
 

1 

 

DART-based model for three-dimensional scaling of energy balance 1 

from individual leaves to plant canopies 2 

Thắng Quang Nguyễn1,2, Omar Regaieg1, Luka Lesage2, Jean-Philippe Gastellu-Etchegorry2, Zbyněk 3 

Malenovský1 4 

1Remote Sensing Research Group, Department of Geography, University of Bonn, 53115 Bonn, Germany 5 
2Centre d’Etudes Spatiales de la Biosphère - UT3, CNES, CNRS, IRD, Université de Toulouse, 31401 Toulouse Cedex 9, 6 

France 7 

Correspondence to: Thắng Quang Nguyễn (tnguyen4@uni-bonn.de) 8 

Abstract. Spatial heterogeneity of vegetation canopies significantly influences the ecosystem energy exchange and gross 9 

primary production (GPP) by affecting processes, such as, the photosynthetic light absorption, energy distribution, and carbon 10 

fixation. Conventional one-dimensional (1D) models cannot account for horizontal structural diversity of complex canopies 11 

as, for instance, sparse row crops or crops in early growth stages. Therefore, the primary aim of this study was to enhance the 12 

accuracy of GPP estimations by incorporating three-dimensional (3D) plant structural complexity. To achieve this goal, a first 13 

version of the 3D energy balance DART-EB model was developed by combining the Discrete Anisotropic Radiative Transfer 14 

(DART), effectively capturing full 3D canopy structure, with modified energy balance (EB) equations originating from the 1D  15 

model SCOPE. Unlike the 1D approach, DART-EB iteratively resolves EB for individual elements of a 3D soil–vegetation 16 

scene (i.e., soil surface, plant leaves, and stems) separately. High computational efficiency of DART’s LuxCorRender Monte 17 

Carlo bi-directional photon-path tracing algorithm allows to compute emitted and absorbed radiation per side of a leaf-18 

representing triangular facet. To verify DART-EB performance, we first cross-compared its results with outputs of the widely 19 

used SCOPE model for a virtual homogeneous canopy. A strong consistency between the two models was confirmed by their 20 

high agreement in simulated net photosynthesis (d-index = 1; RRMSE = 3 %). Once verified, DART-EB was tasked to perform 21 

a comparison between geometrically-explicit vertically-homogeneous and spatially-heterogeneous vineyard canopies. 22 

Omitting the spatial heterogeneity of a vine canopy structure led to 44 % RRMSE in simulated net photosynthesis. Further 23 

comparison of DART-EB outputs against eddy-covariance measurements of an alfalfa crop in Spain revealed a significantly 24 

lower error (RRMSE = 8 %) for its genuine than for a homogeneous canopy representation (RRMSE = 20 %). The spatially-25 

explicit digital 3D representations of alfalfa field were reconstructed from their in-situ RGB photographs. The error reduction 26 

was caused by more accurate modelling of a total absorbed photosynthetically active radiation by chlorophylls, enabled by a 27 

realistic 3D spatial distribution of the alfalfa foliage. The presented first version of DART-EB continues to be further 28 

developed, aiming to increase the computational accuracy, efficiency, and applicability to structurally highly complex canopies 29 

(e.g., forests) and large landscapes. 30 
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1 Introduction 31 

Gross primary production (GPP) provides insights into the global carbon cycle influenced by various environmental factors 32 

(Anav et al., 2015). It is, therefore, of a significant interest to society, especially to food producers, economists, and 33 

policymakers, especially, in the context of current climate change. Recent energy balance (EB) models can simulate CO₂ 34 

assimilation and GPP in various vegetation canopies. Their use is primarily focused on modelling and retrieval of biochemical 35 

parameters, such as maximum carboxylation velocity (𝑉𝑐𝑚𝑎𝑥), using predominantly a one-dimensional (1D) radiative transfer 36 

scheme (e.g., Prikaziuk et al., 2023). Since spatially heterogeneous canopy structure profoundly affects radiative transfer and 37 

energy exchange processes, neglecting its complexity can lead to significant uncertainties in model outputs. Accuracy 38 

differences between 1D and three-dimensional (3D) radiative transfer approaches that are capable of capturing canopies’ 39 

spatial heterogeneity were demonstrated, for example, by Kobayashi et al. (2012). A finer geometric detail allows for more 40 

precise spatial representation of canopy heterogeneity as well as the ground topography beneath. Hence, moving from a 41 

simplified “big-leaf” canopy representation towards approaches based on 3D representations of plant structural components 42 

— e.g., triangulated geometric primitives of leaves, branches, and stems — can improve modelling of leaf temperature and, 43 

subsequently, evapotranspiration and CO₂ fluxes in structurally complex vegetated ecosystems. By discretizing a simulated 44 

scene into spatially explicit triangular facets and/or distribution of volumes filled with turbid representation of vegetation 45 

(Knyazikhin and Marshak, 1991), a 3D model can also reproduce directly spatial variations in soil temperature and evaporation 46 

of sunlit and shaded surfaces. Moreover, incorporating the elevation of the soil facets allows for representing real topography 47 

of a complex and ragged terrain and, consequently, elevation-driven microclimatic differences. When used in a 3D radiative 48 

transfer model, such a detailed plant and soil representation facilitates better their interactions with light, resulting in more 49 

accurate radiative budget of scattered, absorbed, and emitted fluxes per facet and/or turbid volume of the simulated geometrical 50 

objects. This provides a solid cornerstone for developing an advanced energy balance (EB) model for structurally complex 51 

vegetation canopies, incorporating biochemical photosynthetic and aerodynamic resistance models with all relevant heat fluxes 52 

and heat storage components.  53 

At the canopy scale, the SCOPE model (Van Der Tol et al., 2009; Yang et al., 2020) was designed and tested to resolve a 54 

complete energy balance of 1D canopy representations. More recently, the 3D HELIOS (Bailey, 2019; Wang et al., 2026), 55 

FLiES-SIF (Sakai et al., 2020), CanVeg2 (Béland et al., 2026), WPS (Zhao et al., 2022), and DART (Regaieg et al., 2023) 56 

models were developed to account for plant structural heterogeneity and variability in leaf biochemical properties. To reduce 57 

input requirements and computational load, FLiES-SIF assumes a fixed leaf temperature instead of simulating the full energy 58 

balance, including stomatal conductance, and photosynthetic processes. Similarly, CanVeg2 adopted a look-up table approach 59 

to manage the high computational load of the 3D FLiESvox model (Kobayashi and Iwabuchi, 2008). Contrary, HELIOS and 60 

WPS do model photosynthetic light-use efficiency through a dedicated module resolving energy balance, including net 61 

radiation, heat fluxes, and photosynthesis in 3D canopies.  62 
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Despite its modelling complexity and a high computational demand, a full integration of incoming-outcoming energy balance 63 

including soil–plant heat fluxes, photosynthesis-related processes, and plant canopy aerodynamic resistance is considered to 64 

be essential for assessing functionality of photosynthesis, evapotranspiration, and soil–plant–atmosphere thermal energy 65 

exchange at the scale of individual leaves. Modelling of these processes at such detailed spatial scale can enhance our 66 

understanding of vegetation functioning across diverse canopy structures and environmental conditions. In this study, we 67 

leveraged for this purpose 3D functional capabilities of the Discrete Anisotropic Radiative Transfer (DART) model (Gastellu-68 

Etchegorry et al., 2015; Wang et al., 2022) linked to its new extension for energy balance modelling called DART-EB. The 69 

primary objective of this paper is to introduce a design of the process-based DART-EB model. The second objective is to 70 

demonstrate its functionality and performance by answering the following three research questions: (1) does DART-EB 71 

reproduce the energy balance of a 1D canopy in a consistent manner as the reference model SCOPE, (2) what is the simulated 72 

impact of a row-crop 3D canopy structure (e.g., vineyard) on key energy balance outputs as CO₂ assimilation rates or leaf and 73 

soil temperatures, and (3) how accurately can DART-EB estimate the net photosynthesis of a spatially heterogeneous alfalfa 74 

crop in its early growth stage? 75 

2 Material and methods 76 

2.1 Generic design of DART-EB  77 

The methodological flowchart of the DART-EB algorithm is illustrated in Figure 1. Once the initial values for temperature 78 

and atmospheric conditions are assigned, DART computes three key radiation budget components: (1) the absorbed 79 

photosynthetically active radiation (APAR) by chlorophyll (𝑃𝑛), serving as an input for the photosynthesis model to calculate 80 

CO₂ assimilation, (2) the net bottom-of-atmosphere radiation (𝑅𝑛), accounting for direct and diffuse irradiance from the sun 81 

and atmosphere, and (3) the net thermal radiation (𝑅𝑡) of triangular scene elements’ surfaces, such as soil and leaf facets. 𝑅𝑡 82 

is recalculated iteratively, using the temperatures of individual facets as input. The energy balance equation computes 83 

equilibrium between an incoming net radiation energy and energy of heat storage and outgoing heat fluxes. The difference 84 

between them represents the energy balance error and is computed per every element (i.e., soil and leaf) facet. The temperatures 85 

of the scene elements’ surfaces are iteratively adjusted according to the actual energy balance error. The model iterates until 86 

all energy balance errors fall below a defined threshold (e.g., 1 W m-2). To ensure a reasonable efficiency and prevent excessive 87 

computational time for a negligible increase in accuracy, a maximum iteration limit (typically 7 to 10 iterations) can be 88 

enforced. After reaching the energy convergence, DART-EB outputs the surface temperature, assimilation of CO2, and key 89 

energy flux components of each element facet. 90 

  91 
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Figure 1: Flowchart depicting schematically all components of the DART-EB algorithm and their functional linkages. 113 

2.1.1 DART 3D radiative budget modelling 114 

DART, developed since 1992 by the CESBIO laboratory in Toulouse, France (https://dart.omp.eu), is a comprehensive, 115 

physically-based, model of 3D radiative transfer (Gastellu-Etchegorry et al., 1996), in natural and urban landscapes, and also 116 

in the atmosphere. Its spectral domain includes the short waves and long waves over [0.3µm, 50µm]. Land surface elements 117 

such as trees can be simulated as a combination of facets, and also turbid and fluid volumes. The two radiative transfer modes 118 

of DART version 5, i.e., the photon-flux tracking DART-FT (Yin et al., 2013, 2015) and the Monte Carlo bi-directional photon-119 

path tracing DART-Lux (Wang et al., 2022), can be used to compute vegetation and soil radiative budgets within the DART-120 

EB framework. In this study, we employed the DART-Lux mode through 3D plant representations built out of geometrically-121 

explicit triangular facets. 122 

DART calculates three key radiation components. (1) The first key component is APAR by chlorophyll (𝑃𝑛; radiation absorbed 123 

within the 400–780 nm spectral range) for every plant leaf facet. The simulated 𝑃𝑛 is converted from W m-2 to µmol m-2 s-1 as 124 

detailed in Appendix A. (2) The second key component is the total absorption 𝑅𝑛 of solar and sky radiation from 0.4 to 50 µm 125 

by soil and vegetation cover. Since 𝑃𝑛 and  𝑅𝑛 are independent of vegetation and soil temperature, they are computed only 126 

once and remain constant through the energy balance iterations. (3) The third key component is the net thermal radiation 127 
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emitted by vegetation and soil without accounting for atmosphere, 𝑅𝑡. It is calculated as the difference between the absorbed 128 

and emitted thermal radiation of each surface’s facet using either the Planck or the Stefan-Boltzmann equation for each new 129 

up-date of the scene 3D temperature, at every energy balance iteration. 130 

2.1.2 Energy balance modelling 131 

In the 3D energy balance model framework, a net radiation is distributed over turbulent heat fluxes and heat storage of 132 

triangular facets in the simulated scene that represent stems, leaves, and soil surfaces as distinct elements. The energy balance 133 

equation for each facet is then given by: 134 

𝑹 − 𝑯 −  𝑳. 𝑬 − 𝑮 = 𝟎,            (1) 135 

where 𝑅 is the net radiation, defined as 𝑅 = 𝑅𝑛+ 𝑅𝑡, 𝐻 is the sensible heat flux, 𝑳. 𝐸 is the latent heat flux, and 𝐺 is the heat 136 

storage term (all in W m-2, as detailed in Appendix B). Heat storage 𝐺 is considered only for soil facets, as the heat capacity 137 

of leaves and thin stems (e.g., alfalfa stems’ diameter is ranging from 2 to 4 mm) are too small and considered as negligible 138 

(Galedar et al., 2008; Meyers, 2004). For stems, sensible heat flux is considered but, assuming no transpiration, their latent 139 

heat flux is neglected. Following Eq. (1), the energy balance closure error per facet of a modelled element (i.e., stem, leaf, and 140 

soil) is computed as: 141 

𝒆𝒓𝒓𝒐𝒓𝒃𝒂𝒍𝒍𝒂𝒏𝒄𝒆
𝒔𝒕𝒆𝒎 = 𝑹𝒔𝒕𝒆𝒎 − 𝑯𝒔𝒕𝒆𝒎,           (2) 142 

𝒆𝒓𝒓𝒐𝒓𝒃𝒂𝒍𝒍𝒂𝒏𝒄𝒆
𝒍𝒆𝒂𝒇

= 𝑹
𝒍𝒆𝒂𝒇

− 𝑳. 𝑬𝒍𝒆𝒂𝒇 − 𝑯𝒍𝒆𝒂𝒇,          (3) 143 

𝒆𝒓𝒓𝒐𝒓𝒃𝒂𝒍𝒍𝒂𝒏𝒄𝒆
𝒔𝒐𝒊𝒍 = 𝑹𝒔𝒐𝒊𝒍 − 𝑳. 𝑬𝒔𝒐𝒊𝒍 − 𝑯𝒔𝒐𝒊𝒍 − 𝑮.         (4) 144 

2.1.3 Photosynthesis modelling 145 

The Farquhar biochemical model (Farquhar et al., 1980; Von Caemmerer and Farquhar, 1981), originally based on gas 146 

exchange principles incorporating the properties of the ribulose-1,5-bisphosphate (RuBP), the carboxylase/oxygenase 147 

(Rubisco), and an electron transport capacity in response to variations in APAR, leaf temperature, and the partial pressures of 148 

O2 and CO2, was implemented to simulate the photosynthesis. Building upon this framework, a semiempirical model of leaf 149 

stomatal conductance was subsequently introduced (Farquhar and Wong, 1984; Ball et al., 1987), differentiating between C3 150 

and C4 plants via two parameters (Collatz et al., 1991): i) Ball Berry slope and ii) intercept (Sellers et al., 1996). To simulate 151 

C4 plant photosynthetic pathways, we have incorporated the empirical model of photosynthesis developed by Von Caemmerer 152 

(2000 and 2013). In addition, an empirical photosynthetic model including a solar-induced chlorophyll fluorescence (SIF) 153 

(Christiaan van der Tol et al., 2014) was incorporated in DART-EB. This allows for computing the SIF microclimatic 154 

correction factor (η) for the fluorescence quantum efficiency (FQE) of Photosystem II (PSII) in leaves exposed to varying light 155 

intensities. The factor η ensures correct initiation of the leaf fluorescence emissions in the leaf radiative transfer model 156 
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Fluspect-Cx (Vilfan et al., 2016, 2018), when scaling SIF through DART to the top of the canopy (Malenovský et al., 2021). 157 

The third implemented photosynthetic algorithm is an advanced Johnson-Berry modification of the Farquhar model (Johnson 158 

and Berry, 2021; Johnson et al., 2021). The Johnson-Berry model incorporates mechanistically the functioning of the 159 

Cytochrome b6f complex in regulating the steady-state electron transport flowing through PSII to photosystem I (PSI) and 160 

allows user to decompose the chlorophyll fluorescence signals into the separate contributions from PSII and PSI. This 161 

mechanistic model extends its applicability beyond the traditional to C3 and C4 plants, by accommodating also the C3-C4 162 

intermediate species. Figure 2 illustrates the workflow of the implemented Johnson-Berry model, retaining the stomatal 163 

conductance model (Brent, 1971; Collatz et al., 1991) to calculate CO₂ concentrations inside and outside the leaves.  164 

 165 

 166 

 167 

   168 

 169 

 170 

 171 

 172 

 173 

 174 

 175 
Figure 2. The flowchart of the Johnson-Berry biochemical photosynthesis model as integrated in DART-EB. 176 

2.1.4 Aerodynamic resistance modelling 177 

To account for the influence of wind cooling on heat transfer and air (gas) exchange between the canopy and atmosphere, 178 

aerodynamic resistance is computed using the momentum roughness length (𝑧0𝑚) and displacement height (d), as described in 179 

Modelling Interactions in Mixed-Plant Communities (Verhoef et al., 1997; Wallace et al., 2000). For calculating stem heat 180 

fluxes, the aerodynamic resistance of plant stems is assumed to be equal to that of leaves. The total surface area of the 181 

vegetation used to compute aerodynamic resistance is the sum of the one-side leaf area and half of the stem area, as only half 182 

of the stem surface is expected to obstruct a wind flow. To prevent evapotranspiration from stems, the stems’ resistance is set, 183 

by default, to zero.  184 

2.1.5 Modelling of leaf and soil optical properties 185 

Leaf optical properties (i.e., leaf reflectance and transmittance) are required to compute the radiative budget in DART. Leaf 186 

reflectance and transmittance within the spectral range of 0.4 µm to 2.4 µm can be reproduced using the essential leaf 187 

biochemical traits as inputs in the PROSPECT (Jacquemoud and Baret, 1990; Féret et al., 2021) or Fluspect-Cx (Vilfan et al., 188 

2016, 2018) models. Leaf optical properties for the thermal spectral domain (i.e., from 2.4 µm to 50 µm) must be specified 189 

from external field or laboratory measurements. In-situ measurements can also be used to parametrize soil reflectance. 190 
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Optionally, the bare soil optical properties can be simulated and imported from the soil radiative transfer model MARMIT 191 

(Bablet et al., 2018).  192 

2.2 DART-EB functionality – Intercomparison of simulations for simplified and close-to-reality canopy representations  193 

2.2.1 Homogeneous quasi-turbid representation comparable to a SCOPE canopy 194 

To verify the consistency and access the functionality of DART-EB version 1.0, we compared its output quantities with the 195 

corresponding products simulated by the 1D SCOPE model (version 2.1, 2026) for a simple homogeneous plant-canopy. 196 

SCOPE is considered as a well-established energy balance model (Van Der Tol et al., 2009; Yang et al., 2020) that was 197 

validated against flux tower observations (Prikaziuk et al., 2023). As in the SAIL radiative transfer model (Verhoef, 1984), a 198 

vegetation canopy is represented by homogeneous layers filled with a turbid medium (i.e., infinite number of infinitely small 199 

leaves with a given leaf volume area density (m2 m-3) and leaf angular distribution (LAD)). To ensure fully-comparable 200 

canopies in both models, the turbid medium of SCOPE was mimicked in DART by a juxtaposed 3D box (Fig. 3a) filled with 201 

small triangular facets (area of 0.3 cm²). This quasi-turbid canopy represented the total one-sided leaf area of 2 m² (c. 66,666 202 

triangles) within a ground projection area of 1 m² and a canopy height of 1 m (i.e., LAI = 2), distributed according to the 203 

spherical LAD. The thermal infrared properties (i.e., wavelengths of 8–14 μm) can be simulated through mechanistic modelling 204 

considering leaf water content (Xu et al., 2023). Nonetheless, to represent a generalized leaf-type across various vegetation 205 

conditions, the leaf reflectance and transmittance in the thermal infrared domain were set based on the average values of all 206 

leaf optical properties available in the DART database to 0.027 and 0.01, respectively. The equally-set values of both models’ 207 

inputs, including leaf biochemical and biophysical parameters, are detailed in the Supplementary information document. 208 

2.2.2 Spatially-heterogeneous quasi-turbid canopy 209 

To investigate the impact of foliage spatial heterogeneity in a quasi-turbid vegetation canopy representation, the previous 210 

DART scene was modified by repositioning the triangular leaf elements toward the centre of the scene, forming denser 211 

vegetation columns. This arrangement represents a row-crop in a quasi-turbid setup (Fig. 3b). Although the total canopy LAI 212 

and LAD stayed unchanged, the LAI per row (i.e., foliage column) increased to 10 due to a denser foliage clumping in each 213 

column that occupies a ground area of 0.1 m² and contains 1 m² of leaf area. 214 

2.2.3 Spatially homogeneous and heterogenous vineyard canopies  215 

To explore differences between the quasi-turbid vegetation canopy and close-to-reality geometrically explicit canopy 216 

representations, we conducted simulations using 3D vineyard scene built with realistic 3D virtual vine (Vitis vinifera) plants. 217 

First, we carried out a simulation for a 1D horizontally-homogeneous vineyard (Fig. 3c), where realistic vine leaves were 218 

randomly positioned horizontally while maintaining their genuine canopy height and leaf angularity, preserving a total LAI of 219 

8.8 and a realistic LAD. The complementary reference simulation was conducted for a close-to-reality, 3D spatially-220 
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heterogeneous vineyard (Fig. 3d) with the scene width of 54.8 m, consisting of 2 m-tall vine shrubs arranged in 20 rows with 221 

a row spacing of 2.74 m. The planting interval of 1.83 m and 20 plants per row resulted in a row length of 36.6 m. To ensure 222 

the full comparability between the two scenarios, the LAI and LAD were kept identical and wooden stems were removed from 223 

both simulations. The solar zenith angle was set to 30°, the solar azimuth angle was aligned parallel to the row direction, and 224 

all other input parameters were kept identical to those used in the previous quasi-turbid canopy simulations.  225 

 226 

 a) 1D spatially-

homogeneous 

quasi-turbid canopy 

b) 3D spatially-

heterogeneous 

quasi-turbid canopy 

c) 1D horizontally-homogeneous 

geometrically-explicit vineyard 

canopy 

d) 3D spatially-heterogeneous 

geometrically-explicit vineyard 

canopy 

 

Front 

view 

  
  

 

Top 

view 

    

Figure 3: The four canopy architectures used in the DART-EB simulations: (a) 1D spatially-homogeneous quasi-turbid canopy – 227 

leaves approximated by small triangular facets (area of 0.3 cm²) are replicating a virtual SCOPE’s 1D canopy, (b) 3D spatially-228 

heterogeneous quasi-turbid canopy – leaves approximated by 0.3 cm²-small triangular facets are clumped in columns representing 229 

plots of a virtual row-crop, (c) 1D horizontally-homogeneous geometrically-explicit vineyard canopy – a virtual field of horizontally 230 

randomised realistic vine leaves, and (d) 3D spatially-heterogeneous geometrically-explicit vineyard canopy – a field of realistic vine 231 

leaves and plants arranged in parallel rows. 232 

2.3 Comparison of DART-EB simulations and field measurements of an alfalfa canopy 233 

To assess the accuracy performance of DART-EB, we compared its simulated net photosynthesis for a realistic alfalfa 234 

(Medicago sativa) agricultural crop with corresponding field measurements acquired during the LIAISE experimental 235 

campaign. The measurements were collected at an agricultural field located near Lleida in Spain (altitude of 240 m. a. s. l.) in 236 

summer 2021. Detailed 3D representations of the alfalfa plants were created with the open-source graphical software Blender 237 

(https://www.blender.org) based on multiple RGB photographs of representative plants taken in the field. A 1 m2 3D scene 238 

was subsequently constructed (see the top view in Fig. 4a and the side view in Fig. 4c), ensuring the spectral fit between TOC 239 

reflectance measured in field and its complementary DART simulation. Figure 4b shows the leaf area index in a 10 x 10 cm 240 

grid, representing the vegetation clumping pattern, as used to parametrise the 3D scene. To ensure the architectural 241 
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representativeness of the simulated alfalfa crop, the scene LAI was assessed against in situ measurements acquired across 132 242 

field locations, which yielded a mean value of 1.33 and a standard deviation of 0.58 (González-Armas et al., 2024). The mean 243 

LAI derived from the reconstructed geometrically-explicit 3D scene (Fig. 4b) was 1.56 with the standard deviation of 0.96 244 

(Regaieg et al., 2025), which embraces the observed range of natural variability and aligns closely with the measured values, 245 

confirming the structural realism of the simulated canopy. To investigate the influence of the foliage spatial homogeneity, the 246 

realistic alfalfa canopy scene was modified by randomly placing the leaves in both horizontal directions according to their 247 

normal distribution. This rearrangement effectively removed the natural foliage clumping of the original scene and created a 248 

spatially-homogeneous geometrically-explicit canopy representation, maintaining the same LAI and leaf angle distribution 249 

(LAD) (Fig. 4d, e). 250 

Both leaf optical properties (i.e., reflectance and transmittance) were simulated from the biochemical traits (i.e., contents of 251 

chlorophyll a+b, carotenoids, water, and dry matter) retrieved from in-situ leaf reflectance measurements through an inversion 252 

of the leaf radiative transfer model PROSPECT (Regaieg et al., 2025). The soil reflectance for the electromagnetic spectrum 253 

between 0.4 and 2.4 µm was measured in-situ with an optical soil probe attached to an ASD FieldSpec-4 spectrometer. Leaf 254 

optical properties from 2.4 µm to 50 µm were set equal to 0.01. The diurnal DART-EB simulation was conducted for the 255 

measurement day of July 17, 2021. The virtual alfalfa canopy was illuminated every 30 min by a bottom-of-atmosphere direct 256 

and diffuse solar irradiance, simulated for the corresponding date by Regaieg et al. (2025). 257 

 258 

Figure 4: 3D canopy representations and structural parameterisation of the alfalfa crop. (a) Top view of the geometrically-explicit 259 
3D alfalfa scene reconstructed from field photographs. (b) The corresponding Leaf Area Index (LAI) grid at 10 cm resolution, 260 
revealing the horizontal clumping pattern. (c) Side view of the reconstructed scene. (d) a side view, and (e) Top view of the 261 
horizontally-randomised (homogeneous) alfalfa scene, created by removing the canopy gaps while preserving the scene's total LAI, 262 
vertical structure, and leaf angularity. 263 

 264 

https://doi.org/10.5194/egusphere-2026-4796
Preprint. Discussion started: 9 October 2026
c© Author(s) 2026. CC BY 4.0 License.



 

10 

 

 265 

The maximum rate of RuBisCO carboxylase activity (Vcmax) was obtained from Wynaendts, 2022, which reported a mean 266 

value of 215 µmol m-² s-1 for several leaves measured on July 17, 2021. To accurately simulate heat fluxes in DART-EB, leaf 267 

gas-exchange measurements (González-Armas et al., 2024) were used to fit the Ball-Berry equation (Eq. 5), allowing for the 268 

derivation of the Ball-Berry slope (𝑚) and the minimum conductance (𝑏) (Ball et al., 1987; Collatz et al., 1991). The optimal 269 

fitted slope (m) in the linear equation: 270 

𝒈𝒔 = 𝒎 
𝑨 × 𝒓𝒉

𝑪𝒔
+ 𝒃,                 (5) 271 

where 𝑔𝑠 is stomatal conductance, 𝐴 is net assimilation, 𝑟ℎ is leaf surface relative humidity, and 𝐶𝑠 is leaf surface 𝐶𝑂2 272 

concentration, was found to be 6.7 and the intercept (b) was equal to 0.5 (see Fig. 5). 273 

 274 

 275 

Figure 5: Parameterization of the Ball-Berry stomatal conductance model for alfalfa leaves using field measurements. The linear 276 

regression yielded an optimal slope m = 6.7 and a minimum conductance b = 0.5. 277 

Finally, Eddy covariance measurements, published in Branch et al. (2022), and soil respiration measurements by González-278 

Armas et al. (2024) were combined to calculate the diurnal course of net photosynthesis CO₂ assimilation of the alfalfa canopy. 279 

3 Results 280 

3.1 DART-EB and SCOPE comparison for spatially homogeneous canopy representation  281 

To assess modelling consistency between the DART-EB and SCOPE models, the vertical profiles of key physiological and 282 

energy balance variables simulated by both models for a comparable, homogeneous canopy were cross compared. Figure 6c-283 
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h shows the canopy vertical profiles of simulated physiological and energy balance variables for sunlit and shaded leaves as 284 

computed by both models. In DART-EB, the determination of these sunlit and shaded facets is achieved through a facet-level 285 

geometric classification implemented in DART, which segments the 3D canopy elements based on their centroid positioning 286 

and local exposure to direct solar irradiance (see Appendix C). Overall, the SCOPE and DART-EB outputs produced for the 287 

turbid-medium and quasi-turbid canopies, respectively, are in a high agreement across the vertical profile of both sunlit and 288 

shaded leaf cohorts. On the one hand, fractions of sunlit leaves, and values of net photosynthesis simulated by DART-EB track 289 

closely the SCOPE outcomes, indicating a high modelling consistency. On the other hand, the η factor values, latent and 290 

sensible heat fluxes, and leaf temperature shows some differences, particularly in the middle and lower canopy layers. Yet, d-291 

index values ranging from 0.81 to 0.96 indicate that they maintain a high agreement.  292 

a)  

SCOPE: 1D turbid-medium canopy representation 

with 20 homogeneous vertical layers 

b)    

DART-EB: 1D spatially-homogeneous quasi-

turbid canopy representation 

 293 
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Figure 6: Consistency between (a) SCOPE and (b) DART-EB spatially homogeneous virtual canopies (LAI = 2). (c) Canopy vertical 294 

profiles of sunlit leaf fraction. (d) Net photosynthetic CO2 assimilation. (e) η solar-induced fluorescence scaling factor. (f) Scene 295 

latent heat flux. (g) Sensible heat flux. (h) Leaf surface temperature (dashed lines for SCOPE, and solid lines for DART-EB). Sunlit 296 

leaves are in orange, and shaded leaves are in blue. The model similarity d-index (1 ~ full agreement and 0 ~ total disagreement; see 297 

Appendix D. Index of agreement between two datasets) and the Relative Root Mean Square Error (RRMSE) were computed for 298 

both sunlit and shaded leaves together.  299 

3.2 DART-EB simulations of spatially heterogeneous quasi-turbid canopy 300 

While maintaining the identical total leaf area index (LAI = 2), DART-EB simulations for the spatially-heterogeneous scene 301 

revealed substantial deviations from the homogeneous reference case in both energy balance and physiological outputs (Fig. 302 

7), as the spatially-heterogeneous scene significantly altered internal light environment. Specifically, the sunlit foliage cohort 303 

was markedly lower across all canopy layers while the shaded fraction was consistently higher (RRMSE = 134.6 %; d = 0.58; 304 

Fig. 7c). Consequently, while a general consistency in vertical distribution of net photosynthesis between the two cases was 305 

maintained (d = 0.97), the heterogeneous configuration yielded a lower magnitude in CO₂ assimilation (Fig. 7d). In contrast, 306 

the η factor demonstrated a strong difference (d = 0.49; Fig. 7e). The larger divergences were observed in the energy balance 307 

variables, i.e., the latent and sensible heat fluxes, as well leaf temperature (d ranging from 0.19 to 0.55; Fig. 7f, g, h). 308 

a)  

DART-EB: 1D spatially-homogeneous 

quasi-turbid canopy representation 

b)   

DART-EB: 3D spatially-heterogeneous 

quasi-turbid canopy representation 
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 309 

Figure 7: Vertical profiles for the (a) spatially-homogeneous reference canopy and (b) clumped row-crop architecture simulated in 310 

DART-EB. (c) Sunlit leaf fraction. (d) Net photosynthesis CO2 assimilation. (e) η solar-induced fluoresce scaling. (f) Latent heat 311 

flux. (g) Sensible heat flux. (h) Leaf temperature. For explanation of RRMSE and the similarity d-index see caption of Figure 6. 312 

3.3 Spatially homogeneous and heterogenous vineyard canopies 313 

The previous experiment quantified the impacts of an artificially created foliage clumping. In this section, we investigate the 314 

differences between a spatially-homogeneous and a close-to-reality, geometrically-explicit representation of a vineyard 315 

canopy. The soil, foliage, and scene-integrated net radiative budgets, APAR by chlorophylls (APARChl), and the net 316 

photosynthesis of both vineyard configurations are summarised in Table 1. Due to the penetration of solar radiation in the 317 

spaces between vine rows, the soil in the geometrically-explicit simulation received a higher net radiation by 11 W m-2. 318 

Conversely, the homogeneous vineyard exhibited 11 W m-2 higher leaf-level radiation interception, which resulted in 502 µmol 319 

photon ground m⁻² s⁻¹ higher APARChl. This led to a reduction in net photosynthesis (An) by 8.6 μmol CO2 m⁻² s⁻¹ for of 320 

geometrically-explicit vineyard, demonstrating a strong influence of 3D canopy architecture on photosynthetic productivity 321 

even when total biomass (i.e., LAI) is constant. 322 

 323 
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Table 1: Net radiation (Rn) of soil and foliage, chlorophyll absorbed photosynthetically active radiation (APARChl), and 324 

net photosynthesis (An) for 1D horizontally-homogeneous and 3D spatially-heterogeneous vineyard representations. 325 

 Rn, soil   

(W m-2) 

Rn, foliage 

(W m-2) 

Rn, scene 

(W m-2) 

APARChl  

(µmol photons ground m⁻² s⁻¹) 

An 

(µmol CO₂ m⁻² s⁻¹) 

Horizontally-homogeneous vineyard 3 298 301 1548 28.0 

Spatially-heterogeneous vineyard canopy 14 287 302 1046 19.4 

Absolute difference (Δ) 11 11 1 502 8.6 

Relative difference (%) 79 % 4 % 0.3 % 48 % 44 % 

 326 

Figure 8: Vertical profiles of photosynthetically active radiation absorbed by leaf chlorophyll (APARChl) across the canopy height 327 

layers for 1D horizontally-homogeneous and 3D spatially-heterogeneous vineyard canopy representations.  328 

The vertical distribution of APARchl in Figure 8 illustrates how much the horizontally-homogeneous (1D) representation 329 

overestimates APARchl, particularly within the upper canopy layers. This divergence resulted in RRMSE of 124 %, 330 

indicating that 1D abstractions do not accurately replicate the internal light-harvesting of a clumped vineyard architecture. 331 

Figure 9 shows canopy vertical profiles of other key physiological and energy exchange variables. In the geometrically-explicit 332 

configuration, the sunlit fraction of foliage was markedly lower in the upper part of the canopy compared to the horizontally-333 

homogenised abstraction (Fig. 9c). Consequently, the fraction of shaded leaves followed the opposite symmetric trend, 334 

showing a deviation in the sun-light distribution between the two modelling approaches. This resulted in an overestimation of 335 

simulated net photosynthesis (An; Fig. 9d) as well as the η factor (Fig. 9e) for the shaded cohort of leaves in the homogeneous 336 

architecture above the 12th canopy layer (i.e., 1.2 m height). An opposite pattern occurred below layer 12, where the 337 

geometrically-explicit modelling yielded higher physiological activity for both sunlit and shaded leaves. The energy balance 338 
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variables (Fig. 9f–h) demonstrate further the structural impact, as the leaf temperature, latent heat flux, and sensible heat flux 339 

for sunlit as well as shaded foliage from the middle canopy to the soil surface were found to be systematically higher in the 340 

geometrically-explicit simulation. 341 

 342 

 

a) DART-EB: 1D horizontally-homogeneous             

vineyard canopy representation. 

          

b) DART-EB: 3D spatially-heterogeneous 

       vineyard canopy representation. 

 343 

Figure 9: Vertical profiles of the (a) spatially-homogeneous and (b) geometrically-explicit vineyard scenes simulated in DART-EB. 344 

(c) Sunlit leaf fraction. (d) Net photosynthesis CO2 assimilation. (e) η soler-induced fluoresce scaling factor. (f) Latent heat flux. (g) 345 

sensible heat flux. h) Leaf temperature. For explanation of RRMSE and the similarity d-index see caption of Figure 6. 346 

Figure 10 visualises the DART-EB per-facet simulated 3D distributions of net photosynthesis values, leaf temperatures, and 347 

the η fluorescence scaling factors for both vineyard representations. Uniformly distributed leaves of the horizontally-348 
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homogeneous canopy representation resulted in the formation of distinct strata varying along the vertical axis. Conversely, the 349 

spatially-heterogeneous representation, which replicates the genuine 3D architecture of the vine shrubs, exhibits a non-uniform 350 

distribution characterized by distinct spherical foliage clusters. For instance, the 3D visualization of net photosynthesis (Fig. 351 

10a) shows an outer-canopy cluster of sun-exposed leaves with high CO2 assimilation rates and an interior cluster of foliage, 352 

receiving restricted solar illumination and, thus, yielding low CO2 photosynthetic assimilation rates. Similar spatial patterns 353 

can be observed in 3D distributions of the η factors and leaf temperatures (Fig. 10b, c).  354 

 355 

 356 

Figure 10: DART-EB 3D (a) net photosynthetic CO2 assimilation, (b) leaf and soil temperature, and (c) η solar-induced 357 

fluorescence scaling factor for horizontally-homogeneous (left) and spatially-heterogeneous (right) geometrically-explicit vineyard 358 

canopies. 359 

3.4 Comparison of DART-EB simulated and field measured alfalfa canopy physiological traits 360 

The predictive performance of DART-EB was validated against in-situ field measurements acquired over an alfalfa canopy. 361 

Since stems were assumed to be photosynthetically inactive, non-transpiring, and contributing only to the sensible heat flux, 362 

the analyses focused on the foliage physiological outputs, specifically CO2 assimilation, APARchl, and heat fluxes. In the case 363 
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of a realistically distributed foliage (i.e., heterogeneous canopy), the diurnal course of modelled net photosynthesis (An) 364 

exhibited a high agreement with the in-situ measurements (Fig. 11), with CO2 assimilation rates increasing throughout the 365 

morning, reaching a maximum around 13:00 of local time (GMT +2), and steadily declining during the afternoon. Overall 366 

modelling error remained low (RRMSE of 8 %), with DART-EB An values falling within or very close to the uncertainty 367 

buffer of field-measurements, driven by a variation in actual soil respiration. In the second case of the homogeneous canopy 368 

structure, the simulated An was significantly higher than the field measurements across all time steps (RRMSE of 20 %). The 369 

main driver of this overestimation is the markedly increased total APARchl (Fig. 12). Interestingly, the diurnal courses of latent 370 

and sensible heat fluxes for both types of canopies revealed the same systematic deviations from the field-measured heat fluxes, 371 

i.e., overestimation for latent and underestimation for sensible heat flux (see Fig. 13).   372 

 373 

Figure 11: Validation of DART-EB simulated diurnal foliage net photosynthesis (An) against in-situ measurements July 17, 2021. 374 

The shaded blue buffer represents uncertainty due to actual soil respiration variability, gaining values of up to 4 μmol CO2 m⁻² s⁻¹. 375 
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   376 

Figure 12: Impact of 3D structural representation of alfalfa canopy (i.e., spatially homogeneous vs. heterogeneous foliage 377 

distribution) on the diurnal course of total absorbed photosynthetically active radiation by leaf chlorophylls (APARChl). 378 

 379 

Figure 13: DART-EB simulated diurnal courses of latent (LE) and sensible (H) heat fluxes for spatially homogeneous and 380 

heterogeneous alfalfa canopies compared against field-measured heat fluxes. The relative (%) values indicate the RRMSE between 381 

the simulated heat fluxes and the corresponding field measurements. 382 
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4 Discussion 383 

4.1 DART-EB modelling consistency in the case of spatially-homogeneous quasi-turbid canopy 384 

The aim of this work was to develop a 3D energy balance model for vegetation canopies, resolving processes of photosynthesis, 385 

latent and sensible heat fluxes, and surface temperatures at the level of individual triangular facets representing plant leaves 386 

and bare soil ground surface. Results demonstrate not only the feasibility of such a modelling framework, capable of capturing 387 

spatiotemporal dynamics of vegetated ecosystems, but also advancements and accuracy improvements due to the geometrically 388 

explicit representation of 3D canopy structures. The validity of the facet-based approach is supported by a reciprocal 389 

consistency between DART-EB and SCOPE energy balance outputs. This was evidenced by high indices of agreement and 390 

low RRMSEs across primary physical and physiological outputs (e.g., the sunlit foliage fraction, the net photosynthesis, or the 391 

η factor), achieved for spatially homogeneous quasi-turbid canopy simulations. An exception was the sensible heat flux, for 392 

which the RRMSE was higher than expected due to some values close to zero. 393 

Although DART-EB and SCOPE physiological variables showed, in general, a strong agreement and small overall modelling 394 

deviations, some moderate discrepancies were found in the middle and lower canopy layers for latent heat, sensible heat, and 395 

leaf temperature outputs. These minor variations are attributed to models’ dissimilar treatments of direct and diffuse radiation 396 

fluxes and their subsequent absorption. Whereas SCOPE employs a four-stream directional radiation budget approximation, 397 

DART-Lux utilises a bi-directional Monte Carlo approach providing a more detailed assessment of 3D radiation budget within 398 

the simulated canopy.  399 

Distinguishing between the physiological states of sunlit and shaded leaves is of a high importance for accurate simulation of 400 

a vegetation canopy SIF. By resolving the 3D energy balance at the level of individual leaf facets, DART-EB enables to adjust 401 

the pre-defined PSII fluorescence quantum efficiency (FQE) of dark-adapted leaves using the η correction factor computed 402 

for leaf-specific local microclimatic environmental conditions. This functionality allows DART-EB to simulate SIF of 403 

structurally heterogeneous canopies more accurately and, subsequently, provides a physically sound foundation for improved 404 

SIF-based GPP retrievals in structurally complex canopies. 405 

4.2 Impact of spatial heterogeneity on canopy energy balance and physiology 406 

To isolate and analyse the impact of 3D spatially-heterogeneous canopy structure, we simulated a virtual row-crop made by 407 

two columns of leaves maintaining the same total LAI and random distribution as the reference homogenous canopy (Fig. 7a, 408 

b).  DART-EB results indicate that the spatial leaf arrangement and density are important determinants of the internal canopy 409 

radiation distribution and microclimate. The simple rearrangement of foliage distribution in denser columns, with no change 410 

in biomass amount, induced substantial changes in most modelled physiological and energy balance variables. The introduction 411 

of the horizontal clumping altered the internal canopy light environment, resulting in a lower fraction of sunlit leaves across 412 

all vertical canopy layers when compared to the homogeneous reference (Fig. 7c). This systematic shift indicates that the tested 413 

1D turbid medium canopy abstraction misrepresented the light-harvesting potential of a clumped vegetation (Boitard et al., 414 
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2023), as it failed to account for the increased internal foliage shadowing and canopy gaps that characterise row-crop 415 

architectures. This radiative discrepancy, causing miscalculation of leaf absorbed radiation and APARchl, propagated further 416 

in the simulated energy exchange and physiological processes. The most pronounced impact was observed in the energy 417 

balance variables, i.e., both heat fluxes and leaf temperature, which exhibited largest dissimilarities with the spatially-418 

homogeneous case (Fig. 7f-h). A strong divergence was also observed for the SIF correction η factor, especially in the case of 419 

shaded foliage (Fig. 7e).  420 

Building upon the simple theoretical simulations, we quantified the impact of horizontally as well as vertically heterogeneous 421 

foliage distribution, featured by a structurally diverse vineyard canopy mock-up. The results demonstrated how much limited 422 

is the 1D canopy representation without the foliage clumping in capturing the sun-illumination and internal shadowing patterns. 423 

The radiative divergence between the 3D spatially-heterogeneous and the 1D horizontally-homogeneous vine canopies was 424 

largest in their upper layers, where the 1D abstraction resulted in a substantially different ratio of sunlit and shaded leaves (Fig. 425 

9c). Consequently, the 1D canopy representation overestimated severely APARChl of foliage (Fig. 8). As the full 3D canopy 426 

representation accounts for foliage gaps and clumping in rows, it allowed direct radiation to reach the soil surface and produced 427 

less sunlit leaves in the upper canopy layers.  As shown in Table 1, the resulting 48 % relative difference in APARChl induced 428 

44 % lower total net photosynthesis in the 3D spatially-heterogeneous vineyard. To conclude, our results demonstrate that the 429 

explicit 3D modelling is required to simulate intricate leaf-photon interactions and internal canopy shadowing that cannot be 430 

captured by 1D canopy abstractions. Additionally, canopy gaps in the geometrically-explicit 3D heterogeneous vineyard 431 

allowed direct solar radiation to reach the ground, creating localised thermal sun-flecks, whereas the horizontally-432 

homogeneous foliage caused overestimation of soil shading, resulting in unnaturally low soil temperatures.  433 

The visualisations of 3D spatial distributions of the two vineyards simulated net photosynthesis, leaf soil temperature, and η 434 

SIF factors (Fig. 10) illustrate the influence of the 3D canopy structure. Although these 3D maps can localize quantitative 435 

systematic biases between 3D and 1D approaches, they lack a direct field validation. The accuracy assessment of these outputs 436 

against vineyard in-situ measurements is required before deploying the DART-EB 3D modelling in practical precision 437 

agriculture applications. 438 

4.3 Validation of DART-EB modelled outputs against in-situ alfalfa measurements  439 

The successful validation of DART-EB outputs against in-situ alfalfa field measurements demonstrates its high predictive 440 

potential for realistic, high-resolution vegetation architectures. The high degree of correspondence between the diurnal courses 441 

of net photosynthesis An rates (Fig. 11) and a RRMSE of 8 % indicate that a 3D plant representation is essential for an accurate 442 

modelling of CO₂ assimilation in agricultural crops, particularly during their early growth stages when canopy gaps and a 443 

contribution of soil background play an important role. When the alfalfa canopy was represented by a homogeneous 444 

abstraction, the modelling error increased significantly (RRMSE of 20 %) despite using identical biochemical and biophysical 445 

parameterisation. This error increase was caused by a uniform horizontal foliage distribution, inducing an unrealistically high 446 

canopy PAR interception (Fig. 12). An additional factor, driving the substantial discrepancy in An rates between alfalfa 447 

https://doi.org/10.5194/egusphere-2026-4796
Preprint. Discussion started: 9 October 2026
c© Author(s) 2026. CC BY 4.0 License.



 

21 

 

homogeneous and heterogeneous simulations, was the exceptionally high mean Vcmax value of 215 µmol m-² s-1. Since an 448 

elevated carboxylation capacity increases the sensitivity of carbon assimilation to light availability, even a small overestimation 449 

in APARChl induces a significant offset in the resulting An rates. Additional discrepancies regarding the energy exchange were 450 

found for the homogeneous as well as heterogeneous alfalfa representations. Although both simulations produced almost 451 

identical quantifications of sensible and latent heat fluxes, they both deviated notably from in-situ measurements (Fig. 13). 452 

This systematic uncertainty is attributed to the underperforming aerodynamic resistance module that does not account for 453 

dynamic 3D wind fields nor for row-orientation-driven turbulence. Addressing these limitations is a primary focus of the next 454 

DART-EB development. 455 

Although researchers have previously documented stem-level CO₂ assimilation for some members of the Fabaceae family, 456 

e.g., Spartium species (Nilsen, 1992; Aschan and Pfanz, 2003), specific physiological data for the Medicago genus were not 457 

found. Consequently, we assumed that only the leaf cohort contributed to the latent heat flux and carbon assimilation, while 458 

the stems were considered as non-transpiring elements contributing exclusively to the sensible heat flux. While the thin stems 459 

of alfalfa represent a negligible heat storage, the application of DART-EB on woody species, e.g., fruit-tree orchards or forests, 460 

will require resolving the thermal inertia of large-sized trunks. Furthermore, moving from a mono-species crop to a multi-461 

species forest will necessitate accounting for the distinct physiological signatures of the understory and the complex light-462 

harvesting dynamics of varying tree overstory plant types. Adjusting and validating DART-EB for these complex environments 463 

will be a critical step towards inclusion of microclimatic drivers in modelling terrestrial carbon cycle and GPP predictions. 464 

4.4 Current model performance and limitations 465 

Resolving physiological and energy balance processes at the level of individual triangular facets allows DART-EB to provide 466 

high-resolution maps at the leaf scale. This structural realism of DART-EB necessitates a computational trade-off. While a 467 

single run of a 1D model, such as SCOPE, takes tens of seconds, a DART-EB calculation can take up to one hour on a standard 468 

laptop/desktop computer, required to process millions of facets. Another limitation is represented by the actual aerodynamic 469 

resistance module, which assumes 1D canopy horizontal homogeneity and utilises only a wind speed without accounting for 470 

a wind directionality. Neglecting the 3D wind field in row-crop systems naturally oversimplifies modelling of an airflow 471 

friction and local velocity, and subsequently impacts the partitioning of heat fluxes. Finally, although DART-EB is one of the 472 

first adopters of the new Johnson-Berry photosynthesis model, allowing for more mechanistic simulations of photosynthetic 473 

processes and SIF fluxes, its validation is still pending, hindered by the scarcity of concurrent photosystem-level 474 

parametrisation measurements that would explicitly account for a 3D architecture of modelled plant canopies. 475 

5 Conclusion 476 

In this study, we demonstrated the design, functionality, and performance of DART-EB, a 3D soil–plant–atmosphere energy 477 

balance model created by coupling the DART radiative transfer with spatially-explicit simulations of ecosystem energy 478 
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exchange. A central innovation of DART-EB is the implementation of multiple models for photosynthesis, energy balance, 479 

latent and sensible heat fluxes, aerodynamic resistance, and soil heat storage per individual triangular facet that can represent 480 

either plant leaves or soil surfaces. The structurally detailed and discrete geometrical representation of plants makes DART-481 

EB a physically robust framework for capturing the microclimatic heterogeneity within even complex canopy structures. 482 

The model's physical consistency was confirmed through output agreements with the well-established and validated 1D 483 

SCOPE model (Yang et al., 2020). When simulating comparable spatially homogeneous canopy representations, SCOPE and 484 

DART-EB yielded high agreements (d ≥ 0.96) in vertical canopy profiles of all primary physical and physiological outputs 485 

(i.e., net photosynthesis, the η SIF correction factor, sensible and latent heat fluxes, as well as leaf surface temperature). Our 486 

DART-EB simulation of a realistic 3D vineyard revealed that 1D canopy abstractions can artificially inflate PAR interception, 487 

leading to substantial inaccuracies, as, for instance, a 44 % overestimation of the net photosynthetic CO2 assimilation rate. Our 488 

findings emphasize that a leaf physiological state cannot be accurately modelled just based on its height in the canopy vertical 489 

profile. High accuracy requires additional geometrical information on foliage 3D canopy positioning and dimensions that 490 

encompasses actual leaf size, density, angularity and clumping. 491 

The DART-EB performance reliability was demonstrated by its ability to reproduce the diurnal course of net photosynthetic 492 

CO2 assimilation for a real alfalfa crop, achieving 8 % relative root mean square error against field measurements. This robust 493 

predictive performance resulted from an accurate modelling of APARChl, enabled by the geometrically-explicit 3D distribution 494 

of foliage facets. By resolving leaf physiological states under varying environmental conditions at the level of individual facet, 495 

DART-EB offers a new capability for ecological modelling research and remote sensing applications of vegetated ecosystems 496 

at detailed spatial scales, for example, a SIF-based high-resolution GPP canopy mapping. 497 

Appendix A. Conversion of radiant flux density units from W m-2 to µmol photon m-2 s-1 498 

Biochemical photosynthesis models require the absorption of photosynthetically active radiation between 400 and 780 nm by 499 

chlorophyll (APARChl), here denoted as 𝐸𝐴𝑃𝐴𝑅
𝐶ℎ𝑙 , which is expressed in Photosynthetic Photon Flux Density (PPFD, µmol m-² s-500 

1). As the energy of a photon depends on its wavelength, the conversion of an absorbed radiation from Watts to photon flux 501 

(µmol s-1) uses a set of conversion factors (µ𝑎𝑏𝑠
𝐶ℎ𝑙 ). The absorption coefficient for chlorophyll, relative to the total absorption by 502 

all vegetation constituents at a given wavelength 𝜆, is 𝐾𝑎𝑏𝑠
𝐶ℎ𝑙(𝜆) = 

𝐾𝑎𝑏𝑠
𝐶ℎ𝑙(𝜆)

𝐾𝑎𝑏𝑠
𝑡𝑜𝑡 (𝜆)

 , where K represents the specific absorption coefficients 503 

for different vegetation traits, including chlorophyll a+b, total carotenoids, and anthocyanins. These K values can be extracted 504 

from the Optipar table in the fluspect_parameters folder of the SCOPE GitHub repository. 𝐾𝑎𝑏𝑠
𝑡𝑜𝑡(𝜆) denotes the sum of the 505 

absorption coefficients for all vegetation components. For a spectral band 𝛥𝜆𝑖, the conversion factor is: 506 

µ𝑎𝑏𝑠,𝛥𝜆𝑖

𝐶ℎ𝑙 =
106

ℎ.𝑐.𝑁𝑎
.

∫ 𝐾𝑎𝑏𝑠
𝐶ℎ𝑙(𝜆).𝐿𝐵(𝜆,𝑇).𝜆.[1−𝜔𝑙(𝜆)].𝑑𝜆𝛥𝜆𝑖

∫ 𝐿𝐵(𝜆,𝑇).[1−𝜔𝑙(𝜆)].𝑑𝜆𝛥𝜆𝑖

, 507 
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where T is the temperature of the sun surface (i.e., 5777 K), c is the speed of light in vacuum (299,792,458 m s-1), h is the 508 

Planck’s constant (6.62618⋅10-34 J s-1), 𝑁𝑎 is the Avogadro’s constant (6.02214076⋅1023), 𝜔𝑙(𝜆) is the sum of facet reflectance 509 

and transmittance at a given wavelength λ, and 𝐿𝐵 is the Planck's law for a blackbody radiation. 510 

µ𝑎𝑏𝑠,𝛥𝜆𝑖

𝐶ℎ𝑙  is used to derive the absorbed photon flux in µmol m-2 s-1 from the total absorbed flux in W m-2: 511 

𝐸𝑎𝑏𝑠,𝛥𝜆𝑖

𝐶ℎ𝑙 (µ𝑚𝑜𝑙  𝑚−2 𝑠−1)  =  µ𝑎𝑏𝑠,𝛥𝜆𝑖

𝐶ℎ𝑙  . 𝐸𝑎𝑏𝑠,𝛥𝜆𝑖

𝑡𝑜𝑡𝑎𝑙  (𝑊 𝑚−2) . 512 

The total APARChl flux is a sum over all the spectral bands 𝛥𝜆𝑖: 513 

𝐸𝐴𝑃𝐴𝑅
𝐶ℎ𝑙 (µ𝑚𝑜𝑙 𝑚−2 𝑠−1) = ∑ µ𝑎𝑏𝑠,𝛥𝜆𝑖

𝐶ℎ𝑙 . 𝐸𝑎𝑏𝑠,𝛥𝜆𝑖

𝑡𝑜𝑡𝑎𝑙𝐼
𝑖=1  (𝑊 𝑚−2), 514 

Appendix B. Energy Balance Components 515 

Net radiation 𝑹  is calculated as the absorbed radiation minus the emitted radiation by a given leaf facet i for the wavelengths 516 

from 0.4 µm to 50 µm. 𝝀𝑬 and 𝑯 are computed as follows: 517 

𝑹 = 𝑨𝒃𝒔𝒐𝒓𝒑𝒕𝒊𝒐𝒏 − 𝑬𝒎𝒊𝒔𝒔𝒊𝒐𝒏,  518 

𝑯 = 𝝆𝒂𝒄𝒑

𝑻𝒊  −  𝑻𝒂𝒊𝒓

𝒂𝒓𝒊

, 519 

𝑳. 𝑬 = 𝑳.
𝒒𝒊(𝑻𝒊) − 𝒒𝒂𝒊𝒓

𝒂𝒓𝒊 − 𝒓𝒊
,  520 

where 𝜌𝑎 is the air density (kg m-3), 𝑐𝑝 is the specific heat capacity of air (J kg-1 K-1), 𝐿 is the latent heat of water vaporization 521 

(J kg-1), 𝑇𝑖  is the temperature of the facet (°C), 𝑇𝑎𝑖𝑟  is the air temperature above the canopy (°C), 𝑞𝑖(𝑇𝑖) is the specific humidity 522 

at the temperature 𝑇𝑖  in stomata (for a leaf facet) or within soil pores (for a soil facet) (kg m-3), 𝑞𝑎𝑖𝑟  is the specific humidity 523 

above the canopy (kg m-³), 𝑎𝑟𝑖   is the aerodynamic resistance (s m-1), and 𝑟𝑖 is the stomatal resistance (for leaf facet) or the soil 524 

surface resistance (for soil facet) (s m-1). 525 

Temperature adjustments for each triangular element are performed using the Newton’s method (Yang et al., 2020): 526 

𝑇𝑎𝑓𝑡𝑒𝑟 =  𝑇𝑏𝑒𝑓𝑜𝑟𝑒 +  
𝑒𝑟𝑟𝑜𝑟𝑏𝑎𝑙𝑎𝑛𝑐𝑒
𝛿𝑒𝑟𝑟𝑜𝑟𝑏𝑎𝑙𝑎𝑛𝑐𝑒

𝛿𝑇

. 527 

Appendix C. Geometric classification of sunlit and shaded foliage facets 528 

A classification, implemented in DART-Lux by Regaieg et al. (2023), classifies facets as either sunlit or shaded. First, a regular 529 

3D grid is introduced in the simulated scene to spatially segment each facet. Two situations are possible:  530 

- The facet is entirely enclosed within a single grid cell. Then, its centroid point P is assigned, and the local sunlit fraction 531 

𝑓𝑠𝑢𝑛𝑙𝑖𝑡   is calculated as the ratio of the incoming direct solar irradiance 𝐸𝑃,𝑑𝑖𝑟𝑒𝑐𝑡 𝑠𝑢𝑛 at point P, considering the occlusion 532 
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by other scene elements, to the hypothetical irradiance 𝐸𝑃,𝑠𝑢𝑛𝑙𝑖𝑡 that P would receive assuming no obstacle between it and 533 

the sun  (i.e., fully sunlit condition):  534 

𝑓𝑠𝑢𝑛𝑙𝑖𝑡 = 
𝐸𝑃,𝑑𝑖𝑟𝑒𝑐𝑡 𝑠𝑢𝑛

𝐸𝑃,𝑠𝑢𝑛𝑙𝑖𝑡
 535 

where 𝐸𝑃,𝑠𝑢𝑛𝑙𝑖𝑡 = 
𝐸𝐵𝑂𝐴,𝑠𝑢𝑛

𝑐𝑜𝑠(𝜃𝑠𝑢𝑛 )
⋅ |𝛺𝑠𝑢𝑛 ⋅ 𝛺𝑙𝑒𝑎𝑓| , 𝐸𝐵𝑂𝐴,𝑠𝑢𝑛 is the direct bottom-of-atmosphere solar irradiance, 𝜃𝑠𝑢𝑛 is the sun 536 

zenith angle, 𝛺𝑠𝑢𝑛 is the solar direction unit vector, and 𝛺𝑙𝑒𝑎𝑓  is the leaf zenith angle. 537 

- The facet is in several grid cells. Then, it is segmented into N sub-polygons and N centroid points (1 per sub-polygon) are 538 

calculated. The total sunlit fraction of the original facet is then derived as an area-weighted average of the sub-polygons’ 539 

sunlit fractions. 540 

  541 

A threshold of the 𝑓𝑠𝑢𝑛𝑙𝑖𝑡  variable, separating sunlit and shaded facets, is then applied to create a 3D mask of a sunlit fraction, 542 

hereafter referred to as sf_mask. Figure C1 shows the density distributions of the sunlit fraction for three different triangular 543 

facet sizes (i.e., 30, 10, and 5 cm2). The distribution of 𝑓𝑠𝑢𝑛𝑙𝑖𝑡  per facet is getting more bimodal as the facets become smaller, 544 

demonstrating that the sunlit fraction tends to accumulate around the minimum and maximum extremes. Since shaded facets 545 

should not receive any direct sunlight, the effect of direct solar radiation on facets classified as shaded is expected to be 546 

minimized during the threshold optimization. This requirement can be, however, overly restrictive with respect to some facet 547 

sizes. Considering these aspects, we set the default sunlit threshold sf_mask at 0.01 (1 %), as it minimizes the influence of 548 

direct sunlight on shaded facets and simultaneously maintains a sufficient density of shaded leaf facets, especially in cases of 549 

relatively large triangles. 550 

      551 

Figure C1: Fraction of leaf facet area receiving direct sun irradiance for three predefined facet-area sizes. 552 
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Appendix D. Index of agreement between two datasets 553 

The d-index of agreement (Willmott, 1981) is a normalized statistical measure that quantifies the degree of correspondence 554 

(similarity) between two datasets, where one serves as the reference and the other is the examined dataset. It ranges from 0 to 555 

1, with d = 1 indicating perfect agreement and d = 0 signifying no agreement. The formula for the d-index is: 556 

𝑑 = 1 −  
∑ (𝐸𝑖− 𝑅𝑖)2𝑛

𝑖=1

∑𝑖=1
𝑛 (|𝐸𝑖−𝑅̅|+ |𝑅𝑖− 𝑅̅|)2  , 557 

where 𝐸𝑖 represents the examined dataset values, 𝑅𝑖 corresponds to the reference dataset values, 𝑅̅ is the mean of the reference 558 

dataset, and n is the total number of observations. 559 

The relative root mean square error (RRMSE) was calculated as: 560 

𝑅𝑅𝑀𝑆𝐸 = 100 ×
√

1

𝑛
∑ (𝐸𝑖−𝑅𝑖)2𝑛

𝑖=1

𝑅̅ ̅
  . 561 
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