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Abstract—The prediction of the level of air pollution by gaseous and aerosol constituents in cities becomes
increasingly significant in view of their serious negative impact on public health and growing ecological risks.
The article presents an approach to estimating and adjusting the emission power of anthropogenic sources
based on direct and inverse modeling. The WRF-Chem model was used as a direct simulation tool, and the
IMDAF system developed by the authors was used for inverse simulation. The results of direct simulation
provided data on meteorological fields and the distribution of admixtures necessary for solving adjoint prob-
lems. The use of the adjoint problem method made it possible to calculate a correction factor that determines
how much the power of sources that fall into the sensitivity zone should be changed to achieve the best agree-
ment with measurements. Our approach can be used to improve the prediction of air quality, refine the inven-
tories of anthropogenic emissions, and develop the strategies for reducing the ecological risks on global and

regional scales.
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INTRODUCTION

The problem of predicting the level of urban air
pollution by gaseous and aerosol constituents is
becoming increasingly important due to their negative
impact on public health and growing environmental
risks [1]. This is manifested most significantly under
unfavorable weather conditions such as heat or cold
waves. Global and mesoscale chemical transport
models (CTMs) are actively used for predicting air
quality [2, 3]. A high-quality prediction of the atmo-
spheric pollution level requires actual data on emis-
sions of gaseous and aerosol constituents. Both global
databases, such as the Emissions Database for Global
Atmospheric Research (EDGAR) [4], and regional
databases, such as the emission inventory developed
by the Netherlands Organization for Applied Scien-
tific Research (TNO) [5], are actively used nowadays
to specify the emission sources. However, these data-
bases have relatively low (0.1°) spatial resolution and
time-limited relevance. In addition, they may bear
large errors when used to estimate emissions [6], so

that pollution forecasts can deviate from the actual
measurement data.

Attempts to bring simulations and measurements
into a closer agreement pose the problem of refining
the emission sources. This can be done using two
approaches: “bottom-up” and “top-down.” The first
approach is aimed to refine the emission inventory,
using data on the activity of population, industrial
emissions, statistical data on the energy consumption,
and different coefficients, describing the contribution
and time dynamics of an emission source. In the sec-
ond approach, the emission source inventories are
created using pollutant data from measurement sta-
tions, mobile laboratories, and remote sensing. At
present, works employing the bottom-up approach are
many and include [4, 7]. However, this approach is
fraught with a number of problems, associated with
the large inaccuracies in the available statistical data
on emission sources, coefficients of emission factors,
and their strong spatiotemporal variations. Also of
note is that the publications of statistical data are
delayed in time by one to two years. Taking into
account the aforesaid, the top-down approach is pref-
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erable, because it makes it possible to use the inverse
modeling to refine the emission sources and to bring
the simulation results into a closer agreement with
measurement data.

A great number of approaches were suggested to
date to refine the spatiotemporal distribution of emis-
sion sources, based on inverse modeling [8]. The
development of inverse modeling methods in CTMs
had the consequence that the top-down approach had
been one of the main tools in solving this kind of prob-
lem [9, 10]. It is primarily used to refine the emission
sources of passive tracers or minor gas constituents of
the atmosphere, which can be referred to the them
(50,, CO, CO,, CH,, and NO,); this approach com-
prises the following methods: mass balance [11—13],
back trajectories [14], adjoint problem [15—20] based
on the Bayes estimation theory [21, 22], ensemble
Kalman filter [23—25], four-dimensional variational
approach (4DVAR) [26—28], and the adaptive nudg-
ing method [29].

The purpose of this work is to create and test a
technique for refining the power of the emission
sources on the basis of the top-down approach based
on the solution of the adjoint problem for the two-
dimensional advection-diffusion model IMDAF
(Inverse Modeling and Data Assimilation Frame-
work). It is a simplified modification of an approach
based on the sensitivity operators and ensembles of
adjoint problem solutions [19, 20].

MATERIALS AND METHODS

In our approach, we used two models: WREF-
Chem v.4.2 [3] (the model version will be omitted in
the text below) for a direct modeling of variations in
the pollutant concentrations, and the IMDAF model
for correcting the data on emission sources, computa-
tionally more efficient owing to simplifications in the
description of admixture transport processes in the
atmosphere. The choice of this scheme stems from the
need to reduce the computation expenses, since the
use of a detailed model in inverse modeling problems,
requiring multiple solution of forward and adjoint
problems, may consume significant computational
resources.

We will compare qualitatively our method with
popular approaches to inverse modeling, i.e., 3DVAR
and 4DVAR. In classical 4DAVR methods (with weak
constraints) the problem of minimization of the objec-
tive functional is usually solved iteratively. In our
approach, we use expressions that directly relate the
powers of the sources with measurements, so the cor-
rection algorithm is iteration-free. Instead of the
sequential solution of one forward and one adjoint
problem in each 4DVAR iteration, this algorithm
requires a solution of adjoint problems for each con-
sidered element of the measurement data. These cal-
culations are independent of each other and can be
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efficiently parallelized. Classical 3DVAR-type algo-
rithms do not construct the estimates of the source
functions, but, rather, refine the state function
directly, so the results from their work are difficult to
use as input parameters of the sources for the WRF-
Chem model.

Problem Formulation of Inverse Modeling

We will consider the spatiotemporal domain
VI_/T =W x [0, T], where W is a three-dimensional
spatial domain. A combination of two models is used
in the approach suggested here. Direct problems are
solved using WRF-Chem, i.e., a nonlinear integrated
model, which ensures a high accuracy, but requires
large computational resources when used to refine the
sources on the basis of measurements. The distribu-
tion of the concentration fields obtained using the
WRF-Chem model will be denoted through ¢ = @[r],
where 7(x, 7) is the function of the sources distributed
in WT. In addition, we defined the measurement oper-

ator H,(¢), which transforms the concentration dis-
tribution into measured quantities:
H,(@) = (> @) - (1)

where }_z,,, is the weight function of a measurement; and
() means a scalar product. For any a(x, f) and b(x, ?),
the scalar product is defined as

T
(a, b)y, = [ [ atx, 1 b(x, 1) dxat )
ow

For instance, in the case of a point measurement car-
ried out at the point with the coordinates

(X5 Yins Zims t) € VI_/T the weight function has the form

i, , 2, 1) 3
= 8(x — x,)8(y = ¥,z — 2, — 1,,),
where 0 is the delta function.
Let us have M measurements at the points
(Xps Vs Zms 1) € Wy with the values

I, = <}7m5 (p>Wr
= (8(x = X,)8(y = )z — 2,)(t - 1,,), ).

We assume that the sources can be only ground-
based:

C))

7@»@&0={0 2>0; (5)

"X, ¥, 2,1 7 =0.

To refine the values of sources, we will consider a
spatially two-dimensional model in the domain
Q,=Q x [0, 7], where Q is the two-dimensional spa-
tial domain. In this domain, we will define a mathe-
matical model of the type of advection-diffusion of a
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passive admixture that describes the admixture trans-
port in the atmosphere:

%0V (diag(uV o - ug) =

n(diagVe) +Bo =0, (x,)e '™ c8Q;; (7)

f+r, (x,0)e Qp; (6)

o=0, (x,)eTl'"™ c8Q,; (8)

p=0¢", x=Q, 1=0, )
where @(X, 7) is the state function designating the con-
centrations of the substances under consideration at
the point, (x,7) € Q; u(x,?) € R? is the transport
velocity; u(x, 1) € R? is the vector of the diffusion
coefficients; diag(t) is the matrix with the vector x on
its diagonal; r is an unknown source function; o is the
parameter of boundary conditions; I'*" and I'"™ are the
parts of the domain boundary where the transport
velocity is either zero or directed outwards/inwards
from/to the domain. A priori (background) values of
the sources fand initial data @° are specified. The task
of determining the functions ¢ in Egs. (1)—(4) from
known r and V'is called direct. Its solution is denoted
through @[r]. Then, for any A2, and A" the following
sensitivity relationship holds [30]:

<S[h], S _ r(1)> _ <h, or?] - (p[r‘”]>,

where the sensitivity functions S[A4] are calculated
using the solution of adjoint problem with the right-
hand side 4. The measurement operator is defined
similar to Eq. (4):

(10)

H, (@) = (B 0) - (11)
where 4, is the weight function of measurement;
(a, b), j j a(x, 1) by(x, 1) dxdt. (12)

In the case where measurement is carried out at the
point with the coordinates (x,,y,,?,) € Q7 the
weight function of measurement

hm(xa yat) = 8(-x - xm)s(y - ym)s(t - tm)' (13)

Let us consider a source as a set of point sources
constant in time, namely:

R
r= ) Ty 8x = X) 8y = ¥y
Z © © ® (14)
s >0, (X4 Vi) € €,
where x(;) and y, are the coordinates of the sth point

source; and r, is the source power. Assume that the
correction is only required for the powers {r,}. Then,
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R
2,0 =)
= (h, ¢ir®1-glr"]).

Suppose that M measurements are available at the
points (x,,, ,,, t,,) € Qr with the values /,,. Then we
have M identities

Sh o o
[] (X = X)) Oy — J’(s))> (15)

Z(ré” s ) (STAL, 8(x = x ) )&y = ¥(,)))

fs ] (16)
= (s @1r 1) = (B 0dr1).
Assuming
= (s 9r1)_ (17)
we derive the system of equations
R
DG = 1) (SIh,1, 8x — x) 8y - ¥i,))
=1 (18)

= 1,, = (hy, olr"]).

If, for example, we assume that all powers are sim-
ilarly underestimated or overestimated, then we obtain
the correction coefficient

(2) (1

Ty = Plisy» (19)
(Pp-1 o (SA,1, & ) &( 5)
p ;’U X = X)) Oy = y<>> 20)
= Im _<hm5 (ﬂr(l)]>,
L, = (b
N w = (s 0lr"]) o

z r(gl)) <S[hm] s 8(x - x(s)) 8(y - y(s))>

s=1

Data Preparation for Numerical Experiment

To conduct numerical experiments, we should
specify the distribution of meteorological parameters
(wind speed and direction, turbulence coefficient), as
well as the initial and boundary conditions for the gas
constituents. These data were obtained from direct
WRF-Chem simulation from September 1 to 7, 2020.
The calculations were performed for two domains in
the Lambertian projection. The first coarse domain
was 95 X 100 X 21 (the number of cells) (50.13°—
70.5° N, 16.7°-70.8° E) with a resolution of 27 km,;
and the second domain was 145 X 106 x 21 with a res-
olution of 9 km (54.1°—65.8° N, 24.4°—44.5° E).

The calculations were performed using the follow-
ing parameterizations: Morrison for microphysics;
RRTMG for longwave radiation; RRTMG for short-
wave radiation; Noah for the model of the surface;
Vol. 38
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Mellor-Yamada-Janjic for the planetary boundary
layer; and Grell 3D for clouds.

The WRF-Chem model was used for testing in the
passive tracer transport mode. As a tracer, we used sul-
fur dioxide (S0O,), an important indicator of atmo-
spheric processes in the Arctic and tracer of the trans-
port of pollutants and their sources. The participation
of sulfur dioxide in the formation of sulfate aerosols
influences the climate and radiation balance, and acid
precipitation dangers ecosystems. The use of SO, as a
tracer in the models helps to study the transport
dynamics and chemical conversions of atmospheric
constituents, which makes it an important component
in climatic and ecological studies.

The model was started using NCEP FNL (Final)
Operational Global Analysis data [31] with a resolu-
tion of 0.25° %X 0.25°. The initial and boundary condi-
tions for the air chemical composition were set to zero.
The anthropogenic SO, emissions were specified at
the first five altitude levels from the surface with the
coefficients 0.05, 0.6, 0.2, 0.15, and 0.05 using the
EDGAR v.4.3.2 database. In the research area, the
altitudes of 37, 110, 208, 322, and 440 m above the sur-
face correspond to the first five model levels.

Arkhangelsk (64.60° N, 40.73° E) was chosen as
the measurement site for estimating the modeling
quality and comparing the results. Two-dimensional
IMDAF model version was used in our work; there-
fore, an optimal altitudinal averaging range should be
chosen to compile the input data. This averaging inter-
val is determined by task-specific requirements and
can vary in a wide range, depending on specific fea-
tures of turbulent mixing and pollutant dispersal. We
tested a few altitude ranges, and for each took average
meteorological parameters and gas composition. This
made it possible to take into account the specific fea-
tures of the distribution of the meteorological param-
eters and of the pollutant concentration, yet preserv-
ing the computation efficiency of the model.

The powers and locations of emission sources in
the IMDAF model were specified using the same set
of sources as in the direct WRF-Chem modeling. As a
consequence, the direct and inverse simulation results
were matched and could be efficiently used to refine
the emissions.

The results of the WRF-Chem calculations, with-
out changes to the powers of pollutant sources, were
used to compile the data of virtual measurements —
spatiotemporal time series. The spatial measurements
comprised a 3 X 3 square of grid points, with the cen-
tral one being closest to the coordinates of Arkhan-
gelsk (64.60° N, 40.73° E). The time series for this
point comprised 10 measurements with a step of 1 h,
starting from 07:00 LT on September 4, 2020. These
data were compiled for the altitude averaging ranges
0—100, 0—250, 0—500, and 0—1000 m.
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RESULTS AND DISCUSSION
Single Pollution Source

The first series of the numerical experiments was
aimed at refining the power of a single emission source
that fell within the sensitivity zone of our method. The
calculations were performed on the main and nested
domains for two altitude averaging ranges: 0—250 and
0—500 m.

The comparison of results from direct simulation
performed using simplified two-dimensional model
IMDAF with the WRF-Chem data showed good
agreement (Fig. 1). The figure presents the calcula-
tions performed at 09:00 GMT on September 4, 2020.
For clarity, the area under study where, the source and
measurement site are located is bounded by the coor-
dinates 61°—65° N, 36°—43° E.

Despite certain discrepancies (see Fig. 1), the
model successfully reproduces both the main spatial
and temporal characteristics of the admixture trans-
port, indicating its adequacy for the problems of the
given type. However, transition to a two-dimensional
model unavoidably involves certain simplifications
associated with averaging of the meteorological
parameters, which leads to partial losses in accuracy of
reproducing local processes and vertical exchange.

After making sure that the direct problem is solved
correctly, we analyzed the results of numerical experi-
ment. Estimates of the correction coefficient of the
source power for this numerical experiment are pre-
sented in Table 1 for areal data and time series (com-
pilation of these times series is described above). The
first column shows how strongly the source power was
changed relative to the initial specified power. Values
in table cells show the coefficient by which the used
source power should be multiplied to minimize the
deviation from observations. If the coefficient is
2.1 £ 0.2 for the main domain and altitude of 0—250 m
(case of 0.5r(x, y)), this means that the source power
should be increased by a factor of 2.1 in order to
achieve the coincidence with measurements.

In the case where the source power was not
changed, the IMDAF model showed a good agree-
ment with the observations for both the main and
nudged domains. The correction coefficient was unity.
Its insignificant deviations from unity were observed
for the nudged domain; however, they were within the
root-mean-square (rms) deviation. The calculations
on the main domain showed that, as the source power
decreases to 50% of the initial one, the correction
coefficient calculated using the spatial data propor-
tionally grew to 2.11 and 2.01 in the altitude ranges 0—
250 and 0-500 m, respectively. For the nudged
domain, the coefficients were found to be somewhat
larger: 2.42 and 2.01, respectively. For the time series,
the p,, behaved similarly, but the rms deviation was
lower. After the power fivefold increases relative to the
initial one, the p,, is determined much better, indi-
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Fig. 1. Calculations of the SO, concentrations with the averaging layer of 0—250 m for the main domain, using (a) WRF-Chem
and (b) IMDAF models; contour line indicates the sensitivity zone; locations of the sources are indicated by red circles.

cated by a quite low rms deviation. As a result of the Few Point Pollution Sources
numerical experiments performed, our approach The calculati fth ) fFicient fi
demonstrated a possibility of a power correction for a ¢ calculations of the correction coetficient for a

single source based on results of inverse simulation [€W emission sources (Table 2) show that the IMDAF

using the IMDAF model.

model, as for a single source, estimated the changes
adequately. The rms deviation decreased after the
sources increased in number. For instance, in the case

Table 1. Coefficients of retrieval of the power of a single pollution source

Averaging height, m
Source power main domain nudged domain
0-250 0—-500 0-250 0-500

2.11 £0.20 2.05+0.74 2.42 +0.48 2.10 £ 0.45
0.5r(x, y)

201t 0.11 2.10% 0.08 201028 2.10% 0.36

1.02 £ 0.10 1.00 £ 0.374 1.20 £ 0.24 1.12 £ 0.22
X, y)

1.01x0.05 1.02+ 0.04 1.01+0.14 1.13£0.18

0.22 £0.02 0.20 £ 0.07 0.20 £ 0.05 0.20 £ 0.04
5r(x, y)

0.20+ 0.01 021+ 0.01 0.21+0.03 0.20+ 0.04

Here and in tables below entries in nonitalic are for the spatially distributed data; and entries in italic are for the time series.

ATMOSPHERIC AND OCEANIC OPTICS  Vol. 38 No. 4 2025



ADJUSTMENT OF THE POWER OF MODEL EMISSIONS 469

Table 2. Coefficients of retrieval of powers of few pollution sources

Averaging height, m
Source power main domain nudged domain
0—250 0—500 0-250 0—500

05705 ) 2.10 * 0.05 2.01+0.10 2.06 + 0.03 211 +0.11
X

Y 2,01+ 0.04 2.00+ 0.02 2,05+ 0.05 202+ 0.04

) 1.01 % 0.03 1.02+0.04 1.03+0.01 1.10 + 0.06

e 1.02+ 0.02 1.01+ 0.01 1.02+ 0.02 1.01+ 0.02

S0 0.21+0.01 0.20 + 0.01 0.21 + 0.00 0.20 + 0.01

ey 0.20+ 0.01 0.20+ 0.01 0.20+ 0.01 0.20+ 0.01

Table 3. Sensitivity of the method for correcting the power of a single point source to changes in the averaging height

Averaging height, m
Source power main domain nudged domain
0—100 0—1000 0—100 0—1000
0.5 1.90 + 99.96 1.81 £ 0.10 0.50 + 301.48 25340239
Py 403+ 1.34 1.80% 0.09 0.60+ 0.32 20+ 051
) 1.00 + 49.98 0.90 + 0.05 032+ 150.74 120+0.19
;
oY 200+ 0.67 0.90+ 0.05 0.31+0.16 1.0+ 0.25
S0 0.20 + 10.00 0.20 + 0.01 0.05 + 30.15 0.20 + 0.04
;
oY 0.40+ 0.13 0.20+ 0.01 0.06+ 0.03 0.20+ 0.05

of 0.5r(x,y), the rms deviation of the spatial data
decreased from 0.74 (a single source) to 0.10 (a few
sources) for the main domain when the averaging
height was 0—500 m. The rms decrease was found to
be from a factor of 2 to 10 on the whole, and up to a
factor of 4 for the nudged domain.

Estimate of How the Method of Correcting
the Power of a Single Source is Sensitive
to Change in Averaging Height

Calculations for a single source with zero initial and
boundary conditions were carried out to check the
sensitivity of the method for correcting the power of
the emission source to the averaging height. We con-
sidered two layers: 0—100 m, where the information
can be lost due to the mixing height, and 0—1000 m,
were background concentrations affect. The results of
the calculations are presented in Table 3.

From Table 3 we can conclude that the error of the
p,, estimation sharply increases due to the use of the
small averaging range 0—100 m, confirmed by both
the coefficient itself and its rms deviation. No unam-
biguous regular effect due to transition from the main
domain to the nudged one could be found. When the
layer 0—1000 m was used, the p,, estimates for the spa-
tial data were quite close to the specified values and

ATMOSPHERIC AND OCEANIC OPTICS

comparable well to those obtained in Table 1. The p,,
estimates for temporal data demonstrated a good
agreement with estimates obtained previously for the
nudged domain. The p,, estimates for the main
domain were unsatisfactory. It can be concluded that
the height of the averaging layer should be chosen to be
from 250 to 1000 m for the spatial data and up to 500 m
for time series to get a correct p,, estimate.

Estimate of How the Method for Correcting
the Powers of Few Sources is Sensitive
to Changes in Averaging Height

The numerical experiments for few emission
sources (Table 4) show that the algorithm is successful
at compensating for the information losses character-
istic for a thin averaging layer, as compared to a single
source. For instance, for the main domain at the
height of 0—100 m the correction coefficient for the
time series was 3.01 = 0.72 versus 4.03 * 1.34 for a sin-
gle source. Significant improvements were also
observed for the nudged domain.

Table 4 for the averaging layer 0—1000 m shows
that the time series give the most accurate correction
coefficients with the least rms deviation. The coeffi-
cient is overestimated for a single pollution source and
underestimated for few sources. As an example, for the

Vol.38 No.4 2025
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Table 4. Sensitivity of the method for correcting the powers of few pollution sources to the changes in the averaging height

Averaging height, m
Source power main domain nudged domain
0—100 0—1000 0—100 0—1000
0.50(x. ) 1.72 = 1.96 1.90 £0.23 1.11 £ 1.05 1.72 £ 0.23
Sr(x
Y 3.01%+0.72 2.00% 0.08 225+ 1.94 2.00%0.16
x.7) 0.86 = 0.98 0.95+0.12 0.56 £ 0.52 0.86 £ 0.11
r(x
Y 1.50% 0.36 1.00% 0.04 1.13+0.97 1.00% 0.08
SrCx, 9) 0.17 £ 0.20 0.19 £ 0.02 0.11 £0.10 0.17 £ 0.02
r(x
Y 0.30+ 0.07 0.20+ 0.01 0.23+0.19 0.20+0.02
case of 5r(x, y), the coefficient was 2.53 + 0.39 for a REFERENCES

single source and 1.72 = 0.23 for few sources.

CONCLUSIONS

The calculations performed using model data
showed that our approach relying on the correction
coefficient for the powers of pollution sources makes it
possible to refine the power efficiently and justifiably.
However, it should be noted that this approach needs
further improvement in order to incorporate the
dynamics of the atmospheric boundary layer, the con-
tributions from the daily and weekly behaviors of the
powers of emission sources, conversion of chemical
substances, the effect of precipitation, and the accu-
racy of specifying the meteorological parameters. All
these are the tasks to be solved in our future research.
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