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Abstract

Air pollution represents a serious threat to human health, the environment, and climate. One
effective way to protect public health and take action to reduce emissions is through numerical
model analysis, which depends on observational data to enhance the pollutant’s representation
at regional scales. While the observing system network is extensive and diverse, there is a con-
cerning gap in observational data within the Planetary boundary layer (PBL), the most polluted
part of the atmosphere, and the location of most emissions. This work aims to evaluate the
potential of in situ airborne observations taken within the PBL to improve regional air quality
analyses. To achieve this, the impact of assimilating these observations on the horizontal and
vertical distribution of air pollutants has been assessed, and the added value of the observations
within the PBL has been evaluated by comparing the analyses of different case studies to anal-
yses in which ground-based observations are assimilated. Two types of observations within the
PBL are analysed in two separate studies: drone-based and Zeppelin-based measurements. The
drone data originate from the MesSBAR campaign in 2021, while the Zeppelin observations,
collected in 2020, are used to investigate pollutant distributions in two distinct regions. The
EURAD-IM model and its 4D-Var assimilation system are utilised to assimilate both types of
observations. A high temporal resolution of 60 seconds and 5 km x 5 km horizontal resolution
is employed to align with the high-resolution measurements. A joint optimisation of the initial
values and emission rates is applied across all assimilation simulations. For both observation
types, the 4D-Var assimilation positively improves the horizontal and vertical representation
of pollutants. Despite the drone system being equipped with low-cost sensors, the analysis
shows that ground concentrations of nitrogen oxide (NO), nitrogen dioxide (NO2), and ozone
(O3) were primarily corrected at the campaign location during nighttime and early morning
hours. Furthermore, the assimilation of drone observations leads to substantial adjustments of
nitrogen oxides emission rates in the vicinity of the campaign site. The analysis applying Zep-
pelin observations assimilation indicates that these observations effectively enhance corrections
of emissions originating from power plants and industrial sources released at high altitudes.
Achieving similar results with ground-based observations is challenging due to their limited
capacity to observe these elevated concentrations, except under strong wind conditions and
enhanced vertical mixing. The comparison with independent observations reveals that assim-
ilation of Zeppelin observations significantly enhances daytime surface O3 concentrations by
up to 54 %, whereas the assimilation of ground-based measurements only yields improvements
of up to 22 %. Conversely, during nighttime, the assimilation of ground-based observations
demonstrates superior performance, achieving an enhancement of up to 20 %, compared to
just 6 % for the assimilation of Zeppelin observations. The daily O3 analysis is best when
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the observations from the Zeppelin and the ground stations are jointly assimilated, leading to
additional improvement of up to 6% compared to other simulations. The improvements in
the daytime O3 concentrations resulting from the assimilation of Zeppelin observations are at-
tributed to corrections applied to the initial values within the residual layer. Furthermore, in
a polluted urban environment, the assimilation of Zeppelin observations results in a decline in
performance during the night. Potential factors contributing to this deterioration include the
model resolution, the representation of PBL height, and the poor representation of unobserved
pollutants. The positive impact of assimilating in situ drone and Zeppelin data on air quality
analyses underscores the importance of observations within the PBL. This importance is further
reflected in the optimisation of emission rates, particularly for elevated sources such as power
plants and industrial facilities. These findings confirm that PBL observations offer substantial
added value compared to ground-based measurements. Therefore, there is a need to increase
measurements within the PBL to address the existing observational gap and to provide valuable
data for assimilation in air quality models.
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1
Introduction

A specific region of the atmosphere has been identified as being particularly important for
air quality: the planetary boundary layer (PBL), sometimes also called the atmospheric bound-
ary layer. This is the atmospheric layer closest to the Earth’s surface up to a few kilometers in
which most human activity takes place. In interaction with the Earth’s surface, this layer goes
through a typical daily cycle that shapes the physical and chemical processes linked to air pol-
lution. Turbulence, horizontal and vertical dispersion, as well as vertical mixing with the mid
and upper troposphere, cause significant variations in pollutant concentrations, while chemical
transformations are driven by the interaction with biogenic and anthropogenic emissions in the
PBL.

Despite its importance, the PBL remains a region of the atmosphere that lacks to be suffi-
ciently observed. This lack of observations is a major obstacle to improving air quality forecasts
(Liu et al., 2021). Several studies have shown that the vertical mixing within the PBL plays
a role in determining pollutant concentrations, particularly ozone (O3) (Qu et al., 2023; Kaser
et al., 2017). Other studies have pointed to long-range transport and upper air concentrations
as the reason behind the increase in ozone levels during several pollution episodes (Myriokefal-
itakis et al., 2016; Parrish et al., 2010; Jaffe, 2011). It is therefore imperative to increase the
quantity of observations, particularly in the first few kilometers of the troposphere, to better
characterise the dynamics and composition of this key region.

Severe pollution episodes result from the complex interaction between natural and anthro-
pogenic emissions, meteorological conditions and chemical transformations. The accurate ver-
tical representation of air pollutants, especially in the PBL, is crucial for understanding and
predicting such events using chemical transport models (CTMs). However, current models have
intrinsic limitations, as they reflect the current understanding of the atmosphere, which is lim-
ited and incomplete (Baklanov and Zhang, 2020; Sokhi et al., 2022). Consequently, the use
of atmospheric observations to constrain and refine model predictions has consistently been an
essential and well-established approach in atmospheric science (Bauer et al., 2015). This is
achieved by the utilisation of data assimilation methods, which aim to correct the initial model
state by incorporating additional data sources, such as observations, into the model.

Over the last 25 years, numerous studies have demonstrated the positive impact of data assim-
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ilation (Sandu and Chai, 2011; Bocquet et al., 2015; Menut and Bessagnet, 2019) in the context
of air quality. Current air quality models generally provide reliable forecasts; however, in the
context of extreme weather events and severe pollution episodes, their performance may decline.
A good reference to consider is the regional forecast for Europe produced by the Copernicus At-
mosphere Monitoring Service (CAMS). The annual assessment of the analyses (i.e. simulations
including data assimilation) for the year 2023 (Copernicus Atmosphere Monitoring Service,
2024), revealed that the ensemble of eleven regional models is generally well predicting O3 with
quite high correlation coefficients ranging from 0.8 to 0.9 compared to ground level observa-
tions. Nevertheless, the ensemble did not accurately predict exceptional high concentrations
above 180 µg m−3 during the summer period. The ozone analysis underestimates the ozone
concentrations for southern Europe, where ozone pollution episodes are characterised by higher
peak concentrations (Kilian et al., 2024; Chen et al., 2024). To further enhance the forecast
accuracy, it is essential not only to increase the volume of observational data assimilated into
models but also to prioritize the acquisition of observations from under-observed regions of the
atmosphere, such as the PBL.

For several years, efforts have focused on satellites observations, which have become popular
for air pollution assessment and monitoring. While a huge number of observations are available
today, very few are assimilated by regional models. The reason for this is that these observations
do not meet the necessary conditions due to their spatial and temporal resolution, the errors
they contain (representativeness errors, noise, etc.) and their form as a full column profile
(O3 tropospheric columns, etc.). Vertical column observations have generally less sensitivity
in the PBL due to the definition of the averaging kernel as well as atmospheric scattering and
absorption in elevated altitudes of the atmosphere (Boersma et al., 2016). This assertion is
supported by scientific research that has assimilated satellite measurements of key tropospheric
pollutants such as O3, nitrogen dioxide (NO2) and carbon monoxide (CO), among others. In a
study of a photochemical ozone pollution event over Europe, Foret et al. (2014) compared ozone
retrievals from GOME-2 (Global Ozone Monitoring Experiment-2), OMI (Ozone Monitoring
Instrument), and IASI (Infrared Atmospheric Sounding Interferometer) with regional models.
Although IASI, with its 12 km resolution, showed a better ability to capture ozone structures
compared to GOME-2 and OMI, it still not sufficient to provide accurate representation of
ozone concentrations within the boundary layer due to limited sensitivity.

Since 2017, more and more attention has been focused on the state-of-the-art satellite in-
strument TROPOMI (Tropospheric Monitoring Instrument), with the potential to progress
in atmospheric composition monitoring thanks to its high resolution (3.5 km×7 km). The
TROPOMI NO2 tropospheric column product, for example, has already been proven effective
for applications such as emission inventory evaluation and point source discrimination in several
studies (Beirle et al., 2021). However, in the context of data assimilation, several limitations and
uncertainties of TROPOMI need to be considered. Firstly, the detected signal by the instru-
ment is the result of a complex interaction between the absorption and scattering of light along
its trajectory, which means that the data are mainly valid during the daytime (Poraicu et al.,
2023). Then, clouds can partially or completely mask the signal because of their influence on
solar irradiance (Boersma et al., 2004; Koelemeijer et al., 2001). As a result, only cloud-free or
low-cloud locations will be observed. Moreover, aerosols and surface albedo produce uncertain-
ties if they are not correctly parameterised in the retrievals. Since these satellite observations
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are mainly tropospheric columns, it is necessary to use a model to generate an a priori vertical
profile of the atmosphere, which is effectively another source of uncertainty to the retrieved
vertical profile. Therefore, satellite data assimilation remains a challenge, intrinsically linked to
the advancement of retrieval algorithms.

On the other hand, other types of observations have demonstrated their ability to accurately
represent the PBL. These are ground-based remote sensing observations. Among these, aerosol
lidars (Light Detection and Ranging), for example, are the strongest instrument for obtaining
detailed vertical information on aerosols, as they contain less error than satellites retrievals,
and allow vertical profiles to be obtained with high spatio-temporal resolution. Several studies
confirmed the impact of lidar assimilation on improving the vertical profile of aerosols. A study
by Wang et al. (2013) used an observing system simulation experiment (OSSE) to compare
the impact of assimilating observations from 12 aerosol lidars in the European domain and
assimilating in situ observations from 488 ground-based stations. The results show that the
impact on the surface is almost the same for both types of observations, but the impact of
assimilating the lidars lasts for a longer time. Whilst this study demonstrates that a similar
impact on the surface can be achieved with a limited number of lidars, it also demonstrates that
by optimising the location of the 12 lidars or by increasing their number, the impact is more
pronounced and lasts even longer, since more improvements of the atmospheric state have been
made at a high altitude. It also states that a lidar network as dense as ground stations seems
a distant goal due to the high cost.

This finding is relevant to all instruments capable of delivering high-resolution vertical profiles
of pollutants, including Fourier Transform Infrared Spectrophotometers (FTIR). Consequently,
expanding the network of such instruments to adequately support the demands of regional
models poses a significant challenge.

The emergence of Uncrewed Aerial Vehicles (UAVs), more commonly designated as drones,
signifies a revolutionary advancement in atmospheric research. These novel technologies have
arisen as efficient platforms for the conduct of measurements in the PBL. A substantial number
of campaigns have been conducted for both meteorology (Hervo et al., 2023) and atmospheric
composition assessment (for an overview, see Villa et al. (2016); Schuyler and Guzman (2017)).
In the field of meteorology, a range of studies have been undertaken to evaluate the quality of
collected data, and the subsequent assimilation of this data has been shown to enhance fore-
casting capabilities (Jensen et al., 2021; Sun et al., 2020). The use of drones in operational
meteorology has even been recently a subject of discussion, leading to the largest drone-based
measurement campaign in 2024 (UAS Demonstration Campaign (UAS-DC)) initiated by the
World Meteorological Organisation (WMO, 2023). However, in the field of air pollution, studies
that examine the assimilation of drone data into CTMs remain to be conducted. Consequently,
the question concerning the efficacy of this data in enhancing model accuracy remains un-
resolved. One of the aims of this thesis is precisely to answer this question. Through the
assimilation of UAV observations collected during a measurement campaign, the potential of
these observations to improve analyses is studied. The aim is to assess the capacity of the drone
platform that measure within the PBL to bring improvement to the regional air quality forecast.

Airborne measurement campaigns are also of interest for the assessment of pollutants in the
PBL. More suited to research than operational forecasting, these campaigns are carried out
as a mission to collect data ideal for studying the lower troposphere. Several campaigns have
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been carried out in the past by aircraft and Zeppelins, such as MEGAPOLI in 2009 (Freney
et al., 2014), PEGASOS in 2012-2013 (Rosati et al., 2016), ACT-America in 2019 (Barton-
Grimley et al., 2022) and Zeppelin in 2020 (Tillmann et al., 2022). Of particular relevance
here is the Zeppelin. As large, rigid airships, capable of long-duration, low-altitude flights, they
are particularly well-suited for atmospheric research and detailed environmental measurements.
However, few studies have been carried out to assimilate these observations to assess their impact
on improving air quality forecasts. This gap represents an important scientific opportunity that
will be explore in this thesis.

Considering the importance of observations measured in the PBL, the aim of this thesis is to
evaluate the impact of assimilating such observations on the improvement of air quality analysis,
using a regional chemical transport model. To this end, drone and Zeppelin observations from
selected measurement campaigns were considered for data assimilation within the European
Air Pollution Dispersion - Inverse Model (EURAD-IM), a state-of-the-art high-resolution model
used in both research and operational contexts. The Four-Dimensional Variational (4D-Var)
data assimilation technique (Elbern et al., 2007) was chosen to perform model simulations, as
it is one of the most advanced and effective data assimilation methods. The 4D-Var corrects
both the initial atmospheric state and the emission rates provided as input data to the model.
Scientific studies have demonstrated that the simultaneous correction of both variables is the
most effective approach to enhancing the accuracy of air quality forecasts (Tang et al., 2011;
Peng et al., 2017; Zhang et al., 2022).
In this context, the thesis seeks to answer three main questions:

• What is the potential of drone platforms to improve the 4D-Var air quality analysis?

• What additional value do Zeppelin observations bring to the 4D-Var analysis, in compar-
ison with ground-based observations?

• What are the limitations associated with assimilating observations within the PBL in the
EURAD-IM model?

To address the first question, data assimilation experiments were conducted utilising vertical
profiles of O3 and NO from the two-day MesSBAR drone measurement campaign, conducted
in 2021.

To investigate the second and third question, a subsequent study focuses on Zeppelin obser-
vations from a measurement campaign conducted in 2020. The period of 2020 offers a valuable
opportunity to assess the capacity of the 4D-Var system of the EURAD-IM to adjust emission
rates, given the significant reduction in emissions that occurred due to the societal restrictions
during the COVID-19 pandemic.

This thesis is structured as follows: chapter 2 gives an overview of the 4D-Var data assimi-
lation method for the joint optimisation of initial values and emission rates. The EURAD-IM
system is introduced in chapter 3. In chapter 4, the observations used in this study are pre-
sented, while chapter 5 presents the MesSBAR case study. Finally, Chapter 6 presents the
assimilation of Zeppelin observations and investigates their impact on analyses and emission
optimisation, highlighting their added value and limitations. The main conclusions are sum-
marised in chapter 7.

4 Introduction



2
Data Assimilation

The objective of data assimilation (DA) is to produce an optimal estimation of the atmospheric
state and/or model parameters within a dynamical system. This is accomplished by combining
two primary sources of information: first, the a priori knowledge from the model, typically rep-
resented by its initial conditions, and second, the observational data. Both sources come with
uncertainties. The DA process results in the best possible representation of the system state.
This chapter introduces the theory of DA, starting with Bayes’ theorem as the fundamen-
tal mathematical principle behind the DA approach. It then presents the four-dimensional
variational data assimilation (4D-Var) method as implemented in the air quality model —
EURAD-IM — used in this work.

2.1 Theoretical background
The Bayesian approach is adopted to solve the DA problem. Assuming that both the model
and the observation error are stochastic, it becomes possible to describe these using probability
density function (PDF) probabilities (Lorenc, 1986). The Bayesian formulation involves the
a posterior probability P (x|y) of the unknown variable x given the data y, which is superior
to the a priori probability P (x) taking into account the likelihood P (y|x). This formulation
illustrates the process of updating the distribution P (x) in response to new information y. The
posterior probability can be derived from Bayes’ theorem as

P (x|y) = P (y|x)P (x)
P (y)

. (2.1)

In DA, the variable y denotes the observed data, while x represents the state of the model.
To calculate the posterior probability, it is necessary to make an initial assumption: the Gaus-
sian distribution for both the prior probability P (x) and the likelihood P (y|x). This leads to a
simple representation of the DA problem. As a result, the probabilities can be expressed in the
following format

P (y|x) = 1√
2πσ2

y

e
− (y−x)2

2σ2
y , (2.2)
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P (x) = 1√
2πσ2

xb

e
− (x−xb)2

2σ2
xb , (2.3)

Here σxb
and σy denote the standard deviations of the model state x and the observation

y, respectively. Since the likelihood P (y|x) is independent of the model state x, it acts as
a normalisation constant in the Bayesian framework. As a result, the posterior distribution
P (x|y) can be simplified and expressed as shown in Equation (2.4)

P (x|y) ∝ exp
[
−1

2

(
(y − x)2

σ2
y

+ (x − xb)2

σ2
xb

)]
. (2.4)

The objective is to determine the optimal state xa that maximizes the posterior probability,
representing the most likely model state given the observation y. This state, commonly referred
to as the analysis in DA, is mathematically expressed as

xa = arg max
x

P (x|y) .

Given that (2.4) represents the probability as an exponential function, maximising the poste-
rior probability is equivalent to minimising the function J(x), where J(x) corresponds to the
exponent in the exponential expression

xa = arg min
x

J(x),

J(x) = 1
2

(
(y − x)2

σ2
y

+ (x − xb)2

σ2
xb

)
. (2.5)

The function J(x), known as the cost function, is quadratic. This ensures a unique global
minimum, leading to a stable and well-posed solution in DA.

2.2 Four-dimensional variational data assimilation (4D-Var)
The 4D-Var method is a DA approach that estimates the model trajectory that best fits all
available observations (y0, . . . , yp) over a given time window [t0,tk]. Like other variational
methods, 4D-Var is based on maximising the posterior probability under the assumption of a
Gaussian distribution, as outlined earlier. The 4D-Var incorporates both the three-dimensional
spatial state and the temporal dimension within a variational assimilation framework. Thus,
the state vector x is now represented in Rn, where n denotes the number of model states. The
a priori model state xb is referred as the background. Likewise, the observation vector y is an
element of Rp, with p representing the number of observations. To reconcile the dimensional
mismatch between the model space and observation space, a mapping operator H : Rn → Rp is
introduced. This operator is known as the observation or forward operator.
In EURAD-IM, the 4D-Var formulation not only estimates the model initial state but also
includes the emission rates e ∈ Rm, with m being the dimension of the emission space.The eb

is the background emission rates. The emission rates are considered as control parameter to be
optimised, as described in Elbern et al. (2007). The resulting 4D-Var cost function is expressed
as
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J(x, e) = Jb(x) + Jo(x) + Je(e)

= 1
2

(x − xb)T B−1(x − xb)

+ 1
2

n∑
i=0

(
(yi − HiMix)T R−1

i (yi − HiMix)
)

+ 1
2

(e − eb)T K−1(e − eb)

(2.6)

Here, R ∈ Rp×p, B ∈ Rn×n, and K ∈ Rm×m are the observation, background and emission
error-covariance matrices, respectively. The linearised model operator M : Rn → Rn propagates
the state vector x forward in time from t0 to the observation time ti, associated with observation
yi.
Three key assumptions are made in the formulation of 4D-Var. First, the observation errors are
assumed to be uncorrelated, meaning the observation error covariance matrix R is diagonal.
Second, it is assumed that there is no correlation between the initial state and the emission
rates. Finally, the model itself is considered to be perfect.

The solution xa to Eq. 2.6, referred to as the analysis, is typically obtained by minimising
the cost function, which involves computing the gradient with respect to the control parameters
x and e

∇(xa,e)J = 0 . (2.7)

The gradient is expressed as follows

∇(x,e)J = B−1(x − xb) + K−1(e − eb)

−
tn∑

ti=t0

HT (ti)R−1({yo(ti) − H(ti)(xb(ti))} − H(ti)(x(ti) − xb(ti)))
(2.8)

2.2.1 Pre-conditioning in the 4D-Var
A key limitation of the 4D-Var approach is its considerable computational cost, largely due
to the iterative nature of the minimisation process required to determine the optimal solution.
To enhance the efficiency and speed up convergence, a preconditioning technique is applied
to the cost function within the 4D-Var algorithm (Zupanski, 1996). The preconditioning is
done by performing a control variable transformation, which introduces the square roots of the
background error covariance matrices B1/2 and K1/2

v = B−1/2(x − xb)

= B−1/2δx
(2.9)

w = K−1/2 ln
(

e

eb

)
= K−1/2δu

(2.10)

The cost function J(x, e) is then simplified, and its gradient ∇J is expressed in the form

∇(v,w)T J =
(

v

w

)
−
(

B1/2 0
0 K1/2

)
×

N∑
i=1

MT (t0, ti)HT R−1 (d(ti) − Hδx(ti)) . (2.11)
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The minimisation problem is solved iteratively, as finding the exact solution that minimises
the cost function would be computationally prohibitive. Instead, an approximate solution is
obtained by performing a user-defined number of iterations. During each iteration, the control
variables are updated through a two-step process. First, the forward model is executed to
evaluate the cost function, followed by the backward model (adjoint) to compute the transformed
gradient. The minimisation of the gradient is carried out using the limited-memory Broyden–
Fletcher–Goldfarb–Shanno (L-BFGS) quasi-Newton method (Liu and Nocedal, 1989), which
approximates the inverse of the Hessian matrix (the second derivative of the cost function) to
efficiently locate the minimum. This procedure is also iterative and continues until a convergence
criterion is satisfied or the maximum number of iterations is reached.
2.2.2 Covariance modelling
The formulation of the 4D-Var cost function (Eq. 2.6) incorporates uncertainties related to the
background initial state (xb) and the emission rates (eb). Error covariance statistics quantifies
these uncertainties: the B matrix represents error covariances in the background field, while
the K matrix characterises uncertainties in emission inventories. Incorporating B and K into
the cost function allows 4D-Var to enhance the analysis by balancing the trust in the back-
ground against the observations (with their errors represented in the R matrix). Furthermore,
these matrices play a dynamic role in the assimilation process. The spatial error covariances
determine how observational information is propagated throughout the model domain. The B
matrix spatially distributes observation increments, ensuring that localised measurements influ-
ence neighbouring grid points in a physically consistent manner. Similarly, matrix K regulates
the adjustment of emission corrections based on observations. This diffusion prevents overfit-
ting to isolated data points and maintains balance in the analysed atmospheric state.
The full determination of the background error covariance matrices would require a priori knowl-
edge of the true atmospheric state across the entire spatio-temporal domain, which is practically
unfeasible. Therefore, these matrices cannot be computed explicitly but must be approximated.
The following sections provide an overview of the formulation and estimation processes for the
B and K matrices.

Background error covariance matrix
One of the primary challenges in chemical data assimilation is the enormous size of the back-
ground error covariance matrix B. This matrix has a size in the order of a magnitude of O(1012)
and explicitly storing it is infeasible. Therefore, it is necessary to approximate the B matrix
to avoid using its full form. The idea of covariance modelling consists of presenting B as an
operator. Weaver and Courtier (2001) demonstrated that the application of a diffusion operator
can be an effective method for implementing spatial correlations that are typically Gaussian-
shaped.
Since B is symmetric, it can be factorised as

B = ΣCΣ, (2.12)

where Σ is the diagonal of the background error covariance matrix B, representing the standard
deviations, and C is a symmetric matrix of the background error correlations. C is defined such
that C = C1/2CT/2, which results in
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B = B1/2BT/2 = ΣC1/2CT/2Σ . (2.13)

The covariance matrix CT/2 is modelled using diffusion operators. The decomposition of the
square root of the covariance matrix is given by:

C1/2 = ΛL1/2
v L

1/2
h W −1/2 (2.14)

Here, Λ is a normalisation operator; Lh and Lv are the horizontal and vertical diffusion op-
erators, respectively; and W is a diagonal matrix of correction factors necessary for the grid,
accounting for the varying heights of grid cells due to the application of σ-coordinates. Addi-
tionally, Λ serves as a diagonal matrix designed to counteract the flattening effects induced by
the diffusion operators L.

Background emission rate covariance matrix
The background emission rate covariance matrix K is also factored to facilitate gradient calcu-
lation. In this context, Γ represents the standard deviations of the errors in the emitted species,
while D denotes the background error correlation between different emitted species.

K = ΓDΓ

= ΓD1/2DT/2Γ
(2.15)

Although K is considerably smaller than the background error covariance matrix B, further
simplification is applied by treating K as block-diagonal, ignoring spatial covariances between
species except at the same grid point. The standard deviations are provided by (Elbern et al.,
2007), and the species correlations are detailed in Paschalidi (2015).

Four-dimensional variational data assimilation (4D-Var) 9



3
Regional air quality model

EURAD-IM

To predict air quality, Chemical Transport Models (CTMs) are utilised to simulate the behavior
of chemical pollutants in the atmosphere. The European Air pollution Dispersion-Inverse Model
(EURAD-IM) is an Eulerian regional CTM that is used not only for atmospheric chemistry re-
search (Franke et al., 2024; De Souza Fernandes Duarte et al., 2021; Vogel and Elbern, 2021)
but also in operational forecasting as part of the Copernicus Atmosphere Monitoring Service
(CAMS), which provides daily air pollution forecasts for Europe (Colette et al., 2024; Collin,
2020). Operating on a variable regional grid due to the nesting technique, EURAD-IM predicts
trace gases and aerosols concentrations in the troposphere. The model includes a variational as-
similation system for 3D-Var and 4D-Var (Elbern et al., 2007). The EURAD-IM is dynamically
driven by the Weather Research and Forecasting Model (WRF) (Skamarock et al., 2008), which
provides an offline meteorological coupling. This chapter provides a more detailed description
of the EURAD-IM system.

3.1 Chemical transport model
The EURAD-IM CTM provides forecasts of a large set of gas phase and aerosol compounds
in the troposphere. It incorporates the Regional Atmospheric Chemistry Mechanism with the
Mainz Isoprene Mechanism (RACM-MIM) (Geiger et al., 2003), that solves a system of partial
differential equations for more than 100 chemical species:

∂ci

∂t
= −∇(uci) + ∇ · (K∇ci) + Ai + Ei − Di (3.1)

Ai = Pi + Li (3.2)

where ci is the concentration of chemical species i, u is the wind velocity, K is the eddy
diffusivity tensor. Ai is the chemical transformation term, representing the net balance of
chemical production rate Pi and chemical loss rate Li for the species i, Ei is the emission rate,
and Di is the deposition rate.
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A symmetric operator splitting method (McRae et al., 1982) is utilised to obtain the approximate
solution of the partial differential equation (Eq. 3.1) for the dynamic processes, using the
chemistry solver module C. The operator splitting scheme is applied to progress from time t to
a future time t + ∆t in the following approach:

ci(t + ∆t) = ThTvDvCDvTvThci(t) . (3.3)

Each operator in the sequence represents a different physical or chemical process: Tv and
Th denote vertical and horizontal advection, respectively, which simulate the transport of the
species by the atmospheric flow; Dv represent the vertical diffusion, accounting for mixing due
to turbulence.
In EURAD-IM, aerosols are managed using the Modal Aerosol Dynamics module for Europe
(MADE). This module provides information on the aerosols size distribution and their chemical
composition. The aerosol dynamics include nucleation, condensation, coagulation, deposition
(dry and wet) and sedimentation. The transport of aerosols is covered along with the gas-
phase species. In addition, the MADE simulates the bidirectional exchange between the gas
and aerosol phases, thereby accounting for the formation of secondary aerosols via the chemical
transformation of gaseous organic and inorganic precursors. A further description for the MADE
module could be found in Ackermann et al. (1998).
The emission rates Ei for each species are calculated online in the EURAD-IM. The biogenic
emission rates are calculated using the Model of Emissions of Gases and Aerosols from Nature
(MEGAN) (Guenther et al., 2012), while the anthropogenic emission rates are calculated in the
EURAD emission module (EEM). The main role of EEM is to adapt the annual emissions, given
by regional emission inventories, to the spatial and temporal discretisation of the EURAD-IM.
Thus, the annual total emissions are converted into hourly emissions for each species and grid
cells. A more detailed description of the emissions used in the simulations will be provided in
the subsequent section 3.2.3.
The EURAD-IM includes an adjoint model operator MT , which is essential for the backward
calculations within the 4D-Var algorithm (as discussed in Section 2.2). The adjoint model
development involves deriving adjoint operators for horizontal transport, vertical transport,
vertical diffusion, and gas-phase chemistry. More details about the adjoint code are given in
Elbern and Schmidt (1999); Elbern et al. (2007).

3.2 Model set-up and input
3.2.1 Meteorological model WRF
The Weather Research and Forecasting (WRF) model (Skamarock et al., 2008) is a state-
of-the-art, limited-area numerical weather prediction system widely used for high-resolution
atmospheric simulations. As an offline driver for the EURAD-IM, WRF provides critical me-
teorological fields, including three-dimensional wind vectors, temperature, pressure, turbulent
diffusion coefficients, and planetary boundary layer height, which govern fundamental atmo-
spheric processes such as advective transport, turbulent mixing, and pollutant dispersion within
the EURAD-IM.
For this work, the WRF version 4.0.3 is used. The Integrated Forecasting System (IFS)
(ECMWF, 2023) global reanalysis ERA5 (Hersbach et al., 2020) is used for the initials and
boundary conditions for the WRF simulations.

Model set-up and input 11



Figure 3.1: The EURAD-IM model domains, highlighting the 15-km resolution mother domain (left) and
the nested 5-km resolution domain (right). Fields of NO2 concentrations (ppbv) are shown within each
domain as example.

3.2.2 Model discretisation
The model domain for EURAD-IM is defined using a Lambert conformal projection, with a
central point situated at 51◦N latitude and 12.5◦E longitude. The model’s horizontal grid
structure, as for the WRF, is defined using the Arakawa C grid, as described by Arakawa and
Lamb (1977) Arakawa and Lamb (1977). The simulation workflow is designed with a multilevel
nesting approach, where a coarse domain captures broader regional dynamics, while a finer
nested grid allows for more detailed resolution of local phenomena. The parent domain covers
Europe with a resolution of 15 km x 15 km. For the simulations in this thesis a nesting factor
of 3 allows to get a finer resolved domain of 5 km x 5 km (Fig. 3.1).
The model uses 30 vertical levels, ranging from the surface to 100 hPa, which corresponds to
approximately 15 kilometers above sea level. The layers are defined using terrain-following
sigma coordinates σk, which are specified as

σk = pk − ptop
pbot − ptop

, (3.4)

where pk is the pressure at a given level k, ptop the pressure at the top of the model domain, and
pbot is the surface pressure. The level thickness is therefore variable: sigma layers are thinner
near the surface, while at higher altitudes, the layers become thicker. There are about 17 layers
within the lowest 1 km in altitude.
The model typically provides output on an hourly basis. However, the model performs its
calculations at shorter a time step, set at 60 seconds for the 5 km resolution. For the purpose
of this study, the output time resolution was adjusted to match the calculation time step.
3.2.3 Emissions
Emissions are used as the main input data to simulate the distribution and transformation of
pollutants in the atmosphere. For anthropogenic emissions, annual emissions inventories are
provided to EURAD-IM. For the simulations of this work, two inventories are used: the TNO-
MACC_ II inventory (Kuenen et al., 2014) of the year 2016 and the CAMS-REG-v6 inventory
(der Gon et al., 2023) for the year 2020. The year 2020 is notable for significant temporal
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changes in emissions resulting from lockdowns and restrictions implemented in response to the
COVID-19 pandemic (Balamurugan et al., 2021). To account for this, a technical modification
was implemented in the EEM module to apply a daily adjustment factor that varies by sector,
pollutant, and country for simulations using 2020 emissions, as outlined by (Guevara et al.,
2022). Both inventories contain the emission rates of the following species: nitrogen oxides
(NOx), sulfur oxides (SOx), carbon monoxide (CO), ammonia (NH3), particulate matter with
a diameter < 10 µm (PM10), particulate matter with a diameter < 2.5 µm (PM2.5), and total
non-methane volatile organic compounds (NMVOCs). Emissions are also divided into 12 source
sectors, known as Gridding Nomenclature for Reporting (GNFR) sectors, as shown in the Table
3.1.

Table 3.1: Summary of the 12 GNFR sectors representing different sources of emissions in inventories
used in this work.

Letter Name of the sector
A Public power
B Industry
C Other stationary combustion
D Fugitives
E Solvents
F Road transport
G Shipping
H Aviation
I Off road
J Waste
K Agricultural livestock
L Agricultural Other

Temporal distribution

The EURAD-IM requires hourly emissions data to simulate air quality, whereas emissions in-
ventories are usually calculated as annual totals. The EEM module uses a sector-dependent
temporal distribution to fit these totals to the model’s requirements. To do this, it first splits
the total emissions by month (1), then by day (2), and finally by hourly parts (3) for each
emission species.

1. The monthly distribution allows splitting emissions to accurately represent seasonal vari-
ations, which may be especially significant in specific sectors, including agriculture and
combustion.

2. The daily distribution primarily aims to calibrate emissions in response to variations
between working and non-working days (Guevara et al., 2021). Further, an adjustment is
made to account for the effects of public holidays and official vacation periods. The species-
dependant daily emission profiles serve as strong constraints in the data assimilation
process, ensuring that only daily emission totals are adjusted.
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3. The hourly distribution is applied to each emission sector to represent hourly emissions.
Certain sectors, such as transportation, exhibit a distribution significantly affected by
working hours and peak periods at rush hours, whereas other sectors (e.g. shipping) show
minimal hourly variation (Backes, 2023).

Vertical distribution

The vertical distribution of emissions is crucial, as they occur not only at the surface but
also across various altitudes. In the EEM module, each sector has a specific vertical profile.
Emissions from the energy, industry, and waste sectors are emitted at high altitudes up to
1000 m. In contrast, emissions from the shipping sector are concentrated in the range from
0 m to 100 m. The other sectors emit mainly at ground level around 20 m. It should be noted
that the sectors emitting at high altitudes (energy, industry and waste) are significant sources
of NOx and CO, the two most emitted pollutants in the 5 km model domain. Indeed, these
sectors are responsible for 40% of the total CO emissions and 35% of the NOx emissions in the
considered domain. Figure 3.2 shows the vertical distribution of CO and NOx total emissions
for these three sectors in Germany. CO is mainly emitted at an altitude of 150 m (corresponding
to model level 6), while NOx show a distribution over several levels up to 500 m.

Figure 3.2: Vertical distribution of the total 2016 TNO-MACC_ II emissions from the energy, industry
and waste sectors in Germany, with NOx emissions (left) and CO emissions (right).
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Temporal variability

Emissions are a major source of uncertainty in air quality forecasts, mainly due to their day-to-
day variability, which is difficult to estimate and to predict. In addition, substantial fluctuations
can occur from year to year, particularly in response to exceptional events, as it was the case
in 2020. Figure 3.3 presents a comparison of the monthly total CO and NOx emissions for
the 5-km domain for three emission datasets: TNO-MACC_ II (2016), CAMS-REG-v6 (2020;
business-as-usual scenario), and CAMS-REG-v6 adjusted via daily COVID-19 adjustment fac-
tors (Guevara et al., 2022). The daily scaling factors are applied to account for temporal
variations in emission reductions during 2020. Unlike the business-as-usual scenario, which
assumes constant activity levels, these adjustments reflect periods of significantly reduced emis-
sions (e.g., due to lockdowns or policy measures).
The figure shows a strong annual variability between the 2016 and 2020 emissions. A total
reduction of 66% in NOx emissions and 34% in CO emissions was recorded between 2016 and
2020. This decline in emissions can be linked to Germany’s transition to renewable energy,
which includes closing down coal-fired power plants and the development of wind and solar
energy (Xie et al., 2023). Furthermore, the implementation of Euro 6 standards for vehicles has
also played a crucial role in reducing emissions from the transport sector (European Commis-
sion, 2022).
The COVID-19 pandemic caused a significant reduction in emissions compared to the business-
as-usual scenario (der Gon et al., 2023; Umweltbundesamt, 2023). In particular, NOx emissions
are reduced by up to -30% in April. This period marks the beginning of the lockdown, which
involved a strict reduction in mobility (Schlosser et al., 2020). A similar reduction is also evi-
dent for CO emissions that decreased by up to -19% in April. Overall, for 2020, the yearly NOx
emissions decreased by 11% and the yearly CO emissions by 5%, largely due to the impact of
COVID-19.

Figure 3.3: Monthly variation of the total CO and NOx emissions across three datasets within the 5 km
domain: 2016 emissions, 2020 business-as-usual emissions, and adjusted 2020 emissions.
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4
Observations in the PBL

This chapter presents the observational data within the pbl that are assimilated in the EURAD-
IM 4D-Var system and those that are used during the validation process. Additionally, this
chapter describes the observation error estimation within the model.

4.1 Planetary boundary layer
The lowest layer of the atmosphere, called the planetary boundary layer, is of particular interest
for air quality. This is the region where humans live and where pollution levels are often the
highest, mainly due to the bulk of emissions. Stull (2012) defines the boundary layer as that
part of the troposphere that is directly influenced by the presence of the Earth’s surface, and
responds to surface forcings with a timescale of about an hour or less. The dynamics of this
layer play a crucial role in determining the distribution of pollutants. The thickness of the
atmospheric boundary layer varies significantly throughout the day due to the diurnal cycle
from several tens of meters to a few kilometers.
Fig. 4.1 illustrates the daily evolution of the PBL. At night, the nocturnal boundary layer is
shallow, due to the absence of solar heating, leading to a stable, stratified atmosphere. In this
shallow layer, pollutants from sources such as vehicles and industrial activities are trapped near
the surface, leading to higher concentrations and poorer air quality. When the sun rises, the PBL
increases in height as a results of the solar heating and convection, allowing for more efficient
vertical mixing of the air in the mixed layer. This diurnal expansion dilutes the pollutants by
spreading them over a larger volume, leading to lower concentrations at the surface. At sunset,
the suppression of heat input halts convection, turning the once convective boundary layer into
a calm residual layer. In this layer, turbulence fades, leaving a stratified air mass where trace
gases and aerosols may accumulate. Near the ground, wind friction creates a new nocturnal
boundary layer.

4.2 Assimilated observations
The aim of this study is to investigate the influence of observations in the planetary boundary
layer (PBL) on air quality predictions using the EURAD-IM 4D-Var system. For this purpose,
two categories of observations are considered: vertical profile measurements from a drone and
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Figure 4.1: The 24-hour evolution of the planetary boundary layer (PBL).The Zeppelin flight profiles are
shown in orange. Source: Jäger (2014).

in-flight measurements from a Zeppelin. The observations are analysed independently in two
case studies in Chapters 5 and 6. In this chapter, these observations are presented and their
contribution to atmospheric composition assessment and regional modelling is discussed.
4.2.1 Uncrewed aerial vehicles (UAVs) measurements
In recent decades, UAVs —drones— measurements have become a widely adopted measurement
method (Marin et al., 2023; Villa et al., 2016), thanks to significant technological advances and
their strong potential to fill critical gaps in the atmospheric observation system, particularly in
the planetary boundary layer. These drones have revolutionised the collection of atmospheric
composition and meteorological data, providing information on greenhouse gases, aerosols, trace
gases, and weather conditions. Equipped with devices such as gas analyzers, spectrometers,
meteorological sensors, and particle counters, drones provide vertical and horizontal profiles
with high temporal resolution.

Advantages and limitations

The attractiveness of drones as in situ measurement platform lies in the many advantages they
offer. First, their cost is considerably lower than that of aircraft or satellites, making them eco-
nomically viable for a variety of applications in atmospheric research (Villa et al., 2016). Second,
their great flexibility qualifies them not only to obtain vertical and horizontal profiles but also to
perform measurements in difficult-to-access conditions, such as in arctic regions, nearby active
volcanoes, or other remote locations (Lampert et al., 2020; Wood et al., 2020). Drones also
allow for approaching emission sources for direct emission fluxes measurements (Bolek et al.,
2024). Compared to aircraft, they offer the advantage of simple piloting, requiring less rigorous
training and certification, especially for small drones that weigh only a few kilograms. In ad-
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dition, drones can be piloted autonomously, with pre-programmed flight paths, thus covering
all phases of the mission, from takeoff to landing (Segales et al., 2020). These advantages make
drones a solution of choice for in situ data collection for monitoring atmospheric composition.
Still, several restrictions of drones have to be considered. Their limited payload capability first
affects weight, size, and quantity of onboard instrumentation. Additionally, flight time is a ma-
jor limitation mostly controlled by the capacity of the onboarded batteries (Villa et al., 2016).
Moreover, depending on the weight and size of the drones, specific flying authorisations are
usually necessary to follow aviation safety regulations (Alamouri et al., 2021). These criteria
can limit the maximum altitude drones are permitted to reach. Finally, weather circumstances
constitute another constraint. Indeed, drone operations are often carried out in stable condi-
tions for safety reasons, therefore their use may be limited in case of severe winds, precipitation,
or reduced visibility.

The MesSBAR campaign

The MesSBAR project (2020-2023) was designed with the aim of developing UAV multicopter
systems capable of autonomously measuring the concentrations of trace gases and particles in
the PBL (Fig. 4.2). The development of the MesSBAR multicopter systems followed several
requirements for design in order to produce an optimal, manageable, and suitable system that
meets the campaign’s objectives (Bretschneider et al., 2022). Two quadrocopter prototypes
were built, each measuring 16543 mm in length and width, and 1137 mm in height including
the payload. The total weight is roughly 25 kg, including payload.
As part of this project, two measurement campaigns took place: the first campaign was con-
ducted in Wesseling, Germany, on 31 May and 01 June 2021. A second followed on 22 and 23
September 2021.
This study focuses on data collected during the second MesSBAR campaign on 22 and 23
September 2021, and concerns the assimilation of trace gas measurements only, namely O3 and
NO. Further details on this data will be presented in Chapter 6.

Figure 4.2: The MesSBAR Multicopter drone. Source: Bretschneider et al. (2022).

4.2.2 Zeppelin measurements
The Zeppelin NT is a semi-rigid airship designed for suspended and controlled flight using
a lightweight and extremely stable structure that is filled with lighter-than-air helium gas
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(Kazanas, 2017). This gas provides lift by displacing denser air, a consequence of Archimedes’
law of buoyancy. The airship’s rigid framework is composed of carbon-fiber and aluminium
that maintains its shape independently of the lift gas. The structure is covered with is a high-
strength multilayer laminate to reduce drag. The engines, passengers, and controls are housed
in the suspended cabin below the airframe (Fig. 4.3 ). The Zeppelin has a length of 75 m, a
height of 17.5 m, and a diameter of 14.2 m, with a hull volume of 8,425 m3 (Brandt, 2007). It is
capable of carrying a useful load of up to 1,950 kg, with the scientific equipment accounting up
to 450 kg. The airship is capable of achieving a maximum speed of 130 km h−1, with a typical
cruising speed of 65 km h−1, and operates at flight altitudes of up to 3 km. The maximum
duration of continuous flights is up to 23 hours.

Figure 4.3: The Zeppelin NT. Source: © Forschungszentrum Jülich/Ralf‑Uwe Limbach.

Advantages and limitations

The use of Zeppelin as a platform for measuring air pollutant concentrations has emerged as a
promising solution to the prevailing observational gap in the PBL. This is strongly motivated
by their unique advantages and capabilities, which significantly exceed those of other aircraft.
Firstly, Zeppelins enable the measurement of vertical and/or horizontal profiles in PBL with
high resolution, due to their relatively slow ascent and descent speeds of 5 m s−1. Secondly,
their capacity for transporting substantial loads facilitates the installation of numerous measur-
ing instruments, including high quality sensors. This is a notable advantage over drones that
are constrained by weight and typically utilise low-cost sensors with less accuracy. Moreover,
a significant advantage of the Zeppelin lies in its cost-effectiveness when contrasted with al-
ternative aircraft. Its operational requirements are minimal, requiring merely three personnel
on the ground and a single pilot, consequently reducing the financial expense associated with
measurement campaigns and scientific missions. In contrast, the necessity to comply with a
pre-determined flight plan imposes certain constraints on the operational flexibility of Zeppelins
when compared with drones. Nevertheless, a particularly noteworthy aspect of the functionality
of Zeppelins is their capacity to maintain a constant position, thus facilitating the observation of
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the temporal evolution of pollutants in the atmosphere and of emissions flux both from natural
and anthropogenic sources. The operations of the Zeppelin NT are restricted to visual mete-
orological conditions. Specifically, the cloud base must exceed 400 meters above ground level,
horizontal visibility must be greater than 5 km, and there should be no fog, hail, or snowfall.
Additionally, flights are prohibited during predicted convective activity or in the presence of
strong surface winds ( https://zeppelinflug.de/).

The 2020 Zeppelin campaign

A measurement campaign with a Zeppelin NT platform was conducted in Germany in 2020.
The objective of the campaign was to capture the vertical distribution of air pollutants and to
investigate their emission sources. The campaign was organised in two phases: the first from
May to June 2020, and the second in September 2020. A total of 172 take-offs and landings
were conducted during transfer, commercial and targeted flights. For the present study, two
periods of commercial flights that consist of several flights following the same route are analysed
and presented here. Table 4.1 provides a comprehensive overview of the flights during these two
periods.

• Period 1: This period of four days (29 May 2020, 01–03 June 2020) involved commercial
flights departing from Bonn-Hangelar Airport and traversing the region between Bonn,
Cologne, Düsseldorf and Möchengladbach. The flights ranged in altitude from the ground
to 600 m above sea level, with an average altitude of 400 m.

• Period 2: Over a period of three days (11–13 September 2020), flights were conducted
over the city of Frankfurt from Bad Homburg airfield. A series of flights was conducted
with an altitude range between ground and 600 m, and an average altitude of 500 m above
sea level.

On board the Zeppelin, two sets of instruments were utilised for the purpose of measuring
pollutants. The first set was the MIRO instrument (Tillmann et al., 2022), and the second
comprised a group of low-cost sensors (Schuldt et al., 2023). In order to ensure the highest
possible quality of the data, the analysis is restricted exclusively to the data collected using the
MIRO instrument.
The MIRO MGA10-GP is a state-of-the-art multi-compound gas analyzer developed by MIRO
Analytical AG in Switzerland. This instrument is designed to measure 10 trace gases — NO,
NO2, O3, SO2, CO, CO2, CH4, H2O, NH3, and N2O — with high precision and a time resolution
of 1 s.
4.2.3 Ground-based observations
Ground-based stations form the most extensive network for monitoring air quality. In Europe,
the European Environment Agency (EEA) aggregates hourly measurements of various pollu-
tants, including ozone (O3), nitrogen dioxide (NO2), carbon monoxide (CO), particulate matter
(PM10 and PM2 · 5), and sulfur dioxide (SO2) from different sites. The Copernicus Atmosphere
Monitoring Service (CAMS) validates these observations and incorporates them into data as-
similation systems to produce daily air quality forecasts. This study will use a selection of
ground-based observations provided by the CAMS for the regions under investigation for data
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Table 4.1: Flight schedule by period.

Period Date First take-off Last landing Airport

Period 1

29 May 2020 08:00 18:04

Bonn-Hangelar (BNJ)01 June 2020 07:00 16:28
02 June 2020 08:00 17:46
03 June 2020 06:30 11:15

Period 2
11 September 2020 09:10 17:00

Bad Homburg (BadH)12 September 2020 07:08 16:23
13 September 2020 07:07 16:22

assimilation. A comprehensive list of these stations can be found in the appendix in Tables A.1
and A.2.
4.2.4 Observation error
The observation covariance error matrix R constitutes the variance and the covariance of the
observation errors. It enables the consideration of systematic and representative errors in the
observations in the assimilation algorithm. It is generally considered to be diagonal, under the
assumption that the observation errors are not correlated.
The observation variance error is considered as the sum of measurement and representativeness
errors (Kalnay, 2005). In certain instances, measurements are provided without any error
information. In such cases, it is essential to estimate the measurement errors prior to the use
of measurements within the data assimilation system. This study employs the methodology
proposed by (Elbern et al., 2007) for such cases. By defining a relative error ϵrel and a minimal
absolute error ϵabs, the measurement error is then given by

ϵmeas = max(ϵabs, ϵrel · y) . (4.1)

The absolute and relative errors used in this work are presented for all analysed trace gases in
Table 4.2.
The representation error ϵrep is calculated by applying the corresponding formula from (Elbern
et al., 2007), which considers the grid cell spacing dx, the representativeness length of the
measurement location Lx, and an absolute error ϵa specific to the measured species (Table 4.3).
The formula is expressed as

ϵrep =
√

dx

Lx
× ϵa. (4.2)

The grid cell spacing corresponds to the spatial resolution of the measurement grid, while the
representativeness length indicates the effective range over which the measurement is considered
representative (Table 4.4).

4.3 Data for model validation
Ground-based observations

To validate the performance of the model, ground-based observations from the TOAR database
(Tropospheric Ozone Assessment Report) are used (Schultz et al., 2017). This database in-
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Table 4.2: The values of the relative ϵrel and absolute ϵabs errors per species that are utilised to calculate
the measurement error for the observations that are assimilated.

Species O3 NO NO2 CO
ϵabs (ppbv) 1.5 1 1.5 30

ϵrel (%) 10 10 15 15

Table 4.3: The absolute error ϵa for each species utilised in the estimation of the representative error.

Species ϵa ( ppbv)
O3 2
NO 3
NO2 1.8
CO 30

Table 4.4: The representativeness length Lx for each type of stations as applied in EURAD-IM.

Station type Lx

Remote/Mountain 20 km
Rural 10 km

Suburban 4 km
Urban 2 km
Traffic 1 km

Unknown 3 km

cludes data from several providers, including the European Environment Agency (EEA) and
the German Environment Agency (UBA). The TOAR database provides hourly data of long-
term surface in situ air quality measurements from a global network of over 23,000 stations
(https://toar-data.org/ and https://toar-data.fz-juelich.de/). Within Germany, approximately
1424 stations are available, including diverse stations types such as background, traffic, indus-
trial stations, and stations located in urban, suburban, and remote areas. While the database
offers a comprehensive list of variables, in this study, the primary focus is placed on O3, NO and
NO2 observations. Only ground-based stations in the study area were used for model results
validation. Assimilated stations were excluded.

Satellite observations

The Tropospheric Monitoring Instrument (TROPOMI) on board the Sentinel-5 Precursor (S5P)
satellite is a state-of-the-art spectrometer for global monitoring of atmospheric composition with
high spatio-temporal resolution (Veefkind et al., 2012). Its main mission is to detect a range of
trace gases, aerosols and cloud properties with a focus on air quality, climate change and the
ozone layer. Since its launch on 13 October 2017, TROPOMI has been in a polar orbit, making
measurements in the ultraviolet (UV), visible, near infrared and shortwave infrared spectral
regions with an initial spatial resolution of 3.5x7 km2, later in 2019 increased to 3.5x5.5 km2

(Lakkala et al., 2020). The tropospheric NO2 column data is a key product of the TROPOMI
instrument. It refers to the total amount of NO2 present in a vertical column of the atmosphere

22 Observations in the PBL



within the troposphere. These high-resolution satellite observations are used to identify hotspots
of NO2 emissions, monitor trends in emissions and support assessments of air quality. For
example, NO2 data are used to validate models (Ialongo et al., 2020) and derive emissions
(Lorente and Boersma, 2019; Wang et al., 2020).
In this work, observational data from the TROPOMI NO2 retrievals are used for comparison
with the EURAD-IM outputs to validate NO2 emissions. The NO2 data are derived from the
TROPOMI Near-Real-Time Initial (NRTI) product, a Level-2 retrieval at 3.5 × 5.5 km2 nadir
resolution (version v01.03.02). This data provides the total tropospheric NO2 column from
surface to tropopause and includes quality metrics. Before comparing the TROPOMI NO2
columns with the model results, the averaging kernel is applied to ensure that the comparison
takes the specific sensitivity of TROPOMI into account, which strongly depends on the height
in the troposphere due to the meteorological conditions. This treatment is explained in Douros
et al. (2023). In addition, only data with a quality flag greater than 0.75 are used. This is
important for using high-quality data that is not affected by clouds.
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5
The potential of drone

observations to improve air
quality predictions

One approach that addresses the lack of observations within the planetary boundary layer
(PBL) is the utilisation of drone systems to obtain vertical and horizontal profiles within the
lowest hundreds of meters of the troposphere. Despite the increase in drone measurement
campaigns in recent years, there have been no modelling studies that investigate the impact
of assimilating these observations on air quality analysis. This study aims to evaluate the
potential of drone observations to enhance the analysis of regional air quality. To this end, an
assimilation study using in situ drone observations is conducted to investigate their impact on
pollutant representation and the ability of emission optimisation.
This work was conducted as part of the MesSBAR1 project, which focused on the development of
multi-copter drone systems to perform high-resolution measurements of air pollutants in urban
environments. This study specifically examines the ozone and nitrogen monoxide concentrations
recorded during a two-day measurement campaign conducted near Wesseling, Germany, on the
22 and 23 September 2021. The analysis was realised using the EURAD-IM and the 4D-Var
data assimilation method. The findings indicate that the assimilation of drone data significantly
improves the horizontal and vertical representation of pollutants in the PBL. Furthermore, the
results show that the assimilation of drone observations results in substantial corrections of
nitrogen oxides emission rates in the grids surrounding the observation site, thereby contributing
to the improvement of air quality analyses. This study’s results support the assimilation of drone
data in modelling applications, highlighting the potential of such aerial platforms as an effective
solution for addressing the observational gap in the PBL.
The results of this study are presented in the following published article:

Erraji, H., Franke, P., Lampert, A., Schuldt, T., Tillmann, R., Wahner, A., and Lange, A. C.:
The potential of drone observations to improve air quality predictions by 4D-Var, Atmospheric
Chemistry and Physics, 24, 13913–13934, https://doi.org/10.5194/acp-24-13913-2024, 2024.

1Automatisierte luftgestützte Messung der SchadstoffBelastung in der erdnahen Atmosphäre in urbanen
Räumen / Automated airborne measurement of air pollution levels in the near earth atmosphere in urban areas
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Abstract. Vertical profiles of atmospheric pollutants, acquired by uncrewed aerial vehicles (UAVs, known as
drones), represent a new type of observation that can help to fill the existing observation gap in the plane-
tary boundary layer (PBL). This article presents the first study of assimilating air pollutant observations from
drones to evaluate the impact on local air quality analysis. The study uses the high-resolution air quality model
EURAD-IM (EURopean Air pollution Dispersion – Inverse Model), including the four-dimensional variational
data assimilation system (4D-Var), to perform the assimilation of ozone (O3) and nitrogen oxide (NO) vertical
profiles. 4D-Var is an inverse modelling technique that allows for simultaneous adjustments of initial values and
emissions rates. The drone data were collected during the MesSBAR (automated airborne measurement of air
pollution levels in the near-earth atmosphere in urban areas) field campaign, which was conducted in Wesseling,
Germany, on 22–23 September 2021. The results show that the 4D-Var assimilation of high-resolution drone
measurements has a beneficial impact on the representation of regional air pollutants within the model. On both
days, a significant improvement in the vertical distribution of O3 and NO is noticed in the analysis compared
to the reference simulation without data assimilation. Moreover, the validation of the analysis against indepen-
dent observations shows an overall improvement in the bias, root mean square error, and correlation for O3,
NO, and NO2 (nitrogen dioxide) ground concentrations at the measurement site as well as in the surrounding
region. Furthermore, the assimilation allows for the deduction of emission correction factors in the area near the
measurement site, which significantly contributes to the improvement in the analysis.

1 Introduction

In response to the increasing need for high-resolution and
accurate air quality forecasts, extended efforts to improve
the performance of chemical transport models (CTMs) have
been made over recent decades. One of the effective means
of improvement involves the use of advanced data assimila-
tion techniques (Elbern et al., 2007; Liu et al., 2017; Klo-
necki et al., 2012). The aim is to combine observations and
model data to obtain a better representation of the pollu-
tants in the atmosphere as well as to optimise the input pa-
rameters, such as emissions, when considering inverse mod-
els. Although data assimilation holds significant potential

for enhancing air quality modelling, its application is often
still limited due to the scarcity of available observational
data. In fact, the observational data types, which are usually
used for assimilation (ground-based, airborne, and satellite
observations), are certainly valuable for enhancing forecast
accuracy, but they remain insufficient due to various con-
straints related to their availability, resolution, and especially
their limited vertical coverage. Ground-based observations
are the major source of information for regional CTMs and
are generally taken from in situ monitoring networks. Even
if they are fairly dense in the horizontal distribution on a re-
gional scale, no information regarding the vertical distribu-
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tion of air pollutants is provided. In contrast, lidar (light de-
tection and ranging) remote sensing instruments and in situ
sonde measurements can provide this information, but unfor-
tunately, only a sparse and limited number of such stations
exists. Similarly, ground-based Fourier transform infrared
(FTIR) spectrometers, which are part of the Network for the
Detection of Atmospheric Composition Change (NDACC),
are capable of retrieving vertically resolved mixing ratios
for a range of atmospheric constituents. However, the ver-
tical resolution of these profiles is constrained by their de-
pendence on a priori information, and the network’s spatial
coverage remains sparse (De Mazière et al., 2018; García
et al., 2021). Multi-axis differential optical absorption spec-
troscopy (MAX-DOAS) is also capable of retrieving trace-
gas and aerosol vertical profiles (Tirpitz et al., 2021). Air-
borne observations (e.g. In-service Aircraft for a Global Ob-
serving System – IAGOS – or flight campaigns) provide
high-resolution vertical profiles during take-off and landing;
however, the spatial coverage is still limited because of the
high costs (Wang et al., 2022; Petetin et al., 2018; Tillmann
et al., 2022). Satellite retrievals mainly provide the total col-
umn of air pollutants, thus providing little information on
the vertical distribution of the air pollutant concentrations in
the planetary boundary layer (PBL) and at the earth surface
(Martin, 2008). Consequently, a significant observational gap
exists in the PBL, which is the lowest part of the atmosphere
characterised by the highest concentrations of air pollutants
due to its vicinity to anthropogenic emission sources (Scheffe
et al., 2009).

Uncrewed aerial vehicles (UAVs), also known as drones,
are comparatively new measurement platforms that have be-
gun to be widely utilised in recent years to obtain in situ mea-
surements of atmospheric trace gases and aerosols within the
lower atmosphere (Schuyler and Guzman, 2017; Yang et al.,
2023), bringing many opportunities to improve air pollution
monitoring. The increase in drone applications comes mainly
from their numerous advantages, such as portability and flex-
ibility, while being affordable. In addition, they can provide
in situ observations of various atmospheric constituents with
high temporal and vertical resolution (Lawrence and Balsley,
2013). However, drone measurements come with some limi-
tations as, for instance, flights are complicated during strong
wind conditions, require good visibility, and are often re-
stricted to maximum altitudes due to aviation safety reasons.
Nevertheless, they can fill the existing observational gap in
the PBL and provide valuable information on the distribution
of air pollutants.

Several studies present drone campaigns that have ob-
served the atmospheric composition and meteorological pa-
rameters during the last 2 decades (Villa et al., 2016;
Bretschneider et al., 2022). The measured data, mostly from
the PBL region, were used for research on the atmospheric
boundary layer (Wang et al., 2021) and pollutants’ variabil-
ity and distribution (Altstädter et al., 2015; Illingworth et al.,
2014), as well as to study the properties of aerosols (Roberts

et al., 2008; Corrigan et al., 2008) and to qualify local emis-
sions sources (Nathan et al., 2015). Furthermore, drone cam-
paigns have been conducted in remote areas, such as the Arc-
tic and Antarctic regions (Lampert et al., 2020), as well as
during volcano eruptions (Diaz et al., 2012).

To our knowledge, the assimilation of drone observations
has only been tested in the context of numerical weather pre-
diction (NWP) models (Flagg et al., 2018; Leuenberger et al.,
2020), and no study has yet explored their impact in the case
of chemical data assimilation. Meteorological studies have
shown that the assimilation of meteorological drone data has
a positive impact on improving weather forecasts. This has
prompted further ongoing research regarding the possibil-
ity of implementing drone observations in support of opera-
tional meteorology forecasting and for real-time data assim-
ilation studies (O’Sullivan et al., 2021). Impact studies have
revealed a large improvement in the vertical distribution of
temperature, relative humidity, and wind, as well as a reduc-
tion in bias and root mean square error (RMSE), when drone
observations are assimilated using a variational data assimi-
lation system within high-resolution NWP models (Jonassen
et al., 2012; Flagg et al., 2018; Jensen et al., 2021; Sun et al.,
2020; Leuenberger et al., 2020).

Given the positive impact that has been reported in the
case of meteorological applications, questions arise about
the potential benefits and limitations of drone observations
when assimilated within a CTM. In this study, the impact
of drone data assimilation on air quality analyses is investi-
gated using the regional and high-resolution EURopean Air
pollution Dispersion – Inverse Model (EURAD-IM) with its
four-dimensional variational (4D-Var) data assimilation sys-
tem (Elbern et al., 2007). Vertical profiles of ozone (O3) and
nitrogen oxide (NO) collected during the MesSBAR (Au-
tomatisierte luftgestützte Messung der Schadstoff-Belastung
in der erdnahen Atmosphäre in urbanen Räumen – automated
airborne measurement of air pollution levels in the near-earth
atmosphere in urban areas) field campaign are assimilated.
The potential of drone observations to improve air quality
analysis and forecast is explored in a 2 d (day) case study by
applying the joint optimisation of initial values and emission
rates. The aim is to investigate the ability of the 4D-Var sys-
tem to adjust local emission rates using vertical profiles that
were collected in a region characterised by diverse emission
sources. This paper is structured as follows: in Sect. 2, the
EURAD-IM and its 4D-Var data assimilation system are pre-
sented. The MesSBAR field campaign and the experimental
design are described in Sect. 3. The results of the 4D-Var data
assimilation experiments are discussed in Sect. 4. Finally, the
summary and conclusions are given in Sect. 5.
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2 The modelling system

2.1 The EURAD-IM model

EURAD-IM (EURopean Air pollution Dispersion – Inverse
Model) is a three-dimensional high-resolution Eulerian CTM
simulating air pollution in the troposphere at continental to
regional scales. It has been used for several scientific studies
for air quality forecasting, episode scenarios, data assimila-
tion, and inverse modelling (Deroubaix et al., 2024; Gama
et al., 2019; Elbern et al., 2007; Duarte et al., 2021; Franke
et al., 2022, 2024). EURAD-IM is part of the regional Coper-
nicus Atmosphere Monitoring Service (CAMS), providing
daily air quality forecasts and reanalysis over Europe which
enable continuous quality assurance using observations and
inter-model evaluation (Marécal et al., 2015).

Table 1 presents a summary of the specific model set-
tings and modules utilised in the EURAD-IM configuration
employed in this study. EURAD-IM describes the transport
by diffusion and advection of various trace-gas components
emitted both by anthropogenic and biogenic sources and con-
siders the gas-phase chemical transformation of about 110
chemical species with 265 reactions. The MADE (Modal
Aerosol Dynamics model for Europe) module is employed
to investigate aerosol dynamics within EURAD-IM, provid-
ing information on aerosol size distribution and chemical
composition. This module simulates the formation and trans-
formation of both primary and secondary aerosols, consid-
ering the interactions between the gas phase and aerosols.
EURAD-IM accounts for the loss of chemical components
through wet and dry deposition, as well as aerosol sedimen-
tation. Moreover, EURAD-IM includes a 4D-Var assimila-
tion system, as described in the subsequent section, along
with the adjoint code derived from the forward code detailed
in Elbern et al. (2007). The adjoint model incorporates the
transport, diffusion, and gas transformation processes of the
chemical species as well as secondary inorganic aerosol for-
mation.

The CTM is driven by meteorological fields from the
Weather Research and Forecasting (WRF) model (version
3.7; Skamarock et al., 2008) as thermodynamical forcing.
The ECMWF (European Centre for Medium-Range Weather
Forecasts) IFS (Integrated Forecasting System) global analy-
sis (ERA5) is used for initialisation and boundary conditions
for the WRF simulations. Chemical boundary conditions are
generated by the CAMS global reanalysis data set (EAC4)
that is produced by the ECMWF Composition Integrated
Forecasting System (C-IFS). Anthropogenic emissions used
for this study are provided by the German Environment
Agency (Umweltbundesamt, UBA) for Germany and by the
TNO-MACC_II inventory (Kuenen et al., 2014) for the rest
of Europe. The emission data set is subject to processing
in the EURAD Emission Module (EEM) (Memmesheimer
et al., 1995) for seasonal and diurnal redistribution, as well
as attributions to working days and weekends. The emission

data are divided into point and area sources. The data con-
tain emissions of gaseous air pollutants, i.e. carbon monox-
ide (CO), nitrogen oxides (NOx), sulfur dioxide (SO2), total
non-methane volatile organic compounds (NMVOCs), and
ammonia (NH3), as well as the aerosols PM10 (particulate
matter with a diameter < 10 µm) and PM2.5 (particulate mat-
ter with a diameter < 2.5 µm). Biogenic emissions are cal-
culated online using the Model of Emissions of Gases and
Aerosols from Nature (MEGAN), while wild-fire emissions
are not considered here and did not play a role in the investi-
gated case.

2.2 4D-Var data assimilation

The EURAD-IM data assimilation system is based on the
4D-Var method as described in Elbern and Schmidt (2001)
and Elbern et al. (2007). The 4D-Var approach aims to deter-
mine the optimal model state by combining the prior infor-
mation (e.g. provided by a forecast) with observational data
over an assimilation window through the minimisation of the
following cost function J :

J (x0,e)= Jb(x0)+Jo(x0)+Je(e)

=
1
2

(
x0− xb

)T
B−1

(
x0− xb

)
+

1
2

n∑
i=0

((
yi −HiMix0

)TR−1
i

(
yi −HiMix0

))
+

1
2

(
e− eb

)T
K−1

(
e− eb

)
. (1)

Here, the optimisation is subject to the initial conditions x0
and the emission correction factor e. The cost function equa-
tion includes an additional element (in contrast to the usual
4D-Var used for NWP) that accounts for emissions (Je (e)).
The model state is mapped from the model space to the ob-
servation space by the observation operator Hi and the model
operator Mi , producing the model equivalents of each ob-
servation yi . The matrices B, R, and K represent the error
covariance matrices associated with the a priori state vector
xb, the observations yi , and a priori emissions eb, respec-
tively. The matrix R considers only diagonal elements (i.e. it
ignores any error correlation between different observations)
while accounting for the uncertainties in the measurements
and model representation error. The matrix B is estimated
using error variances and the diffusion operator proposed by
Weaver and Courtier (2001). Thus, B can be factorised as
B= B1/2BT/2 for use in the preconditioning of the highly
underdetermined data assimilation system. The matrix K is
defined as block diagonal, with non-zero entries for corre-
lations between species and nearby emissions. The variance
and correlation values are provided in Paschalidi (2015). The
minimisation of the cost function J is performed through
an iterative process using the quasi-Newton limited-memory
L-BFGS algorithm (Liu and Nocedal, 1989), which includes
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Table 1. Summary of EURAD-IM configuration.

Processes Modules and references

Transport Advection Walcek scheme (Walcek, 2000)

Gas-phase chemistry Kinetic chemistry mechanism RACM-MIM (Stockwell et al., 1997)
Dry deposition Zhang et al. (2003) scheme
Wet deposition Roselle and Binkowski (1999)
Chemistry solver KPP (Sandu and Sander, 2006)

Aerosols Aerosol dynamics MADE (Ackermann et al., 1998)
Secondary inorganic aerosols HDMR (Rabitz and Aliş, 1999)
Secondary organic aerosols SORGAM (Schell et al., 2001)

Emissions Biogenic emissions MEGAN (Guenther et al., 2012)
Anthropogenic emissions TNO–UBA emission inventory (Kuenen et al., 2014)

Assimilation 4D-Var system Elbern et al. (2007)
Minimisation algorithm L-BFGS algorithm (Liu and Nocedal, 1989)
Background error covariance modelling Weaver and Courtier (2001)

the iterative integration of the forward and adjoint EURAD-
IM.

3 The MesSBAR campaign analysis

3.1 Air quality measurements

The MesSBAR field campaign took place near Wesseling,
Germany, on 22–23 September 2021. During these 2 d, a
multicopter system composed of a drone and a set of low-
cost air quality monitoring instruments was used to carry
out vertical profile measurements of air pollutants during the
morning hours. Among the instruments loaded on the multi-
copter, electrochemical sensors were used to monitor nitro-
gen oxide (NO), and a personal ozone monitor (POM) was
deployed for assessing ozone (O3) concentrations. The NO
drone observations have an accuracy of 35 % at 40 ppbv with
a precision of ± 2.5 ppbv (1σ at 30 s time resolution). POM
provides an accuracy of 1.5 ppbv and a precision of 1.5 ppbv
(1σ at 10 s time resolution) in the observed O3 mixing ra-
tio range. The feasibility of using these sensors for measure-
ments in the PBL was discussed in Schuldt et al. (2023) and
Tillmann et al. (2022). A detailed description of the devel-
opment, technical characteristics, and calibration of the mul-
ticopter system can be found in Bretschneider et al. (2022).
The campaign’s base was located within the proximity of the
A555 highway, which is a much-frequented connection be-
tween the German cities of Cologne and Bonn. The mea-
surements were conducted above agricultural land located
about 1 km south of the town of Wesseling. The city cen-
tres of Cologne and Bonn are about 15 km north and 10 km
south of the measurement location, respectively (Fig. 1).
The Wesseling region is located within the Rhineland chem-
ical region and is widely recognised as a leading chem-
ical hub in Europe. Wesseling, in particular, hosts a re-

markable level of industrial activity attributed to the pres-
ence of major companies operating in the chemical and
petroleum sectors (source: https://www.chemcologne.de/en/
investments/the-rhineland-chemical-region, last access: 21
February 2024).

The objective of this campaign was to capture the early-
morning evolution of air pollutant concentrations with the
development of the PBL. Furthermore, the proximity to the
highway allows for measurements of pollutants specifically
originating from traffic sources.

The drone is operated by an autopilot system that uses
an inertial navigation solution with an earth-related posi-
tion based on GNSS (Global Navigation Satellite System)
data. During the measurements, the autopilot controls a con-
stant lateral position and a constant vertical climb rate of ap-
proximately 1 m s−1. Wind affects only the attitude of the
copter, but given the low-wind situations during this cam-
paign, the effect on the attitude can be neglected. The drone
reached a maximum altitude of 350 m. This altitude limita-
tion was imposed by air traffic restrictions in the area due
to its proximity to the Cologne Bonn Airport. During each
drone flight, two profiles were acquired: one ascending pro-
file and one descending profile were done in a short period
of time. For the assimilation experiments carried out with
EURAD-IM, only the ascending profiles were utilised due
to their higher accuracy (Schlerf et al., 2024). The measure-
ments during the descending flights are strongly influenced
by the turbulence generated by the drone’s propellers, which
reduces the data quality. In this study, the vertical profiles of
O3 and NO obtained from the multicopter are utilised and
assimilated within EURAD-IM. The vertical resolution of
these profiles is approximately 10 m, with 254 data points
assimilated on 22 September 2021 and 257 on 23 September
2021 for both O3 and NO. Additionally, observations from
two ground-based stations situated on both sides of high-
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Figure 1. Geographic map displaying the MesSBAR measurement location, air quality ground stations, and meteorological station situated
near the A555 highway. (Source: ©OpenStreetMap contributors 2023; distributed under the Open Data Commons Open Database License
(ODbL) v1.0.)

way A555 (Fig. 1) are used to validate the simulation results.
Furthermore, meteorological observations from an automatic
weather station, located approximately 1 km southeast of the
measurement site, are employed for comparing meteorologi-
cal data, especially the wind fields.

3.2 Simulation set-up

The objective of this study is to investigate the impact of
O3 and NO drone profile assimilation on the air quality
analysis using high-resolution EURAD-IM simulations. The
model grid has a horizontal resolution of 5 km× 5 km and
is vertically divided into 30 layers defined by terrain fol-
lowing sigma coordinates between the surface and 100 hPa,
with about 19 layers covering the lowest 1 km of the atmo-
sphere. The EURAD-IM domain covers central Europe, in-
cluding Germany with 271×298 grid points. The model out-
put is adjusted to provide forecasts with a temporal resolu-
tion of 60 s, allowing for a more precise comparison with
the high-resolution drone observations. To assess the impact
of drone data assimilation on air quality forecasts, simula-
tions are conducted both with and without data assimilation
(Table 2). The joint initial value and emission rate optimisa-
tion mode of EURAD-IM is activated for this purpose. Two
24 h experiments are performed without assimilation: one on
22 September 2021 and the other on 23 September 2021. For
these experiments, the model is initialised from a climato-
logical chemical state with a spin-up simulation of 6 d (16–
21 September 2021) prior to the campaign dates in order to
establish a chemically balanced initial state. Moreover, two
additional simulations focusing on O3 and NO data assimila-
tion are performed for 24 h on 22 and 23 September 2021.
The assimilation window is deliberately selected to coin-
cide with the availability of observations, aiming to minimise
computational time in the simulations while also ensuring a
meaningful lead time for emission optimisation. For drone

data assimilation, the observation error is considered as the
sum of measurement and representativeness errors. The mea-
surement error for O3 is taken as the standard deviation of the
measurements. For NO, the error εmeas is estimated accord-
ing to Elbern et al. (2007) by defining a relative error εrel and
a minimal absolute error εabs:

εmeas =max(εabs,εrel · y), (2)

where y is the individual observation. The absolute error
used for NO is 2 ppbv, and the relative error is considered
to be 20 % of the observed values.

The representation error is calculated by applying the cor-
responding formula from Elbern et al. (2007), which consid-
ers the grid cell spacing (1x), the representativeness length
of the measurement location (Lrep), and an absolute error
specific to the measured species. The formula is expressed
as

εrep =

√
1x

Lrep
× εabs. (3)

The grid cell spacing (1x) corresponds to the spatial res-
olution of the measurement grid, while the representative-
ness length (Lrep) indicates the effective range over which the
measurement is considered representative. In this case study,
Lrep is set to 3 km. The absolute error (εabs) varies by species:
it is 2 ppbv for O3 and 3 ppbv for NO. For the estimation of
background errors, horizontal correlation lengths of 2.5, 10,
and 20 km are employed at the surface, at the top of the PBL,
and at the upper model levels, respectively.

3.3 Evaluation of the wind situation

The wind is a critical parameter that governs the dispersion
of air pollutants and their transport, with a direct influence
on emission optimisation within the framework of inverse
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Table 2. Model simulations presented in this study.

Experiment Assimi- Assimilation Assimilated
name lation Period window observations

REF_22SEP No 24 h, 22 September 2021 – –
REF_23SEP No 24 h, 23 September 2021 – –
DA_22SEP Yes 24 h, 22 September 2021 00:00–11:00 UTC Six drone profiles of O3 and NO
DA_23SEP Yes 24 h, 23 September 2021 00:00–09:00 UTC Five drone profiles of O3 and NO

CTMs. The wind conditions at the observation site are evalu-
ated for two purposes: firstly to validate the suitability of the
measurement site location for measuring local traffic emis-
sions and secondly to assess the horizontal wind for applica-
tions to emission optimisation.

Figure 2a and b show the surface wind speed and direction
observed by the nearby weather station during the flights’ op-
eration hours. The dominant wind direction is primarily from
the southeast on 22 September 2021, with a maximum speed
of 1.3 ms−1, while it comes from the south to southeast in
the morning hours of 23 September 2021, with a maximum
recorded speed of 2.0 m s−1. This indicates that the obser-
vation point is strategically located downwind of the nearest
traffic emission source, which enabled the multicopter to suc-
cessfully capture the emissions from the highway.

Apart from the surface conditions during the measuring
period, each of the 2 d is characterised by a distinct wind
situation, as shown in the horizontal wind profiles extracted
from the WRF simulations in Fig. 2c and d. On 22 September
2021, the wind patterns exhibit vertical wind shear through-
out the day and across all levels, changing direction from
the east-southeast at lower altitudes to the west-northwest at
higher altitudes. However, the wind intensity remains rela-
tively low, measuring less than 3.0 ms−1. On 23 September
2021, the surface wind direction aligns with the observations
during the campaign period. Nevertheless, at higher levels
and beyond the campaign period, westerly and southwesterly
winds dominate, and their speed increases with height. The
maximum speed of 12.0 ms−1 is reached at 450 m between
05:00 and 07:00 UTC. The difference in the wind profiles
between the 2 d may result in variations in the assimilation
results, particularly with respect to emission optimisation.

4 Results

4.1 Impact on vertical profiles

In order to evaluate the impact of the drone data assimila-
tion on the air pollutants’ vertical distribution and given the
lack of independent vertical profiles, the simulation results
are first compared to the drone observations that are assimi-
lated. Figure 3 presents the observed O3 and NO drone pro-
files as well as vertical profiles resulting from the 4D-Var as-
similation and the reference simulations. For both days, the
4D-Var analyses agree better with the drone observations in

comparison to the reference forecast for both species, which
indicates the successful assimilation of the drone observa-
tions. On 22 September 2021, an underestimation by the ref-
erence simulation is observed for the O3 levels at altitudes
above 200 m, with discrepancies reaching up to 15 ppbv, es-
pecially for the first three flights (F1, F2, and F3). The as-
similation of drone profiles significantly reduces this under-
estimation. The bias was reduced by 98 % (−4.58 ppbv) for
F1, 36 % (−0.74 ppbv) for F2, and 41 % (−1.44 ppbv) for
F3, with an average reduction of 30 % (−0.73 ppbv) across
all flights (Table 3). On 23 September 2021, the reference
model run overestimates O3 concentrations at both ground
and near-surface levels. The most pronounced overestima-
tions occur during the first three flights of the day (F7, F8,
and F9), with discrepancies reaching up to 20 ppbv. Follow-
ing the 4D-Var assimilation, the O3 bias is reduced by more
than 82 % (−12.49 ppbv) for F7, 56 % (−2.86 ppbv) for F8,
and 25 % (−0.96 ppbv) for F9. As a result, the overall O3
bias on the second day is reduced by approximately 55 %
(−3.46 ppbv) (Table 3).

On both days, the reference simulations underestimate the
NO vertical distribution at all heights, with the strongest dis-
crepancies at ground level. Improvement due to the assim-
ilation is accomplished mostly at surface and near-surface
levels for the initial three flights of each day (F1, F2, F3,
F7, F8, and F9), with more pronounced adjustments on the
second day at ground level, while at higher levels during
these same flights, the impact of the assimilation is mini-
mal to non-existent, for instance, for flights F7 and F8 above
150 m. Overall, bias reductions of 24 % (6.78 ppbv), 33 %
(11.61 ppbv), and 23 % (8.91 ppbv) were observed for F1,
F2, and F3, respectively. On the second day, greater improve-
ments were achieved, with reductions of 30 % (4.17 ppbv)
for F7, 49 % (10.1 ppbv) for F8, and 57 % (15.29 ppbv) for
F9. Because the pollutant concentrations are well-mixed in
the PBL, a uniformly positive impact throughout the verti-
cal can be seen in the NO analyses of the later flights of the
day (F4, F5, F6, F10, and F11). The bias is reduced by 38 %
(−10.81 ppbv) for F4, 54 % (−15.26 ppbv) for F5, and 49 %
(−14.66 ppbv) for F6. On the following day, the bias reduc-
tion is smaller, with a 27 % (−7.48 ppbv) reduction for F10
and 18 % (−5.58 ppbv) for F11. Overall, the 4D-Var assim-
ilation of drone observations leads to a substantial reduction
in NO biases, with a 36 % reduction (−11.34 ppbv) on the
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Figure 2. Observed surface wind speed and direction during the measurement period on 22 September 2021 (a) and 23 September 2021
(b). Forecast of horizontal wind profiles for different hours for the lowest 500 m at the campaign location on 22 September 2021 (c) and 23
September 2021 (d).

first day and a 35 % reduction (−8.52 ppbv) on the second
day, between the reference model forecast and observations
(Table 3).

These results highlight the successful assimilation of
drone observations by the EURAD-IM 4D-Var system. The
accuracy of these findings is further examined and discussed
in Sect. 4.3 through a validation process using independent
observations.

4.2 Emission optimisation

The 4D-Var data assimilation method applied here aims at
finding the best representation of the pollutants combining
the knowledge provided by the EURAD-IM simulations and
the drone O3 and NO profile observations. The method re-
lies on the assumption that the largest uncertainties in the
modelled pollutant concentrations are based on uncertainties
in initial values and emission rates. Emission correction fac-
tors for 25 anthropogenic pollutants can be deduced from the
analysis. Consequently, it is worth looking at the emission

factors being analysed to gain a first insight into the potential
to retrieve detailed information about emission assessment
by applying this inverse modelling technique. However, their
generalisation and significance should be carefully evaluated,
mainly because of the limited number of drone profiles avail-
able, their unequal distribution during the course of the day,
the resulting short assimilation windows, and the lack of a
long-term statistical analysis.

The assimilation experiments performed with the O3 and
NO drone observations result in significant corrections of
NO and NO2 emission rates in the grids surrounding the ob-
servation site. The resulting emissions factors, which repre-
sent the ratio between the optimised emission rates and the
input emission rates for each species, have variability that
ranges from 1 to 4 for NO and from 1 to 6 for NO2 in the
DA_22SEP experiment. In contrast, the variability extends
from 1 to 14 for both NO and NO2 in the DA_23SEP ex-
periment (Fig. A1). This indicates that an increase in emis-
sions is analysed in the studied region. Figure 4 (first row)
displays the original daily NOx emissions rates and the anal-
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Table 3. O3 and NO biases (model value minus observation; in ppbv) for each flight.

Model runs
O3 vertical profiles

F 1 F 2 F 3 F 4 F 5 F 6 Daily absolute bias

REF_22SEP −4.65 −2.06 −3.53 −1.23 −0.91 −2.49 2.48
DA_22SEP 0.07 −1.32 −2.09 −0.38 −2.42 −4.20 1.75

F 7 F 8 F 9 F 10 F 11 Daily absolute bias

REF_23SEP 15.20 5.12 3.81 3.64 3.86 6.33
DA_23SEP 2.71 −2.26 −2.85 −3.92 −2.63 2.87

NO vertical profiles

F 1 F 2 F 3 F 4 F 5 F 6 Daily absolute bias

REF_22SEP −27.96 −35.39 −39.34 −28.21 −28.11 −30.09 31.52
DA_22SEP −21.18 −23.78 −30.43 −17.40 −12.85 −15.43 20.18

F 7 F 8 F 9 F 10 F 11 Daily absolute bias

REF_23SEP −13.95 −20.75 −26.65 −28.03 −30.88 24.05
DA_23SEP −9.78 −10.65 −11.37 −20.55 −25.30 15.53

ysed emission changes on 22 and 23 September 2021. A
significant increase in NOx emissions is obtained in the
DA_22SEP results, with changes in emission rates reaching
up to 16 Mgd−1 in the grid cells located north and northwest
of the observation site. The emission of 16 Mg d−1 represents
approximately 3.46 % of the total daily NOx emissions in the
analysed region, which is about 462 Mgd−1. For DA_23SEP
in contrast, the emission rates increase by up to 10 Mg d−1

in the grid cells surrounding the observation site. Based on
the chemical coupling with NO and O3, carbon monoxide
(CO), sulfur dioxide (SO2), and sulfate (SO4) emissions are
optimised, resulting in emission correction factors between 1
and 3 (not shown).

To interpret the results and to investigate this discrepancy
between the 2 d, the changes in NOx emissions are evalu-
ated according to the emission source sectors. Figure 4 ad-
ditionally shows the original NOx emissions and the anal-
ysed emission changes for three dominant polluter sectors
in this region: power production, industry, and road trans-
port. The original emission data set includes in total 12
GNFR (gridded nomenclature for reporting) sectors, while
only these three sectors are substantially affected in the
analysis. The DA_22SEP results indicate that 75 % of the
emissions increase can be attributed to power generation
and industrial activities. The remaining emission increase is
mainly attributed to the road transportation sector. For the
DA_23SEP results, almost half of the analysed emissions
come from the road transport sector. In some grid cells, the
additional road emissions of DA_23SEP are twice as high as
those of DA_22SEP, reaching up to 6 Mgd−1 compared to
1.5 Mgd−1, respectively.

The area affected by the emission corrections differs for
the two consecutive analysis days. This disparity lies in the

different meteorological conditions, particularly in the varia-
tion in wind patterns, that occur during these days. As shown
in Fig. 2 the prevailing winds in the studied region have low
intensity and significant variability at the ground and high
altitude on 22 September 2021, while on 23 September, the
wind is more intense and predominantly originating from the
west. This causes different dispersion situations for the pol-
lutant during the 2 d.

This can be seen in Fig. 5, which shows tropospheric NO2
columns observed by TROPOMI (Tropospheric Monitoring
Instrument) on board the Sentinel-5 Precursor (Sentinel-5P)
satellite. These data highlight that the accumulation of pollu-
tants resulting in high NO2 concentrations is very distinct for
each individual day. On 22 September 2021, TROPOMI data
show a highly polluted area north and northwest of the ob-
servation site, which does not persist on 23 September 2021.
This might explain the increase in emissions rates seen in the
DA_22SEP results to the north and northwest of the obser-
vation site. However, it is unfortunately not possible to di-
rectly obtain information about the NO2 emissions from the
TROPOMI data. Nevertheless, the 4D-Var assimilation algo-
rithm seems to react to the high concentrations by attributing
corrections to emission increases.

These results indicate the strong effects of the wind con-
dition on the observability of the drone measurement. Nev-
ertheless, it shows the potential that the drone observations
have for emission optimisation, especially for emissions that
are emitted at higher altitudes, such as power plants and in-
dustries. Drawing definitive conclusions regarding the accu-
racy of emissions changes is consistently challenging, pri-
marily due to the scarcity of emissions observations. Con-
sequently, we will validate the 4D-Var analysis using inde-
pendent ground-based observations, and we will analyse the
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Figure 3. The vertical profiles of O3 and NO measured by the drone system (red line) and compared to the 4D-Var analysis (blue line)
and the reference run (black line) for all flights on 22–23 September 2021. The red shading highlights the standard deviation of the drone
observations.

contribution of emission changes to the observed improve-
ments in order to evaluate the potential of drone observations
in optimising emission rates.

4.3 Validation against independent observations

4.3.1 Local impact

To validate the impact of the drone data assimilation, we
compare the experiment results with independent ground-
based observations. Local observations from two monitoring
stations located one on each side of the A555 highway but
in the same grid cell as the assimilated data (Fig. 1) are used
for this evaluation. Figure 6 shows the daily time series of
observed O3, NO, and NO2 concentrations along with the
modelled concentrations from both the reference and assimi-
lation experiments. To evaluate the benefits of the drone data
assimilation, the bias, RMSE (root mean square error), and
Pearson correlation are examined for all experiments aver-
aged over the assimilation window and over a 24 h period
(Table 4) using the means of the observations from the two
stations as reference.

The DA_22SEP experiment performance for the O3 con-
centrations is almost similar to the reference experiment
(REF_22SEP). Following the analysis of Sect. 4.1, this is
expected because the a priori forecast and the drone obser-
vation for near-ground O3 concentration agree well during
this day. The main improvement during the first day is seen
for the NO concentrations within the assimilation window
as well as during the subsequent free forecast. The assimi-
lation of drone observations results in a strong reduction in
the bias of 87 % (−20.48 µg m−3) and the RMSE of 20 %
(−7.7 µg m−3), with an amelioration in the Pearson corre-
lation of 0.15 over the 24 h period. The daily NO2 cycle
is impacted by the assimilation due to its chemical cou-
pling with O3 and NO. Therefore, the assimilation experi-
ment exhibits a better performance during the daytime rel-
ative to the reference experiment. However, during the late
afternoon and nighttime, REF_22SEP performs better than
DA_22SEP, as NO2 is slightly overestimated. The best per-
formance of the drone data assimilation results is obtained
on 23 September 2021. A remarkable improvement in the O3
concentration is noticed within the initial 7 h of the day, while
a deterioration is observed between 16:00 and 24:00 UTC.
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Figure 4. Daily NOx emissions within the analysed domain (left column) and the analysed NOx emission changes on 22 September (middle
column) and 23 September (right column) 2021. The rows (from top to bottom) display the total NOx emissions and the emissions from
public power production, industry, and road transport.

Figure 5. Maps of the TROPOMI NO2 tropospheric columns (in molec. cm−2) over the studied area on 22 September 2021 at 11:00 UTC
(left) and on 23 September 2021 at 12:18 UTC (right). Source: https://browser.dataspace.copernicus.eu/ (last access: 30 May 2024).

The daily bias is reduced by 60 % (−11.18 µg m−3) and the
RMSE by 46 % (−11.06 µg m−3), which also results in an
improvement in the correlation of 0.22 during the assimi-
lation window. An improvement in the assimilation results
is achieved for NO concentrations. The assimilation experi-
ment reduces the bias by 53 % (−13.07 µg m−3) and RMSE
by 28 % (−11.59 µg m−3), with an amelioration in the cor-

relation of 0.5 over the 24 h evaluation period. For NO2,
a notable improvement can be seen in the forecast from
DA_23SEP compared to REF_23SEP. Within the assimila-
tion window, the bias reduced by 43 % (−7.77 µg m−3), the
RMSE reduced by 29 % (−6.68 µg m−3), and the correlation
improved by 0.19.
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Figure 6. Temporal evolution of the O3, NO, and NO2 concentrations as observed by the ground stations (red line) and given by the model
in the corresponding grid cell: the reference (black line) and the analysis (blue line) over the 24 h forecast period on 22 and 23 September
2021. Green dots highlight the time of the assimilated drone profiles.

Table 4. Statistical comparison of ground-based observations and model outputs (REF: reference run; DA: assimilation run) for O3, NO, and
NO2 during the assimilation window and, in parentheses, the 24 h forecast on 22–23 September 2021. The bias and RMSE are in micrograms
per cubic metre (µg m−3).

Statistics
O3 NO NO2

REF DA REF DA REF DA

22
Se

p

20
21

Bias −3.91 (−6.02) −4.37 (−8.50) −39.93 (−23.45) −14.52 (−2.97) 2.97 (−1.40) 27.17 (15.73)
RMSE 10.52 (11.42) 10.93 (13.73) 53.17 (37.84) 38.44 (30.14) 13.90 (17.66) 32.08 (26.10)
Correlation 0.83 (0.92) 0.81 (0.92) −0.14 (0.13) −0.10 (0.28) −0.13 (0.20) 0.16 (0.18)

23
Se

p

20
21

Bias 18.53 (−5.37) −7.35 (−21.60) −52.62 (−24.82) −23.61 (−11.75) −17.83 (−9.45) 10.06 (8.99)
RMSE 24.10 (21.91) 13.04 (26.32) 66.16 (41.77) 46.93 (30.18) 22.84 (17.40) 16.16 (18.70)
Correlation 0.70 (0.71) 0.92 (0.86) −0.28 (−0.07) 0.22 (0.56) 0.40 (0.28) 0.59 (0.49)

These results indicate that the 4D-Var assimilation of the
drone observations has the potential to improve the concen-
tration of O3, NO, and NO2 during the early morning and
daytime when optimising both the initial values and emis-
sions rates simultaneously. The observed deterioration of the
O3 and NO2 forecast during the late afternoon and night-
time in the DA_23SEP assimilation run is likely related to
the NOx titration process. During the night, O3 removal is

the dominant process in areas with significant NO emission
sources (Sillman, 1999). Taking this into account may indi-
cate that the drone data assimilation provides a higher esti-
mate of NO2 emissions during the night. Since the assim-
ilation algorithm derives only one emission factor per day,
the amplitude of the daily temporal emission profile is ad-
justed. It is assumed that the temporal emission profile is
more certain than the emission strength. Deriving, for exam-

https://doi.org/10.5194/acp-24-13913-2024 Atmos. Chem. Phys., 24, 13913–13934, 2024
35



13924 H. Erraji et al.: Drone observations to improve air quality predictions by 4D-Var

Figure 7. Temporal evolution of the RMSE (model− observations)
(in ppbv) for O3 calculated for the reference (black) and the data as-
similation (blue) runs over the 24 h forecast period across all ground
stations on 22 September 2021 (a) and 23 September 2021 (b).
Green dots highlight the time of the assimilated drone profiles.

ple, hourly emission factors instead would allow for more
flexible adjustments of the emissions, which would be bene-
ficial for the nowadays strongly regulated emission sources,
such as power production (dependent on the availability of
renewable energy). Previous studies demonstrated that the
temporal distribution of traffic emissions significantly influ-
ences nighttime concentrations of NO2 and O3 (Menut et al.,
2012). As the emission optimisation process maintains the
same temporal variability, it is necessary to have 24 h data
assimilation to improve the nighttime O3 and NO2 forecasts.
Moreover, an inaccurately predicted PBL height can lead to
uncertainties in the O3 and NO2 forecasts. A full analysis of
the PBL representation is however beyond the scope of this
study.

4.3.2 Regional impact

To further investigate the effect on a larger spatial scale, an
additional validation is performed using independent ground-
based observations from six different ground-based air qual-
ity monitoring stations situated in the vicinity of the observa-
tion site (Fig. 1, Table A1). For this validation, only stations
that are impacted by the assimilation are selected. These are
located at distances ranging from 12 to 85 km from the cam-
paign location. Given the unavailability of NO observations,
this validation considers only O3 and NO2. Although NO2 is
not assimilated in this study, it is indirectly influenced due to
chemical coupling with the observed species and via the op-
timised NOx emissions. Figure 7 presents the hourly RMSE
time series of O3 concentrations for the assimilation and ref-

erence experiments, averaged over all selected stations. Cor-
responding results for NO2 are depicted in Fig. A2. The in-
dividual RMSEs of O3 and NO2 within the assimilation win-
dow for all simulations per station are presented in Table 5.

Figure 7 shows that the O3 RMSE for DA_22SEP and
DA_23SEP is notably lower than that REF_22SEP within
the data assimilation window. Outside the assimilation win-
dow, only a small added error is noted between 11:00 and
17:00 UTC for DA_22SEP, which appears similar to the re-
sults of the local validation, while no impact is observed dur-
ing the subsequent free-forecast period for DA_23SEP. The
largest RMSE reduction of 30 % takes place at Station 59
(−2.26 ppbv) on 22 September and of 40 % (−6.61 ppbv) on
23 September, as well as 35 % at Station 80 (−2.22 ppbv)
on 22 September and 34 % (−4.98 ppbv) on 23 Septem-
ber. These stations are situated 12 and 43 km north of the
campaign site, respectively. The smallest reductions occur
at the stations of furthest distance, namely 5 % at Sta-
tion 8 (−0.59 ppbv) on 22 September and 4 % (−0.46 ppbv)
on 23 September and 2 % at Station 179 (−0.73 ppbv) on
22 September and 7 % (−1.22 ppbv) on 23 September, which
are located approximately 85 km northeast of the campaign
site. These results suggest that the positive impact of the
drone data assimilation is transported to a broader area sur-
rounding the campaign location, resulting in an improvement
in O3 concentrations across a larger area.

For NO2, a significant RMSE reduction is found at Sta-
tion 80, with a decrease of 72 % (−7.7 ppbv) for DA_22SEP.
However, the RMSEs for Station 59 and Station 53 show
an increase within the assimilation window. For DA_23SEP,
better results can be seen for all stations except for the rural
Station 59. The best reduction of 21 % is achieved at Station
80 (−4.16 ppbv) and 22 % at Station 114 (−2.80 ppbv).

Despite the simplicity of the current assimilation ap-
proach, which only incorporates data from a single grid box,
a positive effect of assimilation is apparent even for stations
situated at greater distances from the drone campaign loca-
tion. This is attributed to the spatial spread of the analysis
increment throughout large areas of the studied region.

4.4 Discussion of the potential and limitations of drone
data assimilation

The analysis of the DA_22SEP and DA_23SEP experiments
shows that the assimilation of drone observations has a
positive impact on the vertical distribution of O3 and NO
and on the daily cycle of O3 and NOx at ground level.
These promising results underscore the significant potential
of drone data assimilation in enhancing regional air quality
analysis. Moreover, the assimilation process provides opti-
mised emissions rates for each day. To investigate the role
of emission optimisation in the analysis improvement, Ta-
ble 6 presents the cost reduction for O3 and NO, as well as
the partial costs attributed to the optimisation of the initial
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Table 5. The O3 and NO2 RMSEs between observation data and model results obtained with (DA) and without (REF) drone data assimilation.
The results are shown for every ground-based station for the assimilation window. The RMSE is in parts per billion by volume (ppbv).

RMSE DA window DA window

REF_22SEP DA_22SEP REF_23SEP DA_23SEP

Station 8 11.33 10.74 12.17 11.71
Station 53 10.29 9.66 8.19 7.29

O3 Station 59 7.75 5.49 16.71 10.10
Station 80 6.35 4.13 14.58 9.60
Station 114 25.86 24.39 22.69 19.87
Station 179 27.96 27.23 17.55 16.33

Station 8 18.11 17.49 24.05 22.92
Station 53 12.85 23.81 10.26 10.77

NO2 Station 59 24.25 44.34 16.88 24.45
Station 80 10.63 2.93 19.59 15.43
Station 114 24.14 25.82 12.81 10.01
Station 179 17.78 18.04 19.85 18.08

Figure 8. Vertical cross section of the analysis increment of O3, NO, and NO2 on 23 September 2021 at selected time steps. The cross section
is located along the latitude of the MesSBAR campaign site.

values (IVs)
(

Jb(x0)
J (x0,e)

)
and the emission correction factors

(EFs)
(

Je(e)
J (x0,e)

)
. For both assimilation experiments, the costs

are reduced by more than 30 %, which confirms the success-
ful assimilation of the drone profiles. In particular, the O3
costs of DA_23SEP are highly reduced by 80 %, resulting
in a precise alignment between the 4D-Var analysis and the
O3 observations. The partial costs vary between the 2 d. For
DA_22SEP, the costs associated with IV are more than twice
those of EF, which indicates important IV adjustments and a
minimal impact of the emission changes in the cost minimi-

sation. In contrast for DA_23SEP, the effect of optimising
the emissions is higher. This indicates that a significant part
of the improvement observed in the analysis is due to the op-
timisation of EF. Therefore, the drone observations may also
have significant potential for assessing local emissions. In a
recent study by Wu et al. (2022), it was demonstrated that for
high-altitude observations, the efficiency of emission rate op-
timisation is conditioned by favourable wind conditions and
strong vertical diffusion.

Despite the observed improvements in the analysis,
some limitations are noted. Firstly, the results reported in

https://doi.org/10.5194/acp-24-13913-2024 Atmos. Chem. Phys., 24, 13913–13934, 2024
37



13926 H. Erraji et al.: Drone observations to improve air quality predictions by 4D-Var

Table 6. The percentage of cost reduction achieved for O3 and NO,
as well as the percentage of the partial costs attributed to initial
value correction (IV) and emission correction factor (EF) relative to
the total cost function.

Cost reduction Partial costs

O3 NO EF IV

DA_22SEP 34 % 41 % 9 % 25 %
DA_23SEP 80 % 36 % 10 % 4 %

Sect. 4.1 show a limited impact on the NO vertical pro-
files on 23 September 2021. Although effective correction
is achieved at the ground and near-ground levels, limited im-
provements are obtained for the NO concentrations at higher
altitudes (above 150 m) for the first three profiles of the
day. Figure 8 illustrates the vertically resolved analysis in-
crement (4D-Var analysis – reference run) for O3, NO, and
NO2 on 23 September 2021. A negative O3 increment along-
side a positive NO2 increment is noted, both exhibiting a
well-developed vertical spread. The NO increment is con-
strained near ground level during the early hours of the day.
The reason behind this is the NOx titration process, where
freshly emitted NO, including additional NO emissions re-
sulting from emission optimisation, reacts with O3 to pro-
duce NO2. To achieve better results, a larger NO increment
is needed. However, the NO observations from the drone ex-
hibit high measurement errors compared to the background
errors, which limits the effectiveness of assimilating these
data.

Secondly, some suboptimal outcomes are observed in the
free run, namely for O3 and NO2 ground concentrations, sug-
gesting that the advantage of the drone data assimilation is
limited to the assimilation window (Figs. 6, A3, and A4).
Nevertheless, this result is not surprising and is completely
explainable. Initially, it is important to note that the refer-
ence model simulation already provides underestimations of
O3 peaks during the afternoon and nighttime, which may be
linked to uncertainties in the boundary layer height at night,
vertical diffusion, and/or emission profiles. Through the 4D-
Var assimilation of drone data, adjustments are made to the
NOx emissions. However, in regions characterised by high
NOx emissions, O3 formation exhibits reduced sensitivity
to NOx emissions but increased sensitivity to VOCs (Visser
et al., 2019; Sillman, 1999). Thus, the inability to adjust O3
concentrations and, consequently, NO2 in our simulations is
not a limitation specific to drone data assimilation.

5 Conclusion

In this study, drone profile measurements of O3 and NO
are assimilated using the 4D-Var data assimilation system of
EURAD-IM. This represents the first application of drone
data assimilation within a CTM. The primary objective is to

assess the ability of drone observations to improve regional
air quality analysis when the joint initial value and emission
correction factor optimisation approach is applied. The re-
search is conducted using data collected during the 2 d MesS-
BAR campaign in 2021. To evaluate the results, a comparison
is made with ground-based observations obtained at stations
very close to the drone flight base location. Moreover, re-
gional validation is conducted using ground-based data from
the European air quality monitoring network.

The 4D-Var assimilation of drone data has a positive im-
pact on the representation of these pollutants in the PBL.
First, significant improvements are noted in the O3 and NO
vertical profiles, with biases decreasing by 30 % and 55 %,
respectively, on the first day and by 35 % on the second day
for both species. Moreover, there is a noticeable impact on
ground concentrations in the analysis. In the studied grid cell,
biases are reduced by up to 60 % for O3, 55 % for NO, and
43 % for NO2 ground concentrations within the assimilation
window. Furthermore, due to the pollution transport and the
connected information propagation in the 4D-Var algorithm,
a positive impact is seen in the ground concentrations of
O3 and NO2 in locations farther from the measurement site.
This study also identifies the assessment of emission correc-
tion factors as one component of the analysis improvements
which underline the potential of the drone observations to be
beneficial for emission optimisation.

There are some limitations to this study. Firstly, due to
constraints in data availability, the study is restricted to as-
similating drone data within a singular grid cell column.
Therefore, it would be advantageous to include multiple mea-
surement points distributed across the region, strategically
positioned both upwind and downwind of emission sources.
Another limitation of this study is the assimilation of data
available only during a partial time window of the day. The
inclusion of a more extensive observational data set covering
longer periods, ideally over 24 h to enable an extended as-
similation window, would greatly enhance the optimisation
of emission rates.

In conclusion, the 4D-Var assimilation of drone data
within the regional air quality model EURAD-IM yields
promising results by improving the vertical distribution of
pollutants and correcting ground concentrations. From a fu-
ture perspective, a valuable extension of this work will be to
conduct observing system simulation experiments (OSSEs)
to evaluate the added value of integrating drone-based obser-
vations into the air quality forecasting system in comparison
to conventional observations such as ground-based measure-
ments and satellite data.
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Appendix A

Table A1. Information about the ground-based monitoring stations.

Station Distance from
number Station code Station name campaign site Station type Latitude (°N) Longitude (°E) Altitude

8 DENW008 Dortmund-Eving 86.5 km Suburban 51.5369 7.4575 75 m
53 DENW053 Köln-Chorweiler 28.2 km Suburban 51.0193 6.8846 45 m
59 DENW059 Köln-Rodenkirchen 12.1 km Rural 50.8898 6.9852 45 m
80 DENW080 Solingen-Wald 43.2 km Rural 51.1838 7.0526 207 m
114 DENW114 Wuppertal-Langerfeld 56.8 km Suburban 51.2776 7.2319 186 m
179 DENW179 Schwerte 82.4 km Suburban 51.4488 7.5823 157 m

Figure A1. Emission correction factors of NO and NO2 resulting from the conducted assimilation experiments on 22 September 2021 (a
and b) and 23 September 2021 (c and d).
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Figure A2. Temporal evolution of the RMSE (model− observations) in parts per billion by volume (ppbv) for NO2 calculated for the
reference (black) and the analysis (blue) over the 24 h forecast period across all ground stations on 22 September 2021 (a) and 23 September
2021 (b). Green dots highlight the time of the assimilated drone profiles. The grey shade illustrates the length of the assimilation window.
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Figure A3. Time series of O3 concentrations in parts per billion by volume (ppbv) as measured by ground-based stations and predicted by
the model. The left panels show data from 22 September 2021, while the right panels display data from 23 September 2021.
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Figure A4. Same as Fig. A3 but for NO2.
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6
The effects of assimilating

Zeppelin campaign
measurements on air quality

analyses

This chapter presents the results of the assimilation of flight data from the 2020 Zeppelin cam-
paign into EURAD-IM, using its 4D-Var assimilation system. The objective of this study is to
investigate the additional information content of these observations collected in the planetary
boundary layer (PBL) and to evaluate its impact on air quality analysis at local and regional
scales. To this end, two periods of the Zeppelin campaign are selected for a case study in two ar-
eas with distinct emission profiles to investigate the impact of the assimilation of measurements
collected in the PBL. The first studied episode analyses air quality in North Rhine-Westphalia,
which is one of the most polluted urban and industrial regions in Germany, from 29 May to
03 June 2020. The second period includes 11 to 13 September 2020, when the Zeppelin flew
over the city of Frankfurt. The chapter is divided into three sections, each designed to answer
a specific research question:

1. Section 6.1: This case study examines the impact of Zeppelin-based data assimilation on
pollutant distribution under a highly uncertain emission rate scenario. It aims to evaluate
the effectiveness of in situ observations within the PBL for optimising emission estimates
compared to conventional ground-based observations.

2. Section 6.2: The goal of this study is to assess the model’s performance when assimilating
different observational datasets and to identify the specific contribution and the added
value of the airborne observations within the PBL.

3. Section 6.3: This study explores the usability of the Zeppelin observations in a polluted
urban environment such as Frankfurt. It evaluates the potential benefits of assimilating
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Zeppelin-based observations for improving the vertical distribution of pollutants in the
PBL and discusses the limitations related to the model performance. The potential ben-
efits of Zeppelin observation assimilation that can be achieved in this area are evaluated
and the limitations encountered when assimilating observations from the PBL into the
EURAD-IM model are discussed.

6.1 Case Study 1: Impact of Zeppelin data assimilation on air
quality analysis and emissions observability

The impact of Zeppelin data assimilation (DA) on the air pollution analysis is studied and
evaluated using EURAD-IM with its 4D-Var assimilation system. The data collected by the
Zeppelin NT in the North Rhine-Westphalia (NRW) region for 29 May and between 01 and 03
June 2020 are considered (see Table 4.1). The selection of this region is particularly pertinent as
it is a prominent pollution hotspot in both Germany and Europe. With a population exceeding
18 million, NRW is not only subject to urban pollution but also experiments high emissions from
industrial and energy activities, including those of large power plants, in addition to emissions
from a dense highway network.

Figure 6.1: Zeppelin flights path in North Rhine-Westphalia on 29 May and 01–03 June 2020.

6.1.1 Meteorological conditions
Meteorology plays a key role in the development, intensification, or dissipation of pollution
episodes (Seinfeld and Pandis, 2016). At the end of May 2020, the expansion of the high-
pressure ridge towards Western Europe led to high pressure over most of Germany, as shown
by the geopotential height at 500 hPa on 29 May 2020 in Fig. 6.2a. The presence of a warm
air mass, advected by a trough over the eastern Atlantic Ocean, resulted in unusually high
temperatures for the season. This heat peaked from 30 May to 01 June, with temperatures
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exceeding 29◦C in NRW.
From the beginning of June, a low pressure system formed over Poland and Ukraine, accom-
panied by an upper air cut-off (Fig. 6.2b) due to the inflow of cold air at high altitudes. The
transition between these two pressure systems on 02 and 03 June led to a decrease in pressure
over western Germany and a change in wind direction from easterly to westerly winds, as shown
by the WRF model wind data for Cologne in Fig. 6.3. Temperatures also began to decrease,
and several thunderstorms developed in the western part of Europe.
Three out of the four considered days are therefore characterised by high atmospheric stability,
creating a stable boundary layer that keeps pollutants close to the surface and causes them to
accumulate. High temperatures, long periods of insolation, and clear skies favour the devel-
opment of tropospheric ozone concentrations, particularly in areas with high ozone precursor
emissions such as the NRW region.

(a) 29 May 2020 (b) 03 June 2020

Figure 6.2: 500 hPa geopotential height (in gpdm, color-coded) and surface pressure (in hPa, white lines)
over Europe on 12 September 2020 at 00 UTC from GFS reanalysis data (www.Wetterzentrale.de).The
black line indicates the 552 gpdm contour.
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Figure 6.3: Temperature profiles (°C) at 15 UTC and daily wind roses at the Cologne city grid box for
29 May and 01–03 June 2020 from WRF model output.

6.1.2 Simulation setup
Three different simulations are conducted using the EURAD-IM for the dates 29 May and 01
to 03 June 2020. They were configured as follows:

1. EXP-CTR represents the background simulation or control simulation (without assimi-
lation).

2. EXP-ZEP represents the 4D-Var simulation in which the O3, NO, NO2 and CO from the
2020 Zeppelin campaign are assimilated.

3. EXP-GRD represents the simulation in which observations of O3 and NO2 from ground-
based monitoring stations in NRW are assimilated.

A six-day spin-up period (from 23 May to 28 May 2020) was conducted to ensure that the
simulations started with a realistic initial state. During this stage, no data assimilation was
performed. Table 6.1 presents a summary of the characteristics of each simulation. For all
simulations, as well as the spin-up, the business-as-usual TNO-MACC_ II emissions inventory
for the year 2016 was used. Notably, the emission corrections for each day remain independent of
the one derived at previous days. Thus, only the initial conditions are provided by the previous
day’s analysis. This approach allows for a comprehensive analysis of the model’s performance
on a day-by-day basis.

50 The effects of assimilating Zeppelin campaign measurements on air quality analyses



Table 6.1: Details of simulation setups.

Simulation Number of
Iterations Assimilated Observations Assimilation Window

EXP-CTR - - -

EXP-ZEP 10 Observations of O3, NO, NO2,
and CO from Zeppelin flights

From 00 UTC to the hour for which
Zeppelin observations are available

EXP-GRD 15 Observations of O3 and NO2
from ground-based stations 24 hours

6.1.3 Assimilation results
The reduction of the cost function J (see section 2.2) is a key performance indicator for veri-
fying the successful assimilation of observations in the 4D-Var system. A significant reduction
indicates that the model has accurately identified and applied corrections that minimise the
discrepancy between the analysis (i.e. the model prediction after the 4D-Var assimilation) and
the observations. Due to the high temporal resolution of the Zeppelin data, the number of
iterations was reduced to 10 in order to keep the computational cost to a reasonable level.
The total costs of the EXP-ZEP simulations were successfully reduced by more than 63% and
up to 90% after 10 iterations, while the costs of the EXP-GRD simulation were reduced by 38%
to 63% in 15 iterations (Table 6.2). This indicates that the convergence to the solution was
faster for the Zeppelin data assimilation. It is known that the speed of convergence is higher
when the assimilation window is shorter in complex, chaotic and non-linear systems (Pires et al.,
1996), as is the case here for chemical data assimilation. The assimilation window is 24 hours

Figure 6.4: Evolution of species-specific costs over iterations for the 4 studied days for the two assimilation
runs: EXP-ZEP and EXP-GRD.
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Table 6.2: The total cost reduction for data assimilation simulations.

Simulation Date Initial cost Cost at the best
iteration

Number
of observations Reduction

EXP-ZEP

29 May 2020
01 June 2020
02 June 2020
03 June 2020

715
2017
4925
1994

261
218
511
183

2256
2146
2093
1017

63.5%
89.2%
89.6%
90.8%

EXP-GRD

29 May 2020
01 June 2020
02 June 2020
03 June 2020

1338
1192
1777
1872

647
433
1087
880

712
677
663
652

51.6%
63.7%
38.8%
53.0%

for EXP-GRD and less than a 18 hours for EXP-ZEP. The largest reduction for EXP-ZEP was
noted for O3, with a reduction of more than 90%, while a weaker reduction of up to 30% was
seen for CO (Fig. 6.4). This can be explained by the small contribution of CO to the total cost
(only between 4% and 14%) and the fact that the CO background model states are close to the
observations. As CO is not assimilated in the EXP-GRD simulation, the analysis of the results
will focus exclusively on O3, NO, and NO2.

Emission rate optimisation

The emission correction factors (EFs) for the two assimilation experiments for NO2 are presented
in Fig. 6.5. NO2 is the emitted species with the largest correction factors; however, smaller
factors were derived for NO, CO, and SO2 due to the correlation between species. In the case of
EXP-ZEP, the emission factors demonstrate a range of 0.09 to 1.79. The corrected area is more
localised around the areas where the Zeppelin was flying. In the case of EXP-GRD, the emission
factors exhibit a range of variation between 0 and 4.5. The area affected is typically larger than
that observed in EXP-ZEP, due to the extensive distribution of stations. Consequently, regions
outside of NRW and nearby countries were impacted by emission corrections. In terms of
absolute values, the assimilation of Zeppelin data resulted in a reduction of NOx emissions by
up to -48.3 t, -28.5 t, -46.5 t and -38.4 t per grid box, and an increase of +3 t, +0.1 t, +0.7 t
and +0,2 t per grid box for 29 May and from 01 to 03 June 2020, respectively. For EXP-GRD,
a reduction of up to -4 t, -9.3 t, -8.8 t and -31.9 t per grid box and an increase of +3.4 t, +3.3 t,
+0.7 t and +2 t per grid box (Fig. A.2) was analysed for the same dates. Overall, the reduction
in emissions is more intensive in the case of EXP-ZEP. Furthermore, the emission factors within
the same region fluctuate on a daily basis, likely due to variations in wind patterns and their
effect on the inversion process. This occurs because emission optimisation relies on utilising
the information content provided by the observations in the 4D-Var inversion system. When
wind conditions change from day to day, the dispersion of pollution and transport also differs,
leading to changes in the information content. Therefore, the assimilation of these observations
results in different emission correction factors.

Although the optimisation of emission rates in the 4D-Var system does not allow sector-
specific optimisation, but rather optimisation of total emissions per grid, the model provides
good optimisation for certain sectors, especially for the dominant sector. As an example, Fig.
6.6 shows the total change in NOx emissions between the optimised and original emission in-
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Figure 6.5: NO2 emission factors resulting from the EXP-ZEP and EXP-GRD simulations for the four
study days.

ventories for different emission sectors on 02 June 2020 for EXP-ZEP and EXP-GRD. The
optimised NOx emissions for each sector are derived by applying the daily emission factors for
NO and NO2 to the corresponding original emissions of each sector separately. In the figure,
negative changes (reductions) and positive changes (increases) are summed separately for all
grid boxes.
The public energy sector is the primary sector impacted by the change in emissions for the
EXP-ZEP experiment, with a notable total reduction of -101.2 t. Regarding EXP-GRD, emis-
sions from the public energy sector, transport sector and industry sector are most significantly
reduced, with total reductions of 45.1 t, 42.9 t and 36.5 t, respectively. This indicates that the
assimilation of Zeppelin data led to a more than twofold reduction in emissions in the public
energy sector compared to the reduction achieved by the assimilation of ground station data
alone. In the study area, three point sources of emissions classified as public energy sector
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Figure 6.6: Total change in NOx emissions between the optimised and original emission inventories for
different emission sectors on 02 June 2020. Emission reductions and increases are summed separately.
Bars indicate contributions from EXP-ZEP (non-shaded) and EXP-GRD (shaded) to the emission change.

were identified, namely the Neurath, Niederaußem and Weisweiler power plants. These plants
are among the largest power plant emitters in Germany (Fig. 6.7). The assimilation of the
Zeppelin observations reduced the emissions of the two power plants Neurath and Niederaußem
significantly.

Figure 6.7: Map of daily NOx emissions from point sources (mainly industry and power plants) in the
region of North Rhine-Westphalia (NRW).
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Figure 6.8: Tropospheric NO2 column (in molec cm-2) derived from TROPOMI data at 12:43 UTC on
02 June 2020. Grey pixels indicate data filtered out based on the TROPOMI quality flag (q < 0.75).

Figure 6.9: The modelled tropospheric column NO2 (in molec cm-2) over the analysis region for 02 June
2020 at 12:43 UTC. The three subfigures represent: (a) the reference simulation (left), (b) the 4D-Var
analysis from the Zeppelin simulation (middle), and (c) the 4D-Var analysis from the ground-based
assimilation simulation (right). Grey pixels indicate data filtered out based on the TROPOMI quality
flag (q < 0.75).

In general, the validation of emission fluxes is challenging due to the unavailability of obser-
vations with the necessary spatial and temporal resolution. However, the TROPOMI satellite
observations, which provide high spatial and temporal coverage and high spatial resolution,
make this possible. An improvement in the modelled spatial distribution of pollutant con-
centrations, when compared to satellite observations, indicates a better representation of the
underlying emission sources. Several studies have demonstrated that the tropospheric NO2
columns collected by TROPOMI provide the best opportunity to date for determining sources
of NO2 during daytime (Griffin et al., 2020; Jin et al., 2021; Lange et al., 2022).
Figure 6.8 presents TROPOMI satellite images from 02 June 2020 for the NO2 tropospheric
column. The model equivalent of the NO2 tropospheric column was calculated for the 4D-Var
analyses and the background as shown in Fig. 6.9. Figure 6.9(a) shows the background NO2
column including a plume of elevated NO2 column values with a maximum value of 2.38 × 1016
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molec cm−2. This plume is attributed to the Neurath and Niederaußem power plants that are
only separated by about 5-10 km. A similar plume is visible in Fig. 6.9(c), which relates to the
EXP-GRD simulation and shows with NO2 column values of up to 2.35 × 1016 molec cm−2 at
the same location. In contrast, Fig. 6.9(b), which shows the tropospheric NO2 column derived
from the Zeppelin data assimilation analysis, demonstrates the absence of this plume from the
power plants with a maximum value of 0.40 × 1016 molec cm−2. The satellite image displays
a plume of 0.69 × 1016 molec cm−2, thereby confirming the strength of the reduction. On 02
June 2020, the assimilation of Zeppelin observations proved effective in optimising emissions,
while the assimilation of ground-based data was unable to reproduce the reduced plume from
the power plants Niederaußem and Neurath.

Given that the power plant’s emissions are released at high altitudes (approximately 350
m), the Zeppelin emerges as the most suitable platform for conducting observations with rich
information content about pollutant concentrations at such heights. Ground observations on 02
June 2020 did not provide information that could help integrate a substantial change in power
plant emission rates, further highlighting the need for observations in the PBL. One of the main
advantages of Zeppelin observations lies not only in their ability to operate at high altitudes
but also to cross emission plumes multiple times during a flight. On the one hand, the Zeppelin
thus provides valuable information on the spatio-temporal evolution of the emitted pollutants.
On the other hand, these repeated observations near the emission sources will constrain the
assimilation system toward an optimal optimisation of the emission rates.

The findings of the emission optimisation for 29 May, 01 and 02 June demonstrate substantial
reductions in NOx emissions for the EXP-ZEP experiment, which exceeds those derived for the
EXP-GRD experiment (see Fig. A.2). However, the results for 03 June demonstrate a high
similarity between the two experiments, with a reduction in NOx emissions of up to -38.4 t for
EXP-ZEP compared to -31.9 t for EXP-GRD experiment. To elucidate the reasons for this
variation in performance for EXP-GRD compared to EXP-ZEP, Fig. 6.10 illustrates the anal-
ysis increments of NOx (NO + NO2) as well the wind field at Model level 9 (at approximately
350 m altitude). On 02 June 2020, the Zeppelin flew downwind and close to the power plants
Niederaußem and Neurath, while the ground stations were mainly located on the upwind side.
The wind was relatively weak (about 2 m s−1 around the power plants), which led to a weak
dispersion of the pollution. In the case of 03 June 2020, the Zeppelin was flying on the down-
wind side during part of the flight, which facilitated the detection of emissions from the power
plants. Most of the ground monitoring stations (12 out of 15) were located on the downwind
side. In addition, the dispersion of pollutants was enhanced due to the presence of strong winds
of up to 7 m s−1 in the Northeast of the domain. As a result, emissions from power plants
and industries located at high altitudes are transported over long distances and captured by
ground stations. Furthermore, the reduced atmospheric stability results in enhanced turbulence
and vertical mixing within the planetary boundary layer, facilitating the exchange of pollutants
between higher altitudes and the surface.
These results demonstrate that Zeppelin observations are more effective at measuring elevated
emissions compared to ground-based observations. This advantage is particularly evident in sit-
uations where ground-based stations are inadequately positioned relative to large-point emission
sources and during stable atmospheric conditions with limited vertical mixing.
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Figure 6.10: NOx (NO2 + NO) analysis increment (analysis - background) at model layer 9 (350 m) at
10:00 on 02 and 03 June 2020 for the two experiments: EXP-ZEP (upper panels) and EXP-GRD (lower
panels). Wind vectors at the same model layer at 10:00 are shown on the right. The location of the
observations being assimilated is indicated on each map, showing the Zeppelin flight path (upper panels)
and ground stations (lower panels).

Validation against independent observations

For the evaluation of the performance of the 4D-Var assimilation of Zeppelin observations, it
is necessary to have a comparison with independent observations. For this purpose, a number
of ground-based stations in NRW that were not assimilated in the EXP-GRD simulations are
selected. The region of validation is illustrated in Fig. A.3. Figure 6.11 and 6.12 show the root
mean square error (RMSE) of each day for the three species NO, NO2 and O3, averaged over
all validation observations.
For NO and NO2, statistics show no significant difference between the experiments, except for
01 June. On this day, EXP-ZEP shows a superior RMSE reduction for NO of -1.64 µg m−3

compared to the -1.51 µg m−3 achieved by EXP-GRD. Similarly, the NO2 statistics are improved
for both assimilation experiments compared to the reference simulation EXP-CTR. The EXP-
ZEP reduces the RMSE by -3.78 µg m−3 against -3 µg m−3 for EXP-GRD. Both assimilation
experiments yield nearly identical results, with a negligible impact on all days except for one (01
June 2020). These findings suggest that there may be no significant difference in the corrections
of surface emissions between the two assimilation experiments. The improvement obtained from
EXP-ZEP on 01 June 2020 underscores the potential of Zeppelin data assimilation to positively
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impact the surface concentrations for NO and NO2, similarly to the ground data assimilation.
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Figure 6.11: Root mean square error (RMSE) for NO and NO2 from all model simulations, based on
the comparison with independent ground-based observations for the four days under consideration. The
shaded grey region represents the period of available Zeppelin data. Black dashed lines indicate local
sunrise and sunset times.
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Figure 6.12: Same as 6.11 but for O3.

The improvements in the analyses are more evident in the case of O3 concentrations across
all days (Figure 6.12). The EXP-ZEP demonstrated superior performance in comparison to the
EXP-GRD during the initial three days. The RMSE for the EXP-ZEP was reduced by 26.04%
(-3.62 µg m−3) on 29 May, 44.40% (-9.07µg m−3) on 01 June and 38.77% (-12.19 µg m−3) on 02
June. In comparison, EXP-GRD decreased the RMSE by 21.01% (-2.92 µg m−3), 33.33% (-6.81
µg m−3) and 27.35% (-8.6 µg m−3) for the same days respectively. This result indicates that
the assimilation of Zeppelin observations positively affects the surface O3 concentration. The
resulting improvement is superior to the assimilation of ground-based observations, particularly
during the daytime.
In contrast, on 03 June 2020, the EXP-GRD demonstrated a superior model performance, with
a reduction in RMSE of 39.05% (-13.55 µg m−3) in comparison to the 23.05% reduction (-8.00
µg m−3) analysed in the EXP-ZEP simulation. However, the EXP-ZEP is still superior in
performance on this day within the assimilation window (shaded area in Fig. 6.11). This is
evidenced by a reduction of RMSE (calculated over the assimilation window) of 54.33% (-18.49
µg m−3) for EXP-ZEP in comparison with 39.26% ( - 13.36 µg m−3) for EXP-GRD. This reflects
a better emission rate optimisation for the local power plants.
The superior performance of the assimilation of ground observations, especially after 12 UTC,
is related to a successful assimilation of ground-based observations. On 03 June 2020, unlike
other days, good observability of the emissions is achieved by ground-based observations due
to their favourable position with respect to wind directions and emission sources. As a result,
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the emissions from the two largest power plants in the study area are well-optimised, similar
to the results obtained from the Zeppelin data assimilation. Nevertheless, given the spatial
distribution of the assimilated ground stations in the NRW and the wind conditions on that
day, the emission optimisation from ground observations is applied to a broader region much
larger than the optimisation resulting from the Zeppelin assimilation (see Fig. 6.5, bottom
plots). The reduction of emissions in altitude from other power plants and industries in the
region was considerable (see Fig. A.6), which means that the assimilation resulted in a better
representation of emissions in the altitude of the NRW.
In contrast, for the EXP-ZEP analysis, the observations available for assimilation are limited
spatially compared to the ground observations and even temporally compared to the Zeppelin
observations on other days. The relatively strong winds at higher altitudes likely led to a strong
pollution dispersion and transportation of pollutants from distant regions. When observations
are limited in time, as was the case for EXP-ZEP on 03 June, only a part of the relevant infor-
mation content is captured by the observations, leading to a limited impact when assimilated.
These findings highlight the critical need for a long assimilation window, particularly on days
characterised by strong dispersion, to achieve a better performance.

Long range transport

Due to the long-range transport of pollutants, an improvement in performance was found for
stations further away and even outside the German borders. Figure 6.13 shows the hourly O3
RMSE calculated at stations in Belgium and the Netherlands. An improvement in performance
is seen in the EXP-ZEP analysis on 29 May and 01 June. The RMSE decreased by 2.21 µg m−3

and 2.7 µg m−3 in the EXP-ZEP experiment, in contrast to the 0.29 µg m−3 and 1.57 µg m−3

reductions by the EXP-GRD experiment. The positive effect can be attributed to the transport
of the increment outwards from Germany, a consequence of the dominance of south-easterly
and southerly winds on these days.
The long-range effect on 02 June showed a slight superiority of EXP-GRD (-1.28 µg m−3 in
RMSE) compared to EXP-ZEP (-0.99 µg m−3 in RMSE). On 03 June, the EXP-GRD showed a
significantly larger reduction in the RMSE (-2.32 µg m−3 in RMSE) compared to the EXP-ZEP
(-0.83 µg m−3 in RMSE). The enhanced improvement of EXP-GRD can be attributed to initial
value corrections and emission optimisation in Belgium and the Netherlands resulting from the
assimilation of ground data on 02 and 03 June 2020 (as shown in Fig. 6.5). The relatively
strong winds at high altitudes influenced the optimisation process. During assimilation, the in-
formation contained in ground observations was exploited to retrace the origin of the observed
signals. This allows for detecting emission sources and pollutant concentrations in Belgium
and the Netherlands, thereby improving the O3 concentrations at the surface. The limited
improvement obtained after the assimilation of the Zeppelin observation can be attributed to
the constraints of availability and spatial distribution of the observations.
In summary, the assimilation of Zeppelin data demonstrated its ability to transport the incre-
ment over longer distances in the downwind regions. This impact is stronger than the effect
of ground assimilation. However, the enhancement in the upwind areas may be limited, as it
depends on the model’s ability to derive corrections for emission rates and initial values in those
areas.
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Figure 6.13: Root mean square error (RMSE) for O3 from all model simulations, based on comparison with
independent ground-based observations over Belgium and the Netherlands for the four days considered.

Discussion

The present case study shows that measurements during Zeppelin flights represent an effective
tool for acquiring information on emissions and pollutant concentrations at high altitudes.
Given the dense network of ground monitoring stations and their ability to provide continuous
24-hour measurements, assimilating ground data leads to better improvements compared to the
Zeppelin data assimilation results. Nevertheless, Zeppelin data remains superior for optimising
local emission sources and yielding better results for surface ozone concentrations within the
data assimilation window. The key factor behind this is the high emission observability provided
by the Zeppelin observations. The enhanced observability results from operating at relatively
high altitudes (500 m on average) near the primary elevated power plants emission sources. The
Zeppelin flew on the downwind side of these emission sources and thus intersected the emission
plumes multiple times.
In contrast, ground-based observations generally have a limited impact on the overall 4D-Var
analysis because the observability of emissions and pollutants at high altitudes is often restricted.
However, the results show that the observability can increase in conditions of atmospheric
instability and relatively strong winds at higher altitudes, as well as when the ground stations
are positioned on the downwind side of strong emission source. A decrease in atmospheric
stability led to more substantial vertical mixing, which enhanced the assimilation of ground
observations.
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6.2 Case study 2: The added value of the Zeppelin data assim-
ilation

The objective of this section is to determine the added value of the Zeppelin observations when
assimilated in the EURAD-IM 4D-Var system. To ensure that the analysis reflects a realistic
daily scenario, this study uses the same simulation setup as outlined in the previous section 6.1.
However, it employs the adjusted emission data for the year 2020 from the most recent inventory
(CAMS-REG-v6.1) which accounts for the reductions due to the COVID-19 pandemic.
6.2.1 Simulation setup
The experimental setup from section 6.1.2 is employed, with two exceptions. Firstly, the ad-
justed emission data for 2020 are utilised for simulations with and without assimilation from 29
May to 03 June. Secondly, a continuous run is enabled from 01 June to 03 June. This implies
that each day is initiated with the initial state and emission factors resulting from the previous
days. For 29 May and 01 June, the simulations were initiated with emission factors of 1. The
initial conditions of the simulations on 29 May are derived from the spin-up, which is calculated
using the TNO-MACC_ II emissions data for the year 2016. Simulation assimilating Zeppelin
data is denoted EXP-ZEP, while the one assimilating ground-based observations is denoted
EXP-GRD. An additional simulation, EXP-ALL, is performed, which assimilates observations
from both the Zeppelin and the ground-based stations (Table 6.3).

Table 6.3: Details of simulation setups.

Simulation Number of
Iterations Assimilated Observations Assimilation Window

EXP-CTR - - -

EXP-ZEP 12 Observations of O3, NO, NO2,
and CO from Zeppelin flights

From 00 UTC to the hour for which
Zeppelin observations are available

EXP-GRD 10 Observations of O3 and NO2
from ground-based stations 24 hours

EXP-ALL 10
Observations of O3, NO2 and CO
from ground-based stations
+ Zeppelin observations

24 hours

6.2.2 Assimilation performance
In this case study, the emission rates are assumed to be slightly inaccurate, as they exhibit
daily variability that may not fully be captured in the inventory. Fig. 6.14 shows the difference
between the optimised emission rates and the reference emission rates for the EXP-GRD and
EXP-ZEP experiments during the 4 studied days. The EXP-GRD resulted in a marginal change
between -0.1 t and +2.1 t on 29 May and between 0 t and +0.6 t on 01 June, while the EXP-
ZEP corrected the emissions up to +12.8 t on 29 May and -9.2 t on 01 June. This change is
mainly related to the power plants located in the study area (see Fig. 6.7). The results indicate
that the assimilation of the Zeppelin observations has the strongest impact on the optimisation
of emission rates on 29 May and 01 June. However, on 02 and 03 June EXP-GRD led to a
much stronger correction than EXP-ZEP. While a slight decrease is noticed for EXP-ZEP in
the power plants location (up to -2.1 t), EXP-GRD led to an increase of +5.8 t on 02 June and
+27 t on 03 June. This discrepancy in the simulation results can be attributed to the variations

Case study 2: The added value of the Zeppelin data assimilation 63



in wind conditions with respect to the location of the observations, as discussed in section 6.1
(Fig. 6.10).
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Figure 6.14: Daily NOx emissions of the inventory (top) and the analysed NOx emission changes for
each analysed day of 29 May, and 01-03 June 2020 (2-5 lines). The changes are shown for EXP-ZEP
in the right panels and EXP-GRD in the left panels.
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Evaluation of the optimisation of initial values

In the present case study, it is assumed that the initial values (IVs) also contain errors that
need to be corrected for a better analysis. The analysis increment, which represents the analysis
minus the background, at the initial time step (t=0) is used for the evaluation of the correc-
tion made to the initial values. Figure 6.15 shows the O3 increment at ground level and at an
altitude of about 450 m (model level 11) for the two experiments EXP-ZEP and EXP-GRD.
On 29 May, the increment of EXP-ZEP varies between -7 ppbv and 4 ppbv at ground level,
while for EXP-GRD the increment is larger, between from -28 ppbv and 16 ppbv. On 01 and 02
June, a large increase up to 41 ppbv in the IVs is seen at ground level for EXP-ZEP, east of the
location where the Zeppelin flew. On 03 June, this increment was analysed west of the Zeppelin
flight region (up to 16 ppbv). The location of the IV increments is mainly controlled by the
wind direction, such that the information about the model-observation discrepancy collected
during the Zeppelin flights is transported to upwind surface regions by the adjoint model. For
EXP-GRD, in contrast, the IV increment exhibits negative and positive changes (from -30 ppbv
to 41 ppbv). Here, the increment location is associated with the positions of the assimilated
ground observations.
Regarding the increment at 450 m altitude, EXP-ZEP results in a large increment (up to
45 ppbv) compared to EXP-GRD, which has an increment between -4 ppbv and 7 ppbv. Gen-
erally, the increments are situated at the same location and identify the same sign. This suggests
that the assimilation of ground-based observations cannot significantly affect corrections for the
atmospheric pollutants at altitudes of 450 m and higher. An increase of the initial values of
ground-level O3 will likely have a limited impact over time, because, in areas with high NOx
concentrations, the rise in O3 levels tends to dissipate quickly overnight due to the NOx titration
process. This process affects NOx and O3 concentrations during the night rather than affecting
daytime O3 levels. In contrast, correcting O3 at higher altitudes can have a more significant
and longer lasting effect. Thus, the assimilation of Zeppelin observations has resulted in a more
substantial correction of the initial conditions at higher altitudes.
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Figure 6.15: O3 analysis increment (analysis - background) at the initial timestep (00 UTC) for model
level 1 (about 18 m) and model level 11 (about 450 m) for EXP-ZEP and EXP-GRD, shown for the four
study days.

Evaluation of 4D-Var analyses against independent observations

The performance of the model configurations using different data set for the assimilation is
evaluated against independent ground-based observations. Fig. 6.16 shows the time series of
O3 RMSE for the four studied days for all simulations. Overall, the 24-hour RMSE analysis
indicates that EXP-ZEP performs better than EXP-GRD. However, a distinct diurnal pattern
is noticed: EXP-ZEP outperforms EXP-GRD during the daytime, whereas EXP-GRD exhibits
superior performance at night hours. During the daytime (between 5 UTC and 19 UTC), the
RMSE for EXP-ZEP is reduced by 31.05% on 29 May, 46.38% on 01 June, 54.08% on 02 June,
and 24.55% on 03 June. In contrast, EXP-GRD reduced the RMSE by only 17.94%, 12.04%,
22.56%, and 19.87% compared to the background simulations on the same respective days.
At night, EXP-GRD proved to be more effective in reducing the RMSE. Specifically, the RMSE
reductions of 20.29%, 16.09%, 14.21%, and 11.38% were obtained on 29 May, 01 June, 02 June,
and 03 June, respectively. In contrast, EXP-ZEP showed only minor reductions of 2.08% on
29 May and 6.86% on 02 June, while the RMSE increased by 5.87% on 01 June and 2.14% on
03 June.
The best model performance is attributed to the EXP-ALL experiment, in which both types of
observations are assimilated simultaneously. EXP-ALL consistently demonstrates superior per-
formance, outperforming EXP-GRD at night and EXP-ZEP during the daytime. For instance,
on 03 June, EXP-ALL achieved an additional RMSE reduction of 2 µg m−3 (6.15%) during
the daytime compared to EXP-ZEP, and a reduction of 1.3 µg m−3 (6.79%) at night relative
to EXP-GRD. A distinct case is identified on 03 June, where EXP-GRD shows better RMSE
reduction compared to other simulations from 13 UTC onwards. By relating this performance
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to the evaluation of emission rates and initial values optimisation, there is evidence that the
analysis using ground station observations profits from advantageous observability with respect
to emissions. This is enabled by the prevailing westerly winds on that day. The influence of as-
similated Zeppelin observations appears to be limited due to their timely restricted availability
and the reduced assimilation window, leading the analysis of EXP-ZEP to gradually converge
to the EXP-CTR at the end of the day.
In conclusion, the 4D-Var assimilation of both types of observations provides improved the
model performance compared to the control simulations. The results demonstrate the potential
of the Zeppelin observations in improving the daytime O3 analysis.

Figure 6.16: Root mean square error (RMSE) of O3 for all simulations, averaged over all validation
stations, for the four days of the study.

The added value of the Zeppelin observations

To gain more insight into the additional contribution of the Zeppelin observations and to under-
stand the limitations of the ground-based observations, a detailed evaluation of the simulations’
performances is carried out. This evaluation focuses on the O3 concentrations at a monitoring
station, for which the atmospheric composition was corrected in all assimilation simulations.
Fig. 6.17 presents the observed and model predicted O3 concentration from all experiments for
the day of 02 June at one ground-based station in Mönchengladbach. This station is located
in the area where the Zeppelin observations were made. Although the observations from this
station have been assimilated in EXP-GRD, the O3 concentrations during the day are not well
predicted. In contrast, EXP-ZEP predicts an O3 concentration that remarkably reproduces
the observed rapid increase and the high surface O3 concentration from 6 UTC onwards. The
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strong agreement between the 4D-Var analysis from EXP-ZEP and observations suggests that
O3 production by photolysis as well as the vertical mixing are accurately represented. This is
on the one hand due to the precise estimation of local O3 precursors, NOx and VOCs, and on
the other hand due to the improvement of initial O3 concentrations at higher altitudes (See
Fig. 6.15). Furthermore, the results indicate that the model effectively captures the evolution
of the PBL height, facilitating the vertical mixing of O3. The evident underestimation of O3 by
EXP-GRD during the daytime suggests that photolysis alone cannot account for the observed
high O3 levels. The O3 transport from upwind regions and higher altitudes can play a major
role in shaping the observed O3 levels at this location. Several studies (Pay et al., 2019; Kaser
et al., 2017; Hu et al., 2018) have shown that elevated concentrations of O3 are often derived
from the background levels and emissions of precursors in upwind regions and subsequently
horizontally transported.
Figure 6.18 shows a time-height plot of the O3 analysis increment at the same station for all
three analysis simulations. A strong positive increment is obtained for EXP-ZEP at higher
altitudes, peaking within the residual layer. This indicates that the assimilation of Zeppelin ob-
servations leads to an increase in the O3 concentrations at higher altitudes (between 1500 m and
2500 m). High O3 levels in the residual layer are generally attributed to accumulated O3 from
previous days and to the long-range advection from upwind areas. In the case of EXP-GRD,
only a small increment is present near the ground with almost no signal at higher altitudes. This
indicates that information of ground level observations is not efficiently mixed into higher model
levels during the adjoint integration, highlighting the need for upper-air observations. When
both types of observations are assimilated in EXP-ALL, the increment combined the effects of
the two individual experiments, EXP-GRD and EXP-ZEP, with more impact from EXP-GRD
during the night and EXP-ZEP during daytime. In EXP-ZEP, the correction of surface ob-
servations was achieved through the adjustment of O3 concentrations in the residual layer. As
the PBL evolves over time, O3 stored in the residual layer is progressively entrained into the
PBL, influencing surface concentrations through vertical mixing. In contrast, EXP-GRD did
not produce a sufficient correction of surface O3, even though the O3 initial value corrections at
the station’s location were larger. These findings are consistent with recent studies, which have
demonstrated that the vertical exchange of O3 between the residual layer or the free atmosphere
with the PBL mixing layer plays a major role in the rapid increase of near surface O3.
The assimilation of Zeppelin observations improved the analysis by enhancing the O3 back-
ground in the residual layer, enabling a more accurate correction of daytime O3 through verti-
cal exchange with the PBL. This highlights the critical role of PBL observations in refining the
4D-Var analysis, an improvement not achievable with ground-based data alone.

Discussion

This case study focuses on investigating the added value of Zeppelin data assimilation to improve
the air quality simulations. The results reveal that the assimilation of Zeppelin observations
leads to better emission rate optimisation and improved initial conditions compared to other
assimilation simulations. Zeppelin assimilation positively impacted daytime ozone concentra-
tions, whereas ground-based assimilation proved more effective during nighttime hours. The
latter could be expected, as the Zeppelin did not operate during nighttime. Simulations that
combined both types of observations produced the most accurate results overall. This conclu-
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Figure 6.17: Evolution of O3 concentrations at the DENW096 station in Mönchengladbach in comparison
with the model predictions for all simulation experiments on 02 June 2020.

Figure 6.18: The time-height analysis increment of O3 at station DENW096 on 02 June 2020. The blue
line indicates the height of the planetary boundary layer.

sion is particularly significant as it highlights the necessity of integrating both airborne and
ground-based observations to achieve the best model performance.
The key result here is that the enhancement in the vertical distribution of ozone is primarily at-
tributed to the improved representation of ozone concentrations within the residual layer. This
layer serves as a reservoir of ozone, either accumulating ozone from previous days or transport-
ing ozone or its precursors from upwind regions. During the daytime, the evolution of the PBL
results in vertical mixing, which is critical in regulating ozone concentrations near the surface.
In contrast, ground-based observations are limited in their ability to influence the upper layers
and the top of the PBL, which also constrains the improvement of the vertical distribution
within the PBL.
The primary added value of Zeppelin observations lies in their capacity to refine the vertical
distribution of pollutants within both the PBL and the residual layer. This improvement in
particular affects the accuracy of surface ozone concentrations. Zeppelin observations are par-
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ticularly valuable during episodes when elevated ozone from the upper atmospheric layers is
transported long-range and mixed downward into the PBL due to vertical exchange processes
between the upper layers and the PBL.
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6.3 Case study 3: Limitations of the Zeppelin data assimilation
The previous section highlighted the additional benefits of the Zeppelin data assimilation. In
this section, the aim is to explore the limitations of this assimilation to develop a comprehen-
sive understanding of the potential of Zeppelin observations and, consequently, of observations
within the PBL. To achieve this, the Frankfurt region has been selected for analysis. This choice
is motivated by the aim to evaluate the impact of the assimilation of Zeppelin observations in a
region with different emission characteristics. While North Rhine-Westphalia is characterised by
high emissions from power plants and industrial activities that emit at high altitudes, Frankfurt
has comparatively much lower emissions from these sectors. The urban area is more dominated
by surface emissions from transport-related sectors, including aviation.
The present study covers the period from 11 to 13 September 2020. During these three days, the
Zeppelin conducted continuous measurement flights over the Frankfurt region (see Fig. 6.19),
performing more than nine round trips daily between 07:00 and 17:00 UTC. The objective of
this study is to evaluate the ability of Zeppelin to detect the distribution of urban pollutant con-
centrations in the PBL. In addition, emphasis will be placed on evaluating the improvements
achieved through 4D-Var assimilation of Zeppelin observations and identifying any potential
limitations.

Figure 6.19: Flight path of the Zeppelin over Frankfurt on 11 September 2020..

6.3.1 Meteorological conditions
From 11 to 13 September 2020, persistent high-pressure systems dominated the atmospheric
circulation in central and eastern Europe (Fig. 6.20). The high-pressure system over Ger-
many helped to maintain stable weather conditions, particularly in the southern and eastern
regions. Temperatures rose above 28 ◦C at the surface for the three studied consecutive days,
accompanied by low wind speeds. Such conditions are favourable for the development of ozone
pollution.
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Table 6.4: Details of simulation setups for the investigation of the Frankfurt Zeppelin campaign on 11-13
September 2020.

Simulation Number of
Iterations Assimilated Observations Assimilation Window

EXP-CTR - - -
EXP-ZEP 10 Zeppelin observations (O3, NO, NO2, and CO) 00 UTC - 17 UTC
EXP-GRD 10 Ground-based observations (O3, NO2 and CO ) 24 hours

EXP-ALL 10 Ground-based observations (O3, NO2 and CO )
+ Zeppelin observations (O3, NO, NO2, and CO) 24 hours

Figure 6.20: 500 hPa geopotential height (in gpdm, colour-coded) and surface pressure (in hPa, white lines)
over Europe on 12 September 2020 at 00 UTC from GFS reanalysis data (www.Wetterzentrale.de).The
black line indicates the 552 gpdm contour.

6.3.2 Simulation setup
To investigate the gain of observational information from Zeppelin based measurements for an
air quality analysis, a similar study to section 6.2 was performed for the region of Frankfurt,
where the Zeppelin performed daily measurement flights from 11 to 13 September 2020. Four
simulation experiments were performed for all three days of this campaign: one control simu-
lation without data assimilation and three applying the 4D-Var of EURAD-IM. The horizontal
resolution of the model grids was selected to be 5 km x 5 km, implicating a temporal resolution
of 60 s. In all assimilation experiments, initial values and emission rates were jointly optimised.
Table 6.4 outlines the observations employed in each scenario, the assimilation windows, and
the simulation details.
The simulations are conducted continuously, such that the initial conditions and emission rates
of day n are used to simulate the following day n+1. The model is initialised from a clima-
tological chemical state with a 10-day spin-up simulation (1-10 September 2020) to ensure a
chemically balanced initial state. The spin-up was conducted with business-as-usual emissions,
while the three-day simulations were carried out with adjusted 2020 emission rates.

Case study 3: Limitations of the Zeppelin data assimilation 73



6.3.3 Comparison between simulated and observed data
The comparison between observed values and the background model estimates allows for a
comprehensive assessment of the model’s performance. Model biases can be identified by directly
evaluating the differences between an observation and the equivalent modelled value. The
Figures 6.21 and 6.22 show the time-height profiles of O3 and NO2 concentrations simulated by
EURAD-IM along the flight tracks of the Zeppelin on 11-13 September 2020, respectively. The
time–height profiles of NO are shown in Fig. A.7 in the appendix. The corresponding Zeppelin
observations are included as well as the WRF model derived PBL height. The observed values
have been averaged over 60-second intervals to align with the model’s temporal resolution. The
Zeppelin flights primarily occurred within the mixing layer of the PBL, except for measurements
conducted before 10 UTC on 12 and 13 September (Fig. 6.21 c, d), when the Zeppelin briefly
ascended a few hundred meters into the residual layer above the PBL.
In Fig. 6.21, the O3 concentrations in the residual layer are underestimated by the model. The
mean absolute difference between observed and modelled O3 concentrations in the residual layer
is 17.57 ppbv on 12 September and 13.19 ppbv on 13 September. However, in the lowest 100
m during the first 3 hours, the Zeppelin observations are in better agreement with the model,
with a mean absolute difference of 6.5 ppbv on 12 September and 4.1 ppbv on 13 September.
The model has performed relatively well in representing the O3 concentrations within the PBL
during the morning hours. Nevertheless, it struggles to accurately represent concentrations in
the residual layer, likely due to suboptimal O3 representation from the previous day or the
incorrect vertical distribution of anthropogenic emissions of its precursors. The PBL height
agrees well between observations and EURAD-IM, when analysing the change of pollutant
concentrations with height. These findings emphasise the effectiveness of Zeppelin observations
in capturing the layered structure of the PBL and their ability to monitor the lower troposphere.
In the mixing layer, the model largely underestimated the O3 concentrations across all analysed
days. On 11 September, the O3 mean absolute difference between model and observations is 5.31
ppbv, increasing to 8.31 ppbv in the afternoon (after 12 UTC). The afternoon mean absolute
difference grows to 17.04 ppbv on 12 September and 18.64 ppbv on 13 September. This indicates
that the model does not reproduce the high O3 concentration measured in the PBL during the
midday and afternoon. Furthermore, the underestimation becomes more pronounced each day
as the O3 concentrations rise.
As shown in Fig. 6.22, the model underestimates NO2 concentrations on 11 and 13 September
although to a lesser extend than it was for O3. The mean absolute observation minus background
difference is 2.33 ppbv on 11 September and 2.83 ppbv on 12 September. The underestimation is
more pronounced before 12 UTC, reaching 3.4 ppbv and 4.3 ppbv, respectively. In the afternoon,
the discrepancies decrease, with mean absolute differences of 0.97 ppbv on 11 September and
1.19 ppbv on 12 September. The high concentrations of NO2 on 12 September during the
morning are not well represented by the model during these two days. This discrepancy may be
attributed to poorly represented emission rates, unresolved emission sources due to the model
resolution, or the underestimation of O3 levels. Additionally, on 12 September between 09:30
and 11 UTC, substantial mean absolute differences of up to 18.2 ppbv are seen at approximately
300 m altitude. This suggests that the model fails to resolve local emission plumes.
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Figure 6.21: Time series of O3 observations from the Zeppelin as a function of altitude for 11 September
2020 (top), 12 September 2020 (middle), and 13 September 2020 (bottom), with model predictions from
the reference simulation (without assimilation) shown in the background. The PBL height calculated by
the model is indicated by the blue line.
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Figure 6.22: Same as Fig. 6.21, but for NO2.
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6.3.4 Assimilation results
Evaluation against Zeppelin observations

Comparing the results of 4D-Var assimilation with the assimilated observations helps to evaluate
how effectively the system integrate the observed data and enhances model accuracy. Figures
6.23 and 6.24 show scatter-plots comparing the model results with the Zeppelin observations
of O3 and NO2, colour-coded by time for the three studied days (11-13 September). Here, the
objective of the assimilation analysis is not that the model perfectly reproduces the observed
pollutant concentration values but to obtain the optimal fit between the model background
and the observations, taking background and observation errors into account. The assimilation
process has considerably reduced the difference between the model and the observations for O3
by more than 60%. The RMSE decreased from 6.51 ppbv to 2.49 ppbv on 11 September, from
15.32 ppbv to 5.67 ppbv on 12 September, and from 17.36 ppbv to 6.13 ppbv on 13 Septem-
ber. An improvement in the correlation was obtained on 11 September, when the assimilation
improved the correlation from 0.86 to 0.96, indicating an almost perfect agreement between
the observations and the model. However, on 12 and 13 September, several data points are
further away from the 1:1 line after the assimilation process. These data points are collected
within the PBL between 7 UTC and 12 UTC in the PBL. This suggests that the assimilation
process overestimates O3 values within the PBL. In contrast, the analysis well represents the
O3 concentrations in the morning and afternoons in the residual layer. These results indicate
an improvement in the representation of O3 levels during the afternoon and the residual layer.
However, the decline of model observation agreement found in the early hours of the day re-
quires further analysis to gain a complete understanding.
An improvement in the simulation performance of NO2 concentration is achieved due to the
assimilation of the Zeppelin observations. The RMSE decreased from 2.99 ppbv to 1.19 ppbv on
11 September, from 3.68 ppbv to 2.80 ppbv on 12 September, and from 3.44 ppbv to 2.06 ppbv
on 13 September. However, after the assimilation, the model did not effectively reproduce high
NO2 concentrations within the PBL on 12 September and outside the PBL on 13 September.
These high NO2 concentrations were likely linked to local emission plumes. The limitation is
attributed to the resolution of the model, which may not be sufficient to accurately represent
and optimise local emission sources.
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Figure 6.23: Scatter plots of predicted versus observed data for O3 from the Zeppelin flight on 11-13
September 2020 (from left to right). Observations are compared with model data from the reference
simulation(top) and EXP-ZEP (bottom). Circle markers represent points within the residual layer, while
triangle markers indicate points within the PBL.

Figure 6.24: Scatter plots of predicted versus observed data for NO2 from the Zeppelin flight on 11-13
September 2020 (from left to right). Observations are compared with model data from the reference
simulation (top) and EXP-ZEP (bottom). Circle markers represent points within the residual layer,
while triangle markers indicate points within the PBL.
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Simulations performance

The model simulation results were compared with independent observations from ground-based
stations to validate the impact of Zeppelin data assimilation. Furthermore, the analysis as-
similating the Zeppelin observations was compared to the results from the ground-based data
assimilation, as well as to the analysis that included both types of observations. Thus, the
added value and potential limitation of the Zeppelin observations can be assessed in the urban
area of Frankfurt and its surrounding environment. The validation stations are divided into
four categories: suburban, traffic, rural, and remote. The region of validation is illustrated in
Fig. A.8.
Figures 6.25, 6.26 and 6.27 presents the hourly RMSE for O3, NO and NO2, respectively, per
station type for all simulations and across the three analysed days. For O3, the EXP-ZEP
performs best for O3 during daytime, while EXP-GRD performs better at night. An exception
is noted for remote and mountain stations during the night hours at the end of the day, where
EXP-ZEP shows better correction for O3 compared to EXP-GRD. This indicate that the rep-
resentation of O3 was improved in elevated altitudes.
For NO, a minimal RMSE reduction is observed for all simulations. The best performance is
noted for EXP-GRD, except for suburban stations on 13 September, where EXP-ALL is slightly
better. The model effectively predicts the low NO concentrations at most monitoring stations.
However, during rush hours, the model struggles to accurately represent the high concentra-
tions derived because of traffic transport emissions. This limitation is likely due to the model’s
resolution. A decrease of the RMSE is seen for the case of NO2, with the best performance
noted for EXP-GRD and EXP-ALL.
However, for suburban and traffic stations on 13 September, the significant improvement in
RMSE for O3 during daytime in the EXP-ZEP experiment is accompanied by a notable increase
in RMSE during the night and the early morning, late afternoon, and nighttime, compared to
the control simulation. Similar patters is also seen NO2. Several reasons can be responsible
for the failure of the model to accurately represent the O3 and NO2 ground concentrations on
13 September. The first reason to consider is the PBL height. On 13 September, the PBL
height, as modelled by the WRF model, was very low, limited to only 800 m in the area of
the measurement campaign location. As presented in Fig. 6.21, by crossing the PBL top, the
Zeppelin observations captured the PBL structure as it is modelled, indicating that it was likely
well represented between 7 UTC and 10 UTC. However, during midday and the afternoon, the
PBL height may have been underestimated. As discussed in the previous section, vertical mix-
ing with the residual layer drives the increase in O3 concentrations during daytime. However,
given the shallow PBL, the vertical mixing is low, which limits the exchange process. Therefore,
the exchange process with the residual layer is insufficient to increase the O3 to the observed
levels. This suggests that the PBL height, in reality, likely exceeded 800 m. As a result, the
model increased O3 levels during the EXP-ZEP in the early morning to compensate for this
issue. The second possible cause for the insufficient correction of O3 is the misrepresentation
of O3 precursor emissions and Volatile Organic Compounds (VOCs) concentrations. Since NO
concentrations were very low, an overestimation of VOCs could have led to the formation of
peroxy radicals (RO2). These radicals react with NO, competing with the reaction between O3
and nitrogen oxides, which either reduces the O3 destruction or leads to the accumulation of
both O3 and NO2 . In addition, the poor prediction of NO peaks in the morning between 4
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UTC and 7 UTC, may be responsible for the overestimation of O3. A high NO concentrations
during this time could have helped to reduce O3 levels by generating NO2, which would then
enhance the photolysis of O3 in the presence of sunlight. Improving the model spatio-temporal
resolution, particularly for urban modelling, would allow for a better representation of NOx
and, consequently, O3 levels.

Discussion

This study aims to evaluate the impact of Zeppelin data assimilation on air quality analyses
in an urban environment. The findings suggest that the Zeppelin observations have a strong
capability to monitor the air in PBL, thereby providing valuable information on the vertical
distribution of pollutants and the temporal evolution of pollutant concentrations. The assimi-
lation of these observations allows for a significant improvement in surface ozone concentrations
during daytime periods, with better accuracy compared to the other assimilation experiments.
However, degradation of the analysis during the nighttime was also noted, primarily occurring
at suburban and traffic monitoring stations during nighttime and early morning hours, particu-
larly on 13 September when the boundary layer height was shallow. Therefore, using Zeppelin
observations for data assimilation over urban and suburban areas should be accompanied by
the assimilation of ground-based observations during the night. Those observations significantly
helped the data assimilation system to constrain the modelled atmospheric state towards the
optimal solution.
In conclusion, Zeppelin data assimilation demonstrates a high potential to improve air quality
analyses, particularly within strongly polluted environments. Still, various factors can limit the
impact beyond the data assimilation window, especially during nighttime. These factors in-
clude on the one hand observation related limitations, as for example the limitation of available
Zeppelin observations to day time flight operations, and on the other hand model constraints,
as the model resolution, hard to evaluate meteorological parameters (e.g. PBL height), or the
difficulty to well represent pollutants that are not observed.
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Figure 6.25: Hourly RMSE of O3 concentrations for all simulations across four types of monitoring
stations. The grey area represent the daytime period.
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Figure 6.26: Hourly RMSE of NO concentrations for all simulations across four types of monitoring
stations. The grey area represent the daytime period.
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Figure 6.27: Hourly RMSE of NO2 concentrations for all simulations across four types of monitoring
stations. The grey area represent the daytime period.
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7
Conclusion and Outlook

An observation gap exists in the planetary boundary layer (PBL) due to a lack of data
within the lowest 1 to 2 kilometres of the atmosphere above the ground. However, observations
of the dynamically active PBL are of great interest as they provide information on the horizontal
and vertical distribution of pollutants in the lower troposphere. The main objective of this study
is to investigate the potential and limitation of assimilating in situ airborne observations within
the PBL to regional air quality analyses. The airborne observations evaluated here are recorded
on drone and Zeppelin platforms.

Drone observations offer a promising solution to fill the observation gap in existing air quality
monitoring infrastructures. While several drone measurement campaigns with the aim to char-
acterise the vertical structure of meteorological and pollutant parameters have been conducted
over the past decade, no modelling studies exist that utilised a chemical transport model to
assess the possible impact of the assimilation of these observations. Therefore, the first part
of the thesis aimed to investigate the potential of drone observations to improve regional air
quality analyses. To achieve this, the EURAD-IM 4D-Var data assimilation system was used,
employing a combined approach that optimises initial values and emission correction factors.
The vertical profiles of ozone (O3) and nitrogen oxide (NO) collected by a quadcopter drone
during a two-day campaign were assimilated. The results show that the 4D-Var assimilation of
the drone measurements positively impacts the representation of pollutants within the PBL and
even at the ground in the widespread area around the campaign location. The vertical profiles
of O3 and NO concentrations overall improved in the analysis compared to the reference sim-
ulation without assimilation. A comparison with independent observations from ground-based
stations at the campaign location revealed a remarkable correction of the surface concentrations
of O3 and NO during the early hours of the day and throughout the assimilation window. This
positive impact of O3 and nitrogen dioxide NO2 ground-level concentrations propagated to lo-
cations more distant to the measurement site due to the corrected initial values and emission
rates. The emission correction factors were identified as driver for the analysis improvements.
This underlines that profile measurements within the lowest 350 m of the atmosphere have
a great potential for capturing pollutants that can be attributed to emission corrections and
thus improving air quality predictions. Although the drones were just equipped with low cost
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sensors, the information obtained is beneficial for initial value and emission factor optimisation.
To draw broader conclusions about the impact of measurements in the PBL on air quality

analyses, additional data are required. However, the drone campaign provided only two days of
successful measurement acquisition, which limits the statistical significance of the results. For
this reason, Zeppelin observations were additionally considered for an assimilation study. In
contrast to the drones, the Zeppelin did not simply measure vertical profiles but also collected
data during prolonged flights within a few hundred meters altitude and thus observed pollutants
in the PBL across larger areas.

The potential of the Zeppelin observations to enhance the air quality analysis was examined
through three case studies. In the first case, the realistic, yet extreme scenario for the year 2020
was considered, using emissions inventory that are highly uncertain because of the COVID-19
pandemic. The results showed that Zeppelin observations generally provide information for
reliable emission rate optimisation. In particular, emissions from the power plant sector can be
optimised well, as power plants mainly exhaust above a chimney height within the first hundreds
of meters in altitude. This sector assignment was confirmed by the satellite observations in the
study. Achieving similar performance in emission optimisation with ground-based observations
is challenging due to the limitations in the observability of emissions. The investigation revealed
that wind strength and direction, combined with the location of ground stations relative to
emissions sources, control the observability of emissions emitted in elevated altitudes. Therefore,
it was only possible to achieve similar emission optimisation results when the assimilated ground-
based observations were located downwind of the local emission sources and with the presence
of sufficiently strong winds. The validation against independent ground-based observations
distributed in the study region allowed for the evaluation of the model analysis performance.
The 4D-Var assimilation of Zeppelin observations has substantially improved the O3 analysis,
particularly within the assimilation window. A key result of this study is that the impact
of Zeppelin data assimilation was generally more beneficial than the impact of ground-based
data assimilation. However, the effect of the assimilation was influenced by the length of the
assimilation window, the distribution of the observations, and their location relative to the
emissions sources.

In the second case, another emission scenario was considered for the simulations, using an
adjusted emission inventory that improved the emissions for 2020 by considering the emis-
sion reduction due to the COVID-19 lockdown. A comparison with independent observations
demonstrated that the assimilation of Zeppelin observations resulted in an improved analysis of
O3 concentrations during daytime. In contrast, the assimilation of ground-based observations
performed better at night hours. The overall analysis performance was best when observations
from Zeppelin and ground-based stations were jointly assimilated. Here, the daytime improve-
ments of O3 were linked to the correction made to the initial values of O3 concentrations in
the residual layer. The resulting increase of surface O3 concentrations was obtained due to the
vertical mixing and exchange between the PBL and the residual layer. The adjustment of O3 in
the residual layer was less pronounced when only ground-based observations were assimilated,
indicating that these observations have limited influence in higher altitudes.

The third case study evaluates the potential of Zeppelin observations in an urban polluted
environment. These observations strongly improved the daytime O3 analysis. However, the
analysis degraded compared to the model background during night hours. Factors that con-

85



tributed to this deterioration include the representation of the PBL vertical extent, the abun-
dance of reactants, and the associated representation of pollutants and their emissions. These
findings indicate that enhancing the EURAD-IM model in respect to these factors is essential
to fully leverage the observations in the PBL. In conclusion, Zeppelin observations have shown
high potential to monitor the distribution of pollutants in the PBL and to improve air qual-
ity analyses through data assimilation in regions with high emissions, particularly at elevated
altitudes.

All the studies conducted in this thesis demonstrate the importance of the PBL observations
for enhancing air quality analyses. Drones and Zeppelins consequently provide effective mea-
suring platforms for bridging the observation gap in the lowest troposphere. While the Zeppelin
observations are not intended for operational data collection and assimilation, they serve as a
valuable tool for investigating and understanding the impact of observations. In contrast, drones
are more suitable for operational use due to their low cost and easy operation. In the future,
they might even define the next generation of air quality observing networks (O’Sullivan et al.,
2021), but will certainly be used more for field campaigns. One excellent example of existing
profile data within and above the PBL are the observations collected during passenger flights
as part of IAGOS (In-service Aircraft for a Global Observing System). These observations are
regularly assimilated in the CAMS regional analysis if available. For the analyses conducted in
this study, IAGOS profiles could not be used for evaluation due to the lack of availability in
the studied areas during the COVID-19 restrictions.

Given the encouraging results of this study, the widespread adoption of drones for measuring
air pollutants and the assimilation of the collected data into air quality models is recommended.
Conducting measurements strategically aligned with modelling requirements is essential to fully
exploit the potential of drone and Zeppelin based observations. Particular emphasis should be
placed on the time and location of the measurements. The study demonstrated that observations
at night, during sunrise, and during the middle of the day are beneficial and informative as
their assimilation improves the diurnal cycle of pollutants. However, it remains to be proved
how regular observation flights throughout the entire day and night can further constrain the
initial values and emission factors and thus improve the model analysis. Drone and Zeppelin
measurement locations should be selected based on the wind speed and direction. Taking the
observations downwind of dominant emission sources will likely improve the analysis as they
catch the emissions and provide information on required corrections. Thus, campaign planning
consulting an air quality model can help to determine optimal measurement sites and allow for
better observability with respect to emission optimisation.

It is essential to acknowledge several limitations that influenced the assimilation results.
First, in both studies presented in this thesis, the observational errors were approximated us-
ing the same method, following Elbern et al. (2007), which is a simple approach to estimate
the observation errors. However, given the use of low-cost sensors onboard drones, accurate
characterisation of observation error remains a critical aspect. More advanced techniques, such
as the Desroziers Diagnostic (Desroziers et al., 2005) or ensemble-based approaches (Waller
et al., 2014), could offer improved error estimates. Second, the model’s resolution used in this
study may not be sufficient to fully resolve local emissions, such as emission from the transport
sector. This is especially evident in urban polluted environments. Exploring the assimilation
of high-resolution drones and Zeppelin data with a high-resolution model grid might be partic-
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ularly beneficial, as it has the potential to finer resolve pollutant dispersion and thus further
improve the representation of pollutants in the PBL. Finally, an important constraint of the
assimilation system lies in the consideration of fixed daily emission profiles in the optimisation
algorithm. This inversion system is designed to optimise observations on a daily basis, meaning
that data collected over a 24-hour period is generally necessary for effective optimisation of the
daily emission factor that adjusts the amplitude of the temporal emission profile. Given the
challenge of continuously observing the PBL using drones or Zeppelins for 24 hours, the need
to develop an inversion system based on hourly rates to optimise the emission rates becomes
apparent. Additionally, as drone and Zeppelin observations were proven to be most effective
in observing emissions from local single sources (e.g., power plants), adopting a sector-specific
approach to emission optimisation can yield better assimilation results (Backes, 2023).

For future studies on the impact of PBL observations assimilation on air quality analyses, the
following studies are suggested. As discussed in the thesis and found in the literature, biases in
PBL structure can lead to errors in pollutant forecasts (Peng et al., 2021; Mohan and Gupta,
2018). Evaluating different PBL parameterisation schemes (Cohen et al., 2015) in WRF and
their impact on the EURAD-IM analysis when assimilating drone and Zeppelin observation
is a sensitivity study that can further investigate the effect of the PBL representation in the
model. Choosing the right PBL parameters is likely to improve the representation of vertical
mixing and exchange processes between the convective mixed layer, the residual layer, and
the free troposphere. For a good representation of O3 concentrations in EURAD-IM, a good
description of precursor emissions and concentrations is essential. While nitrogen oxides (NOx)
can be well constrained by observations, there are neither operational nor campaign-based
volatile organic compound (VOC) observations available. Consequently, a good evaluation of
VOCs in EURAD-IM is missing. Future studies can focus on comparing the model results
with in situ VOCs measurements. For instance, this work could be conducted in collaboration
with future measurement campaigns using the Zeppelin platform. As this thesis is limited to
gaseous pollutants only, it would further be interesting to investigate the impact on the overall
representation of air pollutants in the analysis by assimilating in situ aerosol observations in
the PBL (e.g., particulate matter with diameters less than 2.5 µm (PM2.5), and less than
10 µm (PM10)). Finally, one perspective is to increase the horizontal resolution of EURAD-
IM to better resolve the meteorological and chemical processes and emission patterns. This
improvement may significantly impact assimilating high-resolution airborne observations in the
PBL.
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Appendix A

Supplementary material for chapter 6

Figure A.1: NO emission factors resulting from the EXP-ZEP (right) and EXP-GRD (left) simulations
for the four study days.

88



Figure A.2: Daily NOx emissions of the inventory (left) and the analysed NOx emission changes for each
analysed day of 29 May, and 01-03 June 2020 (1-4 lines). The changes are shown for EXP-ZEP in the
right panels and EXP-GRD in the middle panels.

Figure A.3: Map of ground-based observations assimilated in EXP-GRD and additional ground-based
observations used for model validation in Section 6.1 and 6.2.
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Table A.1: Information about ground-based monitoring stations used for data assimilation in Section 6.1
and 6.2.

Station
Code

Station
Name

Station
Type

Latitude
(°N)

Longitude
(°E) Altitude

DENW079 Leverkusen-Manfort Rural 51.0289 7.0051 50 m
DENW068 Soest-Ost Remote/Mountain 51.5707 8.1481 110 m
DENW059 Köln-Rodenkirchen Rural 50.8898 6.9852 45 m
DENW064 Simmerath (Eifel) Remote/Mountain 50.6532 6.2811 572 m
DENW065 Netphen (Rothaargebirge) Remote/Mountain 50.9303 8.1919 635 m
DENW067 Bielefeld-Ost Suburban 52.0232 8.5484 102 m
DENW080 Solingen-Wald Rural 51.1838 7.0526 207 m
DENW095 Münster-Geist Suburban 51.9365 7.6116 63 m
DENW179 Schwerte Suburban 51.4488 7.5823 157 m
DENW029 Hattingen-Blankenstein Rural 51.4030 7.2086 93 m
DENW062 Bonn-Auerberg Rural 50.7536 7.0827 57 m
DENW066 Nettetal-Kaldenkirchen Remote/Mountain 51.3269 6.1959 49 m
DENW038 Mülheim-Styrum Suburban 51.4535 6.8651 37 m
DENW078 Ratingen-Tiefenbroich Rural 51.3039 6.8200 41 m
DENW006 Lünen-Niederaden Rural 51.5922 7.5698 58 m
DENW022 Gelsenkirchen-Bismarck Rural 51.5336 7.1018 40 m
DENW002 Datteln-Hagem Rural 51.6414 7.3314 80 m
DENW015 Marl-Sickingmühle Rural 51.6990 7.1227 42 m
DENW096 Mönchengladbach-Rheydt Rural 51.1546 6.4257 78 m
DENW042 Krefeld-Linn Suburban 51.3377 6.6402 32 m
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Table A.2: Information about ground-based monitoring stations used for data assimilation in Section 6.3.

Station
Code

Station
Name

Station
Type

Latitude
(°N)

Longitude
(°E) Altitude

DERP007 Mainz-Mombach Suburban 50.0171 8.2165 120 m
DERP009 Mainz-Zitadelle Suburban 49.9950 8.2740 110 m
DERP025 Wörth-Marktplatz Suburban 49.0523 8.2535 104 m
DEHE042 Linden/Leihgestern Remote/Mountain 50.5330 8.6844 172 m
DERP001 Ludwigshafen-Oppau Suburban 49.5151 8.4024 91 m
DERP022 Bad Kreuznach-Bosenheimer Str. Suburban 49.8421 7.8662 108 m
DEHE001 Darmstadt Suburban 49.8723 8.6646 158 m
DEHE011 Hanau Traffic 50.1348 8.9181 106 m
DEBW004 Eggenstein Remote/Mountain 49.0765 8.4067 109 m
DEBY004 Kleinwallstadt/Hofstetter Str. Remote/Mountain 49.8694 9.1715 124 m
DEHE005 Frankfurt-Höchst Traffic 50.1019 8.5421 104 m
DEHE026 Spessart Remote/Mountain 50.1644 9.3994 502 m
DEHE039 Burg Herzberg (Grebenau) Remote/Mountain 50.7704 9.4594 491 m
DEHE043 Riedstadt Remote/Mountain 49.8252 8.5168 87 m
DEHE045 Michelstadt Suburban 49.6725 9.0020 209 m
DENW065 Netphen (Rothaargebirge) Remote/Mountain 50.9303 8.1919 635 m
DERP028 Westerwald-Neuhäusel Remote/Mountain 50.4243 7.7299 546 m
DERP053 — Rural 49.3511 8.4230 103 m
DERP060 — Suburban 49.1920 7.6146 378 m
DEBW010 Wiesloch Rural 49.3007 8.7001 162 m
DEHE008 Frankfurt-Ost Suburban 50.1253 8.7463 100 m
DEHE051 Wasserkuppe Remote/Mountain 50.4977 9.9359 931 m
DEBW015 Heilbronn Urban 49.1655 9.2248 157 m
DEHE044 Limburg Suburban 50.3832 8.0610 128 m
DEBW081 Karlsruhe-Nordwest Suburban 49.0286 8.3556 114 m
DEHE030 Marburg Suburban 50.8043 8.7693 182 m
DEBY077 Würzburg/Kopfklinik Rural 49.8047 9.9564 226 m
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Figure A.4: Total change in NOx emissions between the optimised and original emisison inventories
for different emission sectors on 29 May 2020. Negative changes (reductions) and positive changes
(increases) are summed separately. Bars indicate contributions from EXP-ZEP (non-shaded) and EXP-
GRD (shaded) to the emission change in tonnes/day.
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Figure A.5: Same as Fig. A.4 but for 01 June 2020.

Figure A.6: Same as Fig. A.4 but for 03 June 2020.
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Figure A.7: Time series of NO observations from the Zeppelin as a function of altitude for 11 September
2020 (top), 12 September 2020 (middle), and 13 September 2020 (bottom), with model predictions from
the reference simulation (without assimilation) shown in the background. The PBL height calculated by
the model is indicated by the blue line.
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Figure A.8: Validation stations for section 6.3.
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