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Abstract

In many mid-latitude regions, a substantial fraction of extreme precipitation events occur in the
vicinity of atmospheric fronts. To understand the processes that lead to such extreme precipitation,
it is important to study the environment of the front. In this paper, we introduce a new method
for computing vertical composites of frontal environments. Existing approaches construct such
composites relative to front lines that represent the front at a single pressure level. However, fronts
are vertically tilted and can exhibit substantial geometric variability, both within an individual
front and between distinct events. Therefore, at levels away from the reference front line, the
alignment of front environments based on a single front line commonly blurs the signals in the
analyzed atmospheric variables. Our method accounts for the vertical structure of the front by
computing composites relative to the actual front position at all height levels. We showcase the
method using ERA5 reanalysis data for 50 cold fronts over Europe and apply it to thermodynamic
and kinematic fields. Compared with conventional line-based composites, the new approach yields
signals that are sharper and spatially more coherent. It also provides a visualization in which front-
relative distances can be interpreted directly throughout the vertical column. Our method offers a
general framework to study atmospheric processes in frontal environments and can be applied to
different types and definitions of fronts.

1 Introduction

Atmospheric fronts are boundaries between air masses with different properties, typically different
densities, and thus different temperatures. Such fronts are a central component of mid-latitude weather
variability. For example, a substantial fraction of mid-latitude extreme precipitation occurs in the
vicinity of fronts [6, 7] and fronts also shape the projected intensification of extreme precipitation in a
warmer future climate [17]. In the warm season, the environmental conditions during the passage of
cold fronts can be favorable for the occurrence of deep convection, which not only causes precipitation,
but potentially also other hazards such as lightning and strong winds [24, 23]. Furthermore, fronts are
embedded in larger-scale circulation anomalies, and the mutual interactions between fronts and mid-
latitude cyclones, e.g., via frontal wave cyclogenesis, can have a strong influence on the development
of these weather features [30, 11, 28, 19].

To study these various processes and impacts associated with fronts and quantify their relevance
beyond individual case studies, methods for the automatic detection of fronts have been developed
since the 1960s [12, 31, 25, 32, 26]. More recently, machine-learning methods have been developed for
the automated detection and classification of frontal features [18, 21, 8, 13]. The available methods
differ, e.g., with regard to the atmospheric variables on which the detection is based. Such variables
include potential temperature (6), which is the temperature that an air parcel would have if brought
adiabatically to a reference pressure of 1000 mb, equivalent potential temperature (6.), which addi-
tionally accounts for latent heat release during cloud formation, and horizontal wind. These methods
also differ in the mathematical function that defines the frontal boundary, such as the magnitude of a
horizontal gradient or the thermal front parameter (TFP), which is the negative directional derivative
of the horizontal gradient magnitude in the direction of the horizontal gradient [33]. For most of these
approaches, a specific two-dimensional domain (often a level of constant pressure) is selected on which
the front is identified in the form of a line. Pressure levels are more suitable for this purpose than, for



example, altitude levels because the relationship between pressure, temperature, and density can lead
to comparable thermodynamic states being located at different geometric heights in the atmosphere.
However, fronts also possess a vertical structure, including a vertical slope of the boundary between
cold and warm air [20]. For a comprehensive analysis and understanding of the complex dynamics
of fronts and their relation to impacts, variations in the vertical structure, which are not taken into
account in such classical two-dimensional automatic detection methods, can play an important role.
For example, vertical differences between the relative motion of warm and cold air are associated
with structurally different cold frontal types, also denoted as ana- and kata-fronts [3, 26], which go
along with differences in the spatial distribution of clouds, convection, and precipitation relative to the
front [4]. The limitation caused by looking at a single front line instead of the entire vertical structure
of the front can be mitigated by computing front lines at several two-dimensional domains and stacking
these front lines together to create a front surface. Niebler et al. [22], e.g., apply such an approach.
However, it is not guaranteed that these front lines really describe a contiguous front surface since the
front lines are extracted independently in a slice-by-slice fashion, that is, in 2D rather than by working
directly in 3D. Hence, recent studies have begun to develop three-dimensional detection methods for
the identification of fronts as two-dimensional surfaces separating two air masses [14, 2, 9]. Beckert
et al. [2], following Kern et al. [14], use a contour-based method on smoothed data from numerical
weather prediction models to investigate details of frontal dynamics, such as the temporal evolution
of the front or its interaction with specific air streams, such as the warm conveyor belt. In contrast,
Gossing et al. [9] use ridge surface computation, which among other properties differs from the ap-
proach by Kern and Beckert et al. by only requiring the computation of lower-order derivatives of the
underlying atmospheric field, which is numerically more robust and therefore does not require data
smoothing.

Based on one-dimensional front lines extracted with two-dimensional front detection algorithms,
Pacey et al. [24] and Schaffer et al. [27] recently investigated the mean environment of European cold
fronts using vertical cross-frontal composites. However, their method uses only a single point in each
vertical cross-frontal slice, that is the intersection point of the one-dimensional front line at a certain
pressure level with the vertical cross-section, to apply a global alignment (translation) of the entire
vertical cross-section. This leads to a substantial smoothing of the atmospheric quantities in the near
horizontal vicinity of the front for all pressure levels other than the one at which the front line is
identified.

In this paper, we address this limitation and extend their approach by using the entire two-
dimensional front surface for computing the vertical cross-frontal composites. Instead of aligning the
vertical cross-frontal slices with respect to only a single point on each slice, our proposed method aligns
each row of the vertical cross-section separately. As we will show below, this results in more pronounced
structural features of the atmospheric variables in the computed vertical cross-frontal composites that
to a large extent are smoothed out in the previous approach. We propose two visualizations of the
vertical cross-frontal composites. First, we use a completely straight vertical front line as reference.
Second, we align the vertical cross-frontal slices to the average vertical front line. Whilst the first
visualization does not represent a natural scenario, because it shows the front as a straight upright
structure, it does allow for an easy visual readout of the atmospheric variables w.r.t. the distance to
the front at all pressure levels. In comparison, the second visualization depicts the same values as the
first one but in a different, more natural and intuitive way.

For the computation of the two-dimensional front surfaces, we apply the algorithm of Gossing
et al. [9]. All front surfaces are extracted as contiguous two-dimensional ridge surfaces from three-
dimensional reanalysis data. To demonstrate the benefits of our new method for computing vertical
composites, we use a set of 50 synoptic-scale cold fronts of at least 1000 km length in Central Europe
during the warm season. For these 50 cold fronts, we compute cross-frontal vertical composites of
thermodynamic and kinematic fields with the previous approach as well as the new approaches, and
compare the results.

In order to facilitate an easy reading of the manuscript, key mathematical notations that are
introduced within individual sections are summarized in Table 1 within Appendix A.



2 Data

In this study, we use ERA5 global reanalysis data [10], which represent three-dimensional atmospheric
data given on a regular grid with a spacing of 0.25° in both latitude and longitude. In particular, we
use ERA5 data for the domain 30° N — 70° N and 20° W — 30° E, for the period 2007 — 2016, restricted
to the months May—September, sampled at 12 UTC (Coordinated Universal Time). Vertically, 23
pressure levels between 200 hPa and 1000 hPa are linearly interpolated to obtain a regular grid spacing
of 10 hPa. The data used are summarized in Table 2 in Appendix B.

For the computation of composites of vertical cross-sections and to support distance analysis,
the data is further transformed from the latitude-longitude grid to a horizontally curvilinear grid
with metric coordinates (X,Y’), while the vertical coordinates and resolution are not modified. The
horizontal transform is computed relative to a reference point (Mg, o), chosen as the center of the
analysis domain, using a spherical Earth approximation with R = 6371 km:

Y = R(p—¢o), (1)
X = R cos(p) (A= Xo), (2)

with angles in radians.

To derive the thermal quantity called the equivalent potential temperature, denoted by 6., we
use temperature, specific humidity, and pressure. The variable 6. is conserved during vertical motion,
including latent heat release associated with moist processes in the atmosphere. Fronts identified using
0. are characterized by strong gradients of temperature, humidity, or both [32]. However, temperature
and humidity gradients are not necessarily colocated, and strong 6, gradients do not always represent
synoptic fronts [33]. Therefore, in this work, 6. is used to extract continuous front features associated
with previously identified fronts.

3 Methods

3.1 Objective Front Definition

As discussed in Section 1, previous studies used various atmospheric fields as a basis for automatic
detection of fronts. Here, to allow for a comparison with previous work and consider fronts that have
been shown to be relevant for the occurrence of convection over Europe in the summer season, we
use the front dataset of Pacey et al. [24]. In this dataset, fronts were objectively detected following
Hewson et al. [12] with the equivalent potential temperature as thermodynamic input variable. We
use these previously identified fronts to extract the corresponding two-dimensional front surfaces from
three-dimensional fields of .. However, unlike Pacey et al., we do not smooth the data prior to further
processing. For the ridge detection described below, we calculate the magnitude of the first horizontal
derivative |V30c| of this (unsmoothed) field [9]. The directional maxima of the first derivative can
be used to identify the surface with the largest horizontal gradient of 6. in the frontal zone, which
serves as the main characteristic of the front. This is consistent with the front definition of Pacey et
al. [24], since these maxima coincide with the zero contours of the thermal front parameter (TFP)
used to define their one-dimensional front lines. This way, fronts are represented by a two-dimensional
surface along the center of the frontal zone. Although fronts are conventionally placed at the warm-air
boundary of the frontal zone, we use this representation to remain consistent with the front dataset
of Pacey et al. [24]. Alternatively, the warm-air boundary could be extracted as a surfaces from the
ridges of the negative TFP field. The 2D front surface extraction method used in this work is described
in the following section.

3.2 2D Front Surface Extraction

In this section, we describe the method that we used to extract the 2D front surfaces. Since 2D front
surfaces are an essential part of the proposed workflow, we describe the method to ensure the com-
pleteness of the manuscript. While a specific front surface extraction method is employed to present
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Figure 1: Ridge surface (yellow triangular mesh) extracted from the 3D scalar field of the horizontal
gradient magnitude of 6. (shown as a horizontal slice at 700 hPa). The underlying equivalent potential
temperature field 6. is shown at 850 hPa. The green points depict the seed points used for computing
the ridge surface.

our results, it is important to note that our proposed workflow for computing vertical composites sup-
ports other methods that compute contiguous 2D front surfaces. Indeed, small variations in outcome
are anticipated due to the inherent differences between the front extraction methodologies.

In this work, as previously proposed by Gossing et al. [9], we extract the 2D front surfaces of cold
fronts using the ridge surface extraction method developed by Klenert et al. [16]. This method uses
a fast-marching scheme [29, 1] to locally compute surface patches that are subsequently merged into
a contiguous surface mesh [16]. The ridge extraction method takes as input two types of data: (1) a
three-dimensional (3D) scalar field containing two-dimensional (2D) ridge structures representing the
cold fronts, and (2) a set of seed points for the local fast-marching algorithm, where each seed point
generates a single surface patch of the cold front. For cold fronts, the horizontal gradient magnitude
of the equivalent potential temperature field (cf. Sect. 2) can be used as a scalar field containing the
2D ridge structures (see Fig. 1). The resulting 2D front surface is represented by a triangular mesh
that follows the highest values of the magnitude of the horizontal gradient of the equivalent potential
temperature. In other words, the 2D mesh separates two regions from each other, one with rather cold
and dry air from that of warm and humid air. This is depicted in Figure 1 by showing the extracted
surface with both the equivalent potential temperature field and its gradient magnitude. One can
clearly observe that the surface mesh is located at the positions where the gradient magnitude field
has its locally highest values. The seed points needed for the surface extraction can be generated
interactively or automatically, where one assumption about the seed points is that they lie on or close
to the 2D ridge structure of interest. The ridge surface extraction method naturally stops in regions
with small scalar values, since for small values the fast-marching costs become very large. This leads
to ridge surfaces that vanish at low gradients of the equivalent potential temperature field, which is
sensible as a low gradient indicates that either there is no ridge structure anymore or the distinction
between the air masses w.r.t. temperature and humidity is very low (cf. Sect. 3.1). In both cases, ridge
surface extraction should stop. The extracted 2D ridge surface is represented as a triangular surface



mesh where each vertex lies at the local directional maximum of the gradient field of the equivalent
potential temperature defined by the normal of the surface at the respective vertex.

To generate seed points for the ridge surface extraction method, we initially tried using the front
lines generated by the algorithm of Pacey et al. [24]. These front lines were sampled with regular
spacing, resulting in a set of seed points. However, since Pacey et al. smoothed the equivalent potential
temperature field before computing the gradient, the seed points generated often did not coincide
with the ridge structure of the unsmoothed data, depending on the horizontal curvature of the front.
Although the ridge surface extraction algorithm is quite robust to the placement of the seed points,
they were too far away from the front that we wanted to extract in regions with high curvature or
where multiple small-scale front features were merged into one, due to smoothing. This problem could
be partially circumvented by moving the initial seed points along the stream lines of the gradient
field to their local maxima along the stream lines. However, this also did not always give satisfactory
results, since when the misplacement was too large, it could happen that the seed points were moved
to the wrong neighboring ridge structure. Therefore, instead of using all points along the front line, we
only used a few manually selected points as initial seeds for which front surface patches were generated.
From these initial seed points, we then used the automatic seeding method implemented in the ridge
surface extraction method [16]. After generating the surface patches for the initial seed points, the
method automatically places further seed points at the borders of the current front surface, as long
as the new seed points enlarge the front surface further. This worked sufficiently well for most of the
front cases considered here. In some cases, additional seed points were placed interactively to further
increase the front surface in regions where the gradient of the equivalent potential temperature was
weak. Further automation of seed point placement will be subject to future work and is discussed in
Section 5.

3.3 Vertical Frontal Composite Computation

In this section, we detail our novel approach to computing vertical frontal composites. The basis
for this approach is 2D front surfaces extracted using the method described in Section 3.2. These
front surfaces are represented as 2D triangular meshes that separate cold and dry air from warm and
humid air. Assuming that we have already computed the 2D front surfaces for all fronts of interest,
our approach starts by extracting the horizontal front lines of the 2D front surfaces at some pressure
level L, and representing the front lines as a parametric curve with an orientation associated with
each point of the curve (Sect. 3.3.1). At regular sample points of the horizontal front line, we then
extract vertical slices from the 3D volumes (Sect. 3.3.2). Additionally, at the same sample points of
the horizontal front line, we compute the vertical front line by intersecting the 2D front surface with
the respective vertical slice computed previously (Sect. 3.3.3). One of the proposed visualizations
requires the calculation of the mean vertical front line, which is described in Section 3.3.4. Finally,
the vertical slices are averaged in two different ways, resulting in different types of vertical composites
(Sect. 3.3.5).

3.3.1 Computation of Horizontal Front Line

Let Fg denote a front surface extracted using the ridge surface extraction approach described in
Section 3.2. Furthermore, let Pyz, ~denote the horizontal plane at the pressure level £, . We define
the horizontal front line JFy1, as the intersection Fyy, := Fg N PngO, and represent it as a polyline,
sampled with a regular spacing Spr,. This yields a set of points along the horizontal front line,
where we denote its ith point by Fpr, (7). With each sample point Fyp, () of the line, we associate an
orientation represented as the normal direction Ny () at this point, and compute it as the normal of
the line connecting its predecessor Fyr,(i — 1) and successor Fyr,(i + 1), lying in the plane PHﬁpo' For
consistency, we ensure that all normals point to the same side of the line. For cold fronts, the normals
point to the warm-side of the front.



3.3.2 Sampling of Vertical Slices

For the analysis of the frontal environment, the thermodynamic and kinematic variables are evaluated
in vertical slices. The horizontal orientation of these vertical slices is determined from a horizontal
front line (Sect. 3.3.1) given at some pressure level £, . Pacey et al. [24] used L) = 700 hPa because
it reduces interference from orography and boundary-layer turbulence, producing smoother and more
reliable automatically detected frontal lines. Our method is not restricted to a specific pressure level,
so any level at which the front is clearly visible could be used. However, when using vertical composites
for statistical analyses or to compare different cases, the same pressure level should be used. For each
point Fyr,(¢) of the horizontal front line, we define a vertical slice as the plane spanned by two vectors
u; and v, where u; = Npyp(i) is given by the normal vector of the horizontal front line at point
FuL(i), and v =e, = (0,0, 1) is parallel to the global vertical axis. Within each slice, the horizontal
coordinate is defined relative to the horizontal front line point, such that v = 0km corresponds to
Fur (7). In this vertical slice, we now sample the field of interest on a regular grid G (see Fig. 3) with
user-defined horizontal extent &g, e.g., 2500 km, and horizontal spacing Sug, e.g., of 10 km, while
the vertical extent of the slice follows the entire vertical range of the input volume with a user-defined
vertical spacing Syg, e.g., of 10 hPa.

3.3.3 Computation of Vertical Front Line

For the generation of our proposed novel types of vertical composites, we also need to compute the
vertical front lines at Fyr,(i). Let Py(i) denote the vertical plane that passes through Fyp, (i) with
NyL (i) being parallel to the plane. Then, similar to the horizontal front line, we can compute the
vertical front line as the intersection Fyr,(i) := FsN'Py(i), represented as a polyline and sampled with
a regular spacing Syi,. At a certain pressure level £, the position of the vertical front line is then given
on the vertical slice by Fy1,(i, £Lp). In order to allow for an easy processing of the vertical front lines, we
parametrize them in the 2D plane with coordinates (u,v), centered horizontally at Fyr(i, Lp,). The
parametrized vertical front line can then be defined as Fyy (i, Lp) = (ui(Lp),v(Lp)) = (wi(Lp), Lp),
where u;(Lp,) = 0 and u; (L) satisfies FYY (4, L) = Fy, (4, Lp,) + (Lp — Ly, )ez + ui(Lp)u;.

3.3.4 Computation of Vertical Front Line Means

Let F{yy, = {FULL(1) | i € {0,...,n}}, n € N, be the set of (u,v)-parametrized vertical front lines of an
individual front surface, computed for each point Fyp,(7) of the horizontal front line Fy, at reference
pressure level £, and let furthermore ﬁpj e{Lp, v Lp Loy Lo, Lp, ..} be a pressure level
within the vertical range covered by the front surface. Then, we compute the (u,v)-parametrized
mean vertical front position

T, Z (3)

’LEI
N ST L) + (Lo, = L Jes + (L, o
ZEI

7Z£pjez+ul )u,-, (5)
zel

where
Ii={i €{0,....n} | FvL(4, Lp,) exists}
is the set of indices for which vertical front lines are defined at the respective pressure level, and
Nj; = |I;| the number of these indices.
Then, for a set of front surfaces Fg = {fék) | k € {0,...,m}}, m € N of which each member has

a corresponding mean vertical front line .7:\(,]2 with parametrization .7: (), 2" (i, L), the mean vertical



front line position over all front surfaces in (u,v) — coordinates is computed by

~uv 1 (k),uv
WLo)= 51 2 A (L)) (6)
) kekK;
1
= > Ly e+ ug(Ly, e, (7)
J k'EKj

where
Kj={ke{0,...,m} | F&(L, )exists}

j
is the set of front surface indices for which a mean vertical front line position is defined at the respective
pressure level, M; = |Kj| the number of these indices, and e, = (1,0), e, = (0,1) denote the unit
vectors along the u— and v—axes, respectively.

3.3.5 Computing the Mean of the Vertical Slices
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Figure 2: Workflow of the vertical composite computation using 700 hPa as reference level. Steps
1 — A5 illustrate the construction of the single-pressure-level mean, while steps 1 — B6 show the
construction process of the centered all-pressure-levels mean, from which the all-pressure-levels mean
is derived in the final step BT.

In order to obtain representative vertical cross-sections of the environment relative to the front,
we compute the mean over all extracted vertical slices in two different ways. The first way aligns the



vertical slices w.r.t. to the front position in a single pressure level (single-pressure-level mean) and is
similar to the previous approach by Pacey et al. [24]. We present this approach here for comparison.
The second method, which represents our novel approach, aligns the fronts at all pressure levels (all-
pressure-levels mean). Additionally, for the second method, we suggest the generation of two different
visualizations, supporting different aspects of the front environment analysis, that is, either the analysis
along the vertical (all-pressure-levels mean) or the horizontal axis (centered all-pressure-levels mean).

[. The coordinate system of the vertical slice is defined such that the horizontal front line at L
lies at v = Okm. The mean is then computed over these vertical slices. Since the front positions
will only be aligned at £, and the slope of the vertical front line usually varies slightly along
the horizontal front line, we expect that in this case, for all levels other than L, , we will average
the values at positions with different distances to the front. We hypothesize that this way of
computing the mean, which is similar to the method used to generate frontal cross sections in
previous studies [24, 27], will result in a blurred representation for most pressure levels, especially
those further away from L, . We will refer to this representative mean as the single-pressure-level
mean.

II.a. We shift the vertical slice values separately for each pressure level such that the entire front
surface lies at © = Okm across all vertical levels. The mean is then computed separately for
each pressure level. This way, the front surface is aligned across all slices and over all vertical
levels. For pressure levels where no intersection with the front surface exists, values are treated
as missing at that level. We count the number of slices that contribute to the mean of a specific
vertical level in order to be able to correct for this imbalance. We will refer to this representative
mean as the centered all-pressure-levels mean.

IL.b. Starting from the centered all-pressure-levels mean, for each pressure level, we shift the centered
vertical slice values back in such a way that the value of the centered all-pressure-levels mean at
0 km matches the position of the mean vertical front line. This representation allows for a better
comparison with the single-pressure-level mean since the front structure will have a more natural
appearance. It also allows for a better visual analysis of vertical relations of the atmospheric
variables. We will refer to this representative mean as the all-pressure-levels mean.

We first compute the mean cross-sections for each front case separately. Note that all of the
computations described in the following are done in the uv—parametrization space, that is, similarly
to Section 3.3.4, we assume a uv—parametrization such that the front at £, is located at v = 0km. If
one is interested in a statistical analysis of multiple fronts, for I and II.a, we can simply compute the
mean of the individual front-mean cross-sections. For computing the representation of II.b, we first
need to compute the mean of II.a and use this to compute the representation of II.b. The workflow for
constructing these composites is illustrated in Figure 2, in which steps 1 — A5 lead to the representation
of I, and steps 1 — B6/B7 to the representations of II.a and ILb, respectively.

For the computation of the composites of multiple fronts, we decided to weight each front case
equally. An equal weighting seemed appropriate to us, as it does not favor long fronts, where usually
the variation of the frontal environments along a single front varies only slightly. However, alternatively
the influence of the fronts could also be weighted according to their lengths.

An important aspect to take into account in the compositing approach based on 2D front surface
is the vertically varying data availability. For an individual front, the number of available data points
varies between pressure levels, since the gradient of the equivalent potential temperature may be
weaker in some regions, and hence the front surface will disappear in those regions. We track individual
data availability for each front by counting the number of data points at each level. Furthermore,
different fronts can cover different ranges of pressure levels, because the extracted front surfaces do not
necessarily extend over the same vertical range. Both aspects are taken into account in the average
using only the available data at each pressure level and dividing by the corresponding number of data
points. In order to derive a representative mean frontal environment over all front cases, rather than a
mean over all available data points, all fronts are equally weighted in this paper. Therefore, the data
availability shown alongside the multiple-front means indicates the fraction of fronts contributing to
the mean at the respective pressure level.
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Figure 3: Single cold front case of 11 May 2012. Side view (left) and top view (right) of the extracted
2D front surface (yellow triangular mesh), with sampled horizontal front line Fyy, at 700 hPa (dark
gray), and grid G of the vertical slice (black, grid spacing of 50km and 50 hPa for illustration) on
which the field is evaluated at one point of the front line. The 3D scalar field of 0, is represented by
a horizontal cross-section at 1000 hPa and a vertical cross-section.

4 Results

In this section, the proposed compositing approach is first illustrated for a single cold front (Sect. 4.1).
Subsequently, we present some preliminary results of our study on 50 cold fronts (Sect. 4.2). We only
used synoptic-scale fronts of at least 1000 km length. The analysis is primarily intended to demon-
strate the advantages of the proposed method rather than to provide a comprehensive climatological
assessment. Throughout both parts, vertical cross-frontal composites of thermodynamic and kine-
matic fields based on the front surface (all-pressure-levels mean) as determined by the ridge surface
extraction method are compared to composites constructed relative to the one-dimensional frontline
at a single pressure level (single-pressure-level mean). In this work, we used £, = 700hPa to cal-
culate the means. For simplicity, in the following, we will refer to the single-pressure-level mean as
700 hPa mean. In addition, we show composites in which the front position is centered at each pressure
level, referred to as centered all-pressure-levels mean, which provide complementary information on
structures in the frontal environment by taking their distance to the front into account.

For all composites shown in this section, the parameters (Sect. 3.3) are set to Sgr, = 25km,
fug = £550km, Syg = 10km, and Syg = Sy, = 10hPa. For composites based on the front surface,
pressure levels are only considered in the calculation of the individual front means if at least 10 %
of the number of data points at the reference level £,, = 700hPa are available. For the multiple-
front means, pressure levels are only shown if at least 10 % of the fronts, that is, at least five fronts,
contribute to the mean. The corresponding data availability is displayed alongside the composites,
with 100 % corresponding to the data availability at the reference level £, = 700 hPa.

4.1 Single cold front example

In this introductory example, our methods described in Section 3 are applied to the single cold front
case of 11 May 2012 shown in Figure 3. First, vertical cross-frontal composites are constructed for
the 3D field used to extract the front surface, the magnitude of the horizontal gradient of 6., to show
how the frontal structure, characterized by strong horizontal gradients in the equivalent potential
temperature, is represented in the respective composites. The resulting composites are shown in



Figure 4, with the 700 hPa mean in Figure 4a and the all-pressure-levels mean in Figure 4b. For the
700 hPa mean, the analysed domain extends from 1000 to 200 hPa. For the all-pressure-levels mean,
only pressure levels at which a front surface was extracted are included, resulting in a vertical range
of 970-470hPa. The bar next to the all-pressure-levels mean indicates the number of data points
available at each pressure level relative to the maximum number at 700 hPa. In both composites, the
mean vertical front line is shown in black as a reference. We can observe that in both composites
the strongest gradients are centered close to the mean vertical front line and form a narrow, nearly
symmetric band around it. Maximum values occur at around 800 hPa in both composites, but they
are considerably higher in the all-pressure-levels mean. Furthermore, in the all-pressure-levels mean,
the maximum at each pressure level is located exactly on the mean vertical front line, because each
level is composited relative to the corresponding extracted front position. In the 700hPa mean, this
is only guaranteed at 700 hPa. At levels below 700 hPa, the maximum is partly shifted away from the
reference line. Above 700 hPa, a second region of enhanced gradient is visible behind the mean vertical
front line. This feature presumably represents an upper-level cold front that does not extend to the
Earth’s surface. By extracting the front as a 2D manifold, we can distinguish the front that extends
from the surface into the upper levels from such upper-level fronts. If the front had been extracted
as a front line from smoothed data at a pressure level above 700 hPa, the resulting line might have
been located further towards the second frontal region and would therefore not have represented the
exact position of the front. This shows that it is important to consider the front as a surface for the
calculation of composites rather than just using a single front line at a particular pressure level. It
also ensures that distances in the composite are measured relative to the actual front position at each
pressure level.
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pressure-levels mean, that is, with the frontal position aligned to mean frontal position (displayed by
the black line) at all levels. The fraction of available data for the all-pressure-levels mean is indicated
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The corresponding 700 hPa mean and all-pressure-levels mean composites for the equivalent po-
tential temperature, vertical velocity, and convergence fields are shown in Figure 5. These fields are
used to show how the choice of reference geometry affects the representation of thermodynamic and
kinematic structures in the frontal environment. While the equivalent potential temperature charac-
terizes the thermodynamic properties of the air masses on both sides of the front, vertical velocity and
convergence describe the atmospheric flow in its vicinity. Since the latter two variables are derived
from the wind field and not from the thermodynamic field that is used for the front detection, these
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variables provide a complementary perspective on the frontal environment in our analyses.

In both composites of 6., the colder air mass forms a wedge-shaped structure beneath the warmer
air. The mean front line clearly separates the cold and comparatively dry air behind the front from
the warm and moist air ahead of it. The strongest thermodynamic contrast is located along the
front line in both composites below 700 hPa. Above 700 hPa, the contrast is less pronounced, while
a second wedge-shaped structure towards the colder air mass becomes apparent, as already seen in
the corresponding composites of the horizontal gradient magnitude of #.. Although the differences
between both compositing approaches are subtle for this particular front case, the contrast along the
mean vertical frontline is slightly sharper in the all-pressure-levels mean (Fig. 5b).

For the kinematic variables, the differences between the two compositing approaches are more
pronounced. In the vertical velocity field, both composites show ascending air ahead of the front and
descending air behind it, as expected for a cold front [20]. However, the signal is stronger in the
all-pressure-levels mean, in particular at upper levels. In this composite, additional structures become
visible close to the front line on the warm-air side between 800 and 900 hPa. Overall, upward and
downward motion appear to be more clearly separated by the front line in the all-pressure-levels mean,
which suggests that the vertical circulation associated with the front is more coherently represented
when each pressure level is aligned with the corresponding front position.

Figure 5e and 5f show the composites for the horizontal convergence field. Associated with
ageostrophic cross-frontal circulation [20], we expect lower-level convergence and upper-level diver-
gence in the regions of ascent ahead of the front and the opposite signal in the descending cold air.
Such structures are observed in both 700hPa mean and all-pressure-levels mean, albeit with some
noise. In the all-pressure-levels mean (Fig. 5f), positive values are greater than in the 700 hPa mean
(see corresponding histograms in Fig. 10 in Appendix C), especially ahead of the front close to the
mean front line at lower levels as well as at upper levels. Enhanced divergence is also visible in the all-
pressure-levels mean, located almost vertically above the region of enhanced lower-level convergence.
Overall, the vertical structure becomes clearer in the all-pressure-levels mean.

4.2 Preliminary Statistics Across Multiple Fronts

In this section, we describe the results of applying the proposed compositing method described in
Section 3 to a set of 50 cold fronts. A description of the data set and a complete list of the front
cases are provided in Section 2 and Table 2, respectively. Similarly to the results for the single front
presented in Section 4.1, we computed the 700hPa mean and the centered all-pressure-levels mean
fields for each of the 50 fronts separately. For each front, we ignored pressure levels in the centered
all-pressure-levels mean field if there was less than 10 % data available compared to the maximum
number of possible cross-sectional data. This resulted in the loss of very low and very high pressure
levels.

In order to compute the 700 hPa means and centered all-pressure-levels means of multiple fronts,
we only had to average the mean fields of all individual fronts as these were already normalized
(centered) either w.r.t. the 700 hPa front position only (700hPa mean) or w.r.t. to the front position
at all pressure levels (centered all-pressure-levels mean)(cf. Sect. 3.3.5). However, similarly to the
computation of the mean fields of the single fronts, we removed pressure levels if the number of single
fronts contributing to this pressure level was less than 10 %, that is, for 50 fronts, at least five fronts had
to contribute data to a pressure level to include this pressure level in the composite computation. The
resulting multiple-front centered all-pressure-levels mean fields extend from 980 to 410 hPa. For most
of the cold fronts studied, extracting the front surfaces was difficult both down to the surface level,
that is, to the 1000 hPa level, and above the 450 hPa level. Hence, the data density is comparatively
low in the upper and lower pressure levels. Finally, from the centered all-pressure-levels mean fields,
we then computed the all-pressure-levels mean fields by shifting the individual pressure levels back to
the mean front position, as described in Section 3.3.5.

Figure 6 shows the 700hPa mean and the all-pressure-levels mean of the horizontal gradient
magnitude of 6.. For reference, the mean vertical front line of all 50 fronts, computed from the
front surfaces, is displayed in both composites. In comparison to the 700hPa mean of the gradient
magnitude computed for the single front depicted in Figure 4a, Figure 6a shows a much less clear

11



200 ‘

Data Availability

300
400
1]
o
L
~
()
_
3
w
@ 700
p -
o
800
900
-500 -400 -300 -200 -100 0 100 200 300 400 500 -500 -400 -300 -200 -100 O 100 200 300 400 500
Distance / km Distance / km
(a) (b)
290 295 300 305 310 315 320 325 330
Equivalent Potential Temperature / K
200 1
300 0.9
400 08
1]
o
C 500
~ 0.7
€ 600
a 0.6
@ 700
[ -
o 05
800
900 0.4
03
-500 -400 -300 -200 -100 0 100 200 300 400 500 -500 -400 -300 -200 -100 O 100 200 300 400 S00
Distance / km Distance / km 02
c d
(©) (@)
-5 -4 -3 -2 -1 0 1 2 3 4 5 0
Vertical Velocity / 10™'Pa s™
200
- -
300 -
—_
400
E - ‘1
< 500 "
~ _' ‘_' b &
P i .
£ 600 - E ;
@
@ 700 :
S
o —
800
900 -
1000 —
-500 -400 -300 -200 -100 O 100 200 300 400 500 -500 -400 -300 -200 -100 O 100 200 300 400 500
Distance / km Distance / km
(e) (f)
-5 -4 -3 -2 -1 0 1 2 3 4 5

Convergence / 10°s™
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structure. The mean front line no longer fits to the underlying data except at the 700 hPa pressure
level. The reduced clarity of the 700 hPa composite is caused by differences in the slopes of the frontal
surfaces. Although the horizontal front lines at 700 hPa are aligned before averaging, the fronts extend
upward and downward with different inclinations. Consequently, the composite averages values from
locations that are at different distances to the actual front surface. This blurs the gradient signal and
produces a much less distinct structure. In contrast to this, in the all-pressure-levels mean (Fig. 6b),
the strongest gradients are aligned with the mean front line at each pressure level. This also supports
the claim that the applied ridge surface extraction method works correctly and is capable of identifying
the regions of largest 6. gradient of the front at each pressure level.

A similar picture emerges for the equivalent potential temperature field. In the 700 hPa mean of 6,
(Fig. 7a), the separation between the two air masses is clearly visible only close to the 700 hPa level,
whereas the thermodynamic contrast becomes increasingly blurred above and below this reference
level. In the all-pressure-levels mean (Fig. Tb), however, the cold and comparatively dry air behind
the front and the warm and moist air ahead of the front are clearly separated along the mean front
line over the given range of pressure levels. This indicates that the thermodynamic structure is better
preserved when the front position is taken into account at each pressure level.

The differences between the two compositing approaches are similarly pronounced for the kinematic
fields. The 700hPa mean of vertical velocity (Fig. 7c) shows ascending air ahead of the front and
descending air behind it, with the highest values mainly between about 750 and 400 hPa. However,
the signal is broad and no distinct maximum or minimum can be identified. Around the mean front
line, values are close to zero over a large part of the vertical range, likely because the variability of the
frontal slope between individual front cases causes regions of upward and downward motion to partially
cancel each other when averaged relative to the 700 hPa front position only. In the all-pressure-levels
mean (Fig. 7d), the vertical velocity field shows a much clearer separation between upward motion
ahead of the front and downward motion behind it across all available pressure levels. A distinct
maximum in upward motion is located directly ahead of the front between about 700 and 600 hPa.
Regions of greatest descent are also more clearly identifiable at higher levels above 500 hPa, although
the uncertainty increases there because less than half of the fronts contribute data at these levels. In
particular, a minimum in vertical velocity can be observed directly behind the front at around 900 hPa,
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which is not visible in the 700 hPa mean. This might be the low-level signature of dry intrusions, dry
air streams that typically descend behind cold fronts [5].
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Figure 7: Multiple-front mean equivalent potential temperature, vertical velocity and convergence
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indicate upward movement. The fraction of available data for the all-pressure-levels mean is indicated
on the right.

15



The convergence field shows a consistent picture. In the all-pressure-levels mean (Fig. 7f), conver-
gence is strongest directly ahead of the front at all levels, but in particular at lower levels, where it
is consistent with the onset of upward motion. Divergence at surface level behind the front is associ-
ated with descending air. Compared to the 700 hPa mean (Fig. 7e), the convergence and divergence
patterns are more clearly related to the front line.

Overall, the signals away from the 700 hPa level are much stronger in the all-pressure-levels mean
(see also the corresponding histograms in Fig. 10 in the appendix), indicating that the kinematic
structures are better preserved when the fronts are aligned level by level. Furthermore, the kinematic
fields in the all-pressure-levels mean are more consistent with the thermodynamic structure in the
frontal environment.

In the centered all-pressure-levels mean, the front is located at u = 0km at all levels, making
equidistant features in the frontal environment immediately visually identifiable. The resulting com-
posites of all fields considered are shown in Figure 8. The presented data are the same as in the
all-pressure-levels mean but shifted according to their distance to the front. Therefore, ||V,0.| is
maximal at u = 0 km at each pressure level (see Fig. 8a). For 0., the air masses are clearly separated
at the frontal position throughout the vertical column. In Figure 8c, the maximum upward motion at
each pressure level is located within the first 100 — 200 km on the warm-air side of the front. A similar
pattern is found for convergence, with the strongest convergence at each pressure level also occurring
within this distance ahead of the front.

5 Discussion

In this paper, we have proposed a new approach to generating 2D vertical composite representations
of frontal variables. The approach enables the computation of vertical composites for both single
fronts along the frontal line and multiple fronts. At the core of our approach, we compute 2D front
surfaces as contiguous structures from the 3D scalar field of the horizontal gradient magnitude of
the equivalent potential temperature. In contrast to previous methods that compute the fronts in
2D horizontal cross-sections only, we compute the front at all pressure levels simultaneously. The
extracted contiguous 2D front surfaces enable us to compute composite variables in such a way that
patterns of the fronts and their close vicinity become more clearly visible. However, the purpose of
this work was not to perform a full analysis of frontal environments, but rather to provide a proof of
concept that the presented approach enables a better analysis of near-front patterns and structures. In
order to exploit the full potential of the proposed approach, some limitations need to be addressed in
future work. Therefore, in the following, we discuss the current limitations as well as the preliminary
results presented.

To extract the 2D front surface, we utilize a ridge surface extraction method [16]. Although
this method allows the extraction of front surfaces from unsmoothed data, it requires some initial
seed points to start the computation. For this, we used the 1D front lines computed in a previous
study [24]. However, computation of the 2D front surface based on points sampled along these front
lines failed in many cases because these front lines were computed on smoothed data. As a result,
in these cases, we had to resort to interactively correcting the seed points. Furthermore, sometimes,
when visually investigating the extracted fronts, we found that the fronts could be extended further.
Hence, additional seed points were manually placed at the boundaries of the fronts. These manual
interactions clearly limit the applicability of our approach, restricting it to either rather small sets of
front cases or requiring a large investment of manual labor. Both scenarios are not ideal. Therefore, to
make the proposed approach a useful alternative to previous methods, the 2D front surface extraction
needs to be automated.

Using the extracted 2D front surfaces, we computed vertical composites of frontal variables by
first extracting 2D vertical cross-sections that are horizontally orthogonal to the front line at a specific
pressure level, here at 700 hPa. These vertical cross-sections were then normalized in two different
ways: (1) by placing the entire cross-section such that the front at 700 hPa lies at the origin (u = 0km),
and (2) by shifting each horizontal row of the cross-section such that the front positions at each pressure
level are located at the origin. With the latter novel approach, we transform the data such that the
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front line in each cross-section becomes a vertical line. As a result, we can compute composites by
averaging over cross-sections of a single front and even several fronts such that frontal variables with
the same distance to the front are averaged over (centered all-pressure-levels mean). We further use the
front surfaces to compute the mean vertical front line of each individual front, which are subsequently
averaged and used to map the centered all-pressure-levels mean back onto a representative vertical
front structure. The resulting composite thus shows the means obtained from averaging values at
equal distances to the front, while also reflecting the mean vertical front structure (all-pressure-levels
mean). This is in contrast to the previous approach (single-pressure-level mean), where, depending on
the variation of the frontal slope within a single front or the variation of the morphologies of different
fronts, values corresponding to different horizontal distances to the front are averaged, leading to
smeared composites (e.g., Fig. ba, 7a).

With our new approach, we see clear patterns in the composites. For the equivalent potential
temperature, e.g., the composites show a clear separation of two distinct air masses along the mean
vertical front line (Fig. 5b, 7b). For the kinematic fields, a region of deep ascent and lower-tropospheric
convergence ahead of the front as well as near-surface descent and divergence behind the front emerge

17



clearly. This is in accordance with our current conceptual understanding of cold-frontal dynamics and
can thus be considered as proof of concept that our approach gives the desired results and shows a
much clearer picture than previous approaches.

However, since the sample size (50) considered in this study is not very large, we should be careful
with general conclusions. Although we see an intensification of some signals in the composites, the
spread between individual cases is large, and there is still some noise in the composites, in particular
for the kinematic variables. Hence, the interpretation of the observed patterns requires a much larger
sample size. A further limitation of our study is the restriction to fronts in a certain region (Central
Europe) and at a specific time (12 noon). Therefore, in future work, we will investigate whether
similar observations can be made for other data as well.

We should note that the choice of pressure level for computing the orientation of the vertical slices
will have some influence on the final result of the composite. This is because the orientations of the
horizontal front lines will slightly change from pressure level to pressure level. We expect this influence
to be negligible since we do not assume the horizontal front lines to vary greatly along the pressure
levels but to keep their general shape. However, we did not test this, but instead we leave this for
future work.

One inherent limitation of our approach is that it requires the front to be present at “all” pressure
levels. This is because we can only correct for the front position if we can identify a front position.
If no front can be extracted for some pressure level, this pressure level cannot be included in the
computation of the composite. Hence, our method introduces a bias towards fronts that extend over
many pressure levels. In order to work around this inherent limitation, we could interpolate front
positions if they are missing due to holes in the 2D front surface, or extrapolate the fronts at the
borders, in particular in the vertical direction. However, as this might also introduce some errors, in
this work we instead exclude pressure levels from the composite computation if no front was identified
at the respective pressure level. If the composite for a level is based on too few data, we ignore the
level altogether. As a result, our composites do not span all pressure levels, but are limited to a much
smaller vertical range than the original data. In particular, they do not span to the lowest pressure
level, that is, they do not reach the Earth’s surface. In this study, we used a threshold of 10 %, that
is, our results are based on at least 10 % of the data. One reason for this threshold is the low number
of fronts (50) that we looked at. Here, a threshold of 10 % means that at least five fronts need to
contribute to a pressure level. When including more fronts in our statistics, we may be able to lower
the threshold of 10 %, which would result in more complete composites.

By computing and visualizing the data availability for each vertical composite, we provide a first
measure of uncertainty that makes the user aware that the mean values computed may be based on
few data only. However, further uncertainty measures would be desirable. For example, it would be
interesting to determine and compute appropriate measures to indicate the statistical relevance of the
mean computed at each location over vertical composites. However, such a computation does not
seem to be straightforward, for which reason we leave this for future work.

6 Conclusions

In this work, we have presented a novel approach to the computation of vertical composite representa-
tions of frontal environments. We believe that this approach will help to obtain a deeper understanding
of the dynamics of atmospheric fronts. However, to fully exploit the benefits of this method, a full
automation of the front extraction method is required to enable the evaluation of a much larger num-
ber of fronts. For the front extraction method used in this work, automation mainly concerns the
generation of seed points. We currently explore several methods to improve on this, including the
scale-space approach by Kindlmann et al. [15]. However, we may also resort to other automated front
extraction methods, if they fulfill the requirements to generate 2D contiguous front surfaces, ideally
on unsmoothed input data. Working on unsmoothed data, as was done in this work, may open the
way to new analysis possibilities of ERAD reanalysis data as well as additional model data with higher
spatial resolution. The automation of the front surface computation will finally allow us to carry out
large-scale statistical analyses of 3D frontal environments.
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A Notation
Table 1: List of symbols and parameters.
Symbol Meaning Unit
0 Potential temperature K
0, Equivalent potential temperature K
A Longitude °
%) Latitude °
Vi Horizontal gradient operator km™!
|ViOe||  Horizontal gradient magnitude of the equivalent potential temperature K km™!
it Horizontal extent of the grid of the vertical slice km
JuL Horizontal front line
Fur(i)  ith point of the horizontal front line
Fs Front surface
FVL Vertical front line

FvL(i) Vertical front line at the ith horizontal front line point Fyr,(7)
G Grid of the vertical slice

Ly Pressure level hPa
MNur(i)  Normal vector of the horizontal front line at point Fyr,(4)

Puc, Horizontal plane at pressure level £,

Py (1) Vertical plane at the ith horizontal front line point Fyy, (i)

R Radius of the Earth km
Sua Horizontal spacing of the grid of the vertical slice km
SurL Spacing of the horizontal front line km
Sva Vertical spacing of the grid of the vertical slice km
Svr, Spacing of the vertical front line km
U Horizontal coordinate of the vertical slice km
v Vertical coordinate of the vertical slice hPa
X Metric x—coordinate km
Y Metric y—coordinate km
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B Cold Front Cases

Table 2: Cold fronts used in this study. Dates and vertical ranges of the corresponding front surfaces.

Front ID Date Min. level (hPa) Max. level (hPa)

1 2007-05-25 410 890
2 2007-06-25 370 990
3 2007-07-08 540 980
4 2007-07-09 520 860
5 2007-07-18 600 900
6 2007-08-06 560 930
7 2007-08-24 510 930
8 2008-07-11 520 920
9 2008-07-12 530 800
10 2008-08-01 580 830
11 2008-08-12 390 860
12 2008-08-19 500 850
13 2009-05-18 470 830
14 2009-06-15 320 870
15 2009-06-16 580 890
16 2009-07-14 470 860
17 2009-09-20 450 950
18 2010-07-12 650 800
19 2011-05-19 630 890
20 2011-05-31 560 830
21 2011-06-16 590 870
22 2011-06-18 480 770
23 2011-07-18 640 920
24 2011-08-06 590 990
25 2011-08-21 650 980
26 2011-08-22 460 900
27 2012-05-11 470 940
28 2012-07-27 550 990
29 2012-08-20 580 900
30 2013-08-19 510 930
31 2013-09-07 580 910
32 2013-09-16 580 930
33 2014-06-08 580 860
34 2014-06-10 490 870
35 2014-07-30 550 860
36 2014-08-10 600 970
37 2014-08-13 500 860
38 2014-08-29 490 990
39 2015-05-20 510 990
40 2015-07-29 580 980
41 2015-08-07 480 940
42 2015-08-12 290 970
43 2015-08-25 570 820
44 2015-09-01 490 960
45 2016-05-03 580 980
46 2016-07-01 580 930
47 2016-07-02 440 940
48 2016-07-11 430 810
49 2016-08-20 550 910
50 2016-09-11 480 930
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C Composite Histograms
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Figure 9: Histograms of the 700 hPa means and all-pressure-levels means of the horizontal gradient
magnitude of ¢, for (a) the single-front composites presented in Sect. 4.1 (Fig. 4), and (b) the multiple-
fronts composites presented in Sect. 4.2 (Fig. 6). To ensure comparability, the histograms of the
700 hPa means were calculated over the same domain as those of the all-pressure-levels means. The
bin width was calculated by dividing the range of values of the respective variable by the number
of bins (256). All histograms show that the majority of gradient values are small, while only a few
values are high. Since the highest gradient values in the composites are associated with the frontal
zone, this distribution reflects its narrow width relative to the frontal environment. Notably, the
maximum values in the all-pressure-levels means are approximately 20% higher than those in the
corresponding 700 hPa means. In (b), the 700 hPa mean contains a considerably larger number of
values up to approximately 7 K(100 km)~!, than the all-pressure-levels mean. This probably reflects
the variability in frontal slopes, which leads to a reduction in the composite mean of the horizontal
gradient magnitude of 6..
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(a) Single-front means for 11 May 2012
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(b) Multiple-fronts means

Figure 10: Same as Fig. 9 but for 6., vertical velocity and horizontal convergence composites of (a) the
single front case presented in Sect. 4.1 (Fig. 5), and (b) the 50 fronts presented in Sect. 4.2 (Fig. 7).
The bimodal distribution of #.-values reflects the presence of two different air masses separated by the
front. In particular, for the multiple-front all-pressure-levels mean, the bimodal distribution shows a
particularly deep minimum between the two modes, indicating a clearer separation between the two
air masses. For vertical velocity and convergence, the values exhibit substantially larger magnitudes
in the all-pressure-levels means than in the corresponding 700 hPa means. The histograms of vertical
velocity further confirm the observations from Sect. 4: most values in the single-front 700 hPa mean
are close to zero, whereas the multiple-front all-pressure-levels mean exhibits a bimodal distribution
with a minimum near zero between the two modes, reflecting a clearer separation between upward

and downward motion across the front.
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