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A New Directional Canopy Emissivity
Model Based on Spectral Invariants
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Abstract— A new directional canopy emissivity model (CE-P)
based on spectral invariants is proposed in this paper. First,
we prove the existence of the spectral invariant properties in
the thermal infrared (TIR) band using a Monte Carlo model.
Based on it, the equation of the new model is derived from the
perspective of absorption. In this expression, single-scattering
and multiscattering effects are separated analytically in the
TIR band. We find that the overall contribution of multiple
scatterings is less than 0.005 when the component emissivities are
over 0.90, and the overall contribution decreases with increasing
leaf or soil emissivity. Furthermore, the new model can avoid the
logical difficulty encountered when using the traditional cavity
effect factor to simulate the emissivity of a sparse vegetation
canopy. The results of 4SAIL and Discrete Anisotropic Radiative
Transfer (DART) are selected to do cross validation. The CE-P
can achieve a high accuracy compared with 4SAIL and DART,
with an absolute bias less than 0.002 when the leaf (soil)
emissivity is equal to 0.98 (0.94). Four widely used analytical
models are selected for comparison. The resulting accuracies of
these models are ordered from CE-P to REN15, FR97, FR02,
and VALOR96 with the most serious error up to 0.002, 0.002,
0.007, 0.013, and 0.014, respectively. Three main conclusions
are obtained through the sensitivity analysis: the multiscattering
between vegetation and the background can be ignored when the
leaf (soil) emissivity is no less than 0.94 (0.90), the second and
higher order scattering within the vegetation can also be ignored
when the leaf (soil) emissivity is no less than 0.94 (0.90), and the
single-scattering effect within the canopy should be considered
which can be calculated using three view factors.

Index Terms— Canopy emissivity, land surface emissivity,
land surface temperature (LST), recollision probability, spectral
invariants.

NOMENCLATURE

α Cavity effect factor.
M Number of absorbed photons.
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N Number of incident photons.
θ View zenith angle.
p Recollision probability.
ρdh Directional-hemispherical reflectance.
e Directional canopy emissivity.
eu Upward escape probability.
ed Downward escape probability.
au The probability of a photon moving upward

after being scattered by a leaf.
ad The probability of a photon moving downward

after being scattered by a leaf.
a Directional canopy absorption.
av Vegetation directional absorptance.
as Background directional absorptance.
b0 Canopy gap fraction.
i0 Canopy interception.
i �
0 Hemispherical average intercept probability.

ul Leaf area density.
H Canopy height.
h The height of a layer.
dh The thickness of a layer.
G(θ) The fraction of leaves projected in the direction θ .
� Clumping index.
w Single-scattering albedo.
εv Leaf emissivity.
εs Background emissivity.
εlim Limited canopy emissivity with very large LAI.
r∗

c1 Forward diffuse reflectance of the canopy.
r∗

c2 Backward diffuse reflectance of the canopy.
dε Scattering effect in VALOR96 model.
ε1 Leaf emission.
ε2 Leaf reflected radiance coming from the

leaf emission.
Fll View factor of ε2.
ε3 Soil reflected radiance coming from the

leaf emission.
Fls View factor of ε3.
ε4 Soil emission.
ε5 Leaf reflected radiance coming from the soil

emission.
Fsl View factor of ε5.

I. INTRODUCTION

LAND surface temperature (LST) is one of the most
important parameters in the physical processes of surface

energy and water balance at both local and global scales [1].
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It is the direct driving force of turbulent heat fluxes at
the surface and atmosphere interface and is widely used in
the fields of evapotranspiration estimation and hydrological
cycle [2]. Remote sensing products offer the only possibil-
ity for measuring LSTs with completely spatially averaged
values [3].

The angular effect of LSTs has been widely concerned in the
area of thermal infrared (TIR) remote sensing. Many models
have been proposed to simulate the directional brightness
temperature (DBT) distribution and land surface emissiv-
ity distribution over different underlying surfaces since the
1960s. The underlying surfaces, such as vegetation [4]–[8],
bare soil [9], [10], urban [11], [12], snow, and water [13],
have been widely discussed. Furthermore, the DBT distri-
bution of mixed pixels has also been discussed in recent
years [14], [15].

Vegetation is the one of the most important ecosystems of
the land surface. Many models have been proposed to sim-
ulate the directional emissivities of vegetation canopies [16],
and these models can be divided into three categories: geo-
metrical models, radiative transfer models (RTMs), and ray
tracing models. For homogeneous canopies, RTMs (such as
S&WVM [17], FR97 [18], FR02 [19], and 4SAIL [20]) are
used more widely. In 2015, Ren et al. [21] proposed a new
homogeneous canopy directional emissivity model (REN15)
and further compared it with S&WVM, FR97, FR02, and
4SAIL. REN15 can obtain the most accurate results while
the 4SAIL was treated as reference, especially for large view
zenith angles (VZAs).

It is widely accepted that FR02 is always underestimated
because it ignores the multiple-scattering effects within veg-
etation layers. The 4SAIL can produce the most accurate
emissivities which can be used as reference to validate other
models, but the form of differential equations leads to the
parameter inversion largely depending on the lookup table.
Therefore, REN15 and FR97 are widely used for parameter
inversion. The equations of these two models are similar, but
the unique difference between them is the values of the lookup
table of α, which is an indicator of the multiple scatterings
inside the canopy. The α of FR97 is calculated based on
the Prevot model [22], and that of REN15 is obtained from
4SAIL. A ray tracing model [such as the Discrete Anisotropic
Radiative Transfer (DART)] [23], [24] is always used for
validation because of its high accuracy. However, a ray tracing
model is not suitable for parameter inversion because of its
high time cost.

François et al. [18] found that the canopy directional
emissivity at a specified VZA always reaches a limit emissivity
that depends only on the vegetation emissivity and VZA rather
than on the background emissivity. The canopy limit emissivity
is larger than the leaf emissivity due to multiple scatterings.
François et al. [18] developed α parameter to represent the
cavity effect based on the canopy limit emissivity and leaf
emissivity. However, if the cavity effect factor is used to
calculate the directional emissivity of the canopy with small
leaf area index (LAI), a logical difficulty arises because the
factor can be calculated only when the LAI is very large
(under extreme conditions). In fact, α should be not only

angle-dependent but also LAI-dependent, which means that the
cavity effect should change with LAI and canopy architecture
(i.e., LAI 3-D distribution).

For the bidirectional reflectance distribution function simu-
lation in the visible and near infrared (VNIR) bands, multiple
scatterings are also a problem that needs to be solved. Spectral
invariants (such as the recollision probability value p) provide
an opportunity to give an analytical solution of the multiple-
scattering effect in the VNIR band [25]. However, no evidence
can currently support the definition of spectral invariants in
the TIR band, so few studies extend the concept to the
TIR band to evaluate the multiscattering effect in the TIR
band.

In this paper, we tried to extend the spectral invariants in
the TIR band and to propose a new analytical method to
calculate the cavity effect within a homogeneous canopy based
on spectral invariants. Based on this method, a new physical
analytical model will be developed to simulate the directional
emissivity of a homogeneous canopy. The contributions of
leaves and soil can be directly separated in this model with-
out the use of the empirical factor α. The methodology is
introduced in Section II. Section III presents the sensitivity
analysis results. The cross validation and comparison are given
in Sections IV and V. Section VI presents the discussion and
conclusion.

II. METHODOLOGY

A. Model Basis: Kirchhoff’s Law

Based on Kirchhoff’s law, directional canopy emissivity
is equal to the difference between one and the directional-
hemispherical reflectance and is equal to the absorption in
the incident direction. This law is widely applied to mea-
sure emissivity in the field and laboratory [26], such as
the widely used TIR spectral emissivity libraries of the
University of California at Santa Barbara (UCSB, website:
http://www.icess.ucsb.edu/modis/EMIS/html/em.html), Santa
Barbara, CA, USA.

Assuming there are N photons coming from a given
direction (θ ), when the canopy (including the vegetation and
background) absorbs M photons, the number of reflected
photons should be equal to N − M , according to the law of
energy conservation. Then, the directional absorption is equal
to M/N , and the directional-hemispherical reflectance (ρdh)
is equal to (N − M)/N . Finally, the directional emissivity in
this direction (θ ) can be obtained based on Kirchhoff’s law,
as shown in the following equations:

e(θ) = 1 − ρdh = 1 − N − M

N
= M

N
(1)

e(θ) = a(θ) = M

N
. (2)

The equation for the directional absorption (containing both
vegetation absorption and soil absorption) of a continuous
canopy will be introduced in detail in Section II-D, and the
equations for the essential parameters, including the recollision
probability, interceptions, escape probability, gap fraction, and
diffuse reflectance, will be given in Sections II-B and II-C.
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Fig. 1. Measured leaf emissivity in the TIR band (8–12.5 μm).

B. Spectral Invariants

The spectral invariants [27]–[32] [including the recollision
probability (p), the canopy interceptions (i0), and the direc-
tional escape probability] are widely used in the VNIR band
to simulate the bidirectional reflectance factor. The recollision
probability is defined as the probability by which a photon
scattered from a leaf or needle in the canopy will interact
within the canopy again. The recollision probability is sup-
posed to be independent of wavelength but changes with the
LAI and VZA. Stenberg et al. [33] reviewed the recollision
probability in modeling in the VNIR band in 2016.

The recollision probability is widely used in the VNIR band,
but no research has been done to evaluate its behavior in the
TIR band. We statistically analyze the recollision probability in
the TIR band using a Monte Carlo (MC) model and the input
of a measured leaf spectrum in the HiWATER experiment [34],
as shown in Fig. 1 (assuming the soil reflectance is equal to
0 to concern the collisions between leaves). There are two
main differences between the radiative transfer processes in
the VNIR and TIR bands. The first is that the reflectance in
the TIR band is obviously lower than that of VNIR band,
while the other difference is that the transmittance in the TIR
band is equal to 0, which means that the photons cannot be
transmitted through a leaf in the TIR band.

Fig. 2 shows the MC-simulated recollision probability with
different wavelengths, with an LAI equal to 3 and with a
spherical leaf angle distribution (LAD). The phenomenon of
spectral invariant is also observed in the TIR band when the
number of photons is greater than 106.

The interception (i0) of the first collision indicates the
interception possibility by the canopy in the incident direction,
which can be calculated using (3). There are two possibilities
after the first collision between the photon and leaf: absorp-
tion or reflection. The reflected photon may escape from the
canopy, or collide with other leaves again. If we can calculate
the upward escape probability eu and the downward escape
probability ed , the p value can be obtained using (4). Here, i0
stands for the directional interception fraction, θ is the VZA,

Fig. 2. Recollision probability with different numbers of photons N .

LAI is the leaf area index, and G is the mean projection of
the unit leaf area on a plane normal to a direction. It can be
determined by the LAD and VZA

i0 = 1 − e−G(θ)LAI/ cos θ (3)

p = 1 − eu − ed . (4)

Taking a thin layer as an example, four probabilities are
needed to calculate the upward escape probability of this layer,
including the probability of the photon reaching this layer,
the probability of interception of this thin layer in the view
direction, the upward reflected probability, and the upward
hemispherical gap probability. eu can be obtained through
integrating the entire canopy height, as shown in the following
equation:

eu = 1

i0
·
∫ H

0

[
e−G(θ)ulh/ cos θ · G(θ)uldh

cos θ
· au

· 2
∫ π/2

0
e−G(θ)ul h/ cos θ cos θ sin θdθ

]
(5)

where H is the canopy height, h is the height of a certain layer,
dh is the thickness of the layer, ul is the leaf area density which
is defined as the total one-sided leaf area of photosynthetic
tissue per unit canopy volume, au is the probability of a photon
moving upward after being scattered by a leaf. Similarly, ed

can also be calculated using (6), where ad is the probability
of a photon moving downward after being scattered by a
leaf

ed = 1

i0
·
∫ H

0

[
e−G(θ)ulh/ cos θ G(θ)uldh

cos θ
· ad

· 2
∫ π/2

0
e−G(θ)ul(H−h)/ cos θ cos θ sin θdθ

]
.

(6)

Equations (5) and (6) are approximations because the veg-
etation layer is not lambertian. However, they prove to be
good approximations if the LAD is spherical with lambertian
leaves. In that case, au and ad can be considered equal to 0.5.
Below, this simplifying hypothesis is always assumed if not
specifically stated.
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Fig. 3. eu and ed with different LAIs and VZAs.

As shown in Figs. 3 and 4, eu , ed , and p are angle-
dependent. Furthermore, eu decreases with LAI and increases
with VZA. The bigger the LAI, the steeper its increase
with VZA. ed also drops with LAI; however, contrary to
eu , it decreases slightly with VZA. Therefore, the p value
increases with LAI because it is equal to 1 − eu − ed . The p
value also drops slightly with VZA, as shown in Fig. 4.

C. Other Important Parameters Based on Spectral Invariants

After the first collision, the unabsorbed photons will be
scattered. Part of the scattered photons will escape from the
canopy top or bottom, and others will recollide with the leaves
again and again. Considering this multiscattering effect, and
further assuming that the p remains constant in successive
interactions, the forward (backward) diffuse reflectance of
the canopy r∗

c1(r
∗
c2) can be calculated using the following

equations:
r∗

c1 = w · ed +w · p ·w ·ed + w2 · p2 ·w · ed +· · ·= w ·ed

1 − w · p
(7)

r∗
c2 = w ·eu +w · p ·w ·eu+w2 · p2 ·w ·eu +· · ·= w ·eu

1 − w · p
(8)

where w is the single-scattering albedo in the VNIR and is
equal to the sum of the leaf reflectance and leaf transmittance.
However, the leaf transmittance is 0 in the infrared band, such
that w is equal to the leaf reflectance value, which can be
obtained through (9), where εv is the leaf emissivity

w = 1 − εv . (9)

For a clumped canopy, the directional gap fraction (b0) can
be calculated using (10), which was proposed by Nilson [35].
� is the clumping index. This parameter is equal to 1 for
a homogeneous canopy. Note that the sum of b0 and i0 is
equal to 1

b0 = 1 − i0 = e−�G(θ)LAI/ cos θ . (10)

The hemispherical average intercept probability of the
canopy (i �

0) can be obtained by integrating the directional

Fig. 4. p value with different LAIs and VZAs.

Fig. 5. Illustration of the composition of the vegetation absorption.

intercept probability i0, as shown in (11). Fan et al. [29]
proposed an empirical exponential function for the spherical
LAD

i �
0 = 2

∫ π
2

0
(1 − e−�G(θ)LAI/ cos θ ) cos θ sin θdθ. (11)

D. Basic Model

Based on Kirchhoff’s law, the directional emissivity is equal
to the directional absorption of the canopy, as shown in (12).
Furthermore, the directional absorption is the sum of the
vegetation directional absorptance av(θ ) and the background
directional absorptance as (θ )

e(θ) = a(θ) = av(θ) + as(θ). (12)

The av (θ ) includes three parts, as shown in Fig. 5: the direct
absorption of radiation by the vegetation (e1), the radiation
that reaches the background and is reflected by the background
before being absorbed by the vegetation (e2), and the radiation
that reaches the background after one or more scattering events
within the canopy and is reflected by the background before
being absorbed by the vegetation (e3).

In addition, the remaining energy after e2 and e3 absorption
will reach the background again and be reflected by the
background before being absorbed by the vegetation. The
multiple scatterings between the vegetation and background
can be calculated by the diffuse reflectance of the vegetation
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Fig. 6. Illustration of the composition of background absorption.

canopy r∗
c [see (7) and (8)] and the hemispherical average

intercept probability of the canopy i �
0 [see (11)]. Considering

the multiple collisions between the components and photons,
the vegetation absorptance can be deduced as follows:

av(θ) = e1 + e2 + e3 = i0εv

1 − p(1 − εv)

+ (1 − i0)(1 − εs)i �
0 · εv

1−p(1−εv)

1 − r∗
c2(1 − εs)i �

0

+ i0r∗
c1(1 − εs)i �

0 · εv
1−p(1−εv)

1 − r∗
c2(1 − εs)i �

0
(13)

where p, i0,, and i �
0 can be determined by LAI, LAD, and

VZA, and εs and εv are the background emissivity and leaf
emissivity. We assume that the component emissivities are
lambertian.

As shown in Fig. 6, as(θ ) includes two parts: the direct
absorption of radiation by the background (e4), and the absorp-
tion by the background after one or more scattering events
within the canopy (e5). In addition, the remaining energy after
e4 and e5 absorptions will reach the vegetation and diffuse
reflected by the vegetation before being absorbed by the
background again. The equation of as(θ ), which considers the
multiple scatterings between the vegetation and background,
is shown as follows:

as(θ) = e4 + e5 = (1 − i0)εs

1 − (1 − εs)i �
0r∗

c2
+ i0r∗

c1εs

1 − (1 − εs)i �
0r∗

c2
.

(14)

III. SENSITIVITY ANALYSIS

A. Sensitivity Analysis of the Basic Model

The input parameters are listed in Table I. Four LAIs,
18 VZAs, one leaf emissivity, and one soil emissivity con-
stitute 72 samples. The LAD of these samples is spherical
as introduced above. The canopy emissivity and the five
components change with VZA and LAI, as shown in Fig. 7.

For small LAIs (for example, LAI = 0.5, 1), the canopy
emissivities clearly increase with VZA because more leaves
can be observed in the oblique view, and the leaf emissivity
is larger than the soil emissivity. Although e2 and e4 decrease
with VZA, the growth of e1 exceeds their combined
decreases.

For large LAIs (for example, LAI = 3, 6), the canopy
emissivities decrease with VZA, as shown in Fig. 7, which

TABLE I

MODEL KEY INPUTS

Fig. 7. Canopy emissivity and the five components with VZAs and LAIs.

is contrary to the trend of small LAIs. Under these circum-
stances, the observed leaf coverage in the nadir direction is
already very large, and the growth of e1 is less than the
combined decline of e2 and e4. Furthermore, Fig. 7 shows
that a dense vegetated canopy has a low angular variation of
emissivity, almost corresponding to a lambertian surface.

The trends of e1 and e4 are easy to understand and are
controlled by the gap fraction. e3 is small enough to be ignored
in all cases. e5 can be ignored for small VZAs, but should be
considered for VZAs larger than 40°. e2 always decreases with
VZA because of the smaller gap fraction caused by the larger
view angle. However, there is a cross point for the line of
LAI = 0.5 and the line of LAI = 1 because e2 is proportional
to the hemispherical average intercept probability (i �

0) and the
directional gap fraction (1 − i0), while 1 − i0 is inversely
proportional to LAI, but i �

0 is proportional to LAI. When LAI
increases from 0.5 to 1, for small VZAs, the growth of i �

0
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Fig. 8. Comparison of the canopy emissivities with e3 and without e3.

is greater than the decline of 1 − i0. Therefore, the line of
LAI = 1 spans up to the line of LAI = 0.5. For large VZAs,
the growth of i �

0 is smaller than the decline of 1 − i0. Thus,
the trend is reversed, leading to an intersection of the two
lines.

B. Basic Model Simplification

Four steps of simplification of the basic model are proposed
based on the sensitivity analysis in Section III-A.

Step 1: If we ignore the contribution of e3, the bias will be
less than 0.0002, while (13) will be more concise.
The comparison between (e1 + e2 + e3 + e4 + e5)
and (e1 + e2 + e4 + e5) is shown in Fig. 8. e3 can
be omitted under this circumstance.

Step 2: Furthermore, if we ignore the multiple scatterings
between the vegetation and background, the direc-
tional emissivity can be calculated using the fol-
lowing equation. The canopy emissivity will drop
slightly, as shown in Fig. 9

e = i0εv

1 − p(1 − εv)
+ (1 − i0)(1 − εs)i

�
0

× εv

1 − p(1−εv)
+(1 − i0)εs +i0r∗

c1εs . (15)

Step 3: Based on (15), we further ignore the multiscattering
within the vegetation of e2 and e5, as shown in (16).
Fig. 10 shows that the canopy emissivity will drop
very slightly. Therefore, the contribution of multi-
scattering within e2 and e5 can also be ignored

e = i0εv

1 − p(1 − εv)
+ (1 − i0)(1 − εs)i

�
0εv

+ (1 − i0)εs + i0(1 − εv)edεs . (16)

Step 4: However, if the multiscattering in e1 is ignored,
as is done for e2 and e5, the canopy emissivity will
decrease rapidly, as shown in Fig. 11, especially for
large LAIs. Thus, it should be considered.

The drop is less than 0.006 for small LAIs, as shown
in Fig. 12. The multiscattering within e1 is inversely pro-
portional to 1 − p(1 − εv ), while p is proportional to LAI.

Fig. 9. Comparison of the canopy emissivities with and without multiscat-
tering between the vegetation and background.

Fig. 10. Comparison of the canopy emissivities with and without the
multiscattering contribution of e2 and e5.

Therefore, a bigger LAI results in a larger multiscattering
effect. The difference is larger than 0.01 for large LAIs,
making this step of simplification unacceptable, as shown
in Fig. 12.

Furthermore, we try to analyze the order of the recollisions
that should be considered in the term of e1. Fig. 13 shows
the canopy emissivity that considers only the first and second
terms of the geometric series of e1 [see (17)]. The outputs are
very close to the result of (16), indicating that the third-order
term and beyond can be omitted for simplification because
the leaf reflectance is very small (for example, 0.02 in the
72 samples) in the TIR band

e = i0εv + i0εv p(1 − εv) + (1 − i0)(1 − εs)i
�
0εv

+ (1 − i0)εs + i0(1 − εv)edεs . (17)

Above all, from the perspective of absorption, the final pro-
posed simplified analytical equation of the canopy directional
emissivity can be expressed as (17), wherein only the first
and second collisions between the leaf or soil and the photons
are considered. This simplification with less complexity and
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Fig. 11. Comparison of the canopy emissivities with and without the
multiscattering in e1.

Fig. 12. Canopy emissivity difference with/without the multiscattering in e1.

Fig. 13. Comparison of the canopy emissivities of (16) and (17).

almost the same accuracy will be benefit to the land surface
component temperature inversion and the scaling of LST. From
the perspective of active emissions of canopy components
in the TIR band, this simplification means that only the
direct emission (first collision) and the single-scattering effect

Fig. 14. Mean differences between the full [see (12)] and simplified [see (17)]
canopy emissivity for different leaf and soil emissivity values.

(second collision) need to be considered, which will be dis-
cussed in Section VI.

C. Sensitivity Analysis of the Simplified Model

The simplification in this section is deduced under the
condition of unique leaf emissivity (0.98) and soil emissivity
(0.94). What will occur if the input emissivities change? We
calculated the mean differences of 72 samples (comprising
4 LAIs and 18 VZAs, as shown in Table I) with different
component emissivity combinations (growing up to 0.99 from
0.90 with a step size of 0.01, respectively). It can be observed
from Fig. 14 that the difference between (12) and (17) will
increase with the decrease of leaf emissivity or the drop of
soil emissivity.

The difference will be up to 0.004 when the leaf and
soil emissivities are equal to 0.90 and will be no more than
0.002 when the leaf emissivity is equal to 0.98 and the soil
emissivity is equal to 0.94, as shown by the star in Fig. 14. The
difference caused by model simplification is more sensitive to
the leaf emissivity than to soil emissivity. If the leaf emissivity
is over 0.94, as shown in Fig. 14, the difference is less than
0.0025, which means that the simplification is acceptable.
We statistically analyze the spectral library of UCSB, and
find that 0.94 (0.90) can be regarded as the boundary value of
leaf (soil) emissivity. Therefore, the simplification of the basic
model is practical for application.

Furthermore, we can evaluate the contributions of the dif-
ferences between (12) and (17) in detail under the help of
the analytical equations of CE-P. There are four steps of
simplification, including ignoring e3, the multiple scatterings
between the vegetation and background in e2, e4, and e5,
the multiscattering within the vegetation of e2 and e5, and the
third-order and above terms of e1. The contributions of these
steps (see Figs. 15–18) can be calculated separately because
CE-P is an analytical model.

Overall, the patterns in Figs. 15–17 are similar to that
of Fig. 14. When the leaf or soil emissivity is smaller, the
difference is larger. Nevertheless, the contribution of the fourth
step of the simplification in Fig. 18 is related only to the leaf
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Fig. 15. Mean difference caused by the first step of the simplification
(neglecting the contribution of e3) for different leaf and soil emissivity values.

Fig. 16. Mean difference caused by the second step of the simplification
(neglecting the multiscattering between the vegetation and background in e2,
e4, and e5) for different leaf and soil emissivity values.

emissivity: when the leaf emissivity is smaller, the difference is
larger. This difference can be as high as 0.002 when the leaf
emissivity is 0.90, which means the third-order and beyond
terms of e1 should be considered in this case. The difference
will be less than 0.001 when the leaf emissivity is over 0.94.
Thus, the simplified model can achieve a high accuracy in
practice.

IV. CROSS VALIDATION

The 4SAIL and DART are the most accurate RTM and ray
tracing model for a homogeneous canopy in the TIR band,
respectively. They can accurately produce the canopy emissiv-
ity distribution, which is suitable for the cross validation of the
new model. During the cross validation, the leaf emissivity and
soil emissivity are set as 0.98 and 0.94, as shown in Table I, but
the LAI and VZA will be interpolated to give more detailed
results. In this section, the simplified model (CE-P) is selected
to do cross validation, and the details are introduced as follows.

Fig. 17. Mean difference caused by the third step of the simplification
(neglecting the multiscattering within the vegetation of e2 and e5) for different
leaf and soil emissivity values.

Fig. 18. Mean difference caused by the fourth step of the simplification
(neglecting the third-order and beyond terms of e1) for different leaf and soil
emissivity values.

A. Validation Using the 4SAIL Model

The SAIL model is a four-steam RTM proposed by
Verhoef et al. [36]. In 2007, the SAIL model was extended
to the TIR domain with the same model framework but
considering the temperature differences between the sunlit and
shaded leaves/soils. This extension enables the simulation of
the TIR directionality with considering the multiple scatterings
inside the vegetation canopy. One advantage of the 4SAIL
is its detailed estimation of the multiple scattering effects
due to the detailed radiative transfer theory. If we set the
temperatures of the four components to the same value, then
we can derive the canopy emissivity as the ratio of the
directional canopy radiance and the blackbody radiance at
the same temperature, the same component emissivities, and
canopy structures. Setting the same component temperatures
can avoid the definitional differences of the r -emissivity of the
CE-P and the e-emissivity of the 4SAIL outputs [37].
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Fig. 19. Comparison between CE-P and 4SAIL.

Fig. 20. Scatterplot between CE-P and 4SAIL.

The 4SAIL is an analytical model with differential equations
and runs very fast. It is a reliable reference to cross validate our
new model. Fig. 19 shows a comparison between the CE-P and
4SAIL models with the same input parameters as in Table I.
CE-P is slightly lower than 4SAIL for small LAIs, while
the phenomenon is opposite to that of large LAIs. However,
the absolute bias between them is less than 0.002, which means
that compared with 4SAIL, CE-P can achieve a very high
accuracy.

Furthermore, the LAI in Table I is set to range from
0.5 to 8 at steps equal to 0.5, and the VZA in Table I is set to
range from 0 to 85 at 1° steps. The comparison results of these
1376 samples are shown in Figs. 20 and 21. It can be seen
from Fig. 21 that the absolute differences between 4SAIL and
CE-P are less than 0.002, which is always acceptable because
the 4SAIL model can be treated as the relative true value for
a homogeneous canopy simulation.

In addition, we simulated the canopy emissivities of these
1376 samples with two other combinations of component
emissivities (group A, εv = 0.94 and εs = 0.90; group B,
εv = 0.99 and εs = 0.97) to evaluate the biases of the
simplifications of CE-P. When the component emissivities are

Fig. 21. Directional canopy emissivity error distribution of CE-P when the
4SAIL is regarded as a reference.

smaller, the contribution of the multiple scatterings is greater,
which leads to a larger bias of simplified CE-P. We found
that the absolute biases between CE-P and 4SAIL are less
than 0.003 for group A and less than 0.001 for group B.
Their scatterplots and error distributions are omitted for
brevity.

B. Validation Using the DART Model

The DART model is one of the most comprehensive phys-
ically based 3-D models simulating the earth–atmosphere
radiation interactions from the visible to TIR wavelengths.
The DART forward simulations of vegetation reflectance were
successfully verified by real measurements and cross-
compared with a number of independently designed 3-D
reflectance models in the context of the RAdiation trans-
fer Model Intercomparison experiment. The model has been
developed since 1992 and was expanded to the TIR band
in 2003. The dependence of thermal emissions on temperature
and wavelength is modeled with Planck’s law. DART output
is also widely used as a true value when simulating the
brightness temperature distributions over homogeneous and
heterogeneous land surfaces in the TIR band.

Fig. 22 shows a comparison between the CE-P and DART
models with the same input parameters as in Table I.
The absolute bias between them is less than 0.0015 (see
Fig. 23), meaning that CE-P can achieve a very high accuracy
when compared to DART. The outputs of CE-P are slightly
closer to those of DART than those of 4SAIL, as shown
in Figs. 21 and 24. Thus, we conclude that CE-P can
always precisely simulate the canopy directional emissivity.
The slightly difference in Figs. 21 and 24 may be caused
by the major differences between 4SAIL and DART. 4SAIL
works with four discrete directions (sun, viewing, upward,
and downward) whereas DART can work with any number of
discrete directions (100 directions in our simulation), 4SAIL
solves differential equations whereas DART tracks rays, and
4SAIL defines the LAD with 13 leaf zenith angles whereas
DART defines it with 90 leaf zenith steps.
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Fig. 22. Comparison between CE-P and DART.

Fig. 23. Scatterplot of CE-P and DART.

Fig. 24. Directional canopy emissivity error distribution of CE-P when the
DART is regarded as a reference.

V. COMPARISON

In this section, four widely used analytical canopy emis-
sivity model in the parameter estimation is introduced and
compared with CE-P, respectively. In Section V-E, they are
compared with CE-P together. The CE-P is seemed as the

Fig. 25. Comparison between CE-P and VALOR96.

reference to evaluate other models on the basis of validation
results with 4SAIL and DART in Section IV.

A. Comparison With VALOR96

Valor and Caselles [38] proposed a canopy emissivity model
for the row-planted landscape using three view factors in 1996
(hereafter, referred to as VALOR96). They further gave an
operational equation [see (18)] to calculate the scattering effect
based on the proposed canopy emissivity model and to address
different land surface types that consisted of leaves and soil.
This algorithm was called the DNVI-emissivity method which
is the most widely used one for LST inversion [39]

dε = 4�dε�i0(1 − i0). (18)

The �dε� in (18) was suggested to be set as 0.015. This
algorithm has been widely applied over the world to generate
global emissivity product. With the help of the analytical
expression of our work, we can evaluate the bias of Valor’s
operational algorithm. As shown in Fig. 25, although the trend
of VALOR96 is similar to that of CE-P, VALOR96 clearly
underestimates the canopy emissivity, especially for large
LAIs. Because large LAIs will lead to the very small gap
fractions (for example, approximately 0.0498 when LAI = 6
and VZA = 0), the small gap fractions will further lead to the
extreme case occurs in (18) (1− i0 ≈ 0 and i0 ≈ 1). As shown
in (17), the second term will become the main contribution
of the scattering effect (dε) in this case. However, Valor’s
operational algorithm cannot simulate this term when the gap
fraction is very small (dε ≈ 0), consequently, results in the
observed underestimation.

B. Comparison With FR97

FR97 was proposed based on the parameterization of the
Prevot model, which was a probability-based model that
computed the solution of the radiative transfer by summing the
relative contributions of a large number of vegetation layers
using the directional gap fraction. The Prevot model was not as
widely validated as the 4SAIL model. The multiple scatterings
within the canopy are underestimated in the Prevot model.
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Fig. 26. Comparison between CE-P and FR97.

Therefore, the FR97 always results in underestimations, espe-
cially for large VZA values (see Fig. 26) although it behaves
very similar to the Prevot model. The equation of FR97 is
shown as follows:

e = 1−(1−i0)
(
1−i �

0

)
(1−εs)−α

[
1−(1−i0)

(
1−i �

0

)]
(1−εv).

(19)

The second term of the right side of (19) is the hemispheric-
directional reflectivity of the soil in the viewing direction,
and the third term is the hemispheric-directional reflectivity
of the vegetation. α is the cavity effect factor and expresses
the part of the incident photons that is reflected by the
leaves and then absorbed by the canopy. Therefore, α is used
to describe the multiple scatterings inside the canopy. The
original values of this parameter for different VZAs were
provided by François [18]. The concept of the cavity effect
factor is very close to the definition of the p value in our new
model. However, p changes with both VZA and LAI.

C. Comparison With FR02

Similar to FR97, the model proposed by François [19] in
2002 (FR02) estimated the directional emissivity based on
the hemispheric-directional reflectivity but paid more attention
to the multiple scatterings at the interface of the soil and
vegetation layers, as shown in the following equation:

e = 1 − i0(1 − εv) − (1 − i0)
(
1 − i �

0

)
(1 − εs)

1 − (1 − εs)i �
0(1 − εv)

. (20)

The second term of the right-hand side is the reflectivity
of the vegetation in the viewing direction, and the third
term is the sum of the soil single-scattering reflectivity and
multiple scatterings at the interface of the soil and vegetation
layers. FR02 places greater weight on multiple scatterings
occurring at the interface of the soil and vegetation layers,
while FR97 places greater weight on multiple scatterings
inside the vegetation. However, our new model can consider
all the scattering effects.

FR02 always drastically underestimates (by more than 0.01
on average) the directional canopy emissivities, as shown

Fig. 27. Comparison between CE-P and FR02.

Fig. 28. Comparison between CE-P and REN15.

in Fig. 27. Figs. 26 and 27 show that the multiscattering
contribution inside the vegetation is more important than that
at the interface of the soil and vegetation layers.

D. Comparison With REN15

In order to solve the underestimation of FR97 with large
VZAs, Ren et al. [21] recalculated the cavity effect factor
using the 4SAIL model as the traditional equation of FR97

α = (1 − εlim)/(1 − εv) (21)

where εlim is the limit emissivity that can be obtained with a
specified VZA, leaf emissivity, and a given large LAI value
(for instance, LAI = 6). Then, the canopy emissivity becomes
closer to the result of 4SAIL, especially when the VZA is
large. As shown in Fig. 28, the CE-P result is slightly greater
than that of REN15 when the LAI is small. This difference
may be due to the logistical problem of (21). Based on the
definition of α, this parameter can be used only to represent
the multiple-scattering effect for dense vegetation (under limit
conditions). When using it to simulate the multiscattering for
sparse vegetation, the result will face a logistical problem.
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Fig. 29. Cavity effect factor comparison of an LAI equal to 6.

Fig. 30. Canopy emissivity comparison (εs = 0.94 and εs = 0.98).
(a) LAI = 0.5. (b) LAI = 1. (c) LAI = 3. (d) LAI = 6.

The p value proposed in this paper can be applied for canopies
with different LAIs and can overcome the logistical problem
of REN15. Moreover, our solution can be extended to a
heterogeneous canopy. However, both REN15 and CE-P are
acceptable for homogeneous canopies because the difference
between their results is less than 0.002.

For very large LAIs, the interception (i0) is almost equal
to 1 and the gap fraction (1 − i0) and downward escape
probability (ed ) are almost 0. Thus, the limit canopy emissivity
can be obtained based on CE-P [see (17)] as follows:

εlim = εv [1 + p(1 − εv)] . (22)

The analytical expression [see (23)] of the cavity effect
factor (α) can be obtained based on (21) and (22). Although
α is no longer used in CE-P, we can compare the values of
FR97, REN15, and CE-P (see Fig. 29). The modified value
of the cavity effect factor of REN15 is shown to be obviously
closer to the results of CE-P than that of FR97

α = (1 − εlim)/(1 − εv) = 1 − εv p. (23)

Fig. 31. Canopy emissivity comparison (εs = 0.96 and εs = 0.96).
(a) LAI = 0.5. (b) LAI = 1. (c) LAI = 3. (d) LAI = 6.

Fig. 32. Illustration of the composition of the canopy emission.

E. Comparisons of VALOR96, FR97, FR02, and REN15

The results of CE-P, VALOR96, FR97, FR02, and
REN15 are then compared together, as shown in Fig. 30. The
overall tendencies of the five models are the same. All four
traditional models are underestimated at different levels. The
LST estimation algorithm is very sensitive to emissivity errors;
generally speaking, a 0.01 error in emissivity will result in
an LST error of 1 K [40]. In addition, an error of 0.01 in
broadband emissivity will lead to an error of 3.4 W/m2 in
surface longwave net radiation [41]. VALOR96 and FR02 will
underestimate the results by more than 0.01 for large LAI
values, making them unacceptable for practice under these
circumstances. For small LAIs, after CE-P, REN15 produces
the most accurate emissivity over homogeneous canopies. The
recommended order for the use of the other models is FR97,
FR02, and VALOR96 with the most serious underestimation
up to 0.007, 0.013, and 0.014 respectively. The curves of
FR02 and VALOR96 always have an intersection point near
VZA equal to 50°. FR02 is more accurate before this VZA,
and VALOR96 is better after this VZA. It can also be observed
from Fig. 30 that the FR97 always drops after the VZA equal
to 80° which leads to a more serious underestimation.

As shown in Fig. 31, an angular variation is still observed
when the soil and leaf components have the same emissiv-
ities (0.96) because, in this case, the scattering contribution
still exists and varies with the viewing angle.
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Fig. 33. Illustration of reciprocal theorem. (a) From the perspective of
absorption. (b) From the perspective of emission.

Fig. 34. Comparison of the three view factors with different LAI values.

VI. DISCUSSION AND CONCLUSION

As the sensitivity analysis result indicated in Section III-B,
when the leaf and soil emissivities are equal to 0.98 and 0.94,
respectively, only the direct emissions and the single-scattering
effect should be considered from the perspective of active
emissions in the TIR band.

There are five terms in total when only considering the
direct emissions of the components and the single scatterings
between the vegetation and background, as shown in Fig. 32.
They are the leaf emission (ε1), leaf reflected radiance that
comes from the leaf emission (ε2), soil reflected radiance that
comes from the leaf emission (ε3), soil emission (ε4), and leaf
reflected radiance that comes from the soil emission (ε5).

ε1 and ε4 can be calculated directly using the interception
fraction [see (3)] and directional gap fraction [see (10)].
ε2, ε3, and ε5 can be inferred based on three view factors
(Fll , Fls , and Fsl ), as shown in the following equation:

e = ε1 + ε2 + ε3 + ε4 + ε5

= εv i0 + εv Fll (1 − εv)i0 + εv Fls (1 − εs)(1 − i0)

+ εs(1 − i0) + εs Fsl(1 − εv)i0. (24)

This equation is very similar to the expression of the row-
planted canopy emissivity proposed by Valor and Caselles [38]
in 1996. They also proposed three view factors to take into
account the fraction of radiation that reaches the ground

coming from the vegetation side (F), the fraction of radiation
that reaches the vegetation side coming from the ground (G),
and the fraction that reaches one side coming from the other
side (F �).

Now, we can obtain the equations of the three view factors
based on the reciprocal theorem. Fig. 33 explains why Fll is
equal to the p value, and we can know that Fls is equal to i �

0
and Fsl is equal to ed from the same understanding. Finally,
the canopy emissivity of a homogeneous vegetation canopy
can be derived as follows:
e = εv

[
i0 + p(1 − εv)i0 + i �

0(1 − εs)(1 − i0)
]

+ εs [(1 − i0) + ed(1 − εv)i0]. (25)

Equation (25) is the same as (17), which means that we
can derive the same result from the perspective of absorption
and emission. The equations for ε1, ε4, and ε3 are widely
used in the literature. However, this paper is the first time to
use the parameters of p and ed to calculate the contributions
of the single scatterings of ε2 and ε5, which is one of the
most innovative aspects of our work. The two new parameters
(p and ed ) are the function of LAI as i �

0. p and i �
0 are positively

related to LAI, but ed is negatively related to LAI. The trends
of p, i �

0, and ed in the nadir direction with different LAIs are
shown in Fig. 34.

In this paper, a new directional canopy emissivity estimation
method based on spectral invariants is proposed. This paper is
the first time to separate the single-scattering effect and mul-
tiscattering effect analytically in the TIR band. Furthermore,
we analyze the contributions of the multiple-scattering effects
with different combinations of component emissivities and find
that the total contribution is less than 0.002 when the leaf
emissivity is no less than 0.98 and the soil emissivity is no less
than 0.94. The smaller the component emissivities, the larger
the overall contributions of multiple scatterings. This contri-
bution is less than 0.005 when the leaf and soil emissivities
are equal to 0.90. We analyzed the spectral library of UCSB
and found that 0.94 (0.90) can be regarded as the boundary
value of leaf (soil) emissivity. Therefore, the simplified model
is practical in the applications. Within this boundary range,
three main conclusions can be deduced from the analysis and
validation.

1) The multiple scatterings between the vegetation and
the background can be ignored within a homogeneous
canopy when the leaf (soil) emissivity is no less than
0.94 (0.90).

2) The second-order and beyond scatterings within the
vegetation can be ignored within a homogeneous canopy
when the leaf (soil) emissivity is no less than 0.94 (0.90).

3) The single-scattering effect within a homogeneous
canopy should be considered and can be obtained using
the three view factors proposed in CE-P. The hemispher-
ical average intercept probability (i �

0) can be used to
calculate how many leaves are effective to background.
The fraction of radiation that reaches the leaf coming
from other leaves can be calculated using the parameter
of the p value, and the fraction of radiation that reaches
the leaf coming from the background can be calculated
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using the escape probability (ed ). The last two compo-
nents are the most innovative points of this paper, and it
is a significant progress to represent p value to replace
the concept of the cavity effect factor, which has been
widely used for 20 years as an empirical solution.

Only the spherical LAD is considered in this paper for
the simplification of the calculation of the p value. More
LADs will be considered in the future. Some crops and
grassland are homogeneous and are suitable for our new
canopy emissivity model. However, most forests in the nature
are heterogeneous. Further investigation is required to extend
our model to heterogeneous canopies. Multiscale p value may
be adopted to achieve the extension from homogeneous canopy
to heterogeneous canopy, and DART will be the best choice
for us to do cross validation because of its good performance
in the simulation of 3-D canopies. After the separation of
the contributions of leaves and background, as we suggested,
land surface component temperatures can potentially be more
accurately estimated based on the new model, which will be
the focus of future works.
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