
Assessing JULES Across Bioclimatic Domains Through a
Pan‐African Flux Tower Evaluation: Insights Into Controls
on Gross Primary Productivity, Ecosystem Respiration, and
Evapotranspiration Biases
Enimhien F. Akhabue1,2 , Andrew M. Cunliffe1 , Karina Bett‐Williams2,3 , Anna B. Harper4 ,
Songyan Zhu5 , Petra Holden6 , Jonas Ardö7 , Mika Aurela8 , Jerome Demarty9 ,
Frederic C. Do10,11 , Jordi Etchanchu9 , Mangaliso Gondwe12 , Carole Helfter13 ,
Laurent Kergoat14 , Giacomo Nicolini15 , Yann Nouvellon10,16 ,
Maria Carolina Duran Rojas17 , Olivier Roupsard10,11,18 , Torbern Tagesson7 ,
Ville Vakkari8,19 , Pieter VanZyl19 , and Aleksander Wieckowski7

1Department of Geography, University of Exeter, Exeter, UK, 2Global Systems Institute, University of Exeter, Exeter, UK,
3Met Office, Exeter, UK, 4Department of Geography, University of Georgia, Athens, GA, USA, 5School of Geography and
Environmental Science, University of Southampton, Southampton, UK, 6African Climate & Development Initiative,
University of Cape Town, Cape Town, South Africa, 7Department of Earth and Environmental Sciences, Lund University,
Lund, Sweden, 8Finnish Meteorological Institute, Helsinki, Finland, 9HydroSciences Montpellier (HSM), CNRS, IRD,
University Montpellier, Montpellier, France, 10Eco&Sols, CIRAD, INRAE, IRD, Institute Agro, University Montpellier,
Montpellier, France, 11LMI IESOL, Centre IRD‐ISRA de Bel Air, Dakar, Senegal, 12Okavango Research Institute,
University of Botswana, Maun, Botswana, 13UK Centre for Ecology & Hydrology, Edinburgh, UK, 14Geosciences
Environment Toulouse, CNRS/IRD/Université Toulouse, Toulouse, France, 15CMCC Foundation—Euro‐Mediterranean
Center on Climate Change—IAFES Division, Viterbo, Italy, 16CIRAD, UMR Eco&Sols, Montpellier, France,
17Department of Mathematics and Statistics, Faculty of Environment, Science and Economy, University of Exeter, Exeter,
UK, 18CIRAD, UMR Eco&Sols, Dakar, Senegal, 19Atmospheric Chemistry Research Group, Chemical Resource
Beneficiation, North‐West University, Potchefstroom, South Africa

Abstract Land surface models are fundamental for simulating coupled carbon, water and energy
exchanges in Earth system models, yet their performance remains poorly constrained across Africa's diverse
hydroclimatic gradients. We evaluate the Joint UK Land Environment Simulator (JULES) using eddy
covariance observations from 16 flux towers spanning major African ecosystem types. Model skill is
assessed for gross primary productivity (GPP), ecosystem respiration (Reco), and evapotranspiration, and we
examine how model bias and error vary along gradients of mean annual temperature, aridity index, and
precipitation anomalies. JULES reproduced broad seasonal dynamics of carbon and water fluxes across
several ecosystems but showed systematic limitations in simulating Reco and interannual variability of GPP.
Model performance differed among ecosystem types, with wetlands exhibiting large model‐observation
mismatches and cropland sites showing GPP overestimation linked to excessive simulated leaf area index. To
isolate environmental controls on performance, we applied linear mixed‐effects modeling to partition site‐
level variability from climate‐driven effects. Aridity and precipitation anomalies emerged as dominant
predictors of model bias and error, with wetter and anomalously humid conditions associated with larger
deviations from observations, indicating limitations in representing soil hydrology and vegetation water stress
processes. By integrating an expanded African flux tower network, this study provides a comprehensive
regional evaluation of JULES. The results identify hydroclimatic regimes where model development should
be prioritized and emphasize the importance of strengthening benchmarking across underrepresented African
ecosystems to improve model transferability and support reliable climate and land management decision
support under environmental change.

Plain Language Summary Land surface models are computer programs that help scientists
understand how land ecosystems exchange water and carbon with the atmosphere. They are widely used
to study climate change and support land and water management. However, most testing of these models
has been carried out in regions with extensive data, and their performance across Africa's varied
ecosystems is less well understood. In this study, we evaluated the Joint UK Land Environment
Simulator (JULES) using measurements from 16 eddy‐covariance flux towers across Africa. These towers
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directly measure how much carbon ecosystems absorb through photosynthesis and release through
respiration, and how much water returns to the atmosphere through evapotranspiration. We compared
model simulations with these observations across a range of climates, from dry to wet regions and from
cooler to warmer sites. JULES successfully reproduced seasonal patterns of carbon and water exchange at
many locations. However, it struggled to accurately represent ecosystem respiration and year‐to‐year
variation in photosynthesis. Using a statistical approach that accounts for differences between sites, we
found that dryness and unusual rainfall conditions were the main causes of model errors. These results
highlight the need to improve how this model represents soil water processes and vegetation responses to
water availability.

1. Introduction
Africa has a broad range of ecosystem types, including tropical forest, deserts, semi‐deserts, grasslands, coastal,
coral reefs and mountain environments which all differ in climate and structure providing essential ecosystem
services (Kapuka & Hlásny, 2021; Sintayehu, 2018). Ecosystems can act as carbon sinks by absorbing atmo-
spheric CO2 through photosynthesis, termed gross primary productivity (GPP), a key component of climate
regulation (Nunes et al., 2020; O’Sullivan et al., 2020). They also influence the water cycle by affecting how
precipitation is partitioned among evapotranspiration, soil and groundwater storage, and runoff (Gardiya Weli-
gamage et al., 2023; Jasechko et al., 2013; Nedbal et al., 2025). Through evapotranspiration, water from soils and
vegetation is returned to the atmosphere, contributing to atmospheric moisture recycling and, in some regions,
precipitation locally and downwind (Nyasulu et al., 2024; TeWierik et al., 2022; Van Der Ent et al., 2010). These
processes consequently affect the water available to ecosystems and human societies (Oki & Kanae, 2006).
Through these exchanges, ecosystems regulate energy exchange between the biosphere and atmosphere, shaping
agricultural productivity, weather, air and water quality (Wang et al., 2007; Wright et al., 2004). Accurate GPP
estimation is essential because carbon uptake is tightly coupled to transpiration and surface energy partitioning
through stomatal regulation, meaning uncertainties in ecohydrological controls (e.g., stomatal conductance and
water stress) can propagate across GPP, latent heat (LE), and sensible heat (H) fluxes (Oliver et al., 2022; Slevin
et al., 2015; Zheng et al., 2020).

Land surface models (LSM) are useful for understanding terrestrial ecosystem dynamics and their ability to
provide essential ecosystem services especially in the context of climate change. They simulate coupled ex-
changes of carbon, water, and energy between land and atmosphere, supporting climate prediction and envi-
ronmental decision making (Fisher & Koven, 2020; Lawrence et al., 2019). Evaluating LSMs is essential for
improving predictive accuracy, informing process‐level understanding, and guiding targeted observational ef-
forts, particularly for African landscapes where reliable data sets remain limited and urgently needed for informed
decision‐making (Dinku, 2019; Friedlingstein et al., 2014). However, LSM performance varies across ecosys-
tems, and evaluations have historically focused on North America, Europe, and parts of Asia, with relatively few
studies incorporating African observations (James et al., 2018), reflecting strong geographical biases in available
flux data sets (Pastorello et al., 2020). In this study we focus on the Joint UK Land Environment Simulator
(JULES), the land‐surface scheme used within the Met Office Unified Model and UK Earth System Model
(UKESM), which contributes to the global model intercomparison projects such as the Coupled Model Inter-
comparison Project assessed in IPCC reports (Wiltshire et al., 2020). Evaluating JULES performance over Africa
helps constrain land‐surface biases that may propagate into broader climate projections and Earth system
assessments.

Flux tower measurements provide continuous, high temporal resolution records of carbon, water, and energy
fluxes using eddy‐covariance (EC) methods, offering direct insight into land–atmosphere interactions and serving
as a primary benchmark for evaluating LSMs (Ukkola et al., 2022; Xiao et al., 2012). Alternatives data sources
such as satellite products offer broad spatial coverage but rely on indirect proxies and are affected by retrieval
errors, atmospheric effects, and cloud interference (Yue et al., 2015). Expanding site‐level evaluations across
diverse African ecosystems is therefore critical for improving LSM accuracy and reducing the risk that model
biases propagate into climate projections and policy decisions (Ukkola et al., 2022).

Carbon fluxes vary seasonally and inter‐annually in response to temperature, precipitation, solar radiation, and
plant life‐cycle dynamics (Liu et al., 2017; Niu et al., 2017). Across Africa, the relative importance of these
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controls differs among ecosystems and regions (Yun et al., 2025). Seasonal rainfall and incoming radiation drive
much of the carbon flux dynamics in many African savanna and rangeland ecosystems, while temperature can
further constrain productivity, particularly under drier conditions (Ardö et al., 2008; Lomax et al., 2024; Quansah
et al., 2015). Interannual variability is especially pronounced in water‐limited African ecosystems, where pre-
cipitation anomalies can alter productivity and respiration (Bell et al., 2012; Dunn et al., 2007; Poulter et al., 2014;
S. Zhou et al., 2016). The effects may also persist beyond the season or year in which rainfall occurs, as preceding
moisture conditions can influence subsequent ecosystem productivity and carbon balance. Such precipitation
legacy effects have been documented in semiarid grasslands and seasonally dry tropical forests (Bell et al., 2012;
Delgado‐Balbuena et al., 2019; Nouvellon et al., 2001; Uuh‐Sonda et al., 2018; Verduzco et al., 2015). These
sensitivities are particularly relevant to Africa's arid and semi‐arid ecosystems, which can contribute strongly to
interannual variability in regional carbon fluxes during years characterized by substantial precipitation anomalies
(Ahlström et al., 2015; Fawcett et al., 2022; Poulter et al., 2014). Drylands often respond quickly to wet conditions
with increased carbon uptake, but gains may be rapidly lost through decomposition, respiration, or fire in sub-
sequent dry years (Huxman et al., 2004). Evaluating how LSMs represent interannual variability in fluxes such as
GPP helps constrain uncertainties in carbon‐climate feedbacks, especially in Africa where these dynamics remain
underrepresented. Climate change is altering vegetation composition with savannas already experiencing shifts in
plant communities as warming and drought intensify (Fensham et al., 2015; Jones et al., 2022). In the Congo
Basin, declining rainfall is increasing tree mortality and altering biodiversity, though high moisture levels
maintain some resilience to warming (Bonal et al., 2016; Tao et al., 2022; Taylor et al., 2017; Q. Zhang
et al., 2017). Arid and semi‐arid regions are particularly vulnerable to changes in rainfall regime, affecting water
availability and ecosystem productivity (Lomax et al., 2024; Lu et al., 2023), with cascading impacts on biodi-
versity, ecosystem services, and livelihoods (IPBES, 2018).

Precipitation and temperature are the key climatic controls on land–atmosphere exchanges, shaping ecosystem
productivity, phenology, and terrestrial carbon storage (Davies et al., 2023; Liu et al., 2024; R. Zhang et al., 2019).
We therefore examined three gradients central to ecosystem functioning: Mean Annual Temperature (MAT),
aridity index, and precipitation anomalies, allowing assessment of JULES performance across diverse environ-
mental conditions and ecosystem types. These gradients capture both long‐term hydroclimatic constraints and
short‐term moisture variability that influence carbon and water fluxes (Thorne & Arain, 2015; Wang et al., 2016).
Together, they provide diagnostic evaluation axes for JULES, which often shows biases in water‐stressed tropical
and semi‐arid regions, making these gradients particularly relevant for evaluation across African ecosystems
(Harper et al., 2016, 2020).

In this study, we evaluated the simulation of carbon and water with the JULES LSM across a range of ecosystems
using EC flux tower observations from African sites, including newly available records that have not been
previously used in model evaluations. This allows us to better understand the applicability and potential of this
model for informing land management and environmental policies in Africa. We addressed the following research
questions:

(a) How does the accuracy of JULES simulations of GPP, ecosystem respiration (Reco), and evapotranspiration
(ET) vary across ecosystem types and along environmental gradients of temperature, aridity index, and
precipitation anomalies?

(b) How well does JULES simulate inter‐annual variability of GPP?

2. Materials and Methods
2.1. Focal Sites With Flux Tower Observations

We identified 52 locations (Figure S1 in Supporting Information S2) across Africa where flux tower observations
had been collected by reviewing literature, database searches, and consultation with colleagues. We contacted
principal investigators and data owners to request access and collaboration, and additional flux data were obtained
from FLUXNET (https://fluxnet.org/) and AMMACATCH databases (https://amma‐catch.osug.fr) (AMMA‐
CATCH, 1990; Galle et al., 2018; Pastorello et al., 2020) in accordance with their data use policies. Our final data
set comprised 16 focal sites representing 110 site‐years, selected based on availability and permission for use.
These sites span diverse ecosystems including savannas, forests, wetlands, grasslands, and agricultural systems,
and collectively sample broad precipitation and temperature gradients (Figure 1). Ecosystem classifications were
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simplified to align with global frameworks, with detailed site descriptions provided in Table S1 in Supporting
Information S3.

The flux tower sites use the EC technique (Baldocchi, 2020; Burba, 2013) to quantify exchanges of energy, water
and carbon between the terrestrial ecosystem and the atmosphere. These observations provide half‐hourly
measurements of land‐atmosphere fluxes, including Net Ecosystem Exchange (NEE), H and LE. GPP and
ecosystem respiration (Reco) were derived from NEE using the flux‐partitioning procedure described in Sec-
tion 2.4. ET was calculated from LE and air temperature following Equations S1 and S2 in Supporting Infor-
mation S1. Some sites also recorded meteorological variables such as temperature, wind direction, wind velocity,
relative humidity, precipitation, and surface radiation.

2.2. Experimental Design

For the first research question, we evaluated JULES against EC observations of GPP, Reco, ET, H, and LE across
16 African flux‐tower sites spanning diverse ecosystems on a daily timescale. Model performance was assessed
using mean bias error, hereafter referred to as Bias, defined as the mean difference between modeled and observed
fluxes, root mean square error (RMSE), and Pearson correlation (r). These site‐level performance metrics were
subsequently used as response variables in the linear mixed‐effects models (LMMs) to estimate how model
performance varied across environmental gradients. To help interpret performance differences among sites and
identify potential process‐level explanations for carbon and energy flux errors, we analyzed JULES diagnostic
outputs of leaf area index (LAI) and the gridbox soil moisture stress factor (fsmc_gb; β). The β factor represents
soil‐moisture limitation on canopy gas exchange and downregulates potential photosynthesis, and, consequently
stomatal conductance under water stress (Best et al., 2011). β is unitless and ranges from 0 (strong water stress,
approaching the wilting point) to 1 (unstressed) (Harper et al., 2021). We used these diagnostics to assess whether
differences in simulated carbon and energy fluxes were consistent with variation in simulated vegetation
phenology or water limitation (Blyth et al., 2011; Harper et al., 2021).

To address our second research question, we repeated the evaluation with annual GPP across all sites. Daily‐scale
evaluation of GPP, Reco, and ET targets process representation across ecosystems, whereas the interannual
variability analysis tests whether JULES captures year‐to‐year variability in ecosystem productivity, which is

Figure 1. The flux data set sampled a wide range of geographic and climatic space across African Ecosystems. (a) The flux tower sites used in this study are unevenly
distributed across Africa, with a concentration in Southern and West Africa, while Central and Northern areas remain relatively underrepresented. Points are shaped by
ecosystem type including savanna, grassland, wetland, cropland, and evergreen forest using the International Geosphere–Biosphere Programme land‐cover
classification. (b) The colored regions show theWhittaker biome diagram (climate‐based biome classes) for climatic context. Sites sample a wide range of climate space
across mean annual temperature and precipitation, particularly warmer and drier areas in tropical seasonal forest/savanna and subtropical desert biomes.
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most robustly assessed with GPP. We therefore restricted the interannual analysis to GPP because the second
research question specifically examined whether JULES captures year‐to‐year variability in gross ecosystem
productivity.

2.3. Climatic Gradients

To represent key climatic gradients influencing land‐atmosphere exchanges, we derived MAT, aridity index, and
annual precipitation anomaly for each site from ERA5‐Land hourly data (Muñoz Sabater, 2019) over the period
1991–2020. ERA5‐Land provides a spatially and temporally consistent baseline for 1991–2020, whereas com-
parable multi‐decadal site meteorological observations are unavailable across most of the site network. MAT (°C)
was used to represent long‐term energy availability for plant growth and respiration (Sitch et al., 2008). The
aridity index was used to integrate average precipitation and evaporative demand to indicate typical plant‐
available water (Fawcett et al., 2022; Huang et al., 2017; Salvati et al., 2013; Yao et al., 2024), which strongly
affects water balance, ecosystem resilience, and productivity (J. Zhou et al., 2020). Annual precipitation
anomalies, defined as deviations from the long‐term mean, were included to capture short‐term hydroclimatic
variability that drives flux variability, especially in semi‐arid systems (Lotsch et al., 2003; Yan et al., 2017).

We calculated MAT from the mean hourly air temperatures at 2 m above ground level. Annual precipitation
anomaly was calculated as the percentage deviation of each year's total precipitation from the 30‐year mean
annual precipitation (MAP) baseline, providing a measure of interannual variability in rainfall. The aridity index
was calculated as the ratio of MAP to annual potential evapotranspiration (PET), quantifying the balance between
water supply and atmospheric demand, where lower values indicate drier conditions and higher values indicate
more humid conditions. PET was obtained from the TerraClimate data set for 1991–2020 (Abatzoglou
et al., 2018), although recent studies have highlighted alternative data sources for PET (Maes et al., 2019; Singer
et al., 2021). These metrics were used to characterise long‐term site‐level climatic conditions and to support
gradient‐based evaluation of JULES performance (Figure 2).

Figure 2. The flux data set unevenly sampled environmental gradients, indicating the necessity of using model‐based inference including site‐year to analyse these
gradients. (a) Distribution of flux observation site‐years across mean annual temperature. (b) Distribution of flux observation site‐years across aridity index (MAP/
PET). Most sites were concentrated in regions of warmer temperatures (23°C–30°C), in semi‐arid to sub‐humid zones (aridity index ≈ 0.2–0.6). There was limited
representation of extremely arid or humid conditions.
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2.4. Flux Data Processing

Flux data from each site underwent quality control and preprocessing to ensure consistency across data sets.
Variables were standardized to uniform naming conventions and units. Data cleaning included identifying values
outside physically plausible ranges and replacing them with missing values prior to gap filling.

We applied the Unified FLUXes (UFLUX) gap‐filling algorithm (Zhu et al., 2022; Zhu, Quaife, & Hill, 2024),
which extends EC flux measurements across unobserved periods (temporal gap filling) and supports spatial
representativeness (Zhu et al., 2023; Zhu, Xu, et al., 2024). UFLUX has been globally validated for carbon, water,
energy, and methane fluxes and shows stable performance even for gaps exceeding 1 month (Zhu et al., 2023). We
evaluated performance using artificial gaps randomly imposed with predefined sizes and gap ratios: short gaps
(24 hr, 20% of total gaps), long gaps (7 days, 30% of total gaps), and very‐long gaps (30 days, 50% of total gaps)
(Moffat et al., 2007; Zhu et al., 2022). The processing workflow comprised: (a) creating artificial gaps, (b)
training the gap‐filling model using EC fluxes and environmental forcings, (c) validating the model performance
against artificial gaps, and (d) applying the trained model to real data gaps.

UFLUX is built upon SmartForest4D, a deep‐layer XGBoost algorithm (T. Chen & Guestrin, 2016), a scalable
gradient boosting algorithm selected for strong predictive performance, computational efficiency, and robustness
to complex tabular and imbalanced data sets (T. Chen & Guestrin, 2016; Zhu, Quaife, & Hill, 2024). The
implementation used here incorporates updates improving stability for EC applications and enabling uncertainty
quantification. Gap‐filling uncertainty was estimated using 10 ensemble members, each trained with 80%
randomly sampled subsets of the flux and forcing time series. The ensemble mean was used as the gap‐filled
estimate, with ensemble spread representing uncertainty. The environmental forcings were derived from
ERA5‐Land (Muñoz Sabater, 2019) which has shown very close results to using local meteorological data (Zhu
et al., 2023). The parameters include air temperature, solar radiation, longwave radiation, wind speed, and pre-
cipitation, along with temporal predictors (day of year and hour of day) to represent seasonal and diurnal
vegetation dynamics (Zhu et al., 2022).

We partitioned ecosystem exchange (NEE) fluxes into GPP and Reco using the daytime partitioning approach.
For the daytime‐based approach we fitted a light‐response curve (Michaelis–Menten function) to daytime NEE
observations when photosynthetically active radiation exceeds a defined threshold (10 W m− 2) (Equation S3 in
Supporting Information S1) (Lasslop et al., 2010; Reichstein et al., 2005). For the nighttime estimate a
temperature‐based Reco was used as an initial input and curve fitting was performed using non‐linear least
squares to derive key parameters: light‐use efficiency (α), maximum GPP (GPPmax), and daytime Reco. The
simplified partitioning workflow based on the general framework of Lasslop et al. (2010) was applied consistently
across all sites. Our code for processing, gap filling, and flux partitioning is shared in the Open Research section.

2.5. Overview of the JULES Model

JULES is the terrestrial component of the Met Office Unified Model and is used within UKESM and the Hadley
Center Global Environment Model (HadGEM) family for applications ranging from numerical weather prediction
to climate simulations (Best et al., 2011; Burton et al., 2019; Martin et al., 2011). It simulates coupled exchanges
of energy, water and carbon between land and atmosphere using a tiled representation of surface heterogeneity,
with prognostic soil and vegetation states (Best et al., 2011; Clark et al., 2011). JULES is driven bymeteorological
forcing including precipitation, radiation, temperature, humidity, wind speed, snowfall and surface pressure (Best
et al., 2011; Blyth et al., 2011).

Following Harper et al. (2016), we used nine Plant Functional Types (PFTs) (tropical broadleaf evergreen trees
(BET‐Tr), temperate broadleaf evergreen trees (BET‐Te), broadleaf deciduous trees, needle‐leaf evergreen trees,
needle‐leaf deciduous trees, C3 grasses, C4 grasses, evergreen shrubs, and deciduous shrubs) and four non‐
vegetation surface types (Urban, Inland water, Bare soil, Land‐ice). In our simulations, each PFT in JULES is
treated as existing on a separate tile within a grid box (Harper et al., 2016), but each grid box only has one soil
column, meaning all PFT tiles share a common soil moisture and litterfall from each PFT contributes to a common
soil carbon value. Vegetation carbon uptake in JULES is simulated using coupled leaf photosynthesis and sto-
matal conductance, with soil‐moisture limitation represented by a grid‐box soil moisture stress factor that
downregulates potential photosynthesis under dry conditions and thereby reduces canopy gas exchange (Clark
et al., 2011; Harper et al., 2020). Seasonal canopy dynamics are represented through LAI and phenology
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(prescribed or prognostic depending on the selected configuration), which control light interception, transpiration,
and carbon uptake and are therefore central to evaluating simulated seasonal cycles. All simulations were run
without nitrogen limitation (N‐limitation option set to False), so photosynthesis and growth were not down-
regulated by N availability. Further descriptions of the JULES model are in Best et al. (2011) and Clark
et al. (2011).

2.6. Preparation of Driving Data for JULES

Meteorological, soil, and vegetation data were used to parameterize and drive JULES. Half‐hourly meteorological
data was resampled from ERA5‐Land (Muñoz Sabater, 2019) (https://cds.climate.copernicus.eu/datasets/)
(Table 1), providing spatially and temporally continuous, physically consistent inputs across all 16 sites. Site‐
based meteorological observations were incomplete for several towers and variables over the evaluation
period, making a consistent observation‐forced configuration impractical without introducing site‐specific
forcing biases. Using ERA5‐Land therefore ensured uniform treatment across sites, aiding comparability of
model performance patterns along ecosystem and climate gradients. Retrieved variables included air temperature
at 2 m, dew point temperature, surface solar and thermal radiation, air pressure, precipitation, and wind speed.
Specific humidity was calculated from vapor pressure (e, hPa) and air pressure (p, hPa). Description of the
forcing, ancillary and evaluation data are provided below.

Soil texture fractions (sand, silt, and clay) for each site were obtained from published sources where available and
otherwise from iSDA (www.isda‐africa.com; Table S2 in Supporting Information S3). Relative to other global
products, iSDAsoil is derived from a larger set of African soil observations and provides estimates at finer spatial
resolution (30 m compared with 250 m to 1 km for SoilGrids), improving site‐level representativeness for point‐
based studies (Hengl et al., 2021; Miller et al., 2021). As an open‐access and continuously updated resource,
iSDAsoil integrates improved modeling approaches, expanded training data, and satellite covariates (Eshetu
et al., 2024; Lavarenne & Leroux, 2024).

Table 1
Data Sets Required to Drive Joint UK Land Environment Simulator

Variable Data set
Temporal
frequency Source

Air temperature at 2 m ERA5‐Land Half‐hourly https://cds.cli
mate.coperni
cus.eu

Downward long‐wave radiation (W/m2)

Downward short‐wave radiation (W/m2)

Wind speed (m/s)

Surface pressure (Pa)

Precipitation (kg/m2/s)

Specific humidity (kg/kg)

Soil texture iSDAsoil/literature Static www.isda‐afri
ca.com

Soil parameters: Exponent in soil
hydraulic characteristics, Dry heat
capacity, Dry thermal conductivity,
Hydraulic conductivity at saturation,
soil matric suction at saturation,
Volumetric soil moisture content,
Volumetric soil moisture content at
saturation, Volumetric soil moisture
content at wilting point, Soil clay
content

Calculated from fraction of sand, silt, and clay
using the Cosby equation (Best et al., 2011;
Chadburn et al., 2015; Cosby et al., 1984;
Dankers et al., 2011; Farouki, 1981)

Static

Albedo MODIS https://modis.
gsfc.nasa.gov

Vegetation cover Literature based and information from site PIs
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Soil hydraulic and thermal parameters were derived from soil texture using established pedo‐transfer functions
(PTFs) (Best et al., 2011; Chadburn et al., 2015; Cosby et al., 1984; Dankers et al., 2011; Farouki, 1981).
Although texture‐based PTFs are widely applied in LSM studies, they do not always capture structural controls on
infiltration and runoff such as surface crusting or soil compaction, which are frequently simplified or omitted in
LSM representations (Vereecken et al., 2019). This limitation is particularly relevant for cultivated Sahelian
systems, where thin, low‐permeability surface crusts can substantially enhance runoff and restrict infiltration
(Velluet et al., 2014).

The PFT fractional coverage for each site was prescribed using published site descriptions, information provided
by site investigators, and available field surveys (Table S3 in Supporting Information S3). These prescribed
fractions are subject to uncertainty because tower flux footprints vary spatially and temporally and may sample
heterogeneous land cover (Cunliffe et al., 2022). Additional uncertainty arises because site descriptions and
surveys often differ in spatial scale (e.g. plot, vs. landscape level) and observation period (Chu et al., 2021).

2.7. JULES Simulations

We extended the experimental configuration (“Rose suite”) described in Harper et al. (2021), (updated to JULES
v7.1) by adding our 16 African sites, along with their PFT fraction, soil properties, and meteorological data. The
Rose suite configuration, including all parameter settings and switches, is provided via the Open Research
section. All other model settings followed Harper et al. (2021), including disabling vegetation competition and
applying trait‐based physiology. Simulations were conducted as single‐point runs at 30‐min time steps over multi‐
year periods corresponding to the available flux tower data.

A 1,000‐year spin‐up was applied prior to each simulation to equilibrate soil water and carbon pools, particularly
for slow‐turnover soil carbon reservoirs. Spin‐up was achieved by repeatedly cycling the model through a defined
meteorological forcing window until carbon and water pools stabilized (Figure S2 in Supporting Information S2).
Model outputs were subsequently aggregated to daily resolution for each site‐specific simulation period.

2.8. Evaluating JULES Performance Across Ecosystem Type and Environmental Gradients

For each of the 16 sites, model accuracy was evaluated at a daily time step using R (v4.1.2) (R Core Team, 2021).
Agreement between simulated and EC‐derived fluxes was quantified using three summary performance metrics:
Bias (Equation S4 in Supporting Information S1), representing systematic over‐ or under‐prediction; root mean
square error (RMSE; Equation S5 in Supporting Information S1), representing overall error magnitude; and
Pearson correlation coefficients (r; Equation S6 in Supporting Information S1), representing the temporal cor-
respondence between simulated and observed flux variability.

To examine how model performance varies among ecosystem types, sites were classified according to their
dominant vegetation type. Different ecosystems exhibit distinct structural and physiological characteristics that
influence carbon, water, and energy fluxes. Because JULES represents vegetation using PFTs, this classification
allows evaluation of the model's ability to represent ecosystem‐specific processes. We summarized model per-
formance metrics (Bias, RMSE, and r) for GPP, Reco, and ET within each site‐year, and subsequently sum-
marized by ecosystem class.

To quantify how environmental gradients influence JULES performance for GPP, Reco, and ET, while ac-
counting for covarying environmental drivers (Table S4 in Supporting Information S3), uneven sampling of
climatic gradients, and variable record lengths among sites (Figure 2), we applied a LMM framework (Oberg &
Mahoney, 2007). This statistical model‐based inference enables estimation of the effects of multiple environ-
mental drivers while also accounting for between‐site variability and non‐independence of repeated observations.

We calculated Bias, r, and RMSE for each site‐year, with Bias and RMSE normalized by the mean observed flux
for the corresponding site‐year. These scaled metrics facilitate comparisons across sites and fluxes with differing
magnitudes, reducing the disproportionate influence of high‐flux ecosystems in the gradient analyses. All per-
formance metrics were treated as continuous response variables.

We includedMAT, annual precipitation anomaly, and aridity index as fixed effects, and site ID as a random effect
to account for unobserved heterogeneity and the non‐independence of observations within sites across years.
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Because data record length varied among sites, we used site‐year metrics rather than site means. LMM models
were fitted using the lme4 package (v1.1.32) (Bates et al., 2015).

We also fitted Flux Normalized Performance Indices (FNPI) for Bias and RMSE as continuous responses for
separate models. FNPI rescales performance metrics to a 0–1 range (higher values indicate better performance),
facilitating comparison across metrics. Fixed effects and random intercept structures were identical to those used
in the primary LMMs. Scaled‐bias models are presented in the main text because they retain an interpretable
direction and magnitude without introducing an additional rescaling step. FNPI analyses produced consistent
conclusions and are provided in Supporting Information S1 (Figure S3 in Supporting Information S2; Tables
S5–S13 in Supporting Information S3).

LMM diagnostics and fit were evaluated using the R performance package, (v0.13.0) (Lüdecke et al., 2021).
Standard diagnostic assessments, including residual patterns, leverage, and collinearity checks, did not indicate
substantive violations of model assumptions. Posterior predictive densities closely matched observed distribu-
tions for scaled bias, RMSE, and r, indicating that the models capture the primary structure of the data (Figures
S4–S18 in Supporting Information S2).

The results were visualized using R ggeffects package (v2.2.1) (Lüdecke, 2018) to generate marginal effect plots
illustrating howmodel bias and error vary along each environmental gradientwhile holding other predictors at their
mean values. Shaded ribbons represent 95% confidence intervals. Themodel structure for each fluxwas as follows:

Bias ∼ MAT + AI + Precip Anomaly + (1 | Site ID)

RMSE ∼ MAT + AI + Precip Anomaly + (1 | Site ID)

Corr ∼ MAT + AI + Precip Anomaly + (1 | Site ID)

We report effect directions and p‐values as well as coefficients with unit‐interpretable steps (e.g., +10% pre-
cipitation anomaly, +0.1 AI, +5°C) in Tables S14–S22 in Supporting Information S3.

2.9. Evaluating JULES Performance Across Time (Between Years)

To assess JULES’ ability to simulate temporal patterns in ecosystem fluxes of GPP, we evaluated interannual
variability across the sites to determine how well the model captures the timing and magnitude of GPP under
different climatic and ecological conditions.

We calculated site‐specific hydrological years, and for each year with full coverage we computed total GPP (kg
C m− 2 yr− 1) within the hydrological year. Following Lomax et al. (2024), we calculated daily precipitation
climatology Qi for each day‐of‐year i = 1…365 using the mean over 1991–2020 and applied a 31‐day running
mean for smoothing. We formed the cumulative daily C(d) rainfall anomaly curve (Equation S6 in Supporting
Information S1) where Q is the mean of Qi. Periods of below‐average rainfall give a negative slope, and above‐
average rainfall a positive slope and the onset of the main rainy season is taken as the day after the minimum of C
(d). To ensure early onsets are captured, we defined the start of the hydrological year as 30 days prior to this onset.
The same boundaries are applied to both EC GPP and JULES GPP before annual aggregation.

Quantitative assessment of interannual variability was restricted to sites with at least 5 years of data to ensure
robust variance and correlation estimates. Model performance was evaluated using r to quantify temporal as-
sociation, RMSE to characterize magnitude of deviation, and the coefficient of variation (CV; Equation S8 in
Supporting Information S1). Together, these metrics provided an integrated assessment of JULES's ability to
represent mean productivity and year‐to‐year variability.

3. Results
3.1. Evaluation of JULES Accuracy Against Eddy‐Covariance Observations

3.1.1. Variation in Accuracy Across Vegetation Types

Model performance for GPP varied considerably across ecosystems (Figure 3). In croplands, JULES reproduced
the observed dynamics reasonably well, with correlations of (r = 0.77–0.81) and negative biases of − 1.3 and
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− 0.48 g C m− 2 day− 1 at SN_RAG and SN_NKR, respectively, indicating systematic underestimation, although
the magnitude and timing of individual seasonal peaks varied. Forest ecosystems showed contrasting outcomes.
The deciduous forest site ZM_MON performed strongly (r = 0.74), with a positive bias of 0.84 g C m− 2 day− 1,
whereas performance at the evergreen forest site GH_ANK was much weaker (r = 0.17). Although the overall
bias at GH_ANK was small (− 0.083 g C m− 2 day− 1), JULES poorly reproduced the observed temporal vari-
ability. Grassland sites exhibited a broad performance range, from poor agreement at SD_DEM (r = 0.30) to
strong agreement at ZA_CATH (r = 0.74). Biases occurred in both directions and ranged from
− 2.7 g C m− 2 day− 1 at SN_DHR to 3.9 g C m− 2 day− 1 at CG_TCH, suggesting substantial variation among
grassland sites. At the savanna–cropland site NE_WAF, JULES showed moderate agreement (r = 0.69) and
underestimated GPP by 0.84 g C m− 2 day− 1. At the cropland–savanna site NE_WAM, agreement was weaker
(r = 0.58), with a bias of − 0.69 g C m− 2 day− 1. The savanna site ZA_KRU also showed weak agreement
(r= 0.33), although its mean bias was small (− 0.095 g Cm− 2 day− 1), its RMSEwas comparatively high.Wetland
sites consistently showed the weakest performance, with correlations ranging from 0.014 to 0.37 and biases
ranging from − 1.8 to 2.9 g C m− 2 day− 1, indicating substantial errors in both the magnitude and temporal dy-
namics of simulated GPP.

Reco performance was generally poorer and more variable than GPP (Figure 4). At the two cropland sites,
agreement was low (r = 0.30–0.34) although mean biases were small and positive, at 0.071 and
0.096 g C m− 2 day− 1 for SN_RAG and SN_NKR, respectively. Forest sites also showed weak performance, with
correlations ranging from − 0.027 to 0.29 and positive biases of 1.5 g C m− 2 day− 1 at ZM_MON and
3.1 g C m− 2 day− 1 at GH_ANK, indicating substantial overestimation. Grassland sites exhibited the widest

Figure 3. Joint UK Land Environment Simulator captures gross primary productivity dynamics reasonably in croplands and some grassland and forest sites, with
performance declining in savannas and is poorest in wetlands with large underestimations.
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performance range, from weak agreement at SD_DEM and SN_DHR (r = − 0.066− 0.15) to strong temporal
agreement at CG_TCH (r = 0.79) and ZA_CATH (r = 0.74). However, the two sites with the strongest corre-
lations also showed the greatest overestimation, with biases of 5.3 and 6.4 g C m− 2 day− 1 at CG_TCH and
ZA_CATH, respectively. In contrast, ML_AGG, SD_DEM, and SN_DHR showed negative biases of − 0.64,
− 0.70, and − 1.6 g C m− 2 day− 1, respectively, while ZA_WGN showed a positive bias of 0.65 g C m− 2 day− 1. At
the savanna–cropland site NE_WAF and the cropland–savanna site NE_WAM, correlations were near zero
(r = − 0.088 and 0.0048), with biases of − 0.38 and − 0.16 g C m− 2 day− 1, respectively. The savanna site
ZA_KRU also showed weak agreement (r = 0.18) and a positive bias of 0.57 g C m− 2 day− 1. Wetland sites
showed similarly weak correspondence (r = − 0.17 to 0.058), with positive biases ranging from 0.15 to
0.67 g C m− 2 day− 1. UG_JIN additionally showed a comparatively high RMSE of 4.5 g C m− 2 day− 1. Overall,
JULES captured the temporal dynamics of Reco reasonably well at only a subset of grassland sites, but strong
temporal correlations did not necessarily indicate accurate magnitude estimates, with the two strongest corre-
lations accompanied by the largest positive biases. Performance was generally weaker in forests, croplands,
mixed savanna–cropland systems, savanna, and wetlands, where temporal agreement was mostly weak and biases
varied in direction and magnitude.

Model performance for ET was generally stronger than for the carbon fluxes but varied across ecosystems
(Figure 5). Cropland sites showed strong agreement (r = 0.81–0.88) and slight underestimation, with mean bias
error ranging from − 0.055 to − 0.29 mm day− 1. Performance differed between the forest sites: ZM_MON showed
strong agreement (r = 0.82) with a bias of 0.86 mm day− 1, whereas GH_ANK showed weaker agreement
(r= 0.23) and greater overestimation, with a bias of 2.0 mm day− 1. Grassland sites showed variable performance,

Figure 4. Joint UK Land Environment Simulator overestimated respiration across most ecosystems, with strongest agreement at grassland sites (CG_TCH, ZA_CATH)
but weak to negligible correspondence in forests, savannas, and wetlands.
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with correlations ranging from 0.65 to 0.79 and biases from − 0.52 to 1.2 mm day− 1. CG_TCH showed the
greatest overestimation among the grassland sites (bias = 1.2 mm day− 1), while ML_AGG, SD_DEM, and
SN_DHR underestimated ET with bias values of − 0.40, − 050, and − 0.52 mm day− 1, respectively. The mixed
savanna–cropland sites performed relatively well, with correlations of 0.75–0.80 and biases of − 0.38 and
− 0.33 mm day− 1 at NE_WAF and NE_WAM, respectively. At the savanna site ZA_KRU, agreement was more
modest (r= 0.65), with a bias of 0.29 mm day− 1. Wetland sites remained the poorest performers, with correlations
ranging from 0.12 to 0.48 and consistent underestimation. Biases were − 1.1 mm day− 1 at BW_GUM,
− 0.58 mm day− 1 at BW_NXR, and − 1.7 mm day− 1 at UG_JIN.

The ecosystem comparison revealed clear and systematic differences in JULES performance. Croplands were
consistently well‐simulated, with strong correlations and relatively small biases across both carbon and energy
fluxes. Forests, by contrast, exhibited high site‐level variability, with ZM_MON closely aligning with ob-
servations across fluxes, whereas GH_ANK consistently underperformed. Grasslands showed intermediate
performance, with some sites (e.g., CG_TCH, ZA_CATH) demonstrating strong correspondence, while others
showed systematic overestimation or weak agreement. In savannas, JULES reproduced water and energy
exchanges relatively well but struggled to capture GPP and Reco, highlighting persistent limitations in
representing carbon processes under semi‐arid conditions. Wetlands, as modeled, performed relatively poorly,
with low correlations and large errors across all fluxes. Evaluation of H is provided in Supporting Infor-
mation S1 (Figure S19 in Supporting Information S2) to document energy‐flux behavior, whereas the main
text focuses on GPP, Reco and ET. Sensible heat flux performance was variable among sites, with corre-
lations ranging from approximately zero at several grassland, forest and wetland sites to 0.70–0.75 at other

Figure 5. Evapotranspiration dynamics were best captured in croplands, savannas, and several grasslands, whereas wetlands showed weak agreement and higher errors.
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sites (e.g., SN_DHR, SN_NKR, SN_RAG, and ZM_MON). Bias also varied among sites, although sub-
stantial underestimation occurred at various sites including GH_ANK, UG_JIN, ZA_CATH, ZA_KRU,
ZA_WGN, and ZM_MON.

3.1.2. Process Diagnostics of Simulated Canopy Dynamics and Water Limitation

JULES‐simulated grid‐box LAI and the soil‐moisture availability factor were examined alongside the carbon‐ and
water‐flux time series as process diagnostics (Figures S20–S23 in Supporting Information S2). At many
seasonally varying sites, precipitation periods coincided with increases in simulated soil‐moisture availability and
LAI and with seasonal peaks in simulated GPP and ET. During drier periods, soil‐moisture availability frequently
declined toward zero, accompanied by reductions in simulated LAI, GPP, and ET. This behavior was particularly
apparent at ML_AGG, SD_DEM, SN_DHR, SN_NKR, and SN_RAG. At these sites, prolonged periods of low
simulated GPP occurred alongside negative mean GPP biases, even where some wet‐season peaks were
reproduced.

The relationship between the diagnostic variables and flux errors nevertheless differed among sites. At CG_TCH
and ZA_CATH, seasonal increases in LAI occurred alongside large simulated GPP and Reco peaks and positive
mean biases in GPP, Reco, and ET. ZM_MON maintained comparatively high LAI but showed strong seasonal
soil‐moisture limitation; positive mean biases were present for all three fluxes. In contrast, GH_ANK maintained
nearly constant LAI and soil‐moisture availability close to 1, with little mean GPP bias but positive Reco and ET
biases. Thus, neither high LAI nor limited simulated water stress corresponded uniformly to improved flux
performance.

The wetland sites showed particularly contrasting diagnostic behaviour. At BW_GUM and BW_NXR, simulated
soil‐moisture availability remained close to zero for much of each year and increased only during relatively short
wet periods. These extended water‐limited periods coincided with low simulated GPP and ET and negative mean
biases in both fluxes. By contrast, UG_JINmaintained relatively stable LAI and soil‐moisture availability close to
1 during its 1‐year record, but JULES overestimated GPP on average while underestimating ET. The precipitation
series therefore provided the temporal context for identifying wet and dry periods associated with changes in LAI,
soil‐moisture availability, GPP, and ET, while the temperature series documented the corresponding seasonal
meteorological conditions.

3.2. Effects of Environmental Gradients on Model Performance (GPP, ET and Reco)

3.2.1. GPP

Predicted bias in GPP depended strongly on climate gradients (Figure 6a), showing greater sensitivity to aridity
index and precipitation anomaly than to MAT. At cooler temperatures, predicted bias was close to zero and
slightly positive, with confidence intervals overlapping zero. At higher MAT, predicted mean‐normalized bias
became increasingly negative, indicating stronger underestimation; each additional 1°C in MAT was associated
with a 0.033 decrease in predicted bias (p ≈ 0.04). Both drier and wetter‐than‐average years were associated with
higher predicted bias, with the lowest bias occurring near intermediate moisture conditions (aridity index ≈ 0.75;
precipitation anomaly ≈ +25%). A 0.1 increase in the aridity index corresponded to a 0.073 increase in scaled
bias, and a +10% precipitation anomaly corresponded to a 0.1 increase. The marginal effect curves were
approximately linear, with narrow uncertainty bands for aridity index and precipitation anomaly and a wider
uncertainty for MAT, consistent with the coefficient estimates (Table S14 in Supporting Information S3), and
indicating stronger support for moisture related effects than for temperature.

Predicted RMSE also exhibited clear climate dependency (Figure 6d). Anomalously wet periods were associated
with higher predicted errors (p < 0.001). RMSE also decreased with increasing aridity index (p = 0.06), indi-
cating larger errors under drier conditions. Predicted RMSE decreased with increase MAT (p = 0.1583) (Table
S15 in Supporting Information S3).

Predicted r, exhibited a single robust gradient effect for GPP (Figure 6g). Correlation improves during above‐
normal rainfall (p = 0.002), while the effects of temperature and aridity were small and uncertain (p = 0.822
and p = 0.55, respectively) (Table S16 in Supporting Information S3).
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Figure 6. Predicted marginal effects of mean annual temperature, aridity index, and precipitation anomaly on Joint UK Land Environment Simulator bias, root mean
square error (RMSE), and correlation indicate that precipitation anomaly was the environmental gradient most consistently associated with model performance, although
the direction and strength of associations varied among fluxes and performance metrics. Rows represent performance metric and flux combinations as follows: (a) GPP
predicted bias, (b) Reco predicted bias, (c) ET predicted bias, (d) GPP predicted RMSE, (e) Reco predicted RMSE, (f) ET predicted RMSE, (g) GPP predicted correlation,
(h)Reco predicted correlation, and (i) ETpredicted correlation.Higher ariditymost strongly affected evapotranspiration (ET) andwas associatedwith lower gross primary
productivity (GPP) RMSE at more humid sites. Temperature rarely influenced correlation, but it reduced RMSE for Reco and increased RMSE for ET; its effect on Bias
was weak for GPP, absent for ET, and negative for Reco. Curves showmarginal effect partial predictions, with other covariates held at their means; ribbons are 95% CIs.
The blue dashed line marks the “good” reference (0 for Bias and RMSE; 1 for Corr); red fitted lines indicate statistically significant fixed‐effect slopes, while black lines
indicate non‐significant associations; stars indicate significance of the fixed‐effect slope: ***p < 0.001, **p < 0.01, *p < 0.05.
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3.2.2. Ecosystem Respiration

The strongest and most consistent environmental association for ecosystem respiration was with precipitation
anomaly, while warmer mean climates were generally associated with lower model error. After accounting for
site‐level heterogeneity, predicted scaled bias declined with MAT (Figure 6b; p = 0.001), indicating smaller bias
in warmer mean climates, and increased with positive rainfall anomalies (p < 0.001); a +10% precipitation
anomaly corresponding to an approximately +0.096 in bias. The aridity index showed no clear association with
bias (p = 0.1170; 95% CI spans zero; Table S17 in Supporting Information S3). Similarly, predicted RMSE
increased with positive precipitation anomalies (p < 0.001; 95% CI 0.064–0.112) and decreased with MAT
(p = 0.0066), while aridity showed no clear effect (p = 0.760; Figure 6e; Table S18 in Supporting Informa-
tion S3). Finally, precipitation anomaly was the only environmental predictor associated with predicted
model–observation correlation, with positive anomalies corresponding to lower Reco r (p = 0.01); a +10%
anomaly corresponded to an approximately − 0.013 change in correlation (95% CI − 0.023 to − 0.003; Figure 6h;
Table S19 in Supporting Information S3). Temperature and aridity showed no clear associations with correlation
(p = 0.346 and 0.103, respectively). Overall, Reco performance was most consistently associated with precip-
itation anomalies, with wetter‐than‐average conditions linked to larger biases, higher RMSE, and weaker tem-
poral agreement, whereas warmer climates were associated with lower bias and RMSE.

3.2.3. ET

ET predicted bias increased under wetter conditions and in more humid climates, with little evidence of a
temperature effect (Figure 6c). In the mixed‐effects model, positive precipitation anomalies were associated with
higher bias (p < 0.001), with a +10% anomaly corresponding to a ca. +0.05 in the predicted metric (95% CI
0.038–0.062). Bias also increased with aridity index (p = 0.0043), where a +0.1 increase in aridity index cor-
responded to a ca. +0.067 (95% CI 0.2562–1.1006). In contrast, the temperature effect was small and uncertain
(p = 0.700). The partial‐effect lines are approximately linear, with the narrowest confidence intervals for pre-
cipitation anomaly, intermediate intervals for aridity index, and the widest for MAT, consistent with the coef-
ficient uncertainties (Table S20 in Supporting Information S3).

Predicted RMSE for evapotranspiration increased with MAT (p = 0.0626), with a +5°C increase corresponding
to ca. +0.12 in RMSE (95% CI − 0.013 to +0.41). RMSE also increased with aridity index, by approximately
+0.013 per +0.1 aridity index (95% CI − 0.06 to +0.34). By contrast, positive precipitation anomalies showed a
tendency toward lower RMSE, although this effect was weak and uncertain (p = 0.2734), with a +10% anomaly
corresponding to a ca. − 0.007 change in RMSE (95% CI − 0.02 to+0.006) (Figure 6f). The summary of predicted
RMSE across each environmental gradient is presented in Table S21 in Supporting Information S3, including the
associated confidence intervals.

For correspondence in variability in evapotranspiration, the effects of temperature and precipitation anomaly were
small and statistically indistinguishable from zero (p = 0.84, and 0.536, respectively). The aridity index shows a
weak negative tendency (p = 0.3673; Figure 6i), indicating only a slight decline in r toward more humid con-
ditions. The partial‐effect lines are shallow with broad confidence intervals across the observed ranges, consistent
with the high uncertainty in the coefficient estimates (Table S22 in Supporting Information S3).

3.3. Performance of JULES in Capturing Interannual Variability of GPP

Across the seven sites with at least five hydrological years of data, JULES consistently underestimated observed
annual GPP and poorly represented interannual variability (Figures 7a–7g). Correlations with observations were
weak to moderate (r: − 0.49 to 0.55), and RMSE ranges from 0.31 to 1.32 kg C m− 2 yr− 1, reflecting substantial
model–data mismatch. In savanna sites (NE_WAF, ZA_KRU), JULES generally captured the mean state
inconsistently, with correlations ranging from − 0.08 to 0.55. At NE_WAM, the model failed to reproduce
interannual variability altogether, while ZA_KRU showed the strongest agreement but still underestimated
magnitude. Grassland sites showed systematic underestimation of annual GPP at two sites (SN_DHR, ZA_WGN)
alongside large positive errors at ZA_CATH, where RMSE exceeded 1.3 kg C m− 2 yr− 1, indicating poor rep-
resentation of cross‐site productivity differences. At the forest site ZM_MON, JULES misrepresented produc-
tivity, failing to capture both the direction and amplitude of interannual variability. Consistent with these findings,
site‐level mean annual biases (Figure 7h) reveal that JULES generally underestimated GPP at savanna and
grassland sites, with ZA_CATH as the main exception, and overestimated GPP at ZM_MON. Overall, these
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results demonstrate that JULES poorly reproduces both the magnitude and temporal dynamics of annual GPP
across African savanna, grassland, and forest ecosystems.

The CV of annual GPP was consistently higher in JULES compared with observations across all sites (Figure 7i).
At the savanna sites, simulated CVs were four to six times larger than observed, indicating substantial over-
estimation of year‐to‐year variability in productivity. Grassland sites also showed systematic overestimation,
although with smaller magnitudes, while at the forest site, ZM_MON, JULES simulated much higher variability
than observed.

4. Discussion
Our evaluation shows that JULES can reproduce broad seasonal patterns in carbon and water exchange across
African ecosystems, but its performance varies substantially among sites, fluxes, and environmental conditions.
The LMMs indicate that these differences are not explained by ecosystem type alone: precipitation anomalies,

Figure 7. (a–g) Joint UK Land Environment Simulator (JULES) systematically underestimates annual gross primary productivity (GPP) and strongly overestimates
interannual variability across most African savanna, grassland, and forest sites. Underestimation is strongest in grasslands (e.g., SN_DHR, ZA_WGN) and savannas
(NE_WAF, ZA_KRU), and with high overestimation for ZA_CATH. (h) Mean annual bias (kg Cm− 2 yr− 1) in GPP across African flux tower sites with≥5 hydrological
years of data. Positive values indicate JULES > observations, and negative values indicate underestimation by JULES. (i) JULES strongly overestimates interannual
variability of GPP across African ecosystems, with coefficient of variation values up to six times higher than observations.
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aridity, andMATwere associated with model performance, although their effects differed among GPP, Reco, and
ET. Together with the site‐level comparisons and process diagnostics, these results indicate that model perfor-
mance is particularly sensitive to how JULES represents vegetation dynamics, water availability, and the coupling
between carbon and water fluxes.

Across the environmental gradients examined, precipitation anomaly was the most consistently associated pre-
dictor of model performance, although its effects differed among fluxes and performance metrics. For GPP,
positive precipitation anomalies were associated with improved model–observation correlation but greater bias
and RMSE, indicating that JULES captured the direction of precipitation‐driven changes in productivity but not
their magnitude. GPP bias also became more negative with increasing MAT, suggesting greater underestimation
of photosynthesis at warmer sites. This may reflect limitations in the representation of photosynthetic capacity
and stomatal responses across species adapted to contrasting thermal environments (Kattge & Knorr, 2007;
Mercado et al., 2007). In particular, the parameterisation and temperature response of photosynthetic capacity,
including Vcmax, may not adequately capture species‐level thermal acclimation and adaptation in tropical and
semi‐arid ecosystems (Kattge & Knorr, 2007; Mercado et al., 2007). Photosynthesis can be strongly constrained
when temperatures exceed species‐specific optima, particularly in savannas and grasslands (Lomax et al., 2024),
while heat stress can further suppress carbon assimilation through protective physiological responses (Way &
Yamori, 2014). These findings are particularly relevant to drylands, where precipitation variability strongly
regulates productivity and carbon exchange, and where ecosystem responses may persist beyond the year of a
rainfall anomaly through precipitation legacy effects (Bell et al., 2012; Delgado‐Balbuena et al., 2019; Poulter
et al., 2014; Uuh‐Sonda et al., 2018; Verduzco et al., 2015).

The interannual variability GPP analysis provides supporting evidence that JULES may not adequately represent
the sensitivity of African ecosystem productivity to environmental variability. Across the seven sites with at least
five hydrological years, JULES generally underestimated annual GPP and poorly represented interannual vari-
ability in almost all sites, with simulated coefficients of variation substantially exceeding those observed at many
savanna, grassland, and forest sites. This contrasts with the broad seasonal agreement observed at many sites and
suggests that JULES can capture the general timing of precipitation‐driven productivity while misrepresenting the
magnitude and persistence of year‐to‐year responses. Such discrepancies may reflect limitations in representing
vegetation dynamics and soil‐moisture feedbacks (Best et al., 2011; Harper et al., 2021). In highly seasonal
ecosystems, interannual productivity is closely linked to rainfall onset, rooting depth, and plant recovery
following dry periods (Lomax et al., 2024; Steiner et al., 2024), while errors in phenological timing and simplified
phenology schemes can propagate into annual productivity estimates (Harper et al., 2016; Poulter et al., 2014).
JULES has previously been reported to underestimate productivity variability (Slevin et al., 2015), although
global dryland benchmarking found strong agreement between TRENDY land‐surface models, including JULES,
and the satellite‐derived PML‐v2 product in mean‐normalized, detrended interannual GPP anomalies, despite
disagreement in long‐term trends and regional biases, including Sahelian overestimation (Fawcett et al., 2022).
This apparent contrast suggests that JULES may capture broad, large‐scale signals of interannual productivity
variability while failing to reproduce the site‐scale processes controlling their magnitude, timing, and persistence,
particularly phenological responses, water‐stress sensitivity, and the carry‐over of dry‐season conditions. In
humid forests, where productivity often varies less among years because consistently high LAI and deep rooting
maintain access to water (Freycon et al., 2015; Kanniah et al., 2013), the greater simulated variability may
therefore indicate excessive sensitivity to short‐term environmental forcing through the representation of canopy
turnover, photosynthetic capacity, or water limitation.

Site‐level comparisons provide further insight into the processes underlying these patterns. JULES performed
relatively well at the cropland sites, reproducing broad seasonal dynamics despite the use of generic PFTs rather
than the crop‐specific JULES configuration and therefore without explicit representation of sowing, harvesting,
crop rotation, or cultivar‐specific phenology (Osborne et al., 2015). At the Sahelian sites, crop development was
closely aligned with seasonal rainfall, which may explain why broad seasonal patterns were captured despite the
simplified representation of crop processes. However, the diagnostic results suggest that this agreement was not
necessarily mechanistically correct. Simulated peak LAI (2.0–2.5; Figure S20 in Supporting Information S2)
exceeded reported values (LAI 0.6 at time of harvest) for SN_NKR and SN_RAG, as well as similarly low values
reported from comparable Sahelian millet systems (Ibrahim et al., 2016; Roupsard, Audebert, et al., 2020; Velluet
et al., 2014). Excessive simulated canopy development coincided with overestimated growing‐season GPP and
ET peaks. Lower simulated fluxes outside the growing season partly offset these peak‐season errors, resulting in
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relatively small whole‐record mean biases. Similar LAI overestimation was observed at ZM_MON (simulated
∼5.2 vs. reported ∼1.6) (Merbold et al., 2009) and CG_TCH (simulated ∼2.4 vs. reported ∼0.9–1) (Caquet
et al., 2012), both associated with overestimation of GPP and ET, whereas the underestimated LAI at ML_AGG
(simulated 0.9 vs. reported 1.2) (Merbold et al., 2009) coincided with negative GPP and ET biases. These
comparisons should be interpreted cautiously because LAI observations differ in timing, measurement method,
and spatial representativeness, but they nevertheless indicate that errors in canopy magnitude and phenological
development can contribute to seasonal flux biases that may be obscured by whole‐record mean metrics.

The crop–savanna transition sites provide an opportunity to examine whether changing land cover is reflected in
model performance. NE_WAF and NE_WAM underwent opposing transitions around 2013, with NE_WAF
changing from fallow/savanna to cropland and NE_WAM from cropland to fallow/savanna. However, com-
parison of model–observation relationships before and after these transitions (2005–2012 vs. 2013–2020; Figures
S24 and S25 in Supporting Information S2) showed no systematic shift in performance, suggesting that persistent
differences among sites, rather than land‐cover change alone, dominated the observed patterns. NE_WAF showed
moderate GPP agreement and NE_WAM weaker agreement, while Reco correspondence remained very weak at
both sites. These results highlight the challenges of representing heterogeneous landscapes undergoing land‐use
change, where transitions can alter vegetation composition, canopy structure, rooting depth, phenology, and water
use, but are not explicitly represented in the model configuration. They also caution against attributing site‐level
differences in model performance directly to land‐cover, or land‐cover transitions, where persistent differences in
site characteristics, instrumentation, or ecosystem structure may be equally important.

The process diagnostics further indicate that vegetation dynamics and water availability interact to shape model
performance. At many seasonally varying sites, precipitation periods coincided with increases in simulated soil‐
moisture availability and LAI and with seasonal increases in GPP and ET, whereas dry periods were associated
with declining simulated water availability, LAI, GPP, and ET. At ML_AGG, SD_DEM, SN_DHR, SN_NKR,
and SN_RAG, prolonged periods of low simulated GPP coincided with negative mean GPP biases, even where
some wet‐season peaks were reproduced. These patterns suggest that JULES may impose excessive water lim-
itation during dry periods at some sites, where vegetation can maintain access to water and carbon uptake through
adaptations including deeper rooting, contrasting phenological strategies, and physiological mechanisms that
reduce water loss. In Sahelian savannas and agroforestry parklands, for example, woody vegetation can remain
active after annual crops and grasses become dormant (Tagesson et al., 2015; Verbruggen et al., 2021); at
SN_NKR, Faidherbia albida can maintain dry‐season activity when the herbaceous layer is senescent (Gaglo
et al., 2025; Roupsard et al., 1999). The ORCHIDEE simulation of an African agroforestry parkland illustrates the
potential value of representing crop and tree layers separately and allowing differential groundwater access,
producing realistic GPP for both vegetation layers in magnitude and seasonality (Gaglo et al., 2025). These
examples suggest that representing soil‐moisture stress through prescribed PFT‐level rooting and stress‐response
parameters may not fully capture the contrasting water‐use strategies of co‐existing woody, crop, and herbaceous
vegetation, particularly in seasonally dry and heterogeneous ecosystems.

The LMM results provide broader evidence that these water‐related processes are important across climatic
gradients. Aridity index and precipitation anomaly showed the strongest associations with ET bias and error, with
more humid conditions and wetter‐than‐average years associated with higher ET bias. This suggests that JULES
may allocate too much available energy to evapotranspiration when water is abundant, potentially through in-
teractions among canopy conductance, LAI, soil‐moisture limitation, and the partitioning of available energy
between latent and sensible heat (Best et al., 2011; Blyth et al., 2010). The relatively weak influence of tem-
perature on ET bias further suggests that moisture availability and surface energy partitioning are more important
controls on the observed errors than thermal forcing alone. Temperature may also influence ET indirectly through
vapour pressure deficit. At the same time, the lack of a consistent relationship between simulated LAI or water
stress and flux performance across all sites indicates that neither variable alone provides a sufficient explanation.
At CG_TCH and ZA_CATH, for example, seasonal increases in LAI coincided with large simulated GPP and
Reco peaks and positive biases across several fluxes, whereas ZM_MON maintained relatively high LAI but
experienced strong simulated seasonal water limitation. GH_ANK, by contrast, maintained relatively stable LAI
and high simulated water availability but still showed positive Reco and ET biases. These contrasting cases
highlight the importance of interactions among vegetation structure, hydrology, and flux processes rather than any
single diagnostic variable.
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Wetlands provide an especially clear example of the consequences of representing hydrological processes too
simply. At BW_GUM and BW_NXR in the Okavango, simulated soil‐moisture availability remained close to
zero for much of the year and increased only during relatively short wet periods, coinciding with low simulated
GPP and ET and negative mean biases in both fluxes. This contrasts with site conditions that maintain vegetation
water access: BW_GUM is permanently flooded, while BW_NXR is a seasonal floodplain/lagoon where floating
papyrus can access water, with inundation driven by riverine floods peaking in May–August and largely out of
phase with local rainfall (October–April) (Helfter et al., 2021a, 2021b). These lateral water inputs and flood
dynamics were not represented in the point‐scale simulations, which relied primarily on vertical soil hydrology
and consequently imposed prolonged, likely unrealistic, root‐zone water limitation. By contrast, UG_JIN
maintained relatively stable LAI and soil‐moisture availability close to one during its 1‐year record, yet JULES
overestimated GPP while underestimating ET. The contrasting behaviour suggests that the particularly weak
wetland performance reflects limitations in both site boundary conditions and the representation of wetland
hydrological processes. JULES includes an optional hydrology scheme that estimates saturated and wetland
fractions from simulated water‐table depth and sub‐grid topography (Gedney & Cox, 2003), but this was not used
in our point simulations and would not, alone, capture vegetated inundation or delayed river‐fed flood pulses.
More appropriate site‐scale evaluation would therefore require time‐varying water‐table or inundation con-
straints, lateral river inflows, and representation of vegetation growing under flooded conditions.

The forest sites further demonstrate that similar seasonal flux patterns can be reproduced through contrasting
simulated mechanisms, reflecting limitations in how broad PFT classifications represent vegetation phenology,
LAI dynamics, rooting depth, and access to soil water. At the deciduous miombo woodland ZM_MON, JULES
reproduced seasonal GPP and ET dynamics comparatively well, although both fluxes were overestimated.
Mongu, where ZM_MON is located, is strongly seasonal, with precipitation and soil‐water availability important
controls on carbon exchange (Merbold et al., 2009). Simulated soil‐moisture availability declined strongly during
dry periods, while LAI remained high and nearly invariant at approximately 5.1–5.2, suggesting that JULES
reproduced the seasonal flux cycle primarily through water limitation rather than deciduous canopy dynamics;
excessive LAI may also have contributed to the positive biases. At the evergreen GH_ANK site, high simulated
LAI was broadly consistent with its classification, but weak GPP correlation indicated poor representation of
shorter‐term variability. Positive Reco and ET biases further indicated excessive simulated carbon release and
water loss despite little sustained simulated water limitation. Although Ankasa experiences a distinct drier period
from approximately December to April (Fattore et al., 2014), available site literature does not establish substantial
drought stress or pronounced canopy leaf loss.

The environmental‐gradient results also reveal distinct behaviour for ecosystem respiration. Reco bias and RMSE
decreased with increasing MAT, while positive precipitation anomalies were associated with larger bias, higher
RMSE, and weaker model–observation correlation. The stronger performance of Reco at warmer sites may partly
reflect limitations in the temperature‐response formulation used to represent respiration across contrasting biomes
(Burke et al., 2017). Larger errors during unusually wet periods could also arise if JULES does not capture short‐
lived respiration pulses following rainfall. Rapid rewetting of dry soils can produce transient increases in CO2
efflux through both enhanced biological respiration and the physical displacement of CO2‐rich soil air (S. Chen
et al., 2008; Huxman et al., 2004). Although the half‐hourly EC data used here provide substantially finer
temporal resolution than daily data, such short‐lived responses may still be difficult to isolate reliably from flux‐
partitioned Reco, particularly where precipitation affects EC measurement quality or where the observed signal is
comparable to measurement uncertainty (Cunliffe et al., 2022; Zhu et al., 2023).

The contrasting positive and negative Reco biases among sites suggest that no single process explains the model
errors. At ML_AGG, SD_DEM, and SN_DHR, Reco was underestimated, whereas other sites showed substantial
overestimation. In seasonally dry grasslands, the absence of photodegradation in JULES may contribute to
negative biases because exposed litter can lose carbon through solar degradation, subsequently also becoming
more accessible to microbial decomposition (Austin et al., 2016; Berenstecher et al., 2020; Hewins et al., 2019;
Méndez et al., 2019; Romich & King, 2026). However, this mechanism cannot explain the positive biases
elsewhere. The contrasting errors instead point to broader uncertainty in litter inputs, autotrophic respiration, soil‐
carbon turnover, and their responses to temperature, drying, and rewetting. Excessive simulated LAI and pro-
ductivity could increase plant respiration and litter inputs at some sites, whereas excessive water stress could
suppress respiration at others.
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Interpretation of Reco and GPP requires caution because they are not directly measured by the EC system, but are
partitioned from, quality‐controlled, and gap‐filled EC‐derived NEE. They should therefore be regarded as
model‐derived estimates constrained by EC data, rather than direct observations. The light‐response‐curve
approach used here is widely applied and has been evaluated across diverse FLUXNET sites, including some
African savanna ecosystems (Lasslop et al., 2010; Maluleke et al., 2024). However, our simplified imple-
mentation does not explicitly account for soil‐moisture availability, water‐table dynamics, or inundation, and may
not capture differences in daytime and nighttime respiration responses to environmental conditions. These as-
sumptions can introduce additional uncertainty, particularly under wetland or water‐limited conditions. For
example, allowing asymmetric daytime and nighttime temperature sensitivities and incorporating relative hu-
midity can alter Reco estimates, with humidity‐related differences particularly pronounced during dry periods (Li
et al., 2022). Consequently, the Reco results provide useful evidence for evaluating model behaviour, but the
magnitude and attribution of model–data mismatches should be interpreted alongside uncertainty in the
EC‐derived and subsequently partitioned benchmark.

Taken together, these results identify several priorities for improving JULES performance across African eco-
systems. These include improving the representation of (a) African plant traits (LAI, phenology, rooting depth
and access to deep soil water); (b) crop‐specific growth, management, and land‐use transitions; (c) interactions
between heterogeneous woody, herbaceous and crop vegetation; (d) wetland water‐table and inundation dy-
namics; and (e) respiration processes in seasonally dry ecosystems.

More broadly, these findings demonstrate the value of evaluating land‐surface models across large networks
spanning diverse climatic and ecological conditions. Although a handful of sites included here have featured in
previous JULES calibration or evaluation studies, most provide new tests of model performance, and the sub-
stantial variation in model skill shows that evaluation against a small number of sites is unlikely to produce robust
performance across Africa's diverse ecosystems. Importantly, recurring canopy, water‐stress, and flux discrep-
ancies across independent sites can reveal generalizable model deficiencies and provide a stronger basis for
targeted model development and sensitivity experiments. Expanding African flux‐tower networks and integrating
them into model evaluation will therefore be important for identifying the vegetation, hydrological, and
ecosystem processes that most consistently limit model performance, ultimately improving land‐surface models
and their capacity to represent African carbon and water cycles and project ecosystem responses to climatic and
land‐use change.

5. Conclusion
Our evaluation of JULES across African flux‐tower sites shows that the model can reproduce broad seasonal
patterns in carbon and water exchange, but that its performance varies substantially among sites, fluxes, and
environmental conditions. JULES generally captured the timing of seasonal productivity and water fluxes at
several sites but showed greater difficulty reproducing the magnitude and interannual variability of GPP and the
dynamics of ecosystem respiration. These limitations were particularly evident in savanna and grassland eco-
systems, where productivity and carbon exchange are strongly influenced by rainfall variability, phenological
strategies, and plant access to water. Site‐level diagnostics further indicate that errors in simulated LAI and water
limitation can contribute to flux biases, while contrasting responses among woody, crop, and herbaceous
vegetation highlight limitations in representing diverse plant functional strategies within heterogeneous
landscapes.

Across environmental gradients, precipitation anomaly was the most consistently associated predictor of model
performance, with wetter‐than‐average conditions generally associated with larger errors in GPP and Reco and
weaker agreement for Reco, while aridity was strongly associated with ET performance. Increasing MAT was
also associated with greater GPP underestimation, highlighting the potential importance of improving the rep-
resentation of photosynthetic capacity and thermal responses across African vegetation. Together, these findings
indicate that improving JULES performance will require more than broad ecosystem‐specific calibration: it will
require better representation of vegetation phenology and functional strategies, water availability and access, and
the coupling of carbon and water processes.

Our expanded evaluation network provides a broader basis for identifying these limitations. Most sites included
here have not featured prominently in previous multi‐site LSM evaluations, and the substantial variation in
model performance demonstrates the value of testing models across diverse African climates, ecosystems, and
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hydrological conditions. Recurring discrepancies in canopy dynamics, water stress, and fluxes across inde-
pendent sites provide opportunities to identify generalisable model deficiencies and prioritise targeted model‐
development and sensitivity experiments. Addressing these limitations, alongside improved site characterisa-
tion of vegetation, soils, management, and hydrological dynamics, will strengthen land‐surface models and
their capacity to represent African carbon and water cycles and project ecosystem responses to climatic and
land‐use change.
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