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Tracing rays from leaves to sky: Multispectral, penumbra-aware irradiance
modeling for agrivoltaic orchards
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HIGHLIGHTS

e Atmosphere-specific sun-sky generation across the solar spectrum.
e Practical solar-disk sampling for stable penumbra rendering.
e Canopy porosity and phenology impact simulated orchard light levels.

ARTICLE INFO ABSTRACT

Keywords: Light-simulation tools—exemplified by Radiance—are widely used for quantitative daylight studies and are
Agrivoltaics increasingly adopted in agrivoltaics (agri-PV) to handle complex geometry via ray tracing. Yet, beyond typical
Orchards workflows three practical limitations persist: spectrally resolved skies are restricted to the visible band; soft-
Multispectral . . . . . . . :

Penumbra shadow (penumbra) rendering relies on runtime-intensive solar-disk sampling; and fast, integrated canopy
Radiance models remain scarce. We present a Radiance-compatible Python framework that adds: (i) atmosphere-specific
Sunflecks sun-sky generation across the solar spectrum; (ii) efficient, equal-area sampling of the solar disk; and (iii) a

simple canopy reconstruction tailored to narrow-trained orchards. To improve spectral fidelity, resolution, and
range, we couple SMARTS-derived spectra to a Perez-based sky, leveraging Radiance's multispectral rendering.
We deterministically sample the sun's finite extent using a Fibonacci lattice, yielding stable penumbra without
prohibitive runtimes. The canopy model parameterizes porosity and seasonal development at a daily rate.
Canopy representation matters: opaque-static models, common in agri-PV simulations, systematically underes-
timate light levels and miss spatiotemporal patterns needed to diagnose suboptimal conditions. Comparatively, a
porous-dynamic model led to ~26% higher seasonal light levels, with gains attaining ~100% early in the season
and converging to ~16% after foliage matured. While penumbra is limited under conventional PV modules,
penumbra-capable renderings enable exploration of design pathways—narrower cell layouts (half-cell and
beyond) with greater module-canopy separation—that smooth lighting extremes.

1. Introduction

Accurate irradiance simulations support a wide range of energy and
environmental applications—from architecture to agriculture and pho-
tovoltaics. Ray-tracing methods have become central across these fields
for their ability to handle complex 3-D geometry [1-4]. Agrivoltaic
(agri-PV) orchards—where tree canopies are sheltered by overhead PV
arrays—are no exception. Striking a balance between canopy light
interception and shading requires tailoring PV array design to canopy
architecture. While experimental fine-tuning is slow and site-dependent,
simulations provide early design insight before orchard establishment.
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Recent ray-tracing studies on agri-PV orchards have advanced
practice, yet several limitations persist. Canopy representation is typi-
cally simplified to opaque and static geometry [5,6], neglecting light
porosity and seasonal phenology. Spectral effects are usually ignored
and a constant broadband-to-PAR (400-700 nm) conversion is applied
[7]—common in practice but insensitive to seasonal atmospheric vari-
ation. Finally, the sun is approximated as a point source, neglecting
penumbra (soft shadows)—a justified simplification for conventional
opaque modules, but limiting for semi-transparent modules with nar-
rower cells. The impact of these assumptions on irradiance distribution
is highly case-specific, underscoring the need for a unified framework
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that captures spatial, temporal, and spectral variability with higher
resolution.

We focus on three aspects: (i) spectral sun-sky generation, (ii)
penumbra-aware renderings, and (iii) porous, phenology-dependent
canopy reconstructions. We present an irradiance modeling frame-
work that quantifies how atmospheric variability, solar-disk angular
extent, and canopy architecture jointly shape light availability. This
enables site-specific diagnosis and opens new pathways for agri-PV or-
chard design.

We extend Radiance—a physically based suite of light-simulation
tools [8]—by integrating spectral, penumbra, and canopy modeling
improvements. We use Radiance's multispectral modifiers to charac-
terize sun and sky spectra from an atmospheric radiative-transfer model.
These feed into the ray-tracing process—a different approach from [6],
where the global spectrum was merged with spectrally flat ray-traced
results, neglecting spectral contrast between sunlit and shaded areas.
We introduce a deterministic solar-disk sampler that distributes rays
uniformly across the disk, improving efficiency and reproducibility
relative to stochastic sampling. Finally, because external canopy
reconstruction pipelines are impractical during early design phases, we
implement a parametric canopy model that represents growth dynamics
with a few interpretable parameters. While a similar approach was used
in [7], foliage placement was purely stochastic, lacking the natural
clustering of leaves around branches—relevant for wall-like, narrow-
trained orchard systems (Fig. 1) [9].

Section 2 reviews these aspects. Section 3 details the simulation
framework, Section 4 presents a case study on an agri-PV narrow-trained
apple orchard in Bolzano, Italy, and Section 5 discusses the results and
concludes.

2. Background
2.1. Spectrally resolved skies

We review three methods for spectrally resolved sky generation in
Radiance (excluding sky-hemisphere discretization techniques).

LARK (Rhino/Grasshopper) drives the Perez-based sky generator
gendaylit for time-series simulation and applies a user-specified, spatially
uniform sky spectrum (default: CIE D65) to the sky dome [13]. While
traditional Radiance renderings use RGB triples to represent spectra,
LARK increases spectral resolution through multi-pass rendering—the
spectrum is divided into nine wavelength bands, requiring three
passes to cover the entire spectrum.

Radiance v6 introduced multispectral modifiers for light sources or
materials, overcoming the boundaries of traditional RGB-based work-
flows [14]. The accompanying sky generator, genssky, produces spec-
trally anisotropic skies using precomputed (or externally generated)
scattering look-up tables (LUTs) [15]. However, genssky's LUTs and
wavelength grid currently target only the visible range as there is no
runtime parameterization of gas absorption.

ALFA (commercial Rhino plugin) provides physics-based spectrally
anisotropic skies driven by libRadtran [16]. Annual simulations have
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been pursued via temporal downsampling (using 56 representative
point-in-time simulations) and interpolation [17]. ALFA has not yet
been calibrated for use with standard ground-based weather inputs.

These tools were developed for architectural daylighting (380-780
nm), whereas silicon PV response extends well beyond this range. We
couple SMARTS [18] with a spectral extension of gendaylit to generate
atmosphere-specific solar spectra—eliminating Rhino dependencies and
setting up a Python-based workflow.

2.2. Rendering penumbra

In typical Radiance-based simulations, the sun is treated as a point-
source, sampled with a single ray, overlooking the solar disk's angular
size. A common workaround combines direct jittering (randomly
distributing rays over the solar disk) with supersampling (rendering at
high resolution and downscaling by averaging luminance across pixels)
[19]. While this method can produce visually realistic shadows, it in-
troduces a heavy computational burden with limited reproducibility.

We render penumbra by distributing a set of proxy suns across the
solar disk to mimic its spatial extent. This “many-suns” concept was
recently evaluated [20]: compared against high-dynamic-range (HDR)
measurements, it achieved low error with superior computational speed
and storage efficiency to alternatives—making it a practical approach
for estimating penumbra lengths. However, their implementation com-
piles an octree to render an image of the sun, distributes suns (one per
pixel), and overwrites the gendaylit sky file. Our method avoids these and
achieves more uniform coverage with fewer proxy suns (details in
Section 3.1).

2.3. Canopy geometric models

Geometric canopy representations can be imported via three
pipelines.

Point-cloud methods. LiDAR offers high geometric precision but is
costly, requires expertise, and suffers with occlusion in dense
canopies—limiting internal-layer characterization [21,22]. Commercial
systems provide limited spectral discrimination, enforcing manual sep-
aration of wood and foliage [23]. Photogrammetry provides a lower-cost
alternative for reconstructing the visible canopy envelope with semi-
automatic component classification. However, high-quality results de-
mand stable irradiation and minimal wind, and image alignment and
point-cloud cleaning remain non-trivial [21,24]. While scalability has
improved via UAV/mobile LiDAR [22,23] and orchard-specific pipelines
[25-27] occlusion and acquisition quality remain fundamental con-
straints. In addition, point clouds (and their artifacts) must be meshed
prior to Radiance import. Recent methods improve robustness to noise
and incompleteness [28,29], yet reconstruction remains bounded by
acquisition quality and cannot recover unobserved structure [30].

Radiance-field methods. 3D Gaussian Splatting (3DGS) [31] ach-
ieves high visual fidelity from posed multiview images but requires
dense, well-posed coverage, stable outdoor conditions, and remains
sensitive to dense foliage [32]. Mesh extraction via SuGaR [33] can be

Fig. 1. Narrow-trained orchard systems with multiple vertical leaders (e.g., Guyot [10]): (a) canopy in dormancy reproduced from [10]), (b) early development

(reproduced from [11]), (¢) fully developed (reproduced from [12]).
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fast, but it is not yet the standard for tracking canopy growth [34]. Like
point-cloud pipelines, they capture “snapshots” of a plant's architecture,
necessitating repeated field measurements to follow phenology.

Functional-Structural Plant Models (FSPMs) address this limita-
tion by integrating physiology with structural modeling but demand
extensive data collection and crop-specific parameter tuning [35-37].
These requirements, coupled with challenging validation procedures,
limit scalability and constrain their use to scenarios with ample existing
datasets.

3. Methods

The workflow comprises three stages (Fig. 2): (i) daylight-source
generation, (ii) surface generation, and (iii) ray tracing. Measured at-
mospheric constituents—most notably aerosol optical depth at 500 nm
(AODsqg) and precipitable water vapor (PWV)—are supplied directly or
retrieved from ground-based networks (e.g., AERONET). These param-
eterize the spectral composition of direct and diffuse irradiance, applied
to the sun and sky via spectral modifiers. When required, penumbra is
modeled efficiently by distributing proxy-suns over the solar disk using
an equal-area Fibonacci lattice. Training-system and climate-specific
data characterize canopy architecture and phenology, updated daily.
Each scene element is defined using an object-oriented design inspired
by bifacial radiance [38].

3.1. Daylight-source generation

Daylight-source generation centers on the sky generator that pro-
duces the sun and a continuous sky irradiance distribution using the
Perez All-Weather sky model [39]. The model requires inputs of direct
normal irradiance (DNI) and diffuse horizontal irradiance (DHI); how-
ever, typical radiometric stations measure global horizontal irradiance
(GHI), necessitating the use of a decomposition model.

Global irradiance decomposition. We use GISPLITv3 for its
robustness at unseen sites [40,41]. GHI decomposition is conditioned by
CAELUS, a sky classification algorithm that categorizes sky conditions
into six classes [42]. Integrating CAELUS and GISPLIT requires high-
quality atmospheric inputs (daily or finer) and an advanced clear-sky
radiative transfer model.

Atmospheric radiative-transfer model. We integrate SMARTS into
the pipeline to provide clear-sky reference irradiances. When driven by
reliable atmospheric data, SMARTS matches spectroradiometer obser-
vations within overall instrumental uncertainty (~5%) [43]. Further-
more, it excels at predicting DNI and GHI across various arid locations
with high aerosol variability [44]. We have translated a subset of
SMARTS v2.9.5 [45] from Fortran to Python. Unlike pySMARTS [46],
our implementation does not launch external Fortran executables,
streamlining the workflow.

Solar disk sampling technique. Efficient penumbra rendering re-
quires a solar-disk sampler that achieves high uniformity with the least
number of points. We evaluated four disk samplers (Fig. 3):

Daylight
weather,
atmosphere structural,
phenological,
optical
fA)
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e Pixel grid (clipped): Cartesian pixel centers kept if they fall inside the
disk (as in [20]).

e Hexagonal (clipped): Triangular (hex) lattice clipped to the disk.

e Poisson-disk: Grid-accelerated dart-throwing [47] that enforces
minimum separation.

e Fibonacci: Equal-area radial placement (golden-angle).

Each distribution was assessed on (i) local regularity via the coeffi-
cient of variation of nearest-neighbor distances CVyy (Eq.1), and (ii)
radial uniformity via a Kolmogorov-Smirnov distance Dxs (Eq. 2).

- 1 1 —
=3 = L3O V= )

where x; are 2D coordinates of point i (origin at disk center); d; is the
nearest-neighbor spacing for point i; n is the number of points (proxy

suns).
P~ ()

where r a test radius; R is the disk radius; 1( e ) the indicator function;
?‘(r) the empirical radial CDF (fraction of points within r); and (r/R)? the
ideal CDF for perfectly area-uniform points.

Lower is better for both metrics. Pixel-grid and hexagonal samplers
are maximally regular locally by construction (CVyy = 0), but clipping
causes under-sampling near the disk's circumference, increasing Dgs
with only a few points. By contrast, the Fibonacci lattice consistently
outperforms all samplers on radial uniformity. Boundary-aware adap-
tations (e.g., CVT/Lloyd relaxation) were not considered. Because
render time scales with the number of proxies, the Fibonacci lattice is
adopted to achieve uniformity with fewer proxies. Its construction is as
follows.

The Fibonacci lattice distributes points by mapping them from a
square lattice onto a unit disk via equal-area transformation. Let the
golden ratio be ¢ = (1 ++/5)/2. For n proxy suns indexed i = 0,1, ...,
n— 1, the polar coordinates (r;,6;) are computed using:

d; = min |x; —x;

(2)
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where R; is the apparent solar-disk radius (in radians) and ¢ sets the start
offset along the y-axis.

Daylight modeling pipeline (Fig. 4). SMARTS reconstructs solar
spectra for clear sky (CS) and for a clean-and-dry atmosphere (CDA).
After spectral integration, these yield broadband GHIcs and GHIcpa,
which—together with measured GHI—drive CAELUS for sky

3

i

Surfaces

Ray tracing

virtual
sensor
distribution

f&

Fig. 2. Radiance-based irradiance workflow. Site-specific weather and atmospheric inputs set the sun-sky spectra, while structural and phenological inputs define
canopy (and orchard) geometry. The scene is assembled and ray traced to sample multispectral irradiance at specified virtual sensors.
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Poisson-disk (Bridson) Fibonacci lattice
1 1
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©
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Fig. 3. Comparison of four disk-sampling methods (columns) against total number of points (rows). Numbers under each panel report CVyy, Dgs (lower is better). An

asterisk marks the best sampler (per metric) at that number of points.

CAELUS

GISPLIT

Fibonacci Iattice

f@0

|

timestep

wavebands

rad
SMARTS Scaling H Spectral pattern% gensdayllt

dat Sky irradiance

distribution

Fig. 4. Daylight modeling pipeline linking SMARTS (clear-sky spectra), CAELUS + GISPLIT (optional sky classification + GHI decomposition), and the sky generator
gensdaylit to produce Radiance-compatible sun-sky files. SMARTS-derived spectral shapes are scaled to all-sky DNI/DHI and applied via Radiance's spectral pattern
modifiers. Optionally, gensdaylit replaces the point-source sun with a Fibonacci-lattice distribution of proxy suns.

classification. The resulting sky class, measured GHI, and modeled clear-
sky inputs (GHIcs, DHI.) are then passed to GISPLIT for all-sky
decomposition.

At each time step, SMARTS-derived direct/diffuse spectral shapes are
scaled to match the decomposed all-sky DNI and DHI. This scaling as-
sumes spectrally neutral cloud attenuation and may be biased. After
selecting the number of wavebands, both spectra are partitioned and
written as per-band fractions to a .dat file.

This wavelength-dependent behavior is applied to broadband DNI
and DHI using our Python-based sky generator gensdaylit (the “s” de-
notes spectral), an extension of gendaylit. Rather than defining the sun
and sky with RGB triples, gensdaylit uses Radiance's specfile pattern
primitive—a file-based spectral modifier that reads (wavelength, value)
samples—to support an increased number of spectral bands. In this
configuration, the sky retains the Perez brightness distribution

(anisotropic radiance) while remaining directionally uniform in spectral
composition across the hemisphere.

Penumbra is enabled by distributing proxy suns and passing their
relative positions to gensdaylit. Each proxy is assigned uniform radiance
(no limb darkening), and radiances are scaled so that the sum of proxy
contributions equals the target DNI. The polar coordinates from Egs.
(3-5) are converted to Cartesian offsets and stored in a .rad file; at run
time these pre-computed angular offsets are applied to the current solar
zenith/azimuth via gensdaylit. An implementation and sample 1/0 for
gensdaylit (v1.0) are available in Section Data Availability.

3.2. Surface generation — Orchard reconstruction

The dynamic orchard is built in two stages: (i) reconstruct daily
canopy objects (snapshots); (ii) for each day, replicate the corresponding
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object across the orchard layout via instancing. Inputs include training-
system branch configuration, climate-driven phenological timing, and
crop-specific reflectance spectra.

Narrow-trained systems (e.g., Guyot; Fig. 1) exhibit wall-like can-
opies that permit simplification from full 3D foliage to 2D planar sur-
faces. Vertical and horizontal foliage planes define the canopy envelope
with time-varying porosity (Fig. 5).

Canopy reconstruction. A Boolean grid (initialized to zero) is
defined over each foliage plane at a resolution slightly finer than the
mean leaf size. Cells corresponding to branches are set to 1 and act as
attractors for subsequent foliage placement. Leaf placement is stochastic
with distance-based weights,

W=@1+d) 6)
where d is the distance from an empty cell to the nearest branch and CC
is a clustering coefficient; larger CC yields tighter clusters near branches
early in the season; while smaller CC produces more dispersed filling
later.

Seasonal development is modeled via cumulative leaf area A;(t),
which often follows a sigmoidal trajectory in fruit-tree canopies [48,49].
We approximate this behavior with a logistic function:

Afa

At) = 1 + e kt—tma)

@)
where k is the growth-rate parameter, t,q is the inflection time, and A; ¢4
is the leaf area at full development. We set t,,;4 from phenological timing
and, given A; g and one observation A;(t), solve Eq. (7) for k.

Planar foliage is parameterized by gap fraction GF, a proxy for can-
opy transmittance [50]. We assume canopy fill 1 — GF scales linearly
with normalized leaf area A;(t) /A, justified for narrow-trained can-
opies due to their low internal volume relative to outer surface area. The
time-dependent GF that drives progressive filling of the 2D grid is:

1— GFy

"1+ e klt—tmia) ®)

GF(t) =1
where GFy, is gap fraction at full development. Foliage is updated daily,
while branch structure remains static (consistent with mature canopies
maintained by training and pruning).

Trunk and branches define the woody structure. Side and cap foliage
(defined as grids using Eqgs. 6-8), are assembled into the canopy enve-
lope. Optical properties are assigned per-component and partitioned
across the selected wavebands using Radiance's spectrum pattern
primitive—a basic spectral color modifier. A Radiance .rad file is
generated (see Fig. 5) and compiled into an octree, saved in “frozen”

clustering coefficient

I

gap fraction, timestep

T
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form (geometry and materials embedded) to enable fast daily
instancing.

Canopy replication to orchard. To limit runtime, the orchard is
modeled by arraying a single canopy instance according to the layout.
Orchard size is chosen so that the central tree experiences minimal light
leakage from orchard boundaries at low solar elevations. The overall
process of reconstructing and compiling such an orchard incurs ~26%
computational overhead relative to an opaque, static-canopy baseline.
Nevertheless, this overhead is minor in comparison to rtrace.

Steps to calibrate reconstruction: fit growth parameters in Eq. (7)
using leaf counts or leaf area index (LAI) during the rapid-growth phase;
tune CC (Eq. 6), and GFy (Eq. 8) against HDR side-view images
(April-June) to match observed foliage density and distribution.

3.3. Ray tracing

Daylight sources, geometry, and materials are compiled into the final
octree and passed to the rtrace command, which is well-suited for sam-
pling discrete locations (e.g., individual leaves or PV cells). Irradiance
sampling surfaces are placed horizontally (Fig. 6) to align with pre-
dominantly planophile leaf-angle tendencies reported for many
temperate broadleaf species (e.g., apple, pear) [51]. Simulation accu-
racy depends on the Radiance parameters (Appendix A), while dis-
cretization is governed by three aspects:

Temporal — timestep, controlling generation of dynamic skies and
geometry.

—» dX |
.
o I
- D i..
| 4
& |
N ;
| | -
—ol V| e I
dz N
> . ray origin and
T : i direction

Fig. 6. Point-wise irradiance sampling on the canopy cross-section. Virtual
leaves are placed adjacent to the canopy envelope. These infinitesimal, hori-
zontal surfaces act as sampling targets for both front- (sky-facing) and back-side
(ground-facing) irradiance.

Branches setup Compute weights

Generate foliage

Spectral pattern e——

Assemble canopy

(wavebands)

l

(1111

d

3

Compile octree

.oct

Fig. 5. Canopy reconstruction workflow. Branch attractors are defined on a 2D canopy grid. Distance-based weights, controlled by clustering, guide stochastic foliage
placement to achieve a time-dependent gap fraction. Foliage and branches are assembled, assigned spectral optical properties, and compiled into a Radiance octree;

the procedure is repeated daily to capture foliage growth.
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Spectral — number of wavebands, consistent with the spectral
pattern modifiers.

Spatial — density and arrangement of sampling points across the
scene.

3.4. Simulation validity

The irradiation modeling framework builds on methods with estab-
lished validation, but the added sub-models introduce uncertainties.
This subsection summarizes prior validation efforts, discusses trans-
ferability, and identifies components that remain unvalidated.

To isolate the ray tracer from sky-model uncertainty, sky luminance
was measured with a scanner and the discrete values were mapped onto
the simulated sky hemisphere [52]. Under these conditions, Radiance
predicted indoor illuminance with ~5% error. In practice, such datasets
are rare; therefore, sky models are used. Beyond the sky input, the
largest sensitivities lie in geometric fidelity and surface optics [53,54].

Outdoors, the same principles apply, with added sensitivity to site-
specific ground albedo, which varies with solar-zenith angle, season,
and weather conditions [55-58]. Spectral-albedo curves from databases
often mismatch local conditions [59], limiting their use for validation
when ground-reflected irradiance is a major contributor—as in bifacial
PV arrays that rely on back-side gains. In [60], on-site spectral albedo
was measured and used to compare simulations with pyranometer
readings across several tools. We plugged the same inputs into our
framework and reproduced back-side irradiance with MBE ~ 1.5 W/ m>
and RMSE ~ 5 W/m? [61], comparable to [60] and within ISO
9060:2018 Class C pyranometer performance limits [62].

Beyond typical workflows, this framework advances daylight-source
generation in two respects. First, spectral skies are driven by SMARTS,
which matches high-end spectroradiometer observations when provided
with reliable atmospheric data [43]. For this work, quality-assured
AERONET (v2.0) AOD and PWV [63] were used. Second, penumbra is
rendered via a solar-disk sampling technique that differs from [20];
however, since both approaches sum equal-energy proxy suns, the
validation in [20] broadly transfers.

The principal unvalidated component is the canopy's reconstruction,
owing to the absence of on-site canopy-level irradiance measurements.
Accordingly, results are interpreted comparatively under identical in-
puts and settings, so shared systematic uncertainties (sky model and
surface optics) largely cancel. The canopy model targets orchard-
average shading; point-in-time values will differ but mean light levels
and spatiotemporal traits are expected to be comparable.

a east «— — west
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4. Results

Simulation inputs (e.g., sky, geometry, materials) are summarized in
Appendix A (Tables A.1-A.3).

4.1. Canopy-model comparison

This section evaluates how canopy representation affects simulated
light in an open-field orchard (without PV modules) by comparing the
porous-dynamic model with an opaque-static baseline. The opaque—-
static model replaces the porous canopy envelope with a solid box (no
transmission, no phenology). Photosynthetically active radiation (PAR,
400-700 nm, W/m?) was sampled at virtual leaves on the canopy en-
velope (Fig. 6) and aggregated over time; we denote cumulative PAR
over the specified period as PAR. (Wh/m?). Results are reported for both
canopy sides (southeast- and northwest-facing, hereafter “east-facing”
and “west-facing”).

Seasonal PAR. vertical profiles (April-September; Fig. 7a) show
height gradients: PAR, decreased from top to bottom due to canopy self-
shading and inter-row occlusion. When averaged across the canopy
envelope the porous-dynamic model allowed ~26% higher PAR, than
the opaque-static baseline. Regardless of canopy model, back-side
contributions (Fig. 7b) enhanced total PAR. by ~14%, with larger
gains lower in the canopy where ground view is less obstructed.

Light distributions were evaluated using kernel density estimate
(KDE) based violin plots which visualize the probability density of
simulated PAR samples; wider sections indicate higher sample density
(more frequent values). Seasonal PAR, distributions (Fig. 8a) show clear
peaks corresponding to zones where similar light levels prevail.
Although shapes are broadly similar, the porous-dynamic distribution is
more compact due to sunflecks—brief, patchy bursts of direct sunlight
that pass through small canopy gaps—enhancing light homogeneity. A
clear horizontal asymmetry was also observed between east- and west-
facing sides, primarily because row orientation deviates from true
east-west alignment, increasing irradiation on the east-facing side.

Monthly analysis (Fig. 8b) revealed phenological effects. Early in the
season, differences between canopy models were most pronounced,
while as the season progressed PAR, distributions became increasingly
similar in shape and magnitude—a convergence largely driven by fo-
liage development. During early canopy development in April, the
porous-dynamic model shows relatively uniform PAR. distributions. By
early June, as foliage matures, pronounced vertical and horizontal in-
homogeneities emerge, further modulated by sky and solar dynamics.

For both canopy models, inhomogeneity peaked around June, pri-
marily due to the sun's wider, asymmetric azimuthal path relative to the

Height (m)

&

B opaque-static
© porous-dynamic

400 200 O 200 400 60 40

20 0 20 40 60

PAR. (kWh/m?) PAR. (kWh/m?)

Fig. 7. Light-penetration profiles for two canopy models: opaque-static, and porous-dynamic. Each point represents seasonal PAR. at each sampling surface (virtual
leaf). (a) Total PAR, (front + back); (b) back-side PAR, only. Both plots include east- and west-facing canopy sides.
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Fig. 8. Total PAR (front + back) at multiple time scales for opaque-static and porous-dynamic canopy models. (a-c¢) KDE-based violin distributions of PAR. across
the canopy envelope: (a) seasonal, (b) monthly, and (¢) daily for two June days with contrasting skies (left: clear-to-cloudy transition; right: predominantly clear). (d)
Hourly time series of height-averaged PAR for each canopy side, for the same two June days.

orchard's axis. This wider path intensified shading and increased vertical
PAR. inhomogeneity, by producing elongated distribution tails
(Fig. 8b)—noticeably longer on the west-facing side. Conversely, the
azimuthal asymmetry amplified horizontal PAR. inhomogeneity by
increasing the mismatch between east- and west-facing canopy sides.

Both effects gradually reduced after the summer solstice.

These trends are quantified in Table 1, where the gain in PAR, and
spatial homogeneity of the porous-dynamic are expressed relative to the
opaque-static canopy model.

Daily to hourly analysis. Over the simulated period, clearer
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Table 1
Comparative summary of PAR. and spatial homogeneity. Values represent the gain of the porous-dynamic relative to the opaque-static canopy model.
Season Apr May Jun Jul Aug Sep
Mean PAR. gain (%) * 26.2 100.5 48.7 18.6 15.3 16.0 16.6
Vertical homog. gain (%) * " 4.9 15.7 9.1 2.7 2.2 3.3 3.2
Horizontal homog. gain (%) * ° 2.7 5.6 6.7 2.6 1.2 0.3 2.4
Overall homog. gain (%) * " 5.4 16.6 10.9 3.2 2.2 3.0 3.3

# computed across both leaf sides (front and back).

® homogeneity equals 1 — CV, where CV is the coefficient of variation; horizontal homogeneity is computed between canopy sides; vertical homogeneity is computed

along the height profile.

morning skies increased PAR. on the east-facing canopy side, while
cloudier afternoons produced more uniform conditions across both
sides. This diurnal pattern (left panels of Figs. 8c—d) sustained horizontal
inhomogeneity up to seasonal scales, and the asymmetry persisted even
on predominantly clear-sky days (right panels of Figs. 8c-d).

Sunflecks partially mitigated this mismatch by increasing irradiation
on the shaded canopy side. The spatiotemporal distribution of sunflecks
depends on canopy architecture, row orientation, and solar position. In
our scene, sunfleck intensity peaked in the morning and afternoon
(Fig. 8d), when the sun was nearly perpendicular to the canopy surface,
maximizing the projected open area. Conversely, as the sun aligned with
the orchard's axis (around solar noon), the influence of canopy porosity
diminished, as did differences between the two models.

4.2. Significance of penumbra in Agri-PV

We compared renderings using Radiance's default point-source sun
(sharp-edged shadows) versus our proxy-sun area-source approach (soft,
extended shadows). For the studied geometry (Fig. 9), we found that 66
proxy suns are the minimum required to produce representative pen-
umbra. We do not include a sensitivity analysis because this threshold is
geometry-specific (PV cell dimensions and mounting height).

Under clear-skies, shadows cast by upper canopy layers and PV ar-
rays are visibly softer and spatially extended due to the penumbra effect.
The effect is redistribution, not gain: daily PAR, distributions (Fig. 10)
became more homogeneous when penumbra was considered.

2.0

=
ul

PAR, (kWh/m?2)
'_.I
o

0.5
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penumbra: west
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penumbra: east
Fig. 10. Daily KDE-based violin distributions of PAR. across the canopy en-

velope for the same scene as Fig. 9 under two solar treatments: point-source
(umbra) and area-source (penumbra). Only front-side PAR, is shown.

Fig. 9. Renderings under clear-sky afternoon conditions in June. Both images use the same scene including the porous-dynamic canopy; differing only in the solar
representation: (a) point-source sun (umbra); (b) area-source sun (penumbra). Renderings were generated using Radiance's rpict command.
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Specifically, they exhibited shorter, thinner tails and increased density
near the mean—indicating a reduced likelihood of both excessive
shading and overexposure. However, spatially aggregated PAR, values
remained unchanged. Modeling the sun's angular size redistributes
irradiation—replacing step-like patterns with gradual PAR transitions.
Over longer periods, the influence of penumbra diminishes as diffuse
light dominates (predominantly cloudy conditions).

4.3. Limitations

The usefulness of our porous-dynamic canopy model is not strictly
tied to how well the canopy is visually replicated. Nevertheless, the
resulting architecture differs from real canopies in leaf orientation and
surface area, which affects both the magnitude and spatial distribution
of light (see Section 5.1 for implications). Furthermore, we did not
reconstruct internal canopy layers and instead flattened foliage into 2D
planar surfaces. Accounting for internal layers together with per-leaf
sampling would increase occlusion and shift the PAR. distributions
(Fig. 8a—c) toward lower values.

Two further scope-related considerations concern spectral skies: (i)
narrow spectral features (e.g., 02/0s, CO2) may be smoothed by Radi-
ance's current maximum number of wavebands (MAXCSAMP = 24);
truly high-resolution, full-spectrum runs may require multiple passes;
(ii) wavelength-dependent cloud attenuation is not explicitly modeled.

We also held solar disk angular size constant at 0.533° (gendaylit
default) and assumed uniform radiance across the disk (no limb dark-
ening), assigning equal radiance to each proxy. These assumptions are
likely negligible at the occluder scales studied here but may require
investigation for detailed pergolas [64] and perforated facades [65].

5. Discussion and conclusion

We contribute a Python-based, Radiance-compatible framework that
(i) raises solar spectral fidelity driven by site-specific atmospheric in-
puts, (ii) accelerates penumbra rendering with deterministic solar-disk
sampling, and (iii) captures seasonal canopy porosity in narrow-
trained orchards.

5.1. Modeling implications for narrow-trained, open-field orchards

Seasonal back-side leaf PAR is significant (=14% of total) and largely
insensitive to canopy model: the porous-dynamic canopy admits addi-
tional ground-reflected PAR to the back side but also increases front-side
PAR, maintaining the ratio approximately constant. The exact share is
dictated by ground albedo and orchard layout. Accounting for internal
foliage and actual leaf-angle distributions would likely raise this share
by reducing the relative dominance of front-side direct light.

Our porous-dynamic canopy captures sunflecks, yielding substan-
tially higher seasonal light levels than the opaque-static baseline. The
monthly gain is phenology-dependent, diminishing with foliage
development—from ~100% in April to ~16% in July-September. After
foliage maturity, the mean gain remains well below the gap fraction at
full development (GFy; = 40%): the canopy consists of multiple planar
surfaces (Fig. 5), so their combined effect (compounded by inter-row
occlusion) reduces overall canopy transmittance further than a single-
surface gap fraction would suggest. Beyond PAR magnitude, sunflecks
also improved spatial homogeneity, with an overall seasonal gain of
~5% relative to the baseline; the net effect depends on row orientation,
diurnal weather, and solar position dynamics. Given the minimal run-
time overhead, porous-dynamic should be the default—particularly for
lower-vigor canopies where porosity persists.

Consistent with Beer-Lambert formulations [66-68], direct-light
penetration scales with the projected foliage area normal to the beam.
For east-west rows, sunflecks peak morning and afternoon—a pattern
expected to persist even with explicit internal-layer reconstruction,
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because low incidence reduces planophile leaf projected area and
effective optical depth.

Future work will reconstruct internal foliage using voxels (rather
than 2D grids), validate the voxel-based canopy model, and perform
leaf-level sampling to inform agri-PV designs that support canopy-level
photosynthesis. Extending the canopy reconstruction to other training
systems is non-trivial and will be tackled in future work.

5.2. Design implications for Agri-PV orchards

Light levels in open-field orchards are rarely optimal—either in
magnitude or homogeneity. This framework enables site-specific diag-
nosis for targeted design. Although the impact of penumbra is limited
under conventional PV modules, modeling them opens new design
pathways in clear-sky regions. Overhead PV arrays using half-cell
modules (and, prospectively narrower cells) with appropriate module-
canopy separation can damp lighting extremes—mitigating sunburn
and lifting minima in shaded regions.

5.3. Broader applicability

Although the canopy reconstruction approach presented here is
specific to narrow-trained orchards; the remainder of the framework can
be applied to any (agri-)PV scene. In particular, the upgraded sky
generator has broader relevance: coupling SMARTS with gensdaylit
yields full-spectrum, atmosphere-specific sun/sky unlike visible-only
alternatives—useful for daylighting and thermal studies. In addition,
integrating a deterministic and efficient solar-disk sampler into gen-
sdaylit we support applications that demand high-fidelity penumbra
rendering.
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Appendix A. Appendix

Collates major case-study inputs and simulation parameters. Daylight-source inputs: EURAC Meteo Browser (Laimburg station, 2023), and
AERONET v2.0 (KITcube_Bolzano; AODsg, PWV, 2023). Surfaces: parameters needed for canopy, orchard reconstruction and PV array configuration
(Table A.1) and optical properties (Table A.2). Ray-tracing: key Radiance parameters governing accuracy (Table A.3). Simulation discretization:
hourly timestep; 18 wavebands spanning 300-1200 nm in 50 nm intervals (PAR results use the 400-700 nm subset); 1 cm spatial sampling resolution.
Simulation speed was insensitive to the number of wavebands.

Table A.1
Canopy, orchard, and PV configuration.

Category Parameter Value Units Note
Canopy setup Leaf growth rate (k) 0.116 - Eq. 7
Inflection time (t;q) 135 days Eq. 7 (day of year)
Gap fraction (GFyg) 0.4 - At full development Eq. 8
Clustering coefficient (CC) 1-1.3 - Linear seasonal variation (Eq. 6)
Grid unit size 3 cm 2D canopy grid (leaf patch size)
Canopy dimensions 0.4 x 3 %26 m W x L x H (including trunk)
Foliage elevation 0.5 m Offset from ground to foliage base
Orchard layout Row spacing 2.5 m Open-field scenario (no PV)
Row axis azimuth 110/290 ° Measured clockwise from north
PV module Cell dimensions 18.2 x 9.1 cm W x L (half-cells)
Cell spacing 1x6 cm W x L
Number of cells 6 x 12 - W x L
PV array Hub height 4.0 m Ground to torque tube center
Row spacing 3.25 m Agri-PV scenario (trackers & orchard)
Tracker axis azimuth 110/290 o Measured clockwise from north
Table A.2
Optical properties.
Element Property Model Note
Foliage p(4) Lambertian Black cherry leaves from [69]
Ground p(A) Lambertian Measured site albedo [60] (seasonally constant)
PV cells p(4) Mixed Measured (bare cell)
PV frame p(4) Mixed Weathered aluminum from [70] (specularity = 0.15)
PV glass 7(4) Dielectric Measured (normal incidence)

p(A): spectral hemispherical reflectance; 7(1): spectral hemispherical transmittance. Spectra resampled to 18 bands and applied via
Radiance's spectral modifiers. A mixed optical model combines Lambertian diffuse and specular reflection components.

Table A.3

Radiance parameters (disabling selected built-in algorithms).
Parameter Value Note
Ambient bounces (-ab) 2 Include 1st order reflections from sky and 2nd order from sun.
Ambient divisions (-ad) 1024 Set high enough to reduce Monte Carlo sampling error.
Ambient accuracy (-aa) 0 Disable interpolation; enforce hemispherical sampling at each point.
Direct threshold (-dt) 0 Disable selective shadow testing to ensure visibility of all proxy suns.
Direct jittering (-dj) 0 Disable stochastic jitter; penumbra handled via proxy-suns.
Direct sampling (-ds) 0 Disable source subdivision; proxy-sun method takes over.

Generative Al statement

During the preparation of this work, the authors used ChatGPT (OpenAl) to improve readability and for programming support (e.g., refactoring,
debugging). The authors reviewed and edited all Al-assisted text and code and take full responsibility for the submitted manuscript.
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