (H1) that the assimilation of local leaf lifespan information pro-

duces more realistic seasonal amplitudes of diagnostic LAI for evergreen needleleaf forests (Figure 2). Assimilated leaf lifespan

observations impacted the seasonality of diagnostic LAI by informing canopy turnover rates, and summer-only LAIEO provided

constraint on maximum annual leaf area. Rich in situ data sets enabled independent evaluation of leaf lifespan-corrected LAI450

seasonality generated from a model-data fusion scheme. These field data, and the analysis they enabled here, reinforces the

recommendation of Fang et al. (2019) that more LAIEO validation studies are needed with continuous seasonal measurements.

Overall, this analysis demonstrates that the assimilation of leaf lifespan and filtering of LAIEO provides a simple correction to

LAIEO seasonal biases that enables a more realistic representation of LAI dynamics in evergreen needleleaf forests.

4.2 Earth observation LAI biases propagate into diagnosed functional characteristics and canopy carbon dynamics455

The assimilation experiments supported the hypothesis (H2) that naïve assimilation of whole-year LAIEO (BAU experiments)

would result in a diagnostic assessment of functional characteristics resembling deciduous systems. This misattribution man-

ifested as short leaf lifespans (< 1 year), low leaf mass per area (LMA) relative to in situ data, and high photosynthetic

capacities. In contrast, the assimilation of long leaf lifespans (ALT experiments) induced coordinated shifts in other canopy

traits, yielding higher LMA and lower photosynthetic capacity (Figure 4). While both BAU and ALT characteristics represent460

viable ecological strategies and are consistent with the "fast–slow" axis of the plant economic spectrum, the ALT leaf traits

more closely align with evergreen needleleaf expectations (Wright et al., 2004; Reich, 2014; Weng et al., 2017). LAIEO biases

also shifted carbon allocation schemes. Fractional NPPBAU allocation to foliage and labile pools was greater than NPPALT re-

flecting the need to support annual canopy flushing. Fractional NPPBAU to roots was less than NPPALT across all sites, aligning

with the different root allocation patterns between boreal deciduous and evergreen species reported by Gower et al. (2001).465

As expected, seasonal biases in LAIEO also impacted canopy carbon dynamics (Figure 3). BAU canopies were more reliant

on labile inputs, which is consistent with the assertion that deciduous species have greater seasonal fluctuations in non-structural

carbon (NSC) pools to support canopy flushing relative to conifer species (e.g., Piispanen and Saranpää, 2001; Fischer, 1992;

Kramer and Kozlowski, 1979). Independent litter trap data suggest that canopy carbon export in the form of foliage litter

production was overestimated in the BAU experiment, driven by the erroneous signal of rapid and substantial autumnal leaf470

area decline. These results demonstrate that whole-year LAIEO assimilation systematically propagates deciduous-like biases

into evergreen systems that distorts both trait retrievals and canopy carbon dynamics.
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4.3 Canopy biases from LAIEO propagate to whole-system carbon dynamics

Confirming (H3), the impact of assimilating LAI observations with erroneous seasonality was not limited to the characterisation

of canopy dynamics, but further propagated throughout the carbon cycle (Figure 6). Differences between experiments, however,475

differed across sites/latitude. At the far northern and least productive location (FI-Var), ALT and BAU divergence was less

pronounced. FI-Var exhibited the lowest maximum LAIEO across the sites, meaning the maximum potential seasonal biases (in

terms of absolute seasonal amplitude, Table 3) were limited relative to the southern sites. Smaller absolute differences in LAI

amplitude led to smaller absolute differences in whole-system carbon cycling.

In contrast, at the most southern site (SE-Htm) dissimilarity of mean annual fluxes and pools between experiments was480

manifold. Strong divergence was driven by two factors: (i) strong biases in canopy carbon dynamics and functional character-

istics driven by LAIEO seasonality and (ii) a built-in model constraint on the relationship between foliage and fine root pools.

An ecological dynamic constraint (EDC) requires mean annual foliage and fine root pools to be within a factor of five, based

on the findings of Mokany et al. (2006). Through the EDC, LAIEO biases propagated into the fine root pool, resulting in an

implausibly low and and tightly bound fine root stock BAU estimate (Figures 6 and A1). At a Norway spruce forest in southern485

Sweden with similar basal area to SE-Htm, Hansson et al. (2013) reported a fine root stock of 351 gCm−2 (adjusted with a

0.5 biomass to carbon conversion factor). Assuming the reported stock value is representative of SE-Htm, the BAU experiment

severely underestimated the fine root pool size [95CI: 63–116 gCm−2]. Conversely, the reported stock value fell within the

uncertainty range diagnosed by ALT [95CI: 324–920 gCm−2]; however, all below-ground ALT uncertainties at SE-Htm were

substantial. In some ways though, these high uncertainties signal a more honest representation of below-ground processes in490

that they are poorly constrained due to a lack of observational data. These uncertainties help identify a key gap in the un-

derstanding of ecosystem functioning at this site, whereas the tightly constrained below-ground processes of BAU suggest

an over-confident, biased interpretation. The latitudinal gradient of bias propagation across sites suggests that, if assimilated,

erroneous LAIEO seasonality may be most impactful for carbon cycle modelling at southern evergreen needleleaf forests with

high annual maximum leaf area and carbon stocks.495

4.4 Divergent functional characteristics and internal carbon cycling yield indistinguishable biosphere-atmosphere

fluxes

Despite significant differences in diagnosed functional characteristics and internal carbon cycling, biosphere-atmosphere fluxes

were nearly identical between ALT and BAU experiments across all sites (Figure 5). Similarities in diagnostic NEE are some-

what expected as both experiments assimilated the same observations; however, indistinguishable component fluxes (GPP and500

Reco) highlight the issue of equifinality. Equifinality arises when very different parameter sets or model structures can lead to

the same output (Beven and Freer, 2001). Here, sets of ecologically implausible, deciduous-like characteristics inferred from

LAIEO and sets of more realistic evergreen characteristics were shown to be equally capable of generating acceptable agree-

ment with eddy covariance observations. This could suggest validation approaches that rely solely on LAIEO and flux-based

observations in northern evergreen needleleaf forests risk drawing flawed ecological interpretations and attributing false con-505
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fidence in model performance. Moreover, biases in LAIEO can conceal model deficiencies through compensating errors. The

incorporation of LAIEO in its current state can lead to correct model outputs for incorrect reasons. Recognising and correcting

LAIEO biases is therefore an urgent priority for modelling northern evergreen needleleaf forests.

4.5 Limitations and future directions

This analysis provides new insights into the implications of biased LAIEO for carbon cycle diagnostics. We demonstrate a510

simple correction method based on leaf lifespan. However, results are subject to a number of limitations that highlight oppor-

tunities for future research. Adequately representing below-ground carbon stocks and fluxes continues to be a challenge for the

modelling community given the lack of observational constraint (McCormack et al., 2015). Assuming a correct representation

of canopy dynamics, indirect constraint on the fine root pool can be achieved by providing information on foliage-to-fine root

ratios. The default EDC on foliage-to-fine root ratio used here was designed for global applications and proved overly broad515

in this context. Moving forward, CARDAMOM could incorporate region-specific data on foliage-to-fine root ratios to better

constrain below-ground dynamics (e.g., Helmisaari et al., 2007; Vanninen and Mäkelä, 1999). Additionally, this study was re-

stricted to only three sites, limiting the ability to assess LAIEO impacts across broader climatic and ecological gradients. Future

work could expand the spatial scope to investigate bias propagation across a range of forest structures and species mixtures.

Additionally, it remains to be seen whether the assimilation of leaf lifespan can consistently enhance model realism across520

large spatial scales.

5 Conclusions

LAI observations from Earth observation exhibit erroneous, strong seasonal amplitudes over northern evergreen needleleaf

forests that are functionally inconsistent with the ecological traits and carbon dynamics of these ecosystems. This analysis

shows that incorporating leaf lifespan information within a data assimilation scheme provides a simple, yet effective method to525

correct these biases. When left uncorrected, biased LAIEO observations have significant impacts on diagnoses of carbon cycle

dynamics. Despite divergences in diagnostic functional characteristics and internal carbon cycling, corrected and uncorrected

LAI experiments generated very similar outputs of biosphere-atmosphere fluxes. Studies that incorporate uncorrected LAIEO in

analyses of these forests may therefore be unknowingly inheriting biases into their results that may not be apparent if validating

against a limited number of commonly used data streams. By obscuring ecological realism while preserving flux agreement,530

assimilation of LAIEO may compromise the ability to accurately represent and understand carbon cycling in this important

region of high carbon storage and rapid climate change.

Code and data availability. The driving data and selected carbon cycle outputs have been archived (Green et al., 2026) at Edinburgh

DataShare: https://doi.org/10.7488/ds/8116. Model and analysis code will be made available pending manuscript acceptance.
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Figure A1. Uncertainty of whole-system carbon cycle schematics for both experiments (BAU and ALT) at each of the three sites. Black

boxes indicate mean carbon pools (gCm−2) and arrows represent mean carbon fluxes (gCm−2 yr−1) across the four-year diagnostic

period (2016 – 2019). Values shown are the lower and upper bounds of a 95% confidence interval based on 300-member ensembles. Stars

indicate dissimilarity between distributions of the two experiments (Hellinger distance > 0.5). Panel (d) shows the Hellinger distance values

between ALT and BAU experiments at each schematic component across the three sites († = HD > 0.5).
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