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Abstract

A physically based framework is developed to predict horizontal visibility during dust
events by linking surface wind erosion, dust emission, near-surface dust concentration, and
visibility. An analytical concentration–visibility relationship is derived using a heuristic
closure condition. Dust concentration is further related to wind forcing through saltation-
controlled dust emission and steady-state mass conservation, while a moment-balance
entrainment model incorporates median particle size and soil cohesion into the threshold
friction velocity. The concentration–visibility relationship is evaluated using observations
from three published studies and captures the overall variation in the combined dataset
with R2 = 0.62. Under the same calibration conditions, the proposed relationship achieved
the highest R2 among all formulations examined, indicating that its functional form more
effectively captures the nonlinear dependence of visibility on dust concentration in the com-
bined dataset. By linking surface erodibility and aerodynamic forcing to atmospheric dust
loading and visibility, the framework provides a physically based approach for dust-event
visibility prediction. Further evaluation of the complete model chain requires synchronized
observations of surface properties, particle entrainment, dust emission, concentration,
and visibility.

Keywords: dust events; horizontal visibility; dust concentration; dust emission; threshold
friction velocity; wind erosion

1. Introduction
Dust events are hazardous weather phenomena with widespread impacts in arid

and semi-arid regions. Once large quantities of surface particles are entrained into the
near-surface atmosphere, they can substantially increase particulate matter concentrations
and the atmospheric extinction coefficient, leading to a rapid reduction in horizontal vis-
ibility and directly affecting road transportation, aviation operations, outdoor activities,
and public health [1–5]. Compared with aerosol optical depth or particulate matter concen-
tration, visibility provides a more direct measure of the practical impacts of dust events on
transportation safety and human activities. Accurate prediction of dust-related visibility is
therefore an important component of dust hazard classification, traffic risk management,
and short-term warning systems. Previous observational studies have shown that dust
events can reduce near-surface visibility to several kilometers or even a few hundred meters,
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with visibility changes often evolving concurrently with particulate matter concentrations,
aerosol chemical composition, and boundary-layer turbulence [6–8].

Under dusty conditions, visibility is primarily governed by the scattering and ab-
sorption of visible light by airborne particles, with variations controlled jointly by dust
concentration, particle size distribution, particle shape, mineral composition, and complex
refractive index [9,10]. Wind speed, boundary-layer height, and atmospheric stability regu-
late the emission, transport, and vertical mixing of dust particles, while relative humidity
can alter atmospheric extinction through hygroscopic particle growth and the mixing of
different aerosol types. Consequently, the same PM10 concentration may correspond to
different visibility levels under different particle size distributions, source distances, and
meteorological conditions. Early observational studies showed that the relationship be-
tween visibility and suspended dust concentration can generally be described by power-law,
exponential, or approximately inverse relationships [11–15]. Subsequent studies conducted
in Africa, East Asia, Mongolia, Australia, and the Middle East further demonstrated that
the quantitative relationship between visibility and dust concentration is also influenced
by seasonal variability, relative humidity, measurement methods, dust-event type, and the
distance between the observation site and the dust source [16–24].

Empirical and statistical approaches have long been an important avenue of research
on visibility during dust events. Some studies have used observed visibility to retrieve
PM10 or total suspended particulate concentrations and, on this basis, to classify dust-event
severity, reconstruct historical dust activity, or assess the intensity of dust events [17–25].
However, most of these studies have focused on estimating dust concentration from visibil-
ity, whereas comparatively less attention has been given to predicting future visibility from
meteorological conditions and dust characteristics. Empirical relationships are generally
dependent on specific regions, measurement instruments, and dust-event conditions, and
their direct application to other regions can therefore introduce systematic biases. The
quantitative relationship between visibility and PM10 established by Song et al. [18] for East
Asia showed clear regional applicability; Baddock et al. [20] found significant differences in
the visibility–dust concentration relationship between near-source and regional-transport
conditions; and Mobarak Hassan and Alizadeh [23] reported that different functional forms
may be appropriate for different visibility ranges. Consequently, a single fixed empirical
relationship is unlikely to accurately represent visibility variations throughout the full
evolution of a dust event, including its onset, intensification, transport, and decay.

With the development of numerical atmospheric models, researchers have increasingly
estimated aerosol extinction coefficients from model-predicted dust emission, transport,
deposition, particle size distributions, and near-surface particulate matter concentrations,
and subsequently diagnosed horizontal visibility under dusty conditions. Early regional
dust forecasting systems and models, including DREAM, GOCART, BSC-DREAM8b, and
NMMB/BSC-Dust, laid the foundation for predicting dust concentration, particle size
distributions, and aerosol optical properties [26–33]. However, model outputs are highly
sensitive to surface erodibility, threshold conditions for particle entrainment, emission
fluxes, particle size binning, boundary-layer parameterizations, and initial aerosol fields,
and substantial differences remain among models in their simulations of dust concen-
trations and aerosol optical properties [33–37]. These uncertainties can propagate into
calculations of the extinction coefficient and visibility, resulting in considerable uncertainty
in the prediction of extremely low-visibility events. In recent years, machine learning and
data assimilation approaches have also been applied directly to dust-visibility prediction.
Xu et al. incorporated physical processes, including dust emission, vertical mixing, hori-
zontal transport, and wet scavenging, as predictors in a machine-learning framework to
forecast dust-visibility categories up to 72 h in advance. Their results showed that incorpo-
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rating process-based information reduced prediction errors and suppressed nonphysical
drift in the forecasts with increasing lead time [38]. Mei et al. assimilated high-density
surface visibility observations into the WRF-Chem model, improving the initial aerosol
field, extinction coefficient, and subsequent forecasts during dust events [39]. Despite
these advances, the limited number of extremely low-visibility cases, imbalanced sample
distributions among visibility categories, accumulation of numerical weather prediction
errors, and limited cross-regional generalizability remain major constraints on the accuracy
of dust-visibility prediction.

Overall, previous studies have established the effects of dust concentration, particle
optical properties, and meteorological conditions on visibility and have developed several
prediction approaches based on empirical statistics, numerical forecasting, and machine
learning. However, these components have largely been investigated separately, and few
models systematically link the physical processes of dust generation and transport with
changes in near-surface particulate matter concentrations. This limitation is particularly
important during severe dust events and extremely low-visibility conditions, where lim-
ited observational samples and complex nonlinear processes constrain both conventional
empirical models and purely data-driven approaches. Therefore, this study develops a
physically based framework for dust-visibility prediction. Through theoretical analysis,
a quantitative relationship between visibility and dust concentration is derived from the
physical processes governing dust emission, and meteorological forcing (wind speed) to-
gether with surface physical and mechanical properties, including particle size and soil
cohesion, is incorporated into the mathematical formulation. The proposed framework
may improve the physical basis for identifying and forecasting extremely low-visibility
events and provide quantitative support for dust-hazard warning, road traffic management,
and aviation operations.

2. Theoretical Model
2.1. The Mathematical Relationship Between Visibility and Dust Concentration

Previous observational studies have demonstrated a significant negative correlation
between near-surface dust concentration and horizontal visibility under dusty condi-
tions [11,15]. As the concentration of suspended dust particles in the atmosphere increases,
enhanced scattering and absorption of visible light increase the atmospheric extinction
coefficient, thereby reducing horizontal visibility. Based on this fundamental relationship, a
heuristic model is developed here to quantitatively describe the relationship between dust
concentration and visibility.

Let C denote the near-surface dust mass concentration and Dv the horizontal visi-
bility under dusty conditions. The model is based on the following assumptions: for a
given study region and dust event, the dominant optical properties, particle size distri-
bution, and effects of humidity can be represented collectively by empirical parameters
to be determined; within the applicable range of the model, dust concentration and visi-
bility are related through a continuous, differentiable, and monotonic function; and the
contributions of other aerosol components and background extinction are accounted for
through a background concentration or empirical parameters. Accordingly, the model is
intended to describe the mean concentration–visibility response under specific regional
and observational conditions, and its parameters must be calibrated against measured data.

The dust concentration can be expressed as a function of visibility:

C = f (Dv) (1)
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Under the assumption of monotonicity, Equation (1) has an inverse function, allowing
visibility to be expressed as a function of dust concentration:

Dv = g(C) = f−1(C) (2)

Substituting Equation (2) into Equation (1) yields the following identity:

C = f [g(C)] (3)

Taking the first derivative of Equation (3) with respect to (C) gives:

1 = f ′(Dv)
dg(C)

dC
(4)

Further mathematical manipulation of Equation (4) yields:

0 = f ′′ (Dv)

[
dg(C)

dC

]2
+ f ′(Dv)

d2g(C)
dC2 (5)

Rearranging Equation (5) gives:

− f ′′ (Dv)

f ′(Dv)
=

d2g(C)/dC2

[dg(C)/dC]2
(6)

Equation (6) is a mathematical identity satisfied by any twice-differentiable pair of
inverse functions and therefore cannot, by itself, uniquely determine the specific forms of
(f ) or (g). To obtain an analytical expression with a small number of parameters that can be
readily calibrated, the following closure assumption is introduced:

− f ′′ (Dv)

f ′(Dv)
=

d2g(C)/dC2

[dg(C)/dC]2
= β (7)

where β is an effective optical-response parameter controlling the nonlinear sensitivity of
visibility to dust concentration. Physically, the specific extinction coefficient determines the
light extinction per unit dust mass and is influenced by particle size distribution and optical
properties. Relative humidity can further modify particle size and scattering efficiency
through hygroscopic growth, thereby affecting the fitted value of β. Thus, β integrates
these optical and environmental effects and is condition-dependent.

Solving Equation (7) yields the following mathematical relationship between visibility
and dust concentration:

Dv = Dr −
1
β

ln
(

C − Cb
Cr

)
(8)

where Dr is the reference visibility and Cr is the reference dust concentration. The intro-
duction of Cr ensures that the argument of the logarithmic function is dimensionless. Cb

is an integration constant. These parameters can be determined by fitting the model to
observational data.

2.2. Quantitative Analysis of Dust Concentrations

Atmospheric suspended dust originates primarily from soil wind erosion. When
wind acts on an erodible surface, sand-sized particles are first transported by creep and
saltation. The impact of saltating particles on the surface can disrupt soil aggregates and
release finer particles that can enter suspension. Wind-tunnel experiments by Shao et al.
showed that, under natural conditions, dust emission is primarily controlled by saltation
bombardment, with the vertical dust emission flux being approximately proportional to
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the horizontal saltation flux [40]. Under certain conditions, the horizontal saltation flux
increases approximately with the cube of friction velocity. For saltating particles of a given
diameter (ds) and emitted dust particles of diameter (di), the dust emission framework
proposed by Shao et al. can be summarized as follows [41]:

Fd(di, ds) = α(di, ds)Q(ds) (9)

where Fd(di, ds) is the dust emission flux of particles with diameter (di) generated by the
impact of saltating particles with diameter (ds); Q(ds)is the horizontal saltation flux of
particles with diameter (ds); and α(di, ds) is the dust emission efficiency. Integrating over
all saltating particle sizes and emitted dust particle sizes yields the total vertical dust
emission flux:

Fd =
∫ dimax

dimin

∫ dsmax

dsmin

α(di, ds)Q(ds)ddsddi (10)

To obtain a reduced-parameter model, Equation (10) can be simplified as follows:

Fd = αQ (11)

where α is the integrated dust emission efficiency, which represents the combined effects
of factors such as soil particle size distribution, aggregate state, surface crusting, and soil
strength. The horizontal saltation flux is commonly expressed as [42]:

Q = CQ
ρa

g
u3
∗

[
1 −

(
u∗t

u∗

)2
]

(12)

where CQ is a calibration coefficient, ρa is the air density, and u* and u*t denote the surface
friction velocity and the threshold friction velocity for particle entrainment, respectively.

Equations (11) and (12) can be combined to quantitatively estimate dust concentration.
Because dust emission from wind erosion is a major source of atmospheric suspended par-
ticulate matter, this study focuses on establishing a mathematical relationship between dust
concentration and dust emission flux. Under wind forcing, dust particles move stochas-
tically in three dimensions. Under steady-state conditions, the conservation equation for
dust mass in the horizontal direction can be written as:

U
dC
dx

= Fd − veC (13)

where U is the mean streamwise wind speed, and ve is the effective removal velocity, which
collectively represents mass losses caused by gravitational settling, surface deposition, and
turbulent diffusion. Integrating Equation (13) yields the following expression:

C(x) = c0 exp
(
−vex

U

)
+

Fd
ve

[
1 − exp

(
−vex

U

)]
(14)

where c0 is a reference concentration that can be determined by fitting the model to obser-
vational data. Equation (14) provides an analytical relationship between the streamwise
distribution of dust concentration and the dust emission flux under steady-state conditions,
with wind speed playing an important role. Based on Equation (14), the dust concentration
can be estimated at any location. Assuming that dust concentration is observed at xn, the
concentration C at the observation point can be expressed as:

C(x) = c0 exp
(
−vexn

U

)
+

Fd
ve

[
1 − exp

(
−vexn

U

)]
= c0 exp

(
−v′e

U

)
+

Fd
ve

[
1 − exp

(
−v′e

U

)]
(15)
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where v′e represents the integrated removal velocity along the transport path and, for
simplicity, is treated as an empirical coefficient.

Analysis of Equation (15) shows that application of the above formulation still requires
an appropriate estimate of the threshold friction velocity for particle entrainment. Although
Shao and Lu (2000) derived an analytical expression for the threshold friction velocity of dry
sand particles, their formulation primarily addresses the specific case of dry, loose particles
and therefore cannot provide a unified description of erosion thresholds across different
surface conditions [43]. To address this limitation, we adopt the moment-balance-based
parameterization developed by Meng et al. (2026) to reformulate the threshold for particle
entrainment [44]. This parameterization has been evaluated against wind-tunnel measure-
ments of crust mechanical properties and wind erosion responses, providing experimental
support for its application to wind-driven particle entrainment. The arrangement of surface
particles is simplified as a three-sphere configuration, as Figure 1 illustrated below:

Figure 1. A schematic diagram of the force analysis for soil particle entrainment.

A surface particle subjected to airflow is primarily acted upon by the drag force (FD),
lift force (FL), effective gravitational force (G), and interparticle bonding force (Fc). These
forces can be expressed mathematically as follows:

FD =
1
2

CDρa ADu2
∗ = KDρad2u2

∗ (16)

FL =
1
2

CLρa ALu2
∗ = KLρad2u2

∗ (17)

G = (ρs − ρa)gVs = Kg(ρs − ρa)gd3 (18)

Fc = cAc = Kccd2 (19)

where CD and CL are the drag and lift coefficients, respectively; AD, AL and Ac denote
the frontal area, lift-force area, and interparticle contact area, respectively. KD and KL

are integrated coefficients accounting for the coupled effects of near-bed turbulence and
particle shape, whereas Kg and Kc are particle-shape correction coefficients. d is the median
particle diameter of the soil surface, and c is the soil cohesion, which can be determined
from shear-strength tests.

Shao and Lu (2000) assumed that the interparticle bonding force is proportional to the
median soil particle diameter [43]. Although this relationship is applicable to dry sandy
soils, its applicability to other soil types remains uncertain. In contrast, Equation (20) incor-
porates readily measurable soil mechanical properties into the quantitative representation
of cohesion, giving the model a clearer physical basis and potentially broader applicability
to different soil surfaces.
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The threshold condition for particle entrainment is determined using the moment-
balance criterion, which can be expressed mathematically as follows:

FDLD + FLLL = GLG + FcLc (20)

where LD, LL, LG, Lc denote the moment arms of the drag force, lift force, effective gravita-
tional force, and interparticle bonding force, respectively. These moment arms are assumed
to be proportional to the median particle diameter d, such that:

LD = aDd, LL = aLd, LG = aGd, Lc = acd (21)

where aD, aL, aG, ac are proportionality coefficients. Combining Equations (16)–(21), the
threshold friction velocity for particle entrainment can be expressed as:

u∗t = A

√
ρs − ρa

ρa
gd + B

c
ρa

(22)

where A and B are empirical coefficients.
Combining Equations (8), (15), and (22) yields an integrated mathematical relationship

linking visibility to wind speed and soil properties. This framework provides a potentially
useful computational tool for dust-event forecasting and warning.

3. Model Validation
We developed an integrated physical framework that explicitly accounts for the rela-

tionship between atmospheric dust concentration and dust emission and further links these
processes to visibility. Our literature review indicates that studies simultaneously measur-
ing surface properties, dust emission, atmospheric dust concentration, and visibility are
extremely scarce, making it difficult to obtain observational data suitable for directly evalu-
ating the linkage between dust emission and visibility. Fortunately, paired observations of
atmospheric dust concentration and visibility are available from several published studies.
Given this limitation, we evaluate the concentration–visibility component of the proposed
framework by directly testing the mathematical relationship between atmospheric dust
concentration and visibility, namely Equation (8).

The particle-entrainment component of the framework is supported by previous theo-
retical and observational evidence. The entrainment formulation adopted here follows the
moment-balance parameterization of Meng et al. (2026), whose effectiveness in represent-
ing wind-driven particle entrainment was evaluated against wind-tunnel observations [44].
Independent field observations also support the physical controls represented in Equa-
tion (22). Jugder et al. (2014) reported clear differences in threshold wind speed among
several Gobi Desert sites and attributed these differences to variations in soil texture and
surface aggregation, indicating that particle initiation depends not only on aerodynamic
forcing but also on surface particle properties [22]. This is consistent with Equation (22), in
which particle size and interparticle cohesion jointly determine the entrainment threshold.
Shao et al. (2003) incorporated threshold friction velocity as the first step of an integrated
wind-erosion scheme, followed by saltation transport and dust emission, and evaluated the
resulting near-surface dust concentrations against observations across Northeast Asia [45].
This provides additional evidence that an appropriately parameterized entrainment thresh-
old is a physically meaningful control on subsequent dust emission and atmospheric
loading. In contrast, the observations of Mobarak Hassan and Alizadeh (2022) [23] mainly
reflect the concentration–visibility response under conditions affected by both local and
transported dust and therefore provide limited direct constraint on surface particle ini-

https://doi.org/10.3390/atmos17090902

https://doi.org/10.3390/atmos17090902


Atmosphere 2026, 17, 902 8 of 17

tiation. Taken together, these studies support the physical basis and effectiveness of the
particle-entrainment component, while the present dataset is used primarily for direct
evaluation of the concentration–visibility relationship.

The accuracy of Equation (8) can provide indirect support for the plausibility of
the proposed theoretical framework. Conceptually, the framework consists of two main
components: the relationship between dust concentration and visibility, and the relationship
between dust emission flux and atmospheric dust concentration. A significant relationship
between dust emission and atmospheric dust concentration has already been established
in previous aeolian-physics studies [40–42]. Therefore, if the mathematical relationship
between dust concentration and visibility can be reproduced with sufficient accuracy, this
would provide strong support for the overall consistency of the proposed framework. The
observational data used to evaluate Equation (8) were obtained from Shao et al. (2003) [45],
Jugder et al. (2014) [22], and Mobarak Hassan and Alizadeh (2022) [23]. A comparison
between the predictions of Equation (8) and the observational data is presented in Figure 2.

Figure 2. Comparison between the values predicted by Equation (8) and the observed values [22,23,45].

Fitting Equation (8) to the observational data yields the following relationship between
visibility and dust concentration:

C = 602.885 + exp[2.235 × (3.867 − Dv)] (23)

As shown in Figure 2, Equation (8) agrees reasonably well with the observational
data, with (R2 = 0.62), indicating that it captures the overall variation in visibility with
dust concentration. Further evaluation showed a visibility RMSE of 3.32 km within the
applicable range of the calibrated relationship. The RMSE decreased to 0.99, 0.60, and
0.44 km for Dv ≤ 5, 3, and 2 km, respectively, indicating better accuracy under severe
low-visibility conditions relevant to dust-event warning. Moreover, the overall model
structure is developed around Equation (8), which serves as a key link between surface
wind-erosion processes and atmospheric visibility prediction. By incorporating the physical
processes governing dust emission from wind-eroded surfaces, the framework provides a
physically based representation of visibility variations and addresses some of the limitations
of conventional empirical approaches. The agreement between Equation (8) and the
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observational data therefore provides indirect support for the physical plausibility of the
overall theoretical framework.

4. Discussion
4.1. Comparison with Previous Models

Accurate prediction of visibility during dust events is an important scientific issue in
aeolian research. To date, a number of mathematical formulations have been developed
to quantitatively describe the relationship between dust conditions and visibility. Based
on a systematic review of the literature, several representative and widely used prediction
equations are summarized in Table 1.

Table 1. Summary of Classical Formulations Relating Dust Concentration to Visibility.

References Equations Visibility Range Study Area

D’Almeida, 1986 [15] C = 914.06 × D−0.73
v + 19.03 200 m–40 km Nigeria

Chung et al., 2003 [46] C = 1120 × exp(−0.2733 × Dv) Korea and China

Shao et al., 2003 [45] C =

{
3802.29 × D−0.84

v Dv < 3.5km
exp(−0.11 × Dv + 7.62) Dv ≥ 3.5km

Northeast Asia

Dayan et al., 2008 [47] C = −505 ln(Dv) + 2264 1–5 km Hazerim, Israel

Camino et al., 2015 [21] C = 1772.24 × D−1.1
v + 19.03 4–75 km North Africa

The values predicted using the equations listed in Table 1 were compared with the
corresponding observations, and the coefficient of determination (R2) was calculated, as
shown in Figures 3–7. For consistency, the comparison was performed in terms of dust
concentration; that is, dust concentration was estimated from the observed visibility using
each equation and then compared with the measured dust concentration.

 
Figure 3. Comparison between the values predicted by the D’Almeida model and the observed
values [15,22,23,45].
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Figure 4. Comparison between the values predicted by the Chung et al. model and the observed
values [22,23,45,46].

 
Figure 5. Comparison between the values predicted by the Shao et al. model and the observed
values [22,23,45].

https://doi.org/10.3390/atmos17090902

https://doi.org/10.3390/atmos17090902


Atmosphere 2026, 17, 902 11 of 17

Figure 6. Comparison between the values predicted by the Dayan et al. model and the observed
values [22,23,45,47].

Figure 7. Comparison between the values predicted by the Camino et al. model and the observed
values [21–23,45].

As shown in Figures 3–7, the predictive performance of the empirical models varies
substantially when applied to the combined dataset. The D’Almeida model achieves an
(R2) of 0.45, representing the best performance among the five existing models considered,
although the predicted values still show considerable scatter. The (R2) values for the Chung
et al., Shao et al., Dayan et al., and Camino et al. models are −0.00043, −7.97, −0.152, and
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−5.15, respectively. Negative (R2) values indicate that, for the present combined dataset,
the prediction errors of these models exceed those obtained by simply using the mean of
the observations as a constant predictor. Figures 3–7 also show that the models exhibit
varying degrees of overestimation or underestimation, with these biases becoming more
pronounced at higher dust concentrations. In comparison, the theoretical model developed
in this study achieves an (R2) of 0.62 for the same observational dataset and more effectively
captures the overall variation in dust concentration with visibility.

It should be emphasized that the comparison in Figures 3–7 was based on the coef-
ficients reported in the original studies, whereas Equation (8) was calibrated using the
present combined dataset. Therefore, the differences among these models reflect both their
mathematical forms and the regional dependence of their original parameterizations, and
the comparison does not provide a fully equivalent assessment of predictive performance.
The poor performance of several classical formulations suggests that direct transfer of
published coefficients across regions may introduce substantial bias. To further evaluate
the effect of model form under consistent calibration conditions, the coefficients of the
classical formulations were recalibrated using the same combined dataset, as described in
Section 4.2.

4.2. Recalibration and Comparison of Classical Visibility Models

To provide a consistent calibration basis, the adjustable coefficients of the classical
models listed in Table 1 were recalibrated using the same combined observational dataset
employed for Equation (8), while their original functional forms were retained. The
D’Almeida (1986) [15] and Camino et al. (2015) [21] models have the same mathematical
form; consequently, recalibration produced the same optimal coefficients and identical
predictions, and their results are presented together in Figure 8.

Figure 8. Comparison between the values predicted by the recalibrated D’Almeida/Camino model
and the observed values [22,23,45].

Recalibration substantially improved the agreement between predicted and measured
dust concentrations. The recalibrated D’Almeida/Camino model achieved an (R2) of 0.56
(Figure 8), while the Chung et al., Shao et al., and Dayan et al. models yielded (R2) values of
0.50, 0.59, and 0.38, respectively (Figures 9–11). Compared with the results obtained using
the originally published coefficients, the performance of all classical formulations improved
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after recalibration. The particularly large improvement of several models indicates that their
poor performance in Section 4.1 was strongly influenced by the transfer of region-specific
coefficients to the present combined dataset.

Figure 9. Comparison between the values predicted by the recalibrated Chung et al. model and the
observed values [22,23,45].

Figure 10. Comparison between the values predicted by the recalibrated Dayan et al. model and the
observed values [22,23,45].

Among the recalibrated classical formulations, the Shao et al. model showed the
highest agreement with the observations (R2 = 0.59), followed by the D’Almeida/Camino
(R2 = 0.56) and Chung et al. (R2 = 0.50) models. The Dayan et al. model showed the
lowest agreement (R2 = 0.38) and exhibited relatively large deviations at higher dust
concentrations. Under the same calibration conditions, Equation (8) achieved the highest
(R2) of 0.62, demonstrating the best overall agreement with the combined observations
among all formulations considered. This result indicates that the proposed functional
form captures the nonlinear relationship between dust concentration and visibility more
effectively than the recalibrated classical models. The comparison also shows that both
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parameter regionality and model structure contribute to differences in model performance
across datasets.

Figure 11. Comparison between the values predicted by the recalibrated Shao et al. model and the
observed values [22,23,45].

4.3. Physical Meaning, Applicability, and Limitations of the Model

The main distinction between the present model and conventional empirical relation-
ships between dust concentration and visibility is that the proposed framework extends
visibility prediction to the physical processes of surface wind erosion and dust emission.
The model first describes dust production using the horizontal saltation flux and dust
emission efficiency, and then estimates near-surface dust concentration through mass con-
servation. A moment-balance criterion for particle entrainment is subsequently introduced
to incorporate surface particle size and soil cohesion into the threshold friction velocity. In
this way, a mathematical linkage is established among wind speed, surface properties, dust
emission, dust concentration, and visibility.

This formulation allows the resistance of the land surface to wind erosion to regu-
late dust emission through the threshold for particle entrainment, which in turn affects
near-surface dust concentration and visibility. The model can therefore explain why similar
airflow conditions may produce different visibility reductions over surfaces with differ-
ent erodibility. By incorporating surface physical and mechanical properties, particularly
particle size and soil cohesion, the framework can also represent spatial variations in dust
emission. The regional dependence of the model mainly arises from its parameterization
rather than from the underlying physical framework. The relationships governing par-
ticle entrainment, moment balance, saltation transport, and dust emission are generally
applicable, whereas regional differences are represented by parameters describing local
surface and atmospheric conditions. In particular, the empirical coefficients (A) and (B)
characterize the threshold friction velocity, while (β) reflects regional differences in the
concentration–visibility response associated with aerosol properties and relative humidity.
Other calibrated parameters related to dust emission and transport may likewise vary
among regions. Thus, application to a new region mainly requires recalibration of the
relevant parameters while retaining the same physical framework. Compared with ap-
proaches that estimate particulate matter concentration solely from visibility, the proposed
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model retains key controls on dust generation and provides a basis for integrating surface
wind-erosion properties with meteorological variables.

It should be noted that the current model is still based on several simplifying assump-
tions. First, the dust transport equation assumes steady-state conditions, while processes
such as gravitational settling, surface deposition, and turbulent diffusion are collectively
represented by an effective removal velocity. Consequently, the model cannot fully describe
the transient evolution of dust events during their onset, development, and decay. Second,
the effects of particle size distribution, particle optical properties, relative humidity, and
background aerosols on visibility are incorporated collectively into empirical parameters.
Although this simplification reduces the number of required parameters, it also introduces
a degree of regional dependence. More importantly, the available observational data allow
only the dust concentration–visibility relationship described by Equation (8) to be directly
evaluated. Because simultaneous observations of surface physical and mechanical prop-
erties, friction velocity, dust emission flux, near-surface dust concentration, and visibility
remain very limited, the complete computational chain from surface particle entrainment
to the resulting visibility response has not yet been independently validated.

Future studies should combine synchronized wind-tunnel or field measurements of
surface properties, friction velocity, sand transport, dust emission, particulate concentration,
and visibility to evaluate the model components and associated parameters. Transient
transport, particle-size effects, relative humidity, and boundary-layer structure should also
be incorporated to better define model applicability. In parallel, the framework can be
further nondimensionalized using characteristic scales such as (Cr), (Dr), and (u*t), leading
to variables including (C/Cr), (Dv/Dr), and (U/u*t). Such a formulation may reduce
apparent regional dependence, facilitate comparison among different environments, and
improve parameter transferability, although some parameters related to aerosol properties,
humidity, and dust-emission efficiency may remain region-dependent.

5. Conclusions
This study develops a physically based framework for predicting horizontal visibility

during dust events by linking surface wind erosion, dust emission, near-surface dust
concentration, and visibility. The framework combines saltation-controlled dust emission,
steady-state dust transport, and a moment-balance particle-entrainment formulation. By
incorporating wind speed, median particle size, and soil cohesion into the threshold friction
velocity, the model allows variations in surface erodibility to be propagated through dust
emission and concentration to the resulting visibility response.

The concentration–visibility relationship was evaluated using observations from three
published studies and reproduced the overall variation in the combined dataset with
R2 = 0.62. Under the same calibration conditions, the proposed relationship achieved the
highest R2 among the formulations examined, indicating that its functional form provides
a more effective representation of the nonlinear concentration–visibility relationship for the
present dataset. The framework therefore provides a simplified physical basis for visibility
prediction that retains the effects of both aerodynamic forcing and surface properties.
Further evaluation of the complete model chain requires synchronized measurements of
surface properties, particle entrainment, dust emission, dust concentration, and visibility.
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