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Highlights

What are the main findings?

• A new model for row crops is proposed by introducing three control parameters,
effectively capturing the high spatial intra-row heterogeneity and simulating dynamic
evolution across the life cycle, leading to a more realistic structural representation.

• The new model demonstrates high accuracy in simulating the BRDF for the row crops
canopy, with the three control parameters playing a critical role in shaping reflectance
in the darkspot direction.

What are the implications of the main findings?

• The model provides reliable support for remote sensing parameter retrieval and digital
twin applications in agricultural fields, improving the accuracy of crop monitoring
and yield estimation.

• The new model establishes a unified framework for row crops, which bridges the row
structure and continuous canopy stages.

Abstract

Row crops are regarded as a transitional type between continuous and discrete vegetation.
Previous studies idealized row crops as periodic hedgerows with rectangular cross-sections.
However, these models relied on oversimplified assumptions, failing to capture the intrinsic
heterogeneity of canopy or its dynamic evolution over the life cycle. In 2020, we proposed
a row crop model with a gradual decrease in leaf area volume density (LAVD) from the
center of the row to the edge, partially overcoming these limitations. Building on this
previous model, this paper introduces the leaf shape factor proposed by Mõttus et al. into
the model. Three control parameters, a leaf width control parameter (β), leaf length control
parameter (ψ), and leaf azimuth control parameter (e), are proposed to regulate the spatial
distribution of LAVD. Additionally, an empirical exponential function from Watanabe et al.
is adopted to describe the leaf zenith angle distribution, enabling the realistic calculation of
the G-function and Γ-function in conjunction with leaf azimuth distribution. The LAVD is
formulated at three hierarchical scales: individual scale, row scale, and scene scale. The
model delivers two key advancements: enabling pronounced spatial heterogeneity and
high tunability of the LAVD, and accurately simulating row crops throughout the life
cycle, which bridges the row structure and continuous stages of row crops. Radiative
transfer simulations are conducted to derive the bidirectional reflectance distribution
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function (BRDF), which is validated against the discrete anisotropic radiative transfer
(DART) model. Comparisons across three growth stages demonstrated good consistency.
Furthermore, this paper investigates the sensitivity of the BRDF to three control parameters
(β, ψ, and e). The results indicate that changes in three parameters significantly affect the
reflectance in the darkspot direction, leading to a maximum error of 22.6%. In carrying
out remote sensing applications such as parameter inversion and yield estimation for row
crops, the new model is recommended for more accurate BRDF simulations.

Keywords: heterogeneity; row crops; BRDF; LAVD

1. Introduction
Row crops, a significant category of terrestrial vegetation, are extensively distributed

across the world. Due to row planting, the canopy structure of row crops exhibits distinct
characteristics compared to naturally formed vegetation. For a considerable time during
the early and middle part of the growing season, the canopy of row crops is composed of
laterally alternating strips of vegetation and bare soil. This asymmetric distribution results
in significant directional anisotropy in the reflectance of row crops [1–3]. In the late stage of
the growing season, the canopy transforms into a more homogeneous structure after canopy
closure [4,5]. The bidirectional reflectance distribution function (BRDF) of the row crop
canopy contains crucial ecological parameters of cropland, such as leaf area index (LAI),
fractional vegetation cover (FVC), canopy height, row width, and chlorophyll content,
which are essential for monitoring crop growth and estimating yield [6–8]. Therefore,
establishing an accurate BRDF model for row crops is fundamental for improving the
retrieval accuracy of farmland ecological parameters, and further estimating absorbed
photosynthetically active radiation (FAPAR) and parameters of the carbon cycle [9].

The canopy of row crops is regarded as a transitional type between continuous and dis-
crete vegetation [2], exhibiting distinct heterogeneity: discrete in the cross-row direction and
continuous in the along-row direction, therefore inducing a unique bidirectional reflectance
pattern referred to as the row effect. Considerable research efforts have been devoted to the
modeling of row crops and their BRDF. As early as 1972, Jackson et al. [10] demonstrated
through experiments and simulations that neglecting row architecture induces significant
reflectance bias for the row crop canopy. Subsequent work by Jackson et al. [3] and later
Kimes et al. [11] abstracted row crops as an extended rectangular solid without gaps and
calculated the proportions of four components (sunlit vegetation, sunlit soil, shaded soil,
and shaded vegetation) of the projected area in the viewing direction. This established the
Kimes model as a pioneer in BRDF modeling of row crops. However, Kimes neglected
gaps within the row structure. To address this problem, Chen et al. [12] introduced Li’s
discrete canopy gap model [13] and Kuusk’s bidirectional gap model [14] into the Kimes
model. Meanwhile, Yan et al. [15] introduced Li’s gap model [13] and Jupp’s bidirectional
gap theory [16] into the Kimes model. Yan et al. [2] and Peng et al. [17] regarded the canopy
of row crops as a result of leaf aggregation at the canopy scale and adopted a clumping
index [18] to describe this heterogeneity, linking row crops with continuous vegetation.
However, Yan et al. derived the clumping index exclusively for the homogeneous row
structure, leaving the clumping index of the heterogeneous row structure unresolved. Af-
terwards, Yu et al. extended the clumping index to the thermal infrared band to simulate
the brightness temperature of the maize canopy in the row structure [19].

All aforementioned models for row crops are categorized as the geometric optical
(GO) model. The GO model precisely characterizes the geometric attributes of the canopy,
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making it ideal for the heterogeneous canopy [20]. The canopy of row crops exhibits distinct
geometric features (e.g., canopy height, row width, and intra-row spacing), and the GO
model excels at capturing these structural patterns. Consequently, the GO model has been
extensively applied in the modeling of row crops [21–23]. While the GO model achieves
accurate BRDF simulations in the visible spectrum, it systematically underestimates BRDF
in the near-infrared (NIR) band due to unaccounted multiple scattering [24]. To date,
extensive efforts have been dedicated to modeling multiple scattering within the GO
model. Li et al. [25] developed a hybrid geometric optical-radiative transfer approach
(GORT) by introducing the radiative transfer (RT) approach to estimate the multiple-
scattering contribution. Chen et al. [24] introduced viewing factors between illuminated
and shaded components to compute multiple scattering. Ma et al. [22] implemented
the adding method [26,27] for multiple-scattering calculations in row crops. For the RT
model, Suits et al. [28] introduced density modulation on the basis of the uniform canopy
reflectance model [29]. Suits believed that density modulation is the evidence for the
existence of row structure and is the measure of the amount of row structure. The density
was considered to be large in the center of the row and gradually decreased to zero between
rows depending upon the lateral displacement from the row centers. The modulation
was considered to be the same for all canopy layers. Zhou et al. [30] developed a 4SAIL-
RowCrop model for row crops by integrating the 4SAIL model [31] and the Kimes model.
Wang et al. [32] developed a multiple-layer canopy reflectance model (MRTM) focusing on
the effect of canopy vertical heterogeneity on the reflectance. Afterwards, Zhao et al. [33]
extended the MRTM to the crops. Zhou et al. [5] developed an aquatic vegetation row
model (AVRM), taking into account the water background for row crops.

Current models for row crops inadequately address canopy heterogeneity, typically
accounting for only horizontal or vertical heterogeneity. However, row crops exhibit
significant spatial heterogeneity in both dimensions simultaneously. Moreover, the growth
of crops is a continuous process, during which the canopy undergoes a dynamical transition
from a distinct row structure to continuous vegetation. A common modeling strategy is
to treat row crops as a discrete row structure before canopy closure and as continuous
vegetation afterward, with separate models applied to each stage. This modeling method
introduces an artificial discontinuity, hindering the establishment of a unified model across
the life cycle for row crops. In conclusion, a unified model for row crops capable of
capturing high spatial heterogeneity throughout the entire life cycle is critically needed.

Du et al. (2007) first introduced an ideal single plant as the foundational component
for crop scene modeling and DBT (directional brightness temperature) simulation. Building
on this concept, they developed the SLEC (soil leaf ear combined) model for mature crops
at the ear stage [34]. Subsequently, the approach was extended to simulate a row crop
canopy across the entire life cycle [35]. Du et al. [34] regarded the row crops as the periodic
permutation of the row structure by treating the row structure as the random permutation
of an individual plant, and thus constructed an elaborate model of row crops. Du et al.
believed that the density of leaves in the row reaches a maximum in the row center, and
decreases gradually with the distance from the center. For a single plant, LAVD is high
at the center of an individual plant and decreases gradually with the distance from the
stem of the plant in a centrosymmetric manner. On these bases, LAVD was formulated
at an individual scale, row scale, and scene scale hierarchically. The model performed
well throughout the growth cycle of row crops. At present, this model is only applicable
in the thermal infrared, but it also serves a purpose in modeling BRDF in the visible and
near-infrared (V-NIR) band. In this study, we further improve the row crop model proposed
by Du et al. [34] to better simulate the heterogeneity of the row crop canopy throughout
the entire life cycle and apply it on the BRDF simulation of row crop canopy.
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2. Materials and Methods
2.1. Modeling Leaf Area Volume Density Distribution (LAVD) on an Individual Scale

For the convenience of discussion, a Cartesian coordinate system is introduced at the
scene scale (Figure 1a), and a cylindrical coordinate system is introduced at the individual
scale (Figure 1b). According to Du et al. [35], the LAVD spatial distribution at the individual
scale is calculated as follows.

Di(ρ, φ, z) =
nw

2πρµH
(1)

where ρ is the distance from the stem, φ is the azimuth, z is the height, n is the number of
leaves inserted on a single stem, w is the leaf width, H is the height of the canopy, and µ is
the cosine of the leaf zenith angle.

Figure 1. Coordinate system for row crop scene and for individual plants. (a) The Cartesian coordinate
system for the row structure. A is the distance between two neighboring row centers, L is the half-
width of a row structure; H is the height of row structure. (b) The cylindrical coordinate system for
the individual scale.

The LAVD equation described above relies on three fundamental assumptions: (1) each
leaf is a long and narrow rectangle; (2) leaf azimuth angles follow a uniform distribution;
and (3) leaf vertical distribution is uniform. However, these simplifications diverge from
observed canopy architectures, where leaves exhibit an irregular figure and curvature, pref-
erential azimuthal orientations, and stratified vertical arrangements. To bridge these gaps,
three control parameters are introduced to enhance the model’s heterogeneity, flexibility,
and applicability.

(1) Leaf width control parameter (β)

The geometric architecture of the canopy predominantly governs radiative transfer
processes. Significant research efforts have been dedicated to modeling vegetation geomet-
ric structures, including Mõttus’ work on heterogeneous canopies. Mõttus proposed an
analytical leaf shape function for narrow leaves [36], simulated the fractional areas of sun-
flecks, penumbra, and umbra within the coppice canopy [37], estimated the crown volume
of trees [38], calculated the recollision probability in heterogeneous forest canopies [39,40],
presented an open dataset for multitask learning of continuous and categorical forest
variables from hyperspectral imagery (TAIGA, artificial intelligence dataset for forest geo-
graphical applications) [41], and investigated the seasonal and vertical effects of canopy
structure on canopy reflectance in a rice field [42]. Mõttus et al. highlight that leaf shape
significantly influences radiative transfer processes [36]. However, current models focus
exclusively on canopy-scale geometric structures, treating the canopy interiors as a turbid
medium and overlooking leaf shape complexity. Real leaf shapes in a canopy are intricate
and variable. Comprehensively measuring the leaves in a canopy is impractical. Therefore,
leaf shape descriptions for radiative transfer models must not only closely match actual
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measurements but also be robust [36]. For this aim, Mõttus et al. [36] proposed an analyt-
ical shape function for a narrow simple leaf whose shape cannot be modeled by simple
geometrical figures. The function describes the leaf half-width at point x on the midrib

fL(x, l, w, β) =
w
2

(
1 − β

x
l

)( x
l
−

( x
l

)2
)β

v(β), 0 ≤ x ≤ l, 0 ≤ β ≤ 1 (2)

v(β) =
21+β(1 + 2β)1+2β

(2 + β − β2 + βu(β))(β2 + 5β − 4 + (2 − β)u(β))
β

(3)

u(β) =
√

5 − 2β + β2 (4)

where l and w are the length and maximum width of a leaf, respectively. The parameter β

(0 ≤ β ≤ 1) is a hyperparameter characterizing leaf shape. Leaf shape at different values of
β with constant l and w are illustrated in Figure 2c. At β = 0, the leaf appears as a rectangle.
As β increases, the leaf shape shrinks to a drop shape. At β = 1, the shape function fL is a
third-order polynomial. According to Equation (1), the leaf width affects the LAVD directly.
The leaf shape function approximates the contour of the real leaf closely and gives the
possibility of computing the leaf area, while preserving the natural variability of leaf shape
through the parameter β.

Figure 2. Leaf azimuth distribution, zenith, and shape. (a) Top-view sketch of leaf occurrence
probability. (b) The curve of the leaf midrib: P1 is the midpoint of the leaf, and P1 and P2 are the
endpoints of the leaf. (c) Leaf shape at different values of β (l and w are constant).

(2) Leaf azimuth control parameter (e)

Previous studies have mainly focused on the zenith angle of leaves while assuming
a random leaf azimuth distribution [43–45]. This assumption remains valid for natural
ecosystems such as forests but fails for row crops [46–48]. When crops are planted in rows,
leaves tend to be lateral due to adiation interception, competition for water and nutrients,
and other reasons [49,50], which means that the azimuth angles of leaves are heterogeneous.
To describe this phenomenon, the leaf azimuth distribution probability density function
is modeled using an ellipse, whose eccentricity serves as the control parameter for the
azimuth distribution (Figure 2a). The minor axis of the ellipse is coaxial with row direction,
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whereas the major axis extends orthogonally to row direction. The azimuth starts from
the positive y-axis (row direction), with positive angular increments following a clockwise
direction. The leaf occurrence probability varies with azimuth (ψ) as follows

P(φ, e) =

√
1 − e2√

1 − (e·sin(φ))2
(5)

The larger the elliptical eccentricity, the closer the leaf is to a plane perpendicular to
the row direction. If the ellipse degenerates into a circle, the leaf has the same probability
of appearing at all azimuths. Under maximum eccentricity (e = 1), the ellipse degenerates
to a line, thus all leaves grow perpendicular to the row direction. In this configuration,
canopy light interception is minimized, which also serves as an indicator of water deficit
for row crops [49]. Additionally, Equation (5) needs to be normalized over the entire 2π
azimuthal domain.

(3) Leaf length control parameter (ψ)

There have been increasing works focusing on the effects of vertical heterogeneity of
the canopy structure [32,33,42,51]. Leaf length varies with the height [48]. To capture this
height-dependent variation, we implement the same analytical shape function [36] with
control parameter ψ. The range of ψ is extended to [−1, 1]. The leaf horizontal length at
height z is

l(z, ψ) =

{
fL(h, H, 2L, ψ), ψ ≥ 0
fL(H − h, H, 2L, |ψ|), ψ < 0

(6)

where H represents the canopy height, L is the half-width of the row structure and is also
the horizontal length of the longest leaf in the canopy. Consequently, ψ < 0 produces an
upright drop shape for the canopy envelope with a longer leaf on the top; ψ > 0 yields an
inverted drop shape for the canopy envelope with a longer leaf on the bottom; and ψ = 0
results in a rectangular canopy. The leaf length control parameter (ψ) determines the shape
of a single plant and the envelope of a row structure (Figure 3).

Figure 3. The single plant and envelope of the row structure for different ψ. (a1), (b1), and (c1)
represent a single plant for ψ = 0.5, 0.0, −0.5, respectively. (a2), (b2), (c2) represent the envelope of
the row structure for ψ = 0.5, 0.0, −0.5, respectively. A = 0.8 m, L = 0.4 m, H = 1.2 m, and θ01 = 45◦.

(4) Leaf midrib curve
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The above analytical leaf shape function describes the shape of flat leaves. However,
due to forces and other factors, leaves are curved, exhibiting spatial heterogeneity in leaf
zenith angles. The empirical exponential function proposed by Watanabe et al. [52] is
adopted to calculate the zenith of the midrib

θ03 = 81.7(1 − exp(−0.0379θ01)) (7)

The leaf midrib curve is shown in Figure 2b. It is assumed to be quadratic and can
be solved. Afterwards, the zenith angle is derived and denoted as θ(ρ,l), where l is the
horizontal length of the leaf. The leaf inclination at the individual scale is

ΩL(ρ, φ, z) = [θ(ρ, l(z, ψ)), φ] (8)

(5) The LAVD at individual scale

Incorporating the aforementioned refinements in leaf dimensions (width and length)
and orientations (azimuth and zenith angles), LAVD spatial distribution at the individual
scale is modified as

Di(ρ, φ, z) =
n· fL(ρ, l(z), l(z)·α)·P(φ)

2πρH·cos(θ(ρ, l(z)))
(9)

where α is the ratio of leaf width to length. Both n and α are constant intermediate variables
that require no configuration and can be substituted by LAI. Parameters β, ψ, and e are
hyperparameters and thus omitted from Equation (9), as well as subsequent equations.

(6) The LAVD at row scale

Once the LAVD at the individual scale is defined, the LAVD at the row scale can be
obtained by integrating the Di values for all individuals whose leaves can reach the given
point (Figure 4). Crops are usually planted in line uniformly. The LAVD parallel to the
row direction can be assumed to be homogeneous. In contrast, the LAVD across the row
direction is highly heterogeneous. Thus, the representation of LAVD spatial distribution is
simplified from three-dimensional to two-dimensional. LAVD spatial heterogeneity only
needs to be considered in the cross-row plane. The LAVD at row scale is calculated as

Dr(x, z) =
∫ yo

−yo
Di(ρ, φ, z)dy (10)

yo =

√
l(z)2 − x2 (11)

 

Figure 4. The top view of a row crop canopy and the integral range for the leaf area volume density
(LAVD) at the row scale.

The integral range diminishes with increasing distance from the row centerline, while
the LAVD at the individual scale decreases radially. Consequently, the horizontal het-
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erogeneity of LAVD arises from the coupling of these two spatial trends. The vertical
heterogeneity of LAVD is driven solely by the variations in leaf length.

(7) The LAVD at scene scale

Given the periodic nature of the row structure, the scene-scale LAVD is obtained by
summing the row-scale LAVD of adjacent rows.

D(x, z) = Dr(x, z) + Dr(A − x, z) (12)

2.2. G-Function

G is defined as the mean projection of unit foliage area, and is a function of the trans-
mission direction in a certain canopy [53,54]. The G-function characterizes the probability
of radiation interacting with the leaves and is a fundamental quantity that plays a critical
role in modeling radiative transfer within vegetation canopies. In previous studies, the leaf
inclination distribution function (LIDF) in the canopy was not available and was assumed
to be a spherical distribution, namely G ≡ 0.5. However, this hypothesis holds true near
the zenith angle of 57.5◦, and causes significant deviations at other zenith angles [55].
Compared to existing models, the new model provides a detailed characterization of LAVD
and LIDF, establishing the calculation for the spatial distribution of G.

G(x, z, Ω) =

∫ yo
−yo

Di(ρ, φ, z)·|ΩL(ρ, φ, z)·Ω| dy∫ yo
−yo

Di(ρ, φ, z)dy
(13)

2.3. Γ-Function

Γ is the scattering phase function of the canopy medium [54,56]. In the same way as G,
Γ determines the interception and scattering of light. According to its physical definition, it
is calculated as

Γ(x, z, Ωin, Ωout) =

∫ yo
−yo

Di(ρ, φ, z)γL·||ΩL(ρ, φ, z)·Ωin|·|ΩL(ρ, φ, z)·Ωout||dy∫ yo
−yo

Di(ρ, φ, z)dy
(14)

γL =

{
rL, |ΩL(ρ, φ, z)·Ωin|·|ΩL(ρ, φ, z)·Ωout|< 0
tL, |ΩL(ρ, φ, z)·Ωin|·|ΩL(ρ, φ, z)·Ωout|> 0

(15)

where γL denotes the scattering phase function of a single leaf, rL is leaf reflectance, and tL

is leaf transmittance.

2.4. Prospect Model

The scattering properties of leaves are governed by the internal biochemical constituent
parameters and evolve throughout the growth cycle. To enhance the BRDF simulation
capacity of the new model across the entire life span, we integrate a radiative transfer model
of leaf scale into the new model, which accounts for the determination of leaf reflectance
and transmittance. We employ the most widely used PROSPECT model [57] to calculate leaf
reflectance and transmittance. With multiple versions available, this study adopts the state-
of-the-art PROSPECT-PRO model [58]. The PROSPECT-PRO model is parameterized with
the following inputs: leaf mesophyll structure parameter (N, 1.5), chlorophyll content (Cab,
40 µg·cm−2), carotenoid content (Car, 10 µg·cm−2), brown pigment content (Cbrow, 0),
equivalent water thickness (Cw, 0.015 µg·cm−2), anthocyanin content (Cant, 0.5 µg·cm−2),
dry matter content (Cm, 0.01 g·cm−2). Among these, the dry matter content is composed of
nitrogen-based proteins content (Prot, 0.001 g·cm−2) and other carbon-based constituents
(CBC, 0.009 g·cm−2). The model outputs both upwelling and downwelling radiation at the
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leaf scale. However, to emphasize the effects of spatial heterogeneity within the canopy,
the seasonal variations in leaf reflectance and transmittance are disregarded.

3. Results
To evaluate the new model’s performance on BRDF simulation, we employed the

discrete anisotropic radiative transfer (DART) [59] model as the benchmark for generating
reference BRDF data. Prior to DART simulations, a near- realistic 3D canopy scene is
required to be generated. This scene is composed of individual plants with leaves abstracted
as narrow, elongated, and parametrically adjustable drop shapes stretching from the central
stem. Since crop geometry evolves from distinct row structures to a near homogeneous
canopy during the life cycle, we selected three representative growth stages for evaluation.
Stage1 represents the early growth stage with small plants, exhibiting a clear row structure
and significant exposure of bare soil in the scene. Stage2 represents the intermediate
period when the leaves of the neighboring rows begin to touch each other. The scene still
features a row structure, with comparable proportions of exposed soil and vegetation in
the scene, corresponding to the jointing stage of crops. Stage3 represents the maturity
stage with complete canopy closure, forming a visually continuous canopy. Scenes for
these three stages are generated as shown in Figure 5, with their specific row structure
configurations detailed in Table 1. In order to highlight the temporal dynamics of intra-row
heterogeneity throughout the growth cycle, consistent values are maintained for the three
control parameters across all growth stages.

We implement the BRDF model proposed by Yan et al. [2] for comparative analysis.
This model incorporates the gap probability and hotspot effect, simulating radiance transfer
within the canopy with good simulation accuracy. It utilizes the clumping index to correct
deviations arising from leaf heterogeneity in the crop scene. Originally proposed in the
V-NIR band [18] and later extended to the thermal infrared band [19,60], the clumping
index serves as a critical parameter in leaf area index inversion [61–64]. Yan et al. [2] treated
the row structure as homogeneous rectangular volumes and calculated the clumping index
in the upper hemisphere space, while neglecting the heterogeneity within the row structure.
Here, the structural parameters of the three stages used in the Yan model are slightly
different from those of the new model. We use the equivalent half-width (Le) for the
rectangular row structure. Le is the average length of leaves in the scene and is calculated
in Table 1. Since the crop canopy is closed at stage 3, the Yan model treats it as a continuous
canopy, with a calculated Le value exceeding the half distance between adjacent row centers
being capped at that maximum. A spherical LIDF is adopted for the Yan model. For all
scenes, parameters unrelated to row structure, namely the solar azimuth and zenith angles,
are assigned identical values in both the new model and the Yan model, as shown in Table 2.

Table 1. Row structure configuration of simulation scenes for the three growth stages.

Growth
Stage A (m) H (m) L (m) LAI θ01 (◦) β ψ e Le (m)

Stage1 0.8 0.3 0.3 0.5 45 0.5 0.5 0.5 0.22
Stage2 0.8 1.2 0.4 1.6 45 0.5 0.5 0.5 0.30
Stage3 0.8 1.8 0.6 2.8 45 0.5 0.5 0.5 0.40

A is the distance between adjacent row centers. H is the canopy height. L is the half-width of the row structure.
LAI is the leaf area index. Le is the equivalent half-width of the row structure used for the Yan model.
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Table 2. Input parameters of scenes other than row structure.

θs (◦) φs (◦)

30 120
θs is the solar zenith angle. φs is the solar azimuth angle.

Figure 5. Scenes and LAVD of three growth stages.

The spatial distributions of LAVD across three scenes are presented in Figure 5. A
consistent spatial pattern emerges: maximum LAVD values occur at row centers, forming
distinct drop-shaped distributions that decay radially toward inter-row spaces. It is evident
that significant spatial heterogeneity persists throughout all growth stages, extending to
stage3 (maturity stage) when canopy closure is achieved. Specifically, the wavelengths at
670 nm and 850 nm are selected to represent the red and NIR bands, respectively, which
can effectively capture the distinct reflectance characteristics exhibited by the canopy.

Considering the directionality of BRDF, it is presented on a polar map where the coor-
dinate system represents zenith and azimuth angles. The angular coordinate corresponds
to the azimuth angle, starting from the north and increasing clockwise. The radial distance
from the center corresponds to the zenith angle (0◦ at the center, 90◦ at the outer circle). This
projection allows for an intuitive visualization of the spherical data on a two-dimensional
plane, clearly showing directional data.

The polar map of the BRDF simulated by the DART model, new model, and Yan model
for row crops across three growth stages at 670 nm is presented in Figure 6. The BRDF in
the visible domain is dominated by single scattering from soil and foliage, with negligible
contributions from multiple scattering. Compared to the Yan model, the new model shows
stronger agreement with the DART model in the red band. At the first growth stage,
the scene exhibits alternating vegetation rows and bare soil. When the viewing azimuth
aligns parallel to the row azimuth, increased soil exposure generates a distinctive warm
belt in BRDF polar maps. When viewing geometry aligns parallel to the row direction,
increased soil exposure generates a distinctive warm belt in BRDF polar maps. Further
analysis revealed that the R3T model underestimates the BRDF at the hotspot, and the
exact reasons for this require further investigation. At the second growth stage, both
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simulation results of the DART model and R3T model show an obvious row effect. The Yan
model displays a weak row effect, detectable only under large zenith angles along the row
direction. Moreover, a lower belt appears on the side opposite to the solar direction in the
BRDF polar maps of both the DART model and new model, whereas the Yan model fails to
express this feature. Table ?? quantifies the BRDF agreement between the R3T model and
DART model, demonstrating strong consistency with the RMSE (root mean square error)
of 10−3 and rRMSE (relative root mean square error) below 7.50% in the red band.

Figure 6. Polar plots of simulated BRDF in the red band (670 nm).

The polar map of the BRDF simulated by the DART model, R3T model, and Yan model
for row crops across three growth stages at 850 nm is presented in Figure 7. Compared
to the Yan model, the R3T model exhibits superior consistency with the DART model in
the NIR band, with discrepancy not exceeding 3.48% (Table ??). The Yan model exhibits
significant underestimation across all viewing directions and growth stages. To further
analyze discrepancies among the three models, we partitioned the BRDF in the NIR band
into two components: single-scattering BRDF (Figure 8) and multiple-scattering BRDF
(Figure 9). Both the single and multiple scattering contribute a lot to the overall BRDF
in the NIR band. At the first growth stage, both the R3T model and the Yan model
underestimate the BRDF at the hotspot. For multiple scattering in the NIR band, the
R3T model agrees with the DART model with an rRMSE below 5.56%, while the Yan
model significantly underestimates the multiple-scattering BRDF. Further analysis reveals
that multiple scattering for both stage2 and stage3 exhibits a distinct row effect: lower
BRDF values occur when the viewing azimuth angle is aligned with the row azimuth, and
multiple scattering significantly increases at large viewing zenith angles. However, multiple
scattering at stage3 simulated by the Yan model exhibits exclusive zenith dependence with
negligible azimuthal variation, consistent with homogeneous canopy scattering properties.
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This result indicates that despite mature canopy closure at the maturity stage, persistent
spatial heterogeneity in row crops induces a row effect.

Table 3. Comparison of BRDF between the DART and the R3T model.

Growth Stage Statistics BRDF_Red BRDF_NIR BRDF_NIR_1 BRDF_NIR_m

Stage1

R 0.87 0.93 0.94 0.88
R2 0.9710 0.8769 0.8795 0.9637

RMSE 0.0040 0.0098 0.0066 0.0052
rRMSE 3.96% 2.92% 2.84% 5.56%
MAD −0.0069 −0.0076 −0.0036 −0.0039

Stage2

R 0.84 1.02 0.99 1.00
R2 0.9448 0.9151 0.9109 0.9358

RMSE 0.0023 0.0134 0.0079 0.0067
rRMSE 7.50% 3.48% 4.26% 3.32%
MAD −0.0037 0.0032 0.0021 0.0012

Stage3

R 0.93 0.90 0.85 0.70
R2 0.9121 0.8400 0.8585 0.7936

RMSE 0.0011 0.0131 0.0093 0.0058
rRMSE 6.10% 2.99% 3.45% 3.01%
MAD 0.0003 0.0111 0.0123 0.0043

BRDF_red is the BRDF in the red band. BRDF_NIR is the BRDF in the NIR band. BRDF_NIR_1 is the single-
scattering BRDF in the NIR band. BRDF_NIR_m is the multiple-scattering BRDF in the NIR band. R is the
correlation coefficient. RMSE is the root mean square error. rRMSE is the relative root mean square error. R2 is
the coefficient of determination. MAD is the mean absolute deviation, positive for overestimation and negative
for underestimation.

Figure 7. Polar plots of simulated BRDF in the NIR band (850 nm).
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Figure 8. Polar plots of simulated single-scattering BRDF in the NIR band (850 nm).

Figure 9. Polar plots of simulated multiple-scattering BRDF in the NIR band (850 nm).
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4. Discussion
4.1. Sensitivity Analysis

Canopy structure critically influences the BRDF. A sensitivity analysis was conducted
to investigate how LAVD and simulated BRDF respond to three control parameters. Stage2
(jointing stage) was selected for the sensitivity analysis. The jointing growth stage is the
key growth stage for crops. At this stage, crops have completed most of the vegetative
growth, having a great impact on the light transmission. Therefore, the variations in
three control parameters can be well manifested in the canopy structure. In addition, crop
size remains insufficient to cover bare soil between rows, facilitating the observation of
row effect. More importantly, the sensitivity analysis of crops during the jointing stage
holds significant importance for the parameter inversion, growth monitoring, and yield
estimation of crops [65].

The value ranges and step values of the three control parameters are specified in
Table 4. In each analysis, only one input parameter is varied incrementally according to its
defined range and step value while other parameters remain constant (the same as those of
stage2 in Table 1).

Table 4. Ranges and step values of the three control parameters for sensitivity analysis.

Min Value Max Value Step Value

β 0 1 0.25
ψ −1 1 0.50
e 0 1 0.25

(1) Leaf Area Volume Density (LAVD)

The three control parameters directly govern the spatial distribution of LAVD, thereby
propagating to the BRDF. The sensitivities of the three control parameters on LAVD are
analyzed. Figure 10 shows how the horizontal and vertical distribution of LAVD varies
with three control parameters. Parameter β modulates the horizontal distribution of
LAVD without affecting its vertical distribution. With constant LAI and other parameters,
increasing β reduces the leaf width far away from row centers. This causes LAVD to increase
near row centers while decreasing far away from them. Parameter ψ modulates vertical
LAVD distribution by governing leaf length, and this influence propagates to horizontal
LAVD distribution. As ψ approaches 0, reduced leaf length variability diminishes LAVD
vertical variability. As ψ = 0, LAVD becomes vertically uniform. Horizontally, as the
absolute value of ψ approaches one, leaf clustering toward row centers enhances LAVD
at row centers while reducing it farther away. Parameter e modulates the horizontal
distribution of LAVD without affecting the vertical distribution. As e increases, leaves tend
to orient perpendicular to the row direction. This causes LAVD to decrease at row centers
while decreasing farther away. Concurrently, the position of maximum LAVD progressively
shifts away from the row center.

We adopt the coefficient of variation (CV) to quantify the heterogeneity of LAVD
spatial distribution, shown in Figure 11. The CV, defined as the ratio of the standard
deviation to the mean value, is a standardized measure of dispersion.

CVD =
σD
µD

× 100% (16)

µD =

∫ H
0

∫ A
0 D(x, z)dx dz

A·H (17)
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σD =

√∫ H
0

∫ A
0 (D(x, z)− µD)

2dx dz
A·H (18)

 

Figure 10. Single-factor sensitivity analysis of vertical and horizontal distribution of LAVD. (a), (c)
and (e): The vertical distribution of LAVD varies with e, β, and ψ, respectively. (b), (d) and (f): The
horizontal distribution of LAVD varies with e, β, and ψ, respectively. Other parameters are the same
as in Table 1.



Remote Sens. 2025, 17, 3553 16 of 23

 

Figure 11. The spatial heterogeneity of LAVD varies with e, β, and ψ, respectively. CV, coefficient
of variation.

A high CV value indicates a high degree of heterogeneity. Further analysis indicates
that when the absolute value of φ increases to one, e approaches zero, and β approaches
one, the heterogeneity of LAVD increases, and the CV reaches up to 170.95%. The peak
heterogeneity appears when the leaf azimuth is uniformly distributed and the leaf shape
and envelope of the row structure deviate from the rectangle. Notably, the minimum CV
reaches 14.46%.

(2) Bidirectional Reflectance Distribution Function (BRDF)

To highlight the effect of canopy structure on single scattering and multiple scattering,
we conduct the sensitivity analysis in the NIR band at 850 nm. Two viewing planes
are selected to investigate the effects of the three control parameters on BRDF: the solar
principal plane (SPP, viewing azimuth angle aligned with solar azimuth angle) and the
cross principal plane (CPP, viewing azimuth angle perpendicular to solar azimuth angle).

Parameter β varies from zero to one at an increment of 0.25. As illustrated in Figure 12a,
the BRDF decreases with increasing β except for large zenith angles. Notably, the tendency
is extremely pronounced at the darkspot. The BRDF of the darkspot decreases approxi-
mately linearly with increasing β (Figure 13a).

Parameter ψ varies from −1 to 1 at an increment of 0.5. The influence of three control
parameters on both the BRDF value and zenith angle of the darkspot is quantified in
Figure 13b. To better present the effect of parameters on BRDF, reduced step values are
adopted for the parameter variations in Figure 13. The impacts of ψ on BRDF are primarily
manifested in both the BRDF value and the angular position of the darkspot. As shown in
Figure 13b, the BRDF at the darkspot exhibits an initial ascent followed by a progressive
decline with ψ varying from −1 to 1. The maximum BRDF for the darkspot appears at ψ = 0,
corresponding to a rectangular row structure. Moreover, higher BRDF values are yielded
by negative ψ compared to the positive ψ at equivalent absolute values. This indicates that
higher BRDF values are observed when leaves are longer in the upper part of the canopy
compared to the scene with longer leaves in the lower part. Furthermore, the variation in
the zenith angle of the darkspot with ψ is shown in Figure 13d. As ψ increases, the zenith
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angle of the darkspot increases. When leaves in the upper canopy are longer, a low BRDF
appears near the nadir.

 

Figure 12. Single-factor sensitivity analysis of three control parameters in the NIR band (850 nm). SPP,
the solar principal plane. CPP, the cross principal plane. VZA is the viewing zenith angle. (a) and (b):
Sensitivity analysis of β in SPP and CPP, respectively. (c) and (d): Sensitivity analysis of ψ in SPP and
CPP, respectively. (e) and (f): Sensitivity analysis of e in SPP and CPP, respectively. Other parameters
are the same as in Table 1.
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Figure 13. Sensitivity analysis of three control parameters on the BRDF and zenith angle of the
darkspot in the NIR band (850 nm). (a–c) The BRDF of the darkspot varies with β, ψ, and e, respectively.
(d) The zenith angle of the darkspot varies with ψ. Other parameters are the same as in Table 1.

Parameter e varies from zero to one at an increment of 0.25. Similar to β, parameter
e significantly affects the BRDF of the darkspot without affecting its zenith angle. The
BRDF value of the darkspot increases as e increases (Figure 13c), showing an approximately
exponential relationship.

Figure 14 shows the variation in the BRDF value in the darkspot direction with three
control parameters, with a range of 0.08 and a high relative range of 22.6%. Here, the range
of is obtained by subtracting the minimum value from the maximum value.

Figure 14. BRDF value of darkspot direction in NIR band. θs = 30◦. φs = 120◦.

(3) Correlation Between the LAVD Spatial Heterogeneity and the BRDF
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Figures 11 and 14 reveal a strong negative correlation between the LAVD spatial hetero-
geneity and BRDF in the darkspot direction: as LAVD spatial heterogeneity increases, the
BRDF value decreases. High LAVD heterogeneity induces a greater degree of leaf clump-
ing, which increases soil exposure while reducing vegetation visibility. Given that soil
reflectance is lower than leaf reflectance in the NIR band, this situation leads to an overall
reduction in canopy reflectance. Conversely, a homogeneous LAVD distribution improves
vegetation visibility while reducing soil exposure, thereby increasing the BRDF value. How-
ever, the Yan model significantly underestimates the BRDF across the three stages (Figure 7),
which can be attributable to inaccurate parameterization of the G-function and Γ-function.
This discrepancy highlights the critical influence of leaf inclination distribution on BRDF
simulations and underscores the necessity of refined canopy structural characterization.

In contrast, the BRDF in the hotspot direction exhibits only minimal variation with
the three control parameters (Figure 12). This phenomenon can be explained by the solar
zenith angle being set at 30◦, which allows sunlight to penetrate the canopy obliquely,
thereby mitigating the influence of LAVD heterogeneity along the light path. As illustrated
in Figure 15, this effect diminishes when the sun is at the nadir, under which condition
both the darkspot and hotspot BRDF become more responsive to the control parameters
compared to other solar zenith angles.

 

Figure 15. The BRDF in the SPP (solar principal plane) at different solar zenith angles. θs is the solar
zenith angle. φs is the solar azimuth angle. φs = 120◦.
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4.2. Potential Applications

The new model adopts three control parameters to simulate the spatial distribution of
LAVD, improving the simulation capability for row crops with a heterogeneous row struc-
ture. This model can be applied in parameter inversion involving row crops. Compared
with the previous models, it provides more information, with high precision, about the row
structure, such as the LAI, canopy height, row width, row spacing, and so on. Furthermore,
it facilitates growth monitoring, drought prediction, and yield estimation for row crops.

4.3. The Determination of Three Control Parameters

To further facilitate the application of the new model, such as for parameter inversion
and digital twin, three control parameters should be predetermined. Given that each
species has a unique leaf shape, Mõttus et al. [36] identified β as a species-specific parameter
and estimated its value through measurements. By extending this logic, it is reasonable
to hypothesize that parameters e and ψ are likewise species-specific, as the leaf length
and azimuth are also physiological characteristics for each species. Consequently, these
parameters can be determined through measurements.

4.4. Model Limitations

While the proposed model represents a significant step forward, further refinements
are possible to improve its depiction of a row crop canopy. One key area for enhancement
lies in the representation of the canopy structure for row crops, especially the complex ver-
tical heterogeneity inherent in the canopy. Beyond variability in leaf length, the canopy of
row crops displays additional vertically stratified properties that are not yet fully captured.
For example, observations show that leaf azimuth angular dispersion shows clear vertical
stratification [66,67]. Basal leaves exhibit lateral clustering of azimuth angles with reduced
dispersion, whereas apical leaves exhibit uniformly distributed azimuth orientations. This
vertical stratification also extends to leaf zenith angles. Apical leaves in the maize canopy
typically display an erectophile orientation, namely, straight leaves [68]. These stratified
traits are central to the interception and scattering of light and energy exchange rate in
canopies. Another important aspect for enhancement involves capturing the dynamic
changes throughout the crop life cycle. Leaf biochemical constituent parameters, such as
chlorophyll and water content, vary considerably with growth stages, directly influencing
leaf optical properties and canopy reflectance. Additionally, to make the model suitable for
the whole life cycle of row crops, the model should incorporate the effects of reproductive
organs, such as ears for wheat and tassels for maize, which become significant structural
and functional components during the maturity stage [34,69]. Therefore, future research
regarding this model will integrate these vertically stratified traits and the effects of repro-
ductive structures. These enhancements are expected to improve the model’s biophysical
realism and its accuracy in simulating light interception and radiative transfer, ultimately
leading to more robust applications in crop modeling.

5. Conclusions
In this paper, a new model for row crops is proposed. By introducing three control

parameters, the new model accounts for horizontal and vertical heterogeneity within the
canopy simultaneously. Validation results demonstrate that the model achieved high accu-
racy in BRDF simulation across three growth stages of row crops. Another key advantage of
the new model is its ability to accurately represent canopy structure throughout the entire
life cycle, effectively bridging the gap between discrete row-structure models and contin-
uous vegetation models. Furthermore, this model reveals that even when the row crop
canopy appears visually continuous, it retains substantial inter-row heterogeneity, which



Remote Sens. 2025, 17, 3553 21 of 23

exerts a pronounced influence on the BRDF. Sensitivity analysis shows that the three con-
trol parameters significantly affect reflectance in the darkspot direction. Neglecting LAVD
heterogeneity leads to a maximum error of approximately 22.6% in darkspot reflectance;
such an error is not ignorable in quantitative remote sensing applications. Therefore, we
recommend the use of this model for BRDF simulation and parameter inversion involving
row crops.
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