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Abstract

PM 2.5 (particulate matter with a diameter of 2.5 micrometers or smaller) has become a significant
environmental issue, particularly in many Asian countries. This research employs the advection-diffusion
equation to model the dispersion and transport of pollutants, accounting for multiple sources within
the same region with varying emission time windows. Optimizing emission schedules to minimize the
maximum concentration at any given time using the advection-diffusion equation is computationally
intensive. To address this, an LSTM neural network surrogate model is used to efficiently search for the
optimal emission schedule. The best emission schedule is applied back to the advection-diffusion model,
and its performance is compared to the initial unoptimized schedule. Results verify that the surrogate
model is effective for optimizing emission schedules and reducing maximum concentrations.
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1. Introduction

In recent years, PM 2.5 (particulate matter with a
diameter of 2.5 micrometers or smaller) has become
a widespread problem across many nations, particu-
larly in Asia. Major sources include agricultural and
industrial practices, with contributions from trans-
portation and residential activities. PM 2.5 smog not
only reduces air quality but is also a major cause of res-
piratory illnesses, including decreased lung function,
bronchitis, and lung cancer.

Several models have been developed to address PM
2.5, each tackling different aspects of the issue. Chem-
ical Transport Models (CTMs) simulate the transport,
chemical transformation, and deposition of PM 2.5
in the atmosphere [1], [2]. Statistical and machine
learning models leverage historical data and observ-
able trends for short-term predictions [3] 4} 15} [6] [7].

Gaussian dispersion models focus on predicting local
dispersion patterns.

Many studies have modeled the spread of PM 2.5
or similar pollutants, often examining their dispersion
and transport under varying atmospheric conditions
and terrains [8} (9] [10]. This research builds on such
studies by using a two-dimensional advection-diffusion
model to simulate PM 2.5 dispersion, emphasizing
multiple continuous sources with distinct locations
and emission time windows.

To develop a faster surrogate model for predicting
and assessing pollution severity based on known data,
a long short-term memory (LSTM) recurrent neural
network is trained on randomized data. This data
includes source locations, emission time windows, and
meteorological conditions such as sunlight and wind.
The goal is to create a trained neural network capable
of predicting maximum concentrations over a simu-
lation period, yielding results comparable to solving
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the advection-diffusion equation but in a much faster
and efficient manner.

2. Method

This research utilizes two models. The first is the
advection-diffusion equation, a classical approach for
modeling the dispersion and transport of pollutant
particles in the atmosphere. It is used to simulate PM
2.5 concentrations over a spatial domain with multiple
sources and varying emission time windows.

The second model is a long short-term memory
(LSTM) recurrent neural network, trained on the
same randomized data used for the advection-diffusion
model. The LSTM serves as a surrogate model, ca-
pable of predicting maximum concentrations at each
time step without repeatedly solving the advection-
diffusion equation, significantly improving computa-
tional efficiency.

2.1. Advection-Diffusion Equation

The advection-diffusion model is a linear hyperbolic
partial differential equation used to describe the dis-
persion and transport of atmospheric pollutants. It
accounts for diffusion caused by meteorological fac-
tors like sunlight and turbulence, as well as advection
driven by wind. The two-dimensional equation models
the temporal spread of pollutant concentration over
an infinite spatial domain.
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+S(z,y,t), x,yeR, t=0 (1)

Let C(x,y,t) denote the concentration with respect
to spatial coordinates and time, D, and D, be the
diffusion coefficients, u, and u, be the wind velocity
in the z and y directions respectively, with S(z,y,t)
as the source term.

2.1.1. Analytical Solution

Keeping in mind that the objective of this research is
to consider multiple different sources simultaneously
within the same domain, the analytical solution is
preferred over its numerical counterpart. Perform-
ing iterative methods for solutions with respect to
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multiple source terms while complying to the appro-
priate numerical stability conditions condition quickly
proves to be highly computationally expensive. The
homogeneous advection-diffusion equation (case where
S(z,y,t) = 0) may be solved using the Gaussian ker-

nel:
G(x7y7tax07y07t0) = 47T\/m(t_t0)
[ (_(x_g@,wo)f (y—n(tto,yo))zﬂ
exp
2)

4D, (t—to)  4Dy(t—to)

Suppose the angle of the direction € is known, with re-
spect to the positive z-axis, so that the wind velocity
components may be written with respect to wind di-
rection, such that u, = |4] cos(d) and u, = |u|sin(0),
u2 +u. To
condense the notation, we denote the following charac-
teristic equations which account for the transport due
to advection in the z and y directions respectively.

§(t,to, 20) = wo + |t cos(0)(t — to) (3)
n(t,to, yo) = yo + |u] sin(0)(t — to) (4)

In this model, the sources are designed to emit con-
tinuously over a designated time span rather than at
a single instance. Therefore, the concentration must
account for the source term over the entire time span,
which can be achieved through temporal convolution.
The concentration can be expressed as:

1

where the magnitude is defined as |u| =

C(z,y,t,20,Y0,t0) =
t
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to

()

When discussing the dispersion of air pollutants
in the atmosphere, stability classes are often used to
determine the degree of mixing caused by weather
factors such as turbulence and sunlight. As a result,
the diffusion factor in the solution can be rewritten
using stability Briggs parameters:

Oy = \/2Dz(t —t()), Oy = \/2Dy(t —to).

Briggs parameters are selected based on meteoro-
logical conditions, such as ground-level wind speed
and sunlight, which are classified using Pasquill sta-
bility classes ranging from A to F, where A represents
highly unstable conditions and F represents highly
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stable conditions. See Appendix A for details on
Pasquill stability classes.

After determining the appropriate stability classes
for the region of interest based on wind and sunlight
conditions, it is assumed in this research that diffusion
in the x direction is the same as in the y direction.
Consequently, the Briggs parameters can be calculated
using the following equations:

ot to, o) = k(L to, 20) (1 + 0.0004€ (¢, to, x0)) 2,

ay(t, to, z0) = an(t, to, yo)(1 + 0.0004n(t, to, yo)) 2,
6)
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where the value of « is determined according to the
stability classes, as outlined in Appendix B.

2.1.2. Multiple Sources and Parallel Comput-
ing

By the superposition principle observed in linear
partial differential equations such as the advection-
diffusion equation, the concentration from each source
contribution may be represented as a sum in order to
yield the overall concentration in the spatial domain.

N
Clz,y,t) = Z Ci(@,y,t,20,i, Yo,ir to,i)s

i=1

(7)

Since the concentration from each source is indepen-
dent, concentrations can be computed in parallel for
efficiency. In this model, sources are treated as point
sources emitting continuously from (z¢,yo,;) within
t € [tact, tdeact]  with the source term expressed as
Si(z,y,t) = Si(t)d(x — x0)d(y — yo). Sources fol-
low switch conditions: S; = 0 for ¢t ¢ [tact, tdeact]
and S; = const. for ¢ € [t tdeact] implemented via
Heaviside functions.

Heaviside functions determine activation and deac-
tivation times. For ¢ > 2<%, H(t — t2°*) = 1 activates
the source; otherwise, its contribution is zero. Before
t2ct C; = 0, achieved by multiplying H (¢ — t2°*) to
all terms. For ¢t > td®* a second integral accounts
for contributions after deactivation, ensuring the full
emission time window and elapsed time are included.
Combining all the parts mentioned earlier, the concen-
tration as a function of space and time in this model

can be written as
N
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(8)
By inputting source functions S;, along with their re-
spective spatial coordinates g ;, yo,;, activation time
2t and deactivation times td°¢t for i = 1,2,..., N,
where N is the total number of sources, the over-
all pollutant concentration C(x,y,t) within the spa-
tial and time domains may be computed. The
deactivation time for each source is computed by
t;_ieact — t?Ct 4 t?mission' BOth t?ct and t?eact must be
contained within the simulation time interval, so that
tact gdeact ¢ [ty T for i = 1,2,...,N. For purposes
of this study, there are 500-3000 continuous point
sources with emission rates S; that are randomly
generated to be between 1000-5000 pug/cm?/s in a
10,000m x 10,000m spatial region for T" = 86, 400s
or one day, starting at ty = 0. The magnitude of
wind speed |4 is randomly generated to be within the
range 1-10 m/s and uniform throughout the entire
spatial domain considered.

2.2. Optimization Via LSTM Neural
Network Surrogate Model

The maximum concentration is often used as a key
metric for assessing PM 2.5 or other pollutant con-
centrations, as it provides insight into the worst-case
scenario. However, determining the maximum con-
centrations when considering multiple sources with
different emission time windows requires computing
the solution for all time steps within the simulation
time span. Although using the analytical solution
reduces computational resources, calculating concen-
trations at every time step remains time-intensive.
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Optimizing emission schedules to minimize the
maximum concentration across all time steps is chal-
lenging, as testing different schedules by repeatedly
solving the advection-diffusion equation is impracti-
cal. Therefore, an alternative approach is necessary
to achieve optimal results more efficiently. It is im-
portant to note that the objective is to minimize the
maximum concentration over the entire spatial re-
gion and time span, without focusing on the specific
location where the maximum concentration occurs.

2.2.1. LSTM Neural Network Design

The LSTM neural network designed used in this study
is relatively simple. The input layer processes se-
quences with features including number of sources,
emission rates, durations, wind speed, and concen-
trations. The first hidden layer is an LSTM with 32
units and ’sequence’ output mode, capturing temporal
dependencies. A dropout layer with a 0.1 rate follows
to prevent overfitting by deactivating 10% of neurons
during training. Next, a second LSTM layer with
16 units and ’last’ output mode condenses sequence
information into a single vector, summarizing learned
patterns. This output feeds into a fully connected
layer, mapping features to a scalar for regression. The
final regression layer computes the mean squared error
(MSE) loss for training.

2.2.2. Optimizing Maximum Concentration

Determining the optimal emission schedule to mini-
mize the overall maximum concentration is challeng-
ing due to the infinite number of possible schedules.
While emission schedules are allowed to vary, source
locations, emission durations, and rates remain fixed.
For simplicity, 10,000 randomly generated candidate
emission schedules are generated in order to be tested.
As each source’s emission time serves as a separate
parameter, the complexity of parameter estimation is
significantly increased, thus rendering basic optimiza-
tion techniques unsuitable.

Solving the advection-diffusion equation for each
schedule is computationally intensive. Therefore, a
surrogate model, based on an LSTM, is used to predict
maximum concentrations for optimization. Predic-
tions from the LSTM model for the 10,000 emission
schedules are stored, and the schedule most likely
to yield the lowest global maximum concentration is
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applied in the advection-diffusion model. The opti-
mization efficiency is defined as the ratio of maximum
concentrations before and after optimization:

act deact

mMaXq yeR2, t>tg |C(l‘, Y, T, toptimized’ optimized

éa:

T tact deact
» Y“unoptimized’ “unoptimized

(9)
Ideally, the value of & should be minimized to demon-
strate that the optimized emission schedule effectively
maintains lower maximum concentrations.

mMaXg yecR2, t>to |C($, Y,

3. Results

The analytical solutions to the advection-diffusion
equation are presented below to illustrate the concen-
tration field when considering multiple sources within
the same region with different emission times. Subse-
quently, the maximum concentrations from an initial
simulation, prior to emission schedule optimization,
are shown alongside the maximum concentrations ob-
tained when the optimal emission schedule, derived
from the LSTM surrogate model, is applied.

3.1. Advection-Diffusion Equation Solu-
tions

Sample simulation snapshots of two-dimensional con-
centration plots generated by random source locations
and emission schedules, as described earlier are dis-
played in Figure 1. As simulation time progresses,
the concentration evolves due to diffusion and wind.
With multiple source locations and varying emission
times, the plumes inevitably overlap, resulting in
higher maximum concentrations when two or more
sources are sufficiently close to one another.
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Figure 1: PM 2.5 concentration map in six time snap-

shots
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Figure 2: Plot comparing maximum concentrations
before and after emission schedule optimization

Predicted vs. Actual Maximum PM2.5 Concentration

Before Optimization After Optimization

As shown in Figure 2, the maximum concentra-
tion plots obtained from both the neural network pre-
diction and the analytical solution comparing the op-
timized emission schedule to the original unoptimized
emission schedule yielded optimization efficiency ratio
of & ~ 0.43. This demonstrates that the method
is able to significantly reduce the global maximum

From the concentration maps in Figure 1, it is
evident that predicting maximum concentration val-
ues at every time step solely from initial conditions
and parameters, without computing the concentration
field at each time step, is highly challenging. This
difficulty has therefore motivated the development of
a neural network surrogate model that is more com-
putationally efficient to work with, especially during
optimization routines.

3.2. Optimization Results

After verifying that the surrogate model’s predicted
maximum concentrations closely match the results
from the advection-diffusion model, it is deemed suit-
able for use in optimization. Using 10,000 random can-
didate emission schedules, the most optimal emission
schedule is applied to the advection-diffusion equation
and compared to the maximum concentrations from
the initial emission schedule.
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concentration compared to the original. Since the
optimization method employed here relies on brute-
force testing of emission schedules, integrating more
sophisticated optimization techniques into the model
could further reduce the cumulative maximum con-
centration and speed up the optimization process.

4. Conclusion

The advection-diffusion equation is an effective tool
for modeling the dispersion and transport of air pol-
lutants such as PM 2.5. With the inclusion of mul-
tiple sources, the analytical approach to solving the
advection-diffusion equation becomes a compelling
choice. However, the randomization and vast number
of source locations, emission times, and atmospheric
conditions (e.g., wind and sunlight) makes the opti-
mization of emission schedules challenging and com-
putationally expensive. The use of an LSTM neural
network surrogate model to estimate maximum con-
centrations throughout the simulation significantly
reduces computational cost and time. By identifying
the approximated optimal emission schedule, only this
schedule needs to be applied to the advection-diffusion
model, streamlining the optimization process while
maintaining accuracy.
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