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Three-dimensional canopy morphology
and wind dynamics govern global rainfall
interception
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Simulating rainfall interception is essential for understanding the global water cycle. Yet most Earth
system models rely on leaf area index-based representations, with limited three-dimensional canopy
structure, introducing structural uncertainty. Here, we introduce Feature-Constrained Deep Symbolic
Regression, an artificial intelligence approach for explicit canopy interception parameterization.
Global analyses show that three-dimensional canopy morphology and wind dynamics dominate
interception, while precipitation intensity reduces interception efficiency. Morphology-based
parameterizations improve site-level interception loss rate KGESS by 0.27–0.39 over traditional
approaches. Budyko-based analyses show improved evapotranspiration at nearly 70% of global flux
sites and stronger runoff dynamics across six major river basins. CONUS CoLM simulations show
improved runoff over 71.5% of the domain relative to GRDC and streamflow at 55.7% of GRFR
stations. Global applications reveal nonlinear interception responses to rainfall intensity and
vegetation structure. Together, Feature-Constrained Deep Symbolic Regression enables
morphology-based parameterization, reducing rainfall partitioning uncertainty in Earth system
models.

Canopy interception is a key regulator of the terrestrial water cycle, con-
trolling the partitioning of precipitation into evaporation, throughfall, and
stemflow. This process profoundly shapes runoff generation, soil moisture
dynamics, and land–atmosphere energy exchange1–5. Interception loss (I) is
defined as the fraction of rainfall retained by vegetation and evaporated back
to the atmosphere. Globally, it accounts for approximately 10-30% of
rainfall, rising to nearly 50% in dense forests6–8. Misrepresenting this flux
introduces systematic biases that cascade through hydrological models,
compromising predictions of water availability, flood risk, and ecosystem
responses to climate variability9–11. Given its sensitivity to both climate and
vegetation change, accurate interception modeling is crucial for reliable
Earth system simulations.

Despite its importance, rainfall interception remains poorly con-
strained in Earth System Models (ESMs). Most ESMs and hydrological
models rely on “big-leaf” or “two-big-leaf” simplifications12–14, reducing
complex canopy architecture to simple indices, primarily the Leaf Area

Index (LAI) 15-21. This paradigm fundamentally misrepresents the physical
mechanisms governing how three-dimensional (3D) structures modulate
rainfall redistribution, temporary storage, and subsequent evaporation.
Consequently, I is often calculated using empirical LAI-based rules that lack
a robust physical basis and fail to capture the dynamic interplay between
canopy structure and meteorological conditions2,15. This reliance on LAI
introduces significant structural uncertainty into large-scale hydrological
and climate predictions (Supplementary Table S1 surveys representative
schemes in widely used Land Surface Models15–21).

A growing body of evidence underscores the dominance of 3D canopy
architecture in controlling interception processes22,23. Mechanistic experi-
ments reveal that throughfall partitioning, which includes free throughfall,
splash, and drip, depends heavily on voxel-based canopy structure and
raindrop microphysics24. Microphysical theories further link interception
efficiency to explicit structural traits derivable from high-resolution
LiDAR25. At broader scales, hybrid modeling analyses attribute much of
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the variability in global interception to changes in rainfall frequency and
intensity rather than LAI alone, emphasizing the importance of weather
coupling, which LAI-focused models tend to overlook. Despite these
insights, a generalized, physically explicit scheme that translates 3D canopy
morphology into scalable interception parameterizations remains elusive.

Machine learninghas proven adept atmodeling nonlinear dynamics in
Earth-system processes26–28, yet translating these insights into explicit,
transferable equations, instead of black-box predictors29,30 remains a per-
sistent challenge31. Symbolic Regression (SR), particularly Deep SR
(DSR)32,33, offers a pathway to discover transparent, physics-consistent
formulas directly from data. By integrating domain knowledge and struc-
tural priors, such as 3D canopy architecture and meteorological drivers,
DSR can be guided toward physically meaningful and interpretable repre-
sentations of complex processes34,35. This approach offers a promising
avenue for developing advanced parameterization schemes by bridging the
gap between data-driven discovery and process-based modeling.

Here, we introduce a Feature-Constrained Deep Symbolic Regression
(FC-DSR) framework to derive explicit, morphology-driven parameteriza-
tions for canopy interception.We leverage interpretable artificial intelligence
(AI) method, Random Forest (RF) SHapley Additive exPlanations (SHAP),
to identify key biophysical drivers, prioritizing 3D canopy structure and
wind dynamics to constrain the symbolic search toward physically plausible
forms.We compiled a comprehensive multiscale dataset of interception loss
ratios (I=P), spanning 1982–2020, where I denotes interception loss and P
denotes total precipitation. The resulting scheme is first evaluated within a
modified Budyko water-balance framework14 to assess its impact on
evapotranspiration–runoff partitioning. Subsequently, we implement the
scheme in the CoLM2024 land surface model (https://github.com/CoLM-
SYSU/CoLM) coupled with the CaMa-Flood routing model36, evaluating
improvements in runoff and river discharge from catchment to global
scales. Finally, we analyze global interception patterns and long-term trends.
Our findings demonstrate that morphology-driven interception enhances
hydrological realism and offers a practical, physics-based alternative to
conventional LAI-centric approaches in Earth system modeling.

Results
Canopy morphology and wind dynamics dominate interception
To identify the dominant physical controls on I=P and guide the develop-
ment of FC-DSR, we first used SHAP analysis37 to quantify variable

importance across diverse vegetation types. In this analysis, SHAP values
indicate how much each variable increases or decreases the predicted I=P
relative to the model’s average prediction, with larger absolute values
representing stronger influence. The analysis unequivocally demonstrates
that 3Dcanopymorphology andwinddynamics exert substantially stronger
control over interception than the traditional LAI. We categorized pre-
dictors based on physical traits: 3D structure (CanopyDepth (CD), Canopy
Width (CW),TreeHeight (TH)), geometric ratios (Height-to-Width (HW),
Depth-to-Width (DW)), vegetation cover (LAI, Fractional Vegetation
Cover (FVC)), and meteorology (Wind Speed (Wind)) (Fig. 1). By prior-
itizing variables with high SHAP scores within the FC-DSR framework (see
Methods), we guided the discovery process toward the most influential
physical drivers, especially CD, CW, andWind. To improve readability, all
symbols and abbreviations used in FC-DSR are summarized in Table 1.

To interpret these drivers within a physically meaningful framework,
we build on the Budyko-based formulation described in the “Methods”
section and incorporate FVC as a grid-scale adjustment factor. The validity
of this modification is supported by the results presented in the “Enhanced
Water Balance Partitioning” section. The resulting formulation is written as
follows:

I=P ¼ 1� δð Þe�δ � FVC � 100% ð1Þ

Here, δ represents the ratio of canopy storage capacity (Cmax) to pre-
cipitation intensity (PI).Cmax is defined for the vegetated fraction of the grid
cell, representing canopy storage capacity only where vegetation is present,
rather than a value pre-averaged over the full grid cell. Multiplication by
FVC therefore converts canopy-level storage into an effective grid-cellmean
through area weighting. By contrast, precipitation depth P is defined on a
ground-area basis for the entire grid cell and is not multiplied by FVC.
Under this formulation, I=P is defined consistently at the grid scale. Both
Cmax and PI are expressed as equivalent water depths (mm), whichmakes δ
dimensionless.Here, PI is defined as themean rainfall depthper event and is
estimated frommonthly precipitation and the number ofwet days using the
statistical framework of Good et al14. As the ratio of Cmax to precipitation
input, δ governs both the magnitude and the curvature of the interception
response.Our SHAPanalysis reveals that structural variables (CD,CW)and
Wind explain the variability in δ more robustly and consistently across
biomes than LAI (Fig. 1). In Fig. 1, variables are ordered by their overall

Fig. 1 | SHAP-based feature importance across vegetation types. a For needleleaf
forests, variables are ordered by importance, with higher positions indicating
stronger influence. Canopy structure is shown in yellow, canopy geometric ratios in
orange, vegetation cover in light red, and meteorological factors in dark red. b For
broadleaf forests, variables are ordered by importance using the same colour cate-
gories as in (a). c For shrubs, variables are ordered by importance and include only

meteorological and vegetation-cover variables; wind, temperature, and relative
humidity are shown in yellow, orange, and light red, respectively, and vegetation
cover is shown in dark red. All variables except precipitation intensity (PI) are
included as predictors in the FC-DSR parameterization of Cmax. PI enters indirectly
through δ ¼ Cmax=PI and therefore influences the optimization through the I=P
objective.
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importance, as measured by the magnitude of their SHAP values, with
higher positions indicating stronger influence on the predicted I=P. This
finding underscores the necessity of explicitly representing these factors in
interception schemes to reduce systematic biases inherent in current
models. The attribution patterns align strongly with physical mechanisms
(Fig. 2 and Supplementary Fig. S1). In Fig. 2, SHAP dependence plots show
how changes in each variable influence the predicted I=P, where positive
(negative) values indicate an increase (decrease) in interception. The
strengthof these relationships is further quantifiedby theR² values shown in
Fig. 2 and Supplementary Fig. S1. PI exhibits the strongest overall influence,
showing a pronounced negative effect on I=P (Supplementary Fig. S1c;
SHAP magnitudes spanning approximately −20 to 5). This confirms that
intense rainfall rapidly overwhelms Cmax, reducing interception
efficiency2,38. Crucially, Wind and canopy architecture emerge as dominant
modulating factors. Wind consistently reduces canopy storage across all
vegetation types (Fig. 2d). This aligns with physical processes where wind
dislodges intercepted droplets through aerodynamic drag and mechanical
shaking, promoting droplet coalescence and fall39–42.

Structural controls exhibit distinct, vegetation-dependent roles. In
needleleaf forests, both CD and CW positively correlate with I=P, with CD
showing a stronger contribution (Fig. 2a, b; blue circles). In broadleaf forests,
CD shows a positive relationshipwith interception, whereas theHWratio is
negatively related to it (Fig. 2b, c; yellow symbols).

Discovery of morphology-driven interception parameterizations
Guided by these dominant drivers, the FC-DSR framework derives explicit and
compact parameterizations for δ in the canopy interception scheme. The
discovered analytical expressions (Table 2) reveal a tight, nonlinear coupling
between canopy geometry (CD,CW,HW) andmeteorological forcing (Wind).

This interpretation is consistent with recent process-based studies43

showing that canopy storage capacity depends not only on vegetation
amount, such as LAI, but also on canopy structural properties. The func-
tional forms include both main effects and critical interactions (products
and ratios) that linearmodels inherentlymiss. Physically, these relationships
demonstrate that canopy morphology sets the baseline storage capacity,
while wind dynamically modulates the realized interception. The inverse
relationship withWind across all types explicitly quantifies the mechanical
removal of water from the canopy. The distinct structural terms, such as the
additive influenceofCDandCWinneedleleaf versus the interactionofCW,
Wind, and HW in broadleaf, reflect the different ways these canopy
architectures interact with rainfall and airflow. Independent validation
confirms the robustness and superior performance of the morphology-
driven scheme (Fig. 3). Across the three vegetation types, the FC-DSR
scheme substantially improves predictive skill, increasing the Kling–Gupta
Efficiency Skill Score (KGESS) by 0.27 to 0.39 compared to the conventional
empirical baseline44.

Table 1 | Symbols used in the interception parameterization
scheme

Symbol Definition Unit

I Interception loss mm

P Precipitation mm

I=P Interception loss ratio %

Cmax Max canopy water storage capacity mm

PI Precipitation intensity mm

δ Ratio of (Cmax) to (PI) -

FVC Fractional vegetation cover -

LAI Leaf area index -

CD Canopy depth m

CW Canopy width m

TH Tree height m

HW Height-to-width ratio -

DW Depth-to-width ratio -

Wind Wind speed m/s

Fig. 2 | SHAP dependence plots for key variables.
a–d Test-set samples for canopy width (CW),
canopy depth (CD), height-to-width ratio (HW),
and wind speed (Wind), respectively. Blue circles,
yellow stars, and red squares denote needleleaf,
broadleaf, and shrub vegetation, respectively. Solid
lines indicate linear regression fits for each type, with
shaded bands showing 95% confidence intervals. R2

values are provided for each fitted line to indicate the
strength of the linear relationships.

R2=0.12

R2=0.54

R2=0.63

R2=0.14

R2=0.01

R2=0.08 R2=0.67
R2=0.65

R2=0.41

R2=0.12

R2=0.54

R2=0.63

R2=0.14

R2=0.01

R2=0.08 R2=0.67
R2=0.65

R2=0.41

Table 2 | Explicit canopy interception parameterizations (δ)
derivedbyFC-DSR.CDdenotescanopydepth,CWrepresents
canopywidth,Wind refers towind speed, HW is the height-to-
width ratio of the canopy, and PI indicates precipitation
intensity

Vegetation type δ parameterizations

Needleleaf CDþCW
4� 1þWindð Þ�PI

Broadleaf CW
2� Wind�HWð Þ�PI

Shrubs 1
1þWindþ1
2�PI
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While the RF model achieves high accuracy, FC-DSR provides com-
parable or superior skill while offering the critical advantage of interpret-
ability. Notably, in needleleaf forests, KGESS reaches 0.73 with FC-DSR, a
significant improvement over 0.50 for RF. The larger improvement likely
reflects themore coherent structural controls in needleleaf forests. Both CD
and CW have positive effects (Fig. 2), with CD playing the dominant role,
consistent with conifer canopy structure. The relatively regular and verti-
cally organized architecture of conifer stands likely produces a smooth and
physically interpretable response to CD that can be captured effectively by
FC-DSR. In contrast, RF relies on recursive local partitions that may fit site-
specific variability but do not necessarily recover an equally transferable
functional relationship. This may explain why FC-DSR performs especially
well whenCD is the dominant canopy control. In broadleaf forests, FC-DSR
exhibits reduced bias and better captures systematic variation, with fitted
relationships (y ¼ 0:49x þ 3:67) aligning more closely with observations
thanRF (y ¼ 0:47x þ 9:31). These results demonstrate that constrained SR
successfully distilled complex relationships into transparent, physically
interpretable formulations. This morphology-driven scheme provides a
practical and robust pathway to incorporate 3D canopy structure and wind
effects into large-scale models.

Enhanced water balance partitioning
To assess how the derived parameterizations affect precipitation parti-
tioning at the process level, we incorporated them into a revised Budyko
water-balance framework14. We tested four configurations (Schemes 1-4;
Fig. 4 and Supplementary Tables S2 and S3) that systematically varied the

interception scheme (Empirical Baseline vs. FC-DSR) and the scale atwhich
FVC is applied (Process-scale within δ vs. Grid-scale modifier). Validation
against evapotranspiration (ET) data from 103 global flux sites (Supple-
mentary Table S4) revealed that Scheme 4, which integrates the FC-DSR
parameterization with grid-scale FVC modification, achieved the highest
overall performance (Median KGESS = 0.410; Supplementary Fig. S2).
Figure 4a, b are based on all available sites and assess the benefit of incor-
porating FVC as a grid-scale factor. Figure 4c, d are based on a subset of
selectedvegetation types, includingNeedleleaf, Broadleaf, Shrubs, andassess
the improvement of the new parameterization across different categories of
parameterization change. Treating FVC at the grid scale (Schemes 3 and 4)
consistently outperformed embedding FVCwithin the process parameter δ
(Schemes1 and2). Specifically, Scheme3 improveduponScheme1at 71.8%
of sites, and Scheme 4 improved upon Scheme 2 at 69.9% of sites. This
demonstrates that applying FVC as an aerial fraction at the grid scale more
effectively captures sub-grid heterogeneity than attempting to modify the
microphysical interception process directly. Furthermore, themorphology-
driven FC-DSR scheme consistently outperforms the empirical baseline
(Fig. 4c, d). Performance gains varied across aggregated vegetation groups
(see “Methods”). Notably, in Mixed forests, the interaction between para-
meterizationand scalingwaspronounced.Thedegradedperformancewhen
injecting FVC into δ (Schemes 1–2) confirms that a single process-level
parameter cannot adequately represent the structural diversity of hetero-
geneous stands, reinforcing the superiority of the grid-scale treatment of
FVC. We further evaluated the impact on global runoff generation by
comparing Scheme 4 (FC-DSR) with Scheme 3 (Empirical Baseline) over

Zhong (2022):

FC-DSR:

Zhong (2022):

FC-DSR:

Zhong (2022):

FC-DSR:

Observed I/P (%)

10

20

30

40

)c()b()a(

(f)

(i)(h)(g)

)e()d(

Fig. 3 | Performance of canopy interception parameterizations against obser-
vations. a–i Predicted versus observed interception loss rate, I/P, for different
vegetation types and canopy parameterization schemes. Rows represent vegetation
types, including needleleaf, broadleaf, and shrubs, and columns represent para-
meterization schemes, including Zhong (2022), random forest (RF), and feature-

constrained deep symbolic regression (FC-DSR). Point colours indicate absolute
error, calculated as |prediction− observation|. Red lines denote the 1:1 line, and blue
lines denote regression lines. Formulas on the right show the canopy storage para-
meterizations from Zhong (2022) and our scheme.
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the period 2000–2019. The morphology-driven scheme induced distinct
spatial shifts (Fig. 5a), generally increasing runoff across high-latitude for-
ests and specific tropical regions,while decreasing it elsewhere, reflecting the
altered interception and subsequent ET and runoff partitioning.

At the basin scale, we analyzed discharge in six major global river
systems (Amazon, Columbia, Danube,Mississippi, Orange, and Paraná) by
aggregating modeled runoff upstream of GSHA45 gauges. These basins
encompass diverse hydroclimatic and vegetation regimes, including humid
tropical, temperate agricultural, snow-influenced mountainous, temperate
mixed, semi-arid, and subtropical seasonal systems. Across these settings,
Scheme 4 outperformed Scheme 3 in five of the six basins for both annual
time series and cumulative runoff (Fig. 5b–g and Supplementary Fig. S3),
demonstrating robust performance and broad transferability. Crucially,
Scheme 4 demonstrated enhanced capability in tracking dynamic discharge
fluctuations, better capturing peak flows and recession dynamics (Fig. 5b–g,
red circles). This improved responsiveness stems from the more realistic,
morphology-aware representation of canopy storage. While Scheme 3
showed marginally better performance during some specific low-flow
periods (blue circles), Scheme 4 provides greater physical realism and
robustness across diverse hydroclimatic regimes.

Impacts on dynamic land surface simulations
To examine whether the proposed scheme improves fully coupled land-
surface simulations, we implemented the FC-DSR parameterizations in
CoLM2024, hereafter referred to as CoLMA). We specifically replaced the
original LAI-based interception rule (Supplementary Text S1) while pre-
serving all other model components and forcings. Simulations were con-
ducted over the contiguousUnited States (CONUS) and evaluated using the
standardized OpenBench platform46, this region was chosen because it
provides extensive, high-quality runoff and streamflow reference data.
CoLMA substantially improved hydrological performance compared to the
baseline CoLM.

Analysis of the normalized Root Mean Square Error (RMSE) score
(nRMSEScore; Fig. 6a, b) shows that CoLMA enhanced runoff simulation
skill relative to GRDC reference data at 71.5% of gauging stations, and
improved streamflow skill relative to GRFR47 records. The most significant
runoff improvements were concentrated in the mountainous western U.S.
and the semi-arid Southwest (Fig. 6a, blue-circled region). In these complex
terrains, characterized by event-driven hydrology and orographic effects,
accurate interception partitioning is crucial. By replacing the simplistic LAI
rule with the physically grounded FC-DSR scheme, CoLMA more realisti-
cally distributes precipitation among throughfall, canopy evaporation, and
soil recharge, enhancing local water-balance fidelity.

The implementation led to physically coherent adjustments through-
out the hydrological system. CoLMA generally increased simulated canopy
interception, resulting in amodest reduction in effective surface water input
and modeled streamflow across much of the CONUS (Fig. 6c and Sup-
plementary Fig. S4). At representative gauging stations (Fig. 6d–f), the
cumulative streamflow simulated by CoLMA tracks GRDC observations
more closely than the original CoLM, particularly in capturing long-term
dynamics (Fig. 6d–f, purple boxes). These results indicate that incorporating
3D canopy structure and wind dynamics provides a more realistic repre-
sentation of land surface hydrological processes.

Global interception patterns driven by 3D structure
After validating the scheme through both site-scale and model-based eva-
luations, we extended FC-DSR to the global scale to produce new estimates
of I and I=P (Fig. 7 and Supplementary Fig. S5). To ensure robustness and
maintain physical interpretability across diverse climate zones, input vari-
ables (Wind, CD, CW) were harmonized and constrained within biome-
specific physical ranges observed during training (see “Methods”). The
resulting global patterns reveal pronounced spatial heterogeneity that
strongly reflects the underlying 3D canopymorphology. Absolute I peak in
humid tropical broadleaf forests (Supplementary Fig. S5a, b). This pattern is
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Fig. 4 | Performance comparison of interception parameterizations in the revised
Budyko model. a, b Spatial patterns of KGESS improvements, with Scheme 3
evaluated against Scheme 1 and Scheme 4 against Scheme 2, calculated as (Scheme
3–Scheme 1)/|Scheme 1| and (Scheme 4–Scheme 2)/|Scheme 2|. c, d Scatterplots of

KGESS improvements across vegetation types, showing Scheme 2 relative to Scheme
1 and Scheme 4 relative to Scheme 3, calculated as (Scheme 2–Scheme 1)/|Scheme 1|
and (Scheme 4–Scheme 3)/|Scheme 3|.
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driven by the coincidence of high precipitation and maximal Cmax, char-
acterized by the largest observed CW and CD globally (Fig. 8b, d).

In contrast, I=P, which indicates the relative importance of intercep-
tion in thewater balance, highlights different structural controls. Temperate
and boreal coniferous forests exhibit high I=P values despite lower annual
rainfall (Fig. 7a, e). This high efficiency is consistent with their dense, ver-
tically developed canopies (high CD; Fig. 8a, c), which maximize rainfall
contact time and storage. The tight spatial covariation between global
interception patterns and 3D canopy geometry (CD, CW) confirms that
morphology is a first-order control on global water partitioning, surpassing
the explanatory power of LAI alone.

Benchmarking and divergence from existing products
To place these estimates in context, compared the morphology-driven
product48 with two established global datasets, GLEAM v4.2a49 and Lian
(2022)2. Analysis of the mean differences (2000–2020) reveals significant
regional divergences, reflecting fundamental differences in the underlying
parameterizations (Fig. 9a–d and Supplementary Fig. S6–S7). Notably, our
estimates yield substantially higher I and I=P in the tropics compared to
both references. AKöppen climate-zone analysis (Fig. 9e, f) highlights these

contrasts.While spatial patterns of I show broad consistency, I=P estimates
diverge sharply. In the tropics, our product yields the highest I=P estimates,
reaching about 16%, which is 6–8%higher than those of the other products.
This difference likely arises from the explicit representation of 3D canopy
structure in FC-DSR, particularly CW and CD, which allows the model to
better capture Cmax of complex, multilayered tropical canopies. This
interpretation is broadly consistent with the findings reported by Porada
et al. in 2018, who showed that non-vascular vegetation can substantially
increaseCmax and enhance rainfall interception at large scales

50. This aspect
is frequently underestimated bymodels focusing solely on LAI. Conversely,
in arid zones, Lian et al. 2 reports the highest I=P (~11%), while our product
and GLEAM are lower (~5%). In structure-dominated biomes (needleleaf
and broadleaf forests), our morphology-based estimates offer a more phy-
sically constrained representation aligned with process understanding44.

Nonlinear interception responses to global change
We further examined how interception responds to long-term changes in
climate and vegetation.We analyzed trends in I and I=P from 1982 to 2020
(Fig. 10a, c) alongside concurrent trends in precipitation sum (PS) and PI
(Fig. 10b and Supplementary Table S5).

(a)

)d()c()b(

(g)(f)(e)

Fig. 5 | Global runoff differences between Scheme 4 and Scheme 3. a Spatial
distribution of runoff differences, calculated as the multi-year mean runoff of
Scheme 4 minus that of Scheme 3. b–g Time-series comparisons of cumulative

runoff at representative stations during 2000–2019. Red circles mark runoff stations
where Scheme 4 yields cumulative runoff closer to observations than Scheme 3,
whereas blue circles indicate stations where Scheme 4 performs worse.
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(c)

(b)

(d) (e) (f)

(a)

Fig. 6 | Improvements in runoff and streamflow simulations with CoLMA.
a Relative improvement of CoLMA over CoLM in nRMSEScore for runoff, using
GRFR47 as the reference dataset. b Relative improvement of CoLMA over CoLM in
nRMSEScore for streamflow, using Global Runoff Data Centre discharge data
(GRDC) as the reference dataset. Relative improvement is calculated as (CoLMA −

CoLM)/|CoLM| × 100%. c Interannual differences in streamflow between CoLMA

and CoLM, calculated as CoLMA− CoLM. d–f Cumulative streamflow at three
representative sites. Red lines denote CoLM, blue lines denote CoLMA, and green
lines denote GRDC. Purple boxes highlight magnified views of the last 10% of the
time series.

Fig. 7 | Global distribution of canopy interception loss ratio (I/P) during 1982–2020. a Global spatial pattern of I=P. b–f Spatial distributions of I=P in tropical, arid,
temperate, cold, and polar climate regions, respectively. Color bars indicate I=P values in percent.
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The results reveal highly nonlinear and regionally heterogeneous
responses. In northern Eurasia (Fig. 10, red box), both I and I=P show clear
increases. This trend is consistent with observed increases in both rainfall
and LAI (Supplementary Fig. S8a), indicating that vegetation greening and
regional wetting have synergistically enhanced canopy interception, despite
mixed trends in PI.

Tropical responses were far more complex. In several tropical
regions (e.g., purple box), both I and I=P declined, irrespective of local
rainfall trends. This decline likely reflects the impacts of forest degra-
dation and climate stress51, which simplify canopy structure and poten-
tially increase local wind exposure (Supplementary Fig. S8b). These
structural changes reduce interception efficiency, thereby overriding the
potential effects of changes in precipitation intensity. The Congo basin
(blue box) illustrates decoupled responses: decreased overall rainfall
reduced total I, while a concurrent decrease in rainfall intensity increased
the I=P. Globally, PS, PI, I, and I=P all exhibit positive trends over the
past four decades (Fig. 10d–g). Here, each point represents the annual
global mean calculated by first aggregating the data to the annual scale
and then averaging across all grid cells. Linear trends were estimated
using ordinary least squares regression. This underscores a critical
dynamic. The climate-driven intensification of the hydrological cycle not
only increases water inputs to ecosystems but substantially amplifies the
regulatory role of the canopy in partitioning global rainfall. Capturing
these complex trends requires models such as the FC-DSR scheme, which
explicitly account for interactions among canopy morphology, wind
dynamics, and evolving rainfall patterns.

Discussion
Our results show that rainfall interception cannot be adequately represented
by LAI-centered formulations alone. Across site observations, water-
balance analysis, land-surface simulations, and global application, inter-
ception is controlled more strongly by 3D canopy morphology and wind
dynamics than by LAI alone. This helps explain why conventional big-leaf
interception schemes often perform inconsistently across vegetation types
and climatic regimes. Rather than being determined mainly by LAI,

interception at the monthly scale emerges from the nonlinear interaction
among canopy architecture, aerodynamic forcing, and rainfall
characteristics.

A first key result is that 3D canopy structural traits exert distinct and
physicallymeaningful controls across vegetation types. The SHAP rankings
inFig. 1 and thedependencepatterns inFig. 2 show that inneedleleaf forests,
CD contributes more strongly than CW, suggesting that vertically devel-
oped, multilayered canopies enhance rainfall contact time and storage
efficiency38,52. In broadleaf forests, by contrast, the negative relationshipwith
HW (Fig. 2b, c; yellow symbols) indicates that tall, narrow crowns are less
effective at retaining rainfall, likely because they provide less lateral storage
area per unit ground area and facilitate more direct drainage and drip
pathways. Greater aerodynamic exposure may further accelerate droplet
removal and shorten canopy water residence time. This interpretation is
consistent with previous studies showing that rainfall partitioning is shaped
not only by LAI, but also by crown traits, canopy spatial organization,
throughfall pathways, and aerodynamic regulation of wet-canopy eva-
poration and droplet removal53. These contrasting responses show that
interception is not controlled by a single universal structural metric. They
also help explain why LAI-based approaches, which compress canopy
form into a single indicator of LAI, miss important structural hetero-
geneity. Our findings do not suggest that LAI is unimportant, since LAI
remains linked to storage capacity. They do indicate, however, that LAI
alone is insufficient to explain interception variability at the monthly
scale considered here. Instead, interception is better characterized by the
nonlinear interaction between 3D canopy architecture, particularly CD
and CW, and near-surface wind dynamics. Together, these factors cap-
ture structural heterogeneity and aerodynamic regulation beyond what
LAI alone can represent.

A second important result is that FC-DSR improves predictive per-
formancewhile preserving process interpretability. The strong performance
of the explicit FC-DSR parameterizations in Fig. 3 shows that the dominant
structure–function relationships can be distilled into compact analytical
forms rather than remaining embedded in black-box models. This is par-
ticularly clear in needleleaf forests, where FC-DSR outperforms RF and

Fig. 8 | Global patterns of canopy structural traits. a, b Spatial distributions of
canopy depth (CD) for needleleaf and broadleaf vegetation, respectively. c, d Spatial
distributions of canopy width (CW) for needleleaf and broadleaf vegetation,

respectively. e, f Spatial distributions of the canopy depth-to-width ratio (DW),
calculated as CD/CW, for needleleaf and broadleaf vegetation, respectively.
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yields a much clearer functional relationship between canopy structure and
interception. A likely explanation is that structural controls in conifer
canopies are more coherent and physically organized, making them more
amenable to SR representation. RF can fit local variability effectively, but its
recursive partitioning does not necessarily recover transferable functional
relationships. The contrast in Fig. 3 therefore suggests that the advantage of
FC-DSR is not merely methodological convenience. It directly supports the
broader claim that interception can be represented more faithfully when
canopy structure is included explicitly and mechanistically.

The Budyko-based experiments further show that improved inter-
ception parameterization requires appropriate spatial scaling. The com-
parisonamongSchemes1–4 inFig. 4 indicates that FVCshould actas a grid-
scale modifier of interception flux rather than being embedded directly in
the process-level storage parameter. This distinction is physically important.
Embedding FVC in δ implicitly assumes that sub-grid vegetation cover
alters the intrinsic canopy storage process itself, whereas our results indicate
that FVC primarily serves as an aerial weighting factor that translates
canopy-scale interception to the grid-cell scale. The degradation that occurs
when FVC is introduced directly into δ, especially in mixed forests (Fig. 4c,
d), highlights the risk of conflating process representation with spatial
aggregation. In heterogeneous landscapes, a single process-scale parameter
cannot capture the diversity of canopy architectures within a grid cell.
Figure 4 therefore provides more than a technical modeling result. It offers
broader guidance on how structural information should be incorporated
into large-scale land-surface models.

The hydrological analyses provide an additional test of whether the
new interception scheme matters beyond local interception estimates. The
morphology-driven scheme improves the simulation of discharge varia-
bility, especially during hydrological transitions and high-flow periods,
indicating that interception errors propagate nonlinearly into runoff gen-
eration and streamflow timing. Because interception is the first partitioning
step after rainfall reaches the canopy, evenmoderate biases at this stage can
alter effective water input to soils and river networks, thereby affecting peak
flows, recession behavior, and annual runoff totals. The stronger perfor-
mance of Scheme 4 infive of sixmajor river basins (Fig. 5), togetherwith the
improvement at 71.5% of CONUS runoff stations (Fig. 6), indicates that
morphology-aware interception is not simply improving point-scale fit. It is
improving the realism of coupled hydrological behavior.

Thesehydrological gains help clarifywhy theproposed schemematters
for Earth system modeling more broadly. The strongest improvements are
concentrated in event-responsive regions, especially the mountainous
western CONUS and semi-arid transition zones in Fig. 6. This pattern
suggests that interception efficiency depends not only on storage capacity,
but also on how rapidly canopy storage is overwhelmed by intense rainfall
and how quickly stored water is removed by aerodynamic forcing. Tradi-
tional LAI-based schemes largely interpret interception as a capacity
determined by LAI, but the responses in Figs. 5–6 show that this view is
incomplete. In regions where runoff is highly sensitive to rainfall parti-
tioning, a more realistic interception formulation affects not only water
balance closure, but also the timing of land atmosphere exchange and runoff

Fig. 9 | Comparison of canopy interception esti-
mates with existing products. a, b Differences
between interception loss (I) and interception loss
ratio (I=P) from this study andGLEAMv4.2a for the
2000–2020 mean, calculated as This Study –
GLEAM v4.2a. c, d Differences between I and I=P
from this study and Lian (2022) for the 2000–2020
mean, calculated as This Study–Lian (2022).
e, f, Radar plots showing the 2000–2020mean values
of the three products across different climate zones.
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delivery. The value of incorporating three-dimensional canopy structure,
therefore, extends beyond interception itself to the broader terrestrial
water cycle.

The global analyses reveal another important implication by
showing that canopy morphology changes the inferred large-scale geo-
graphy of interception. The differences relative to existing products in
Fig. 9, together with the global spatial patterns in Figs. 7–8, show that our
estimates yield substantially higher I=P in tropical regions while main-
taining broadly consistent patterns of absolute interception. This diver-
gence is scientifically important because it suggests that current large-
scale datasets may underestimate the role of complex, multilayered tro-
pical canopies in regulating precipitation partitioning. In our framework,
large CW and CD allow dense tropical forests to sustain high storage
capacity and high interception efficiency, which LAI-based schemes
cannot capture adequately. By contrast, the high interception efficiency
found in temperate and boreal coniferous forests, evident from the
combined structural and interception patterns in Figs. 7–8, appears to
arise from a different pathway, namely deep and vertically organized
canopies that maximize rainfall contact time. Similar hydrological out-
comes can therefore emerge from different structural configurations,
reinforcing the need to represent canopy morphology explicitly rather
than relying on a single vegetation proxy.

The long-term trend analysis further shows that interception responses
to global change are nonlinear and regionally differentiated. The spatial and
temporal trends in Fig. 10 indicate that in northern Eurasia, increases in
both I and I=P are consistent with the combined effects of regional wetting
and vegetation greening, suggesting that climate and vegetation are acting in
the same direction to strengthen canopy regulation of rainfall. In contrast,
tropical declines in I and I=P, despite variable rainfall trends, indicate that
changes in canopy structure, likely associated with degradation or climate
stress, can offset or even outweigh the hydrological effects of precipitation
change. The Congo example in Fig. 10 is especially informative because it
shows that total interception and interception efficiency can respond

differently when rainfall amount and rainfall intensity evolve in different
ways. These results suggest that future changes in terrestrial water balance
cannot be inferred reliably from precipitation or LAI trends alone. Changes
in 3D canopy architecture must also be considered.

Despite the advances provided by the morphology-driven framework,
several limitations point to important directions for future work. First, the
compiled observational dataset (Table S6) is not fully consistent in definition,
with interception reported on either a crown-projected-area basis or a
ground-area basis. Because canopy cover fraction and related structural
information are rarely reported, these observations cannot be harmonized
unambiguously. The parameterization developed here targets grid-scale,
area-averaged interception loss, so the observations are interpreted as
approximate constraints at that scale rather than as strictly equivalent mea-
surements. Previous large-scale studies44,54,55 have shown that such incon-
sistencies do not preclude meaningful evaluation in a grid-based framework.
In addition, because FC-DSR is designed to identify dominant relationships
across large samples rather than site-specific variability, this source of
uncertainty is more likely to increase random scatter than to introduce
systematic bias at the grid scale. Future work should improve dataset con-
sistency by incorporating more complete canopy structural metadata.

Second, interception is fundamentally an event-scale process, whereas
our parameterization is developed and evaluated at the monthly scale. This
choice was necessary because event-based observations remain too sparse
and uneven globally, and because global application would otherwise
require process-level information, such as antecedent canopy wetness and
within-event evaporation, that is not yet available at large scales. Monthly
aggregation is therefore a practical compromise that supports global con-
sistency, but it inevitably smooths sub-event dynamics such as canopy
saturation timing and short-lived evaporation pulses. Third, the dynamic
land-surface evaluation was limited to CONUS. Although this domain
spans strong gradients in climate, vegetation, and hydrological regimes, as
reflected in Fig. 6, it does not encompass the full diversity of tropical, boreal,
and arid ecosystems. Broader evaluation is still needed.

(a)

(c)

)e()d(

)g()f(

(b)

Fig. 10 | Trends in canopy interception and precipitation characteristics during
1982–2020. a, c Spatial distributions of trends in interception loss (I) and inter-
ception loss ratio (I=P) during 1982–2020. b Joint spatial distribution of trends in
precipitation intensity (PI) and precipitation sum (PS) for 1982–2020. d–g Time

series and associated trends of I, I=P, PI, and PS during 1982–2020, respectively. To
avoid visual misinterpretation arising from differences in magnitude and units, each
variable is presented in a separate panel.
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A further limitation concerns the treatment of wind. Our para-
meterization (Table 2) captures an overall negative relationship between
wind and interception efficiency56, which is physically consistent with
droplet removal and reduced canopy water residence time2, and this
dominant effect is supported by the SHAP dependence patterns in Fig. 2.
However, wind can also enhance wet-canopy evaporation under specific
hydroclimatic conditions, especially during low-intensity, long-duration
rainfall41. Because these effects are conditional and nonlinear, they are
simplified in the present monthly-scale formulation. This simplification
may help explain the weaker performance in the Mississippi basin during
some low-flow periods, visible in Fig. 5, where land-cover heterogeneity,
seasonal vegetation change, and variable rainfall regimes57 likely produce
more context-dependentwind effects. Futurework should therefore explore
more flexible formulations in which the role of wind varies with rainfall
regime, vegetation condition, and hydroclimatic background rather than
remaining fixed as a net negative control.

Overall, this study suggests that interceptionparameterization inESMs
should move beyond LAI-centered simplifications toward morphology-
aware and process-consistent formulations. The consistency of the evidence
across attribution analysis, equation discovery, hydrological evaluation,
coupled modeling, and global diagnostics indicates that 3D canopy archi-
tecture is not a secondary refinement, but a first-order control on rainfall
partitioning. By combining feature attribution with SR, FC-DSR provides a
practical route for deriving explicit equations that are both interpretable and
transferable. More broadly, this framework may be useful for other poorly
constrained land-surface processes in which structural heterogeneity and
environmental forcing interact nonlinearly.

Methods
Development of a new canopy interception scheme
I=P data assembly. To develop and evaluate our canopy interception
scheme, we assembled a global, monthly dataset of I=P from peer-
reviewed studies. We searched Google Scholar, Web of Science, and the
CNKI database (https://oversea.cnki.net) using the keywords “intercep-
tion loss”, “canopy interception”, “rainfall interception”, and “rainfall
partitioning”. Studies were included if (1) rainfall was partitioned into
throughfall, I, and stemflow, with I reported directly or computed as a
residual when necessary; (2) event-scale measurements were aggregated
by calendarmonth to estimatemonthly I and I=P; (3) records longer than
15 days but shorter than a full month were treated as monthly values,
whereas shorter records were excluded; and (4) If multiple observations
of the same type were available for a site, we averaged them prior to
comparison. Applying these criteria yielded 1040 monthly I=P obser-
vations from 323 publications covering the period from 1982 to 2020
(Supplementary Table S6). To ensure consistency with the forcing data,
we retained only records for which the ratio of observed rainfall to
MSWEP grid rainfall fell between 0.7 and 1.3. The spatial distribution of
study sites is shown in Supplementary Fig. S9, and this curated dataset
provides the empirical basis for testing and validating the proposed
canopy interception parameterization.

Ancillary data and preprocessing. TH was taken from the <1 m global
product of Tolan et al.58, derived from satellite imagery and machine
learning. Canopy structure variables (CW, CD, and DW) were obtained
from the 500 m global dataset of Xiang et al.59. LAI followed Cao et al.60,
who fused PKU NDVI with Landsat-based LAI samples. We then cal-
culated the height-to-width ratio as HW ¼ TH=CW. Precipitation was
taken from MSWEP v2.861, which combines gauge, satellite, and reana-
lysis data. Meteorological variables were obtained from ERA562, includ-
ing air temperature (Tem, K), horizontal wind components (u, v, m s-1),
specific humidity (q, kg kg-1), and surface pressure (sp, Pa). Wind was
calculated as Wind ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

u2 þ v2
p

, vapor pressure as e ¼ q× ðsp=100Þ
0:378 × qþ0:622,

saturation vapor pressure using the Magnus–Tetens equation, and rela-
tive humidity as RH ¼ e=es × 100%. FVC was derived from LAI63 (–) as

FVC ¼ 1� exp �0:5 × LAIð Þ. For FC-DSR, air temperature was con-
verted from Kelvin to degrees Celsius. All source and derived variables
were resampled to a monthly 0.1° grid to ensure analytical consistency.

FC-DSR framework. We developed FC-DSR to generate δ para-
meterizations that are both accurate and physically interpretable (Sup-
plementary Figs. S10 and S11). FC-DSR extends DSR64(see
Supplementary Text S2–4) by combining the nonlinear flexibility of SR
with explicit process-based constraints.

The target variable I=P had a strongly skewed distribution, with
most values between 10 and 20% and a small number of much higher
values. To reduce bias, we applied random over-sampling(ROS)65 to the
training set so that rare, high I=P conditions were adequately repre-
sented. The same balanced datasetwas used to train both theRF baseline
and FC-DSR, which allowed a fair comparison of model performance.
For interpretability, RFmodels were fitted separately by vegetation type.
WethenappliedSHAPanalysis37 to rankpredictor importance, andused
these rankings as priors in the SR step, increasing the selection prob-
ability of influential variables and focusing the search on physically
meaningful terms.

During expression generation, we constrained the symbolic search to
preserve process meaning and limit complexity. Distinct symbol libraries
were assigned to different subtrees, tree height was capped, and key canopy
interceptionoperatorswere required.Candidate δ expressionswere inserted
into a modified Budyko framework and further calibrated with gradient-
based optimization. To maintain physical realism, we added a boundary
penalty term to the loss function so that solutions respected known limits
while still maximizing predictive skill.

By combining systematic oversampling, SHAP-informed feature
priors, constrained symbolic search, and physically bounded optimization,
FC-DSR yields δ parameterizations that are reproducible, extensible, and
mechanistically interpretable.

a. Random over-sampling. The compiled I=P distribution is strongly
imbalanced. Most records fall between 10 and 20%, whereas values above
50% are rare. If used directly for training, this distribution pushesmodels to
fit the majority range, which reduces global error but underrepresents high
I=P conditions. To reduce this bias, we applied a model agnostic ROS
procedure65. The target I=P values were divided into ten equal width bins,
and we denoted the largest bin count as hmax. For every other bin, existing
observations were sampled with replacement until each bin contained hmax
samples. The resulting training set represents the full I=P spectrum more
evenly and allows high I=P conditions to contribute proportionally to
parameter estimation. Oversampling repeats observations and can increase
the risk of overfitting, but it is simple, efficient, and performs well in
regression. In our case, ROS enabled FC-DSR to capture canopy intercep-
tion behavior across the entire observed range.

b. SHAP-guided feature prioritization. DSR64 explores a very large
expression space. To steer this search toward physically meaningful
predictors,weusedSHAPtoquantify eachvariable’s contribution to I=P
and to bias feature selection in FC-DSR. For a given sample, the SHAP
value ϕðxÞ indicates how much a predictor increases or decreases the
predicted I=P relative to the model’s average prediction, with positive
(negative) values representing an increase (decrease). The RF baseline
and FC-DSR shared the same train and validation splits. RF hyper-
parameters were tuned with five-fold cross-validation over a grid with
nestimators 2 100; 200; 300; 400f g and max depth 2 10; 20; 30;Nonef g.
We thenappliedTreeExplainer37 to thebestRFmodel, using200 training
samples as the background, and computed SHAPvalues on the test data.
SHAP provides additive, interaction aware attributions and handles
correlated predictors66–68.

Predictors were grouped into four physically motivated sets
X

jð Þ
F j ¼ 1; 2; 3; 4
� �

(see Fig. S10a). Within each group, we defined the
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important subset

Xð jÞ
imp ¼ x 2 Xð jÞ

F j+ðxÞ > min + Xð jÞ
F

� �� �
orjXð jÞ

F j ¼ 1
� �

ð2Þ

where +ðxÞ is the SHAP value of predictor x. Variables in X
jð Þ

imp were
assigned higher inclusion probabilities during symbolic regression. This
design narrows the symbolic search to influential, physically relevant terms
while preserving interaction information that conventional importance
metrics often miss. The SHAP informed prior therefore links a strong RF
baseline to a targeted symbolic search, improving computational efficiency
and interpretability without compromising physical relevance.

c. Expression generation via FC-DSR.We guide the symbolic search toward
physically meaningful predictors by up-weighting the SHAP identified

feature setsX
jð Þ

imp j ¼ 1; 2; 3; 4
� �

. This design raises the sampling probability

of variables that have a demonstrated influence on I=P and strengthens the
physical relevance of the learned Cmax expressions.

FC-DSR extends the standard DSR framework64, where a recurrent
neural network (RNN) samples symbols sequentially to grow expression
trees (Supplementary Fig. S10dand SupplementaryText S3). EachRNNcell
contains a prior module and a sampling module. The prior combines the
original DSR NestedFunctions library with a custom CanopyInterception
module that groups predictors by physical category and adjusts selection
probabilities according to node depth and position within the tree. To keep
the resulting formulas interpretable and computationally efficient, we
enforce three global constraints: we cap function nesting depth, restrict
variables by physical group, and weight symbol choices by depth and
position to encourage concise, process-consistent structures.

Concrete rules

1. Function nesting.
2. Exponential nestingdepth is limited to one (throughNestedFunctions).

This cap avoids long stacks of exponentials that are difficult to interpret
and numerically unstable.

3. Masked libraries. Predictors are partitioned into four physically
motivated sets X

jð Þ
F (Supplementary Fig. S11, right). Each subtree

carries a mask that restricts variable selection to its assigned set (Sup-
plementary Fig. S10b). This constraint keeps sub-expressions
internally consistent in terms of process representation.

4. Node selection rules. At the root and first layer (current step < 2, or
when Occ ¼¼ 1 and dangling ¼¼ 1), only þ;�; × ; =

� �
are avail-

able. From the second layer onward, the library expands to
ðþ;�; × ; =; n2; exp; log; const;XFjÞ, j 2 1; 2; 3; 4f g, wheren2 denotes
a squared term and const denotes numeric constants.

5. Position-dependent weighting. At step i, we apply a Gaussian weight

wi ¼ expð� i� steploc
� �2

=2 × σ2Þ, where steploc ¼ len Si
� �� 1 is the

current subtree length and σ is the Gaussian scale. If i < steploc, candi-
date symbol probabilities are multiplied by wi, which favors compact
and coherent subtrees.

6. Prioritizing important variables. After applying the Gaussian profile,
all variables inX

jð Þ
imp receive themaximum inclusion probability. SHAP

identified predictors are therefore strongly favored during expression
generation.

7. Depth control. Tree height is capped at dmax. Once this limit is
reached, probabilities of nonterminal symbols are set to zero so that
only terminal symbols can be sampled.

These constraints work together with the default DSR rules to define
the final samplingmechanism.At each training step, the next token in every
batch is drawn from the jointmultinomial distribution over symbols, which

produces candidate δ expressions that are compact, physically consistent,
and focused on the most influential predictors.

d. Embedding candidate expressions in the physical model and optimiza-
tion. Each candidate δ expression is embedded in an improved Budyko
formulation to simulate I=P, I=P ¼ 1� 1� δð Þe�δ

� �
× FVC × 100%, with

δ ¼ C ið Þ
max=PI. Here, i denotes the current training epoch of the FC-DSR

framework, and C ið Þ
max represents the optimal Cmax parameterization

obtained at that epoch. Model error is quantified by the normalized RMSE,

NRMSE ¼ RMSE=σ, with RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

PN
i¼1

I
P

� �
sim;i� I

P

� �
obs;i

� �2r
, and σ

the standard deviation of the observed I=P. We convert error to a reward
using RMSE ¼ 1= 1þ NRMSEð Þ, so lower error corresponds to higher
reward. To enforce physical plausibility, we impose a hard constraint: if any
evaluation point yields C ið Þ

max > PI (storage exceeding precipitation), the
RMSE ismultiplied by apenalty factor of tenbefore computingNRMSEand
the corresponding reward.

Model parameters are updated using a cross-entropy objective com-
binedwith risk seeking policy gradients. At each iteration, the RNNsamples
a batch of candidate expressions, embeds them in the Budyko formulation,
evaluates their performance, and assigns rewards. The best performing
“elite” expressions form a reference set. We then compute a cross entropy
loss between the RNN’s symbol probability distribution and the empirical
symbol distribution in this elite set, and minimize this loss with the Adam
optimizer69, which biases generation toward high reward structures. In
parallel, a risk seeking policy gradient update (see Supplementary Text S4)
further shifts sampling toward promising regions of expression space.
Repeating these steps concentrates the generator on compact, physically
plausible Cmax formulas that improve predictive accuracy.

In terms of computational efficiency, SR is relatively expensive during
training. Under our configuration, with a batch size of 104 and both
expression search and constant optimization included, each epoch required
about 10min. This cost mainly arises from evaluating a large number of
candidate expressions and optimizing their free parameters. By contrast,
inference involves only simple algebraic operations and is therefore com-
putationally negligible.

Budyko-based evaluation
This framework was chosen to match the objective of this study, which
emphasizes global interception parameterization rather than event-scale
dynamics. Event-based models such as Rutter70 and Gash13 explicitly
simulate individual rainfall events and depend on high-frequency forcing
and event-scale parameterization. In contrast, the Budyko-type formulation
offers a physically consistent representation of long-termwater balance and
is directly suited to monthly-scale analysis. We evaluated four interception
parameterizations (Schemes 1–4) within a Budyko-type water balance fra-
mework that partitions precipitationwhile conservingmass.At themonthly
timescale, canopy storage is transient and does not accumulate, consistent
with our observations. Precipitation P is partitioned into transpiration ET ,
surface evaporation ES, I, and runoff Q:

P ¼ ET þ ES þ I þ Q ð3Þ

Interception is represented with a storage-based formulation,

I
P
¼ 1� 1� δð Þe�δ; δ ¼ Cmax

PI
ð4Þ

This compact, process-based structure provides a clean testbed for
isolating howalternativeCmax formulations affect rainfall partitioningwhile
all other process assumptions remain fixed (derivations in Supplementary
Text S5).

The four schemes differ in howFVCenters themodel and in howCmax
is defined. FVC either acts at the process level through δ or is applied at the
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grid scale as a modifier of I=P. Cmax follows either the empirical baseline or
the FC-DSR morphology law. Full equations, coefficients, and vegetation
groupings are given in Methods and Supplementary Tables S2–S3.

For ET validation, we comparedmodeled ETwith eddy-covarianceET
at 103flux-tower sites (FLUXNET2015,OzFlux, La Thuile). Performance at
each site was evaluated using KGESS (site metadata in Supplementary
Table S4). Because the model follows IGBP land-cover classes, we harmo-
nized vegetation types as follows: evergreen anddeciduous needleleaf classes
were merged into “Needleleaf,” evergreen and deciduous broadleaf into
“Broadleaf,” closed and open shrublands into “Shrubs,” and mixed forest
into “Mixed.” In Schemes 2 and 4, the baseline parameterization was
replaced by the DSR-derived parameterization for needleleaf, broadleaf,
mixed forests, and shrubs. Formixed forests,weused the arithmeticmeanof
the needleleaf and broadleaf values. All other vegetation types retained
Zhong’s observation-based parameters44, which are widely used, including
in GLEAM71.

For runoff evaluation, we assessed both annual and cumulative beha-
vior. Basin boundaries for each gauge were taken fromGSHA45 vector files,
and area-weighted runoff was computed from the overlap between model
grid cells and basin polygons. Only years with complete observations (at
least 365 days) were retained. Annual runoff in millimeters, Qmm, was
converted to discharge Qsim (m³ s-1) as

Qsim ¼ Qmm ×Abasin × 10
3=seconds ð5Þ

whereAbasin is the basin area (km²) and seconds is thenumber of secondsper
year. Modeled and observed discharge were then matched year by year to
evaluate Schemes 3 and 4 and to diagnose long-term water-balance
differences.

To test the learned formulas directly, we substituted the FC-DSR δ
expressions for needleleaf, broadleaf, mixed forest (approximated as the
average of needleleaf and broadleaf), and shrub into the interception
component and included FVC explicitly, while holding all other Budyko
terms fixed to isolate the effect of δ on partitioning. Forcing and ancillary
inputs matched the main analysis: precipitation from MSWEP v2.8; LAI
fromGIMMS LAI4g; vegetation cover fromMODISMCD12C1 v6.172; soil
hydraulic parameters from Rosetta73 driven by SoilGrids2.074; effective
rooting depth from Yang et al.75; reference ET from FLUXNET2015
(Table S4), and streamflow from GSHA45.

CoLM evaluation
Weconducted process-level experiments with the CoLMcoupled toCaMa-
Flood (CoLM2024)76 to simulate exchangesofwater and energy between the
land surface and the atmosphere, as well as coupled carbon and nitrogen
cycling. Because of its modular structure and extensively tested process
representations, CoLM is widely used as a land-surface component in cli-
mate and ecohydrological studies77,78.

Simulations covered the contiguous United States (−125° to −66°E,
22° to 54°N) on a 0.1° daily grid for 1998–2010, with evaluation focused on
2001–2010. To better represent runoff inmountainous regions, we replaced
the default SIMTOP runoff scheme with XinAnJiang scheme and kept all
other settings at their documented defaults (see CoLM documentation for
repository details). We compared two configurations: (i) the standard
CoLM setup and (ii) CoLMA, which modifies only the canopy interception
parameterization by replacing the default 0:1 LAI þ SAIð Þ with the FC-
DSR-based Cmax (Supplementary Text S1). All other model components
and forcings were identical, so differences between the two configurations
reflect only the new Cmax formulation.

Outputs from both runs were evaluated using the OpenBench
platform46, and results were re-plotted to enable direct comparison. Refer-
ence data included runoff observations from the GRDC and streamflow
records from the GRFR47.

Evaluation metrics
FC-DSR experiments were run on a Linux server with two AMD EPYC
7C13 64-core CPUs (2.82 GHz, 256 threads in total), 1 TB of RAM, and
three NVIDIA RTX A5000 GPUs (24 GB each). For both station-based,
SHAP-based, and Budyko-based analyses, we evaluated predictions xi
against observations yi using the Pearson correlation r,R

2,Bias,RMSE, and
KGESS Let �x and �y denote the sample means and N the sample size.

r ¼
PN

i¼1ðxi � �xÞðyi � �yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1 ðxi � �xÞ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1 ðyi � �yÞ2

q ð6Þ

R2 ¼ 1�
PN

i¼1 yi � xi
� �2PN

i¼1 yi � y
� �2 ð7Þ

Bias ¼ 1
N

XN

i¼1
xi � yi
� �2 ð8Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

i¼1
xi � yi
� �2r

ð9Þ

KGESS ¼ KGE þ 0:41
1þ 0:41

ð10Þ

where

KGE ¼ 1�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R� 1ð Þ2 þ α� 1ð Þ2 þ β� 1

� �2q
; α ¼ σx

σy
; β ¼ �x

�y
ð11Þ

Here, σx and σy are the standard deviations of predictions and
observations. In the KGE metric, r is the correlation between predictions
and observations, αmeasures relative variability, and βmeasures the mean
bias ratio.

To evaluate CoLM, which generates continuous time series, we
adopted nRMSEScore g

� �
, defined as:

nRMSEScore g
� � ¼ exp �CRMSE g

� �
CRMS g

� �
 !

ð12Þ

where

CRMS g
� � ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR tf
t0

vref t; g
� �� �vref g

� �� �2
dt

tf � t0

vuuut ð13Þ

CRMSEðgÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR tf
t0
ð vsim t; g

� �� �vsim g
� �� �� ðvref t; g

� �� �vref g
� �ÞÞ2dt

tf � t0

vuut
ð14Þ

Here, g denotes the grid cell, and t denotes time, with t0 and tf
represent the beginning and end of the evaluation period, respectively.
vsimðt; gÞ and vref ðt; gÞ are the simulated and reference values at time t and
grid cell g, and the overbar (��) denotes the temporal mean.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The dataset is available at https://doi.org/10.5281/zenodo.17732373. The
crown structure data are available at https://doi.org/10.5281/zenodo.
16940138. The LAI4g data are available at https://doi.org/10.5281/zenodo.
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7649107. The MSWEP v2.8 data are available at https://www.gloh2o.org/.
The ERA5data are available at https://www.ecmwf.int/en/forecasts/dataset/
ecmwf-reanalysis-v5. The vegetation cover data are available at https://
www.earthdata.nasa.gov/data/catalog/lpcloud-mcd12c1-061. The Soil-
Grids 2.0 data are available at https://files.isric.org/soilgrids/latest/. The
FLUXNET2015 data are available at https://files.isric.org/soilgrids/latest/.
The GRDC data are available at https://www.bafg.de/GRDC. The GRFR
data are available at https://www.reachhydro.org/home/records/grfr. The
GSHA data are available at https://zenodo.org/records/8090704.

Code availability
The code is available at https://github.com/2023ATAI/FC-DSR.
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