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Abstract: This paper presents an overview of recent observational studies on the Clausius-Clapeyron
precipitation-temperature (P-T) scaling in midlatitudes. As the capacity of air to hold moisture
increases in connection with increasing temperature, extreme precipitation events may become more
abundant and intense. The capacity of air to hold moisture is governed by the Clausius-Clapeyron
(CC) relation, approximately 7% per °C. Departures from this, so called super-CC scaling and sub-CC
scaling, are consequences of different factors (moisture availability, type of precipitation, annual cycle,
the percentile of precipitation intensity and regional weather patterns). Since the moisture availability
and enhanced convection were considered as the most important drivers governing the P-T scaling,
dew point temperature as a scaling variable is discussed in detail and methods of disaggregation of
precipitation events into convective and non-convective are also reviewed.
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1. Introduction

The capacity of air to hold moisture increases with increasing temperature and extreme
precipitation events are generally expected to become more intense and frequent due to the global
warming [1–3]. The most extreme events occur when almost all of the moisture contained by the
volume of air is precipitated and, consequently, they are expected to be more intense with more
available moisture [4]. This hypothesis was initially established on theoretical grounds [5,6], then it
was supported and validated by climate models simulations, e.g., [7–16] and by observational studies,
e.g., [9,17–20].

Globally, surface evaporation that is enhanced by global warming mainly over the oceans is a
driver for increased precipitation. In other words, global precipitation increases with warming and
decreases with cooling [21]. Increases in global mean precipitation are constrained by changes in
the net radiative cooling rate of the troposphere; according to the recent outputs of global climate
models, it lies within a range of 1% to 3% per °C [1,22–24]. Thus, the increasing temperature leads
to the intensification of the global hydrological cycle [1] with important potential consequences,
including observed enhanced hydrological extremes [25–28], as extreme precipitation events often
lead to flooding [29].

The rate of change of saturated water vapor pressure with temperature is described by the
Clausius–Clapeyron (CC) relation. The approximate value of the change is 7% per °C. On the local
or regional scale, the CC relation determines the rate of change in intensity of extreme precipitation
events in the case of absence of other factors, e.g., changes in circulation patterns (a dynamical factor)
and in moisture content (a thermodynamic factor) [6,24,30].
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It has been observed that subdaily precipitation extremes are more sensitive to changes in
temperature than the ones on a daily timescale, recently e.g., [31]. The “super-CC” relation,
i.e., an increase higher than 7%, was first identified in daily and hourly records from a single station in
the Netherlands [32]. Since then, many studies evaluated the scaling between extreme precipitation
and temperature in a wide range of spatial and temporal scales in various climate settings, e.g., [33–38].

The overall goal of these studies is to identify the value of scaling, find its drivers, and explain
the observed scaling to assess local precipitation conditions. The super-CC scaling is interpreted
in connection with convective precipitation [39]. This is highly relevant for midlatitudes in
the warm part of the year when convective precipitation represents important part of total
amounts. Further, the increase in convective precipitation was reported by observational studies in
midlatitudes [40–44]. Additionally, according to [45,46] the most considerable increases are probable
for sub-daily precipitation events. Hence, higher frequency and bigger magnitude of flash floods may
also be expected due to increasing temperature.

As the type of precipitation is one of the most important factors governing the
precipitation-temperature (P-T) scaling, the classification of precipitation into the stratiform
(non-convective) and convective components is beneficial while studying the P-T scaling. Stratiform
precipitation is large-scale precipitation from stratiform clouds (e.g., nimbostratus). The stratiform
precipitation is usually long-lasting and it has smaller intensity. Its precipitation particles are smaller.
On the other hand, convective precipitation is associated with convective clouds (e.g., cumulonimbus).
Most often, it occurs as rain showers and thunderstorms of a relatively small spatial extent.
Its precipitation particles may grow to large sizes [47]. The importance of regional studies is highlighted
by the large spatial variability of convective extremes.

The main objective of this paper is to provide an overview of the results of recent observational
studies in midlatitudes, especially those that are not covered by the review published in 2014 by
Westra et al. [45]. The overview is focused on different methodological approaches (data selection,
scaling methods, event classifications and differentiations of convective and stratiform events).

This work is organized, as follows: firstly, the theoretical background of the Clausius–Clapeyron
relation is provided. Subsequently, the P-T scaling identified by observational studies in midlatitudes
is discussed with a focus on the interpretation of departures from the CC scaling. Special attention
is paid to the role of convective precipitation and overall moisture availability. The last section of
the paper summarizes the methods and data sets used in the assessment of the P-T scaling and the
methods for the disaggregation of convective and non-convective precipitation are also reviewed due
to the important role of convective precipitation in the super-CC scaling.

2. Clausius–Clapeyron Relation

The Clausius–Clapeyron equation characterizes a phase transition between two phases of the
matter of a single component. On the pressure-temperature diagram, it delineates the slope of the
coexistence curve (1) :

dP
dTK

=
L

TK∆v
=

∆s
∆v

(1)

where P denotes pressure, TK temperature (in Kelvin), L specific latent heat, v specific volume, and s
denotes specific entropy.

Regarding the capacity of the atmosphere to hold moisture, the CC equation can be rewritten in
the form [45]:

δes

δTK
=

Lves

RvT2
K

(2)

where es is saturation water vapor pressure, Lv is the latent heat of vaporization, and Rv is the
gas constant.

The empirical form of equation (2) relates es to local air temperature T (in °C) in a nearly
exponential rate [48]:
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es = 6.1094e
17.625T

(T+243.04) (3)

The formula is usually further approximated as a rate of 7% per ◦C with an assumption that all
factors influencing precipitation but temperature remain constant and, consequently, precipitation will
be proportional to the amount of water that is held in the atmosphere. Moreover, the rate of change of
es with T may also be the rate of change for the most intense precipitation events with T [5].

3. Precipitation-Temperature Scaling Identified by Observational Studies

P-T scaling observational studies cover a wide range of climate conditions and different spatial
and temporal scales. They can be categorized into studies that consider local temperature and studies
considering temperature change with global warming.

Several prevailing features were reported: the approximate CC rate of 7% per °C was identified
for temperatures up to 12 °C, the P-T scaling up to triple this rate was observed for temperatures
up to 24 °C and decrease of the P-T scaling or a negative P-T scaling was detected for temperatures
above 24 °C [45,49]. Interestingly, similar behavior was reported from Paleocene–Eocene Thermal
Maximum (56 Ma) strata in Spain: the super-CC scaling was identified above 12 °C while a decrease of
precipitation intensity was found above 24 °C [50].

Generally, the resulting P-T scaling can be influenced by processes that are not necessarily purely
thermodynamic. Consequently, the general term P-T scaling is used here for any scaling between
precipitation and temperature identified in observational studies. The following terms are used for
approximate quantification of the P-T scaling following the usual practice: sub-CC scaling (less than
7%), CC scaling (approximately 7%), super-CC scaling (more than 7%), and 2CC scaling (approximately
14%). The term negative scaling refers to the case when precipitation decreases with temperature.

This section is organized, as follows: firstly, the variables used for analysis of the P-T scaling are
described, then the results of observational studies regarding the increase in the P-T scaling above
CC are discussed and summarized, and finally the drivers of the decreased P-T scaling at higher
temperatures are discussed.

3.1. Variables Used for Analysis of the P-T Scaling

Regarding precipitation, most observational studies use high percentiles of 1-h intensities for the
assessment of the P-T scaling, because they represent extreme precipitation events better than daily
intensities. Subhourly intensities are identified to be even more sensitive to temperature than hourly
intensities [31,33]. However, some studies found opposite behavior [51]. The probable explanation for
these generally heterogeneous results could be that precipitation extremes are, besides other important
factors, heavily influenced by intermittency, as shown by a modeling study [52].

The most often used temperature variable is the daily mean temperature. The motivation is that it
represents the temperature of the air mass better than the hourly temperature that is influenced by
boundary-layer processes and radiation [32]. Nevertheless, the hourly temperature was successfully
tested for the P-T scaling with very similar results to the daily temperature [53]. Moreover, the P-T
scaling of daily and hourly temperature was compared in a study in the contiguous US with similar
results [54].

The P-T scaling while using surface temperature is only robust under the assumption that relative
humidity remains constant [55]. To avoid this limitation, the dew point temperature (temperature
at which the air becomes saturated with water vapor at constant pressure) prior to the precipitation
event is used instead of surface temperature [49,56,57]. The motivation is the underrepresentation
of the highest temperatures in the data set because of the cooling by precipitation. This issue can
also be addressed by using temperature of condensation level instead of surface temperature [34,53].
Some of the observational studies carried out the analysis of the relationship between the extreme
precipitation and both the surface air and dew point temperature in order to evaluate whether
temperature influence on extreme precipitation is an issue of moisture availability, e.g., [31,35,51,58].
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In Austria, for example, moderate intensities showed higher sensitivity to dew point temperature
than to the surface temperature, however, results for high percentiles were not significantly different
between surface temperature and dew point temperature [31]. The definitions of moisture-limiting
threshold temperatures were proposed as an alternative to using precipitation—dew point temperature
relations to identify moisture limitations [51]. Another approach for the assessment of the role
of available moisture in the P-T scaling was used in an observational study in China; the tripole
relation among surface temperature, atmospheric moisture, and precipitation was investigated with
heterogeneous results in midlatitudes [59].

Convective Available Potential Energy (CAPE) is also sometimes considered in studies on the
P-T scaling. It is the total energy available for conversion to kinetic energy and it equals the total
work that upward positive buoyancy force performs [60]. CAPE controls the maximum velocity of an
adiabatically ascending positively buoyant air parcel and it increases as the air temperature rises [54,61].
For instance, heating and moistening near the surface, cooling high up in the troposphere, and release of
additional latent heat during condensation [6] generates CAPE. Under idealized conditions, the fraction
of CAPE transformed into kinetic energy, is constant. Subsequently, the vertical velocity of an ascending
air parcel and, consequently, the condensation rate and intensity of rainfall are proportional to the
square root of CAPE [62]. CAPE and dew point temperature were used as scaling variables in [54,62] to
separate the effects of temperature on rainfall extremes via increased water content and via enhanced
atmospheric convection.

The following factors were identified by the relevant literature as influencing the shape of the
P-T scaling, e.g., [31,35,63]: type of precipitation, annual cycle, the percentile of precipitation intensity,
regional weather patterns, including related different moisture availability in regions [64], pressure
level of scaling temperature (surface vs. cloud temperature) [53], small and large-scale atmospheric
dynamics, vertical stability, and CAPE feedbacks that might enhance convection. Clearly, most of these
factors are strongly interconnected.

3.2. Increase of the P-T Scaling and Super-CC Scaling

Table 1 presents examples of P-T scaling observational studies with identified threshold
temperature (THR) between CC (or sub-CC) and super-CC scaling. The P-T scaling that was
distinctively steeper than the CC scaling was initially detected for station De Bilt, the Netherlands in
the aforementioned study [32]. They identified the scaling between the 99th and higher percentiles of
hourly precipitation and the daily temperature to be at approximately the CC rate of 7% per °C for
temperatures up to 12 °C (in annual data) and approximately double this rate for temperatures up to
22 °C.
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Table 1. Increase of the precipitation-temperature scaling identified by selected observational studies in midlatitudes and corresponding threshold temperature (THR).
Where not stated explicitly the results are for the whole year and total precipitation.

Localization Type/Season Temperature Precipitation Percentile below THR THR above THR

De Bilt, the Netherlands [32] – T daily 1-h 99%, 99.9% ≈7% 12 ◦C ≈14%
– T daily 1-h max 99%, 99.9% ≈7% 12 ◦C ≈14%

Four sites in W Europe [65] – Tdew 1-h 90%, 99%, 99.9% ≈7% 10 ◦C ≈14%, ≈17%, ≈17%
– T daily 1-h 99%, 99.9% ≈7% 10 ◦C ≈14%

Germany [33] conv. T daily 1-h 75%, 99% ≈7% 10 °C above 7%
total T daily 1-h 75%, 99% ≈7% 12 ◦C above 7%

the Netherlands [39] conv. Tdew 1-h max above 50% 14%

Vienna, Austria [53] – T hourly 1-h 90%,95%,99% below 7% 12 °C ≈14%
– T hourly 700–500 hPa 1-h 90%,95% below 7% −10 °C above 7%
– T hourly 700–500 hPa 1-h 99% 7% for the whole range

Romania [66] – T daily 1-h 99%, ≈7% 10 ◦C ≈14%
– T daily 1-h 99.9% ≈14% 10 ◦C ≈14%

for some stations

United Kingdom [67] spring T daily 1-h 99% below 7% 10 ◦C above 7%
summer T daily 1-h 99% below 7% 15 ◦C above 7%

Sicily [63,68] wet T daily 30 min, 60 min 99% below 7% 10–15 ◦C above 7%
dry T daily 30 min, 60 min 99% below 7% 10–15 ◦C above 7%
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The super-CC scaling was interpreted as being caused by dynamical feedbacks as a result of excess
latent heat release in extreme showers [69]. The increasing temperature leads to increasing moisture
content and more latent heat being released during condensation supports enhanced convection.
Testing this hypothesis, the 2CC scaling of dew point temperature and hourly convective precipitation
was linked to large-scale atmospheric conditions [39]. The spatial extent of a precipitation event was
found to increase with increasing dew point temperature. Furthermore, the 2CC scaling was explained
by enhanced convection due to an increase in near-surface humidity.

The size of a cloud cell can be a critical factor for the observed super-CC scaling of convective
precipitation. The study [70] investigated the size and intensity of convective rain cells by tracking
rainfall events in high-resolution radar data and found that higher intensities were accompanied
by larger rainfall areas and larger events were more likely a result of the merging of rain cells.
This was even more pronounced for dew point temperatures above 15 °C, where the size of events
increased steeply. Microphysical processes probably also contribute to the observed super-CC scaling:
precipitation extremes were identified to be sensitive to the fall speed of hydrometeors as different P-T
scaling was obtained with different microphysics schemes in a modeling study [71].

The findings of the original study [32] were later extended with analysis of scaling conducted
separately for convective and non-convective precipitation events and the super-CC scaling has
been explained by the coexistence of the stratiform and convective types of precipitation at higher
temperatures [72,73]. Then, in [56], the dew point temperature was taken 0, 2 and 4 h prior to the
precipitation event and 14% scaling was identified for the dew point temperature measured 4 h before
the event. This confirmed the large dependency of hourly precipitation extremes on near surface
humidity and the super-CC scaling hypothesis. In the following studies, the high P-T scaling rates were
explained by the shift from stratiform to convective precipitation and intensification of the convective
precipitation [33,74–76].

The super-CC scaling was identified for convective events by most of the studies that distinguished
between convective and stratiform (large-scale) precipitation, e.g., [31,51,54,73,77] and studies listed in
Table 1. The observation that convective events can produce intensity increasing above the CC scaling
was also endorsed by modeling studies [75,78]. On the other hand, intensities that are connected to
stratiform precipitation often increase at approximately the CC rate, even at higher temperatures,
e.g., [33,54].

The annual cycle has an important role in determining the P-T scaling [79] in case the different
processes that drive extreme rainfall are dependent on the season. In the United Kingdom, consistent
sub-CC scaling was observed in autumn and winter. In contrast, the super-CC scaling was identified
for spring and summer [67]. The study proposed two explanations for the super-CC scaling: transition
from the dominance of large-scale to localized convective rain or as a consequence of quasi-stationary
convective storms.

In Sicily, the increase in the P-T scaling with temperature was identified for both dry and wet
seasons (Table 1) and put in the connection with a transient period between the two seasons during
which both convective and stratiform precipitation occur. Thus the observed P-T scaling can be
interpreted as a result of coexistence of the two precipitation types [33].

In Romania, the P-T scaling was initially explored for the whole year and the P-T scaling close to
CC was reported for the 90th percentile of hourly precipitation and close to 2CC for the 99th and the
99.9th percentiles between 10 °C and 22 °C.

The study [35] analyzed the P-T scaling of maximum daily rainfall intensities for durations
ranging from 5 min to 12 h from station data in Canada with the following results: for short durations,
the P-T scaling was close to CC in coastal regions while the super-CC with upper limit was observed
in inland regions. The estimated P-T scaling was not sensitive to the percentile for sufficiently high
percentiles. Interestingly, in contrast to the studies from Europe, the shape of the P-T scaling did not
depend on season.
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The influence of regional weather patterns was assessed by an observational study that was
conducted in Austria [31]. They identified the P-T scaling to be lower in the mountainous western
region than in the eastern lowlands. This was explained by different weather patterns that generate
extreme precipitation in the two regions, as local topographic conditions may determine the P-T
scaling [80]. Specifically, in the warmer eastern lowlands, the extreme precipitation is associated with
short, convective rainfall events during summer and low gradient synoptic conditions with high shares
of locally recycled moisture. In the mountainous western region, the extreme precipitation is sourced by
Mediterranean moisture and local temperatures might be less indicative of the sensitivity. The cooling
effect of large precipitation events, the orographic amplification of precipitation, and generally cooler
temperatures in the Alpine environment may influence the P-T scaling. Because of the regional and
seasonal variability of the precipitation intensities, a smaller ratio of the scaling can signify a bigger
absolute change in intensity. For example, steep P-T scaling at low daily temperatures may not indicate
large absolute changes in precipitation intensity and relatively less steep P-T scaling at high daily
temperatures may have important consequences in terms of accumulated rain.

3.3. Decrease of the P-T Scaling at Higher Temperatures

Intensities of extreme precipitation may decrease above high temperature thresholds.
This peak-like or hook-like structure was described as typical for the midlatitudes in a global study
of the P-T scaling [81]. The threshold temperatures varied among different regions and they were
interpreted to indicate a transition from a moist to a dry regime where a further intensification of rain
is halted, as also reported by modeling studies, e.g., [82,83].

To illustrate the differences in threshold, daily temperatures among different regions, the following
examples of recent observational studies in Europe are presented: for the French Mediterranean region,
15 °C has been described as a threshold temperature between the CC scaling and the sub-CC or
negative scaling. This was explained by the dynamical contribution of orography [84]. In Sicily,
the negative CC scaling was identified above 22 °C for the 99.9% percentile for the annual period
and for the dry season (April–September). On the other hand, the decline in the P-T scaling was not
identified for the wet season [63]. In Romania, the 99th and the 99.9th percentiles exhibited the negative
scaling rates for temperatures above 22 °C [66,85]. Threshold temperature between the positive and
negative scaling of convective 6-h precipitation was identified to equal 17 °C in the Czech Republic [76].
Similarly in Austria [86], both lowland and mountainous regions, for which the P-T scaling was
compared, have threshold temperature around 17 °C. These findings suggest that in midlatitudes
the threshold temperatures are higher in warmer regions. However, more results especially outside
Europe are needed for such conclusion.

A study from a single station in Austria analyzed the P-T scaling between precipitation and the
mean temperature at the hour of precipitation, daily mean temperature and the start of the precipitation
accumulation period. The study identified a threshold temperature of P-T scaling stagnation around
19 °C for all three temperature variables within the range of temperature bins that contained enough
data [53]. Mean temperature between the 700 and 500 hPa layers (cloud temperature) from a reanalysis
was also tested by the study. For the cloud temperatures, the scaling remained constant over the whole
temperature range for the 99th percentile (Table 1); sample sizes at the very warm end were larger for
this percentile and, therefore, the results were more robust.

The aforementioned lack of moisture as a reason for the negative scaling at higher temperatures
was discussed in [87]. The study argued that this can be an artifact originating from sample size when
smaller samples underestimate high quantiles, and proposed the use of parametric quantile estimates
from the generalized Pareto distribution fitted with L moments to remove this effect. The bin shifting
mechanism was also proposed as a possible cause of the negative scaling at high temperatures based
on the observation of daily extreme precipitation associated with local cooling.
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4. Data Sets and Methods Used

Table 2 presents the overview of different methods and data sets used for assessment of the
P-T scaling in midlatitudes. The particular data sets, including the quality checks and methods for
assessment of the P-T scaling, apparently have an important impact on obtained results. For instance,
operational gauge networks may underrate extreme convective precipitation over small areas [86]
and further influence the estimated P-T scaling. Most of the regional studies are based on station or
gridded observational data [31,51,54,63,67]. On the other hand, high resolution radar data were used
for the analysis of the size and intensity of rain cells [70].

4.1. Methods to Depict the P-T Scaling

Most of the observational studies use the binning method in different versions and modifications
(for example, see Table 2). The binning method is based on placing the temperature data into a
fixed number of temperature bins with width from usually 1 °C to 3 °C. Subsequently, precipitation
percentiles of interest are calculated for each bin. Some studies used the whole range of precipitation
mboxcitemanola2018future, grillakis2018hydrometeorological; most of them included only events
equal or above certain threshold, e.g., 0.1 mm per hour [32], 0.6 mm per hour [70], or 1 mm per hour [53].
Alternatively, the bins are defined in such a way that they have an equal number of precipitation
observations, e.g., [63,88,89].

The small number of observations per bin may cause a decrease in the P-T scaling or even negative
scaling [53]. Similarly, the smaller number of observations in a bin [90] may be the reason for the steeper
P-T scaling than in the case when the number of observations per bin is higher [54,62]; the three studies
were carried out for the same region and the latter two differed in that [62] was based on station data,
while [54] on gridded station data.

As an alternative to the binning method, some studies fitted the quantile regression model to
obtain more detailed information on the influence of temperature on precipitation intensity (see
Table 2). Quantile regression method is also assumed to be more robust against outliers than the
binning method [31,91].

The scaling function is usually analyzed for the linear trend to identify the scaling rate. Some
other studies used different methods to detect the threshold temperature, e.g., LOESS interpolation
and other examples in Table 2. A comprehensive comparison of three regression models (exponential
regression, two-segment piece-wise regression, and LOESS regression) was carried out in the study for
Sicily, where innovative use of piecewise and locally-weighted scatter plot smoothing regression-based
approaches provided better insight into the P-T scaling, especially in the dry season [63].



Atmosphere 2020, 11, 786 9 of 16

Table 2. Overview of methods and data sets used by precipitation-temperature observational studies in midlatitudes.

Localization Observational Period Precipitation Data Temperature Data Scaling Method Other data

UK [67] 1992–2011 1-h more than 1300 stations T daily binning daily atmospheric circulation indices
gridded data set [88] [92]

Netherlands [39] 1995–2014 P 1-h at 30 stations T 1-h, Tdew 1-h binning 1-h humidity
Netherlands [70] 2008–2016 5 min 1 km radar data Tdew 1-h from stations binning with constant bin widths

rainfall events binning with constant bin numbers
Netherlands [74] 8 years P 10-min Tdew 1-h binning 2 ◦C overlap

16 years P 1-h
16 years P daily Tdew daily

only wet intervals
Switzerland [51] 1981–2011 P 10 min T daily quantile regression rel. humidity

lightning
Germany [93] shortest 1971–1976 5 stations 5 min resolution T 1-h binning 5 °C, overlap 3-h synop

longest 1971–1987
SW Germany [33] 1997–2004 obrometers 90 stations 5 min resolution T daily binning 1 ◦C 3-h synop

2007–2008 radar e-obs data set
Vienna, Austria [53] 1979–2011 P 1-h at 1 station T 1-h binning ERA-Interim 1979–2011
Austrian SE Alpine foreland [31] 1958–2014 P 10 min., P 1-h T daily, Tdew daily quantile regression circulation type classification

rainfall events gridded data set ERA-Interim data 1979–2016
Medit. France [84] 1989–2008 P 3-h at 220 stations T 3-h at 220 stations binning atmospheric integrated water vapor

P 3-h SAFRAN analysis system T 3-h SAFRAN analysis system [88]
Mediterranean [94] shortest 1995–2008 P 3-h at approx 20 stations T daily binning ERA-Interim 1989–2008

e-obs exponential regression
Romania [66] 1951–2014 P 1-h, daily at 9 stations T daily binning Best Lifted Index (four layers)

[32]
Romania [85] 1966–2007 rainfall events at 6 stations T daily binning maximum intensity index (IMAX)

[32]
South Korea [77] 1980–2014 P 1-h at 26 stations T 1-h, Tdew 1-h quantile regression humidity, pressure, cloud type

binning with constant bin width
binning with constant bin number

Japan [95] 1951–2010 P 10 min, P 1-h T monthly least squares
Contiguous U.S. [96] longest 1948–2009 P 1-h T daily binning method

shortest 1948–1986 at 14 stations divided in 4 regions 2 °C
Contiguous U.S. [90] 1950–2009 P 1-h T daily binning method

at 1029 stations gridded at 1/16 degree [32]
Contiguous U.S. [35] longest 1948–2009 P 1-h T daily binning method

shortest 1948–1986 at 14 stations divided in 4 regions 2 °C
Contiguous U.S. [54] P 1-h T 1-h, Tdew 1-h off-line change point analysis daily lightning data

gridded gridded [97]
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4.2. Disaggregation of Precipitation Events

Various methods for the identification of stratiform and convective precipitation have been
developed. These methods are usually based on synoptic and/or radar observations and reanalysis,
the state of the weather, rain intensity fluctuations, or lightning occurrence [33,43,44,51,54,98].
Thanks to the aforementioned different properties of stratiform and convective components, it is,
to some extent, possible to distinguish them directly in precipitation data [99]. It is important to
point out that most of the methods listed here have the potential to underestimate the occurrence of
convective precipitation, namely the methods based on threshold precipitation intensity. Additionally,
the scarcity of stations can underestimate the occurrence of convective events in observed data,
e.g., in the case when the convective events are recognized based on observed lightning [54].

A simple rain cell tracking method allows for a separation between stratiform and convective
types of precipitation events and reveals a clearly different behavior of their life cycles [100]. SYNOP
reports (surface synoptic observations) are the basis of the disaggregation algorithm proposed in [98].
The main advantage of the method is that it is capable of capturing the convective rains of low intensity.
On the other hand it needs the full SYNOP reports and it is impossible to use this method on data from
automatic stations or on simulations from climate models. Therefore, the application of the method is
limited. Basically, the algorithm operates with two criteria: the convective and stratiform precipitation
types are characterized by different types of weather events (main criterion) and from different types
of clouds (secondary criterion). Another approach based on weather observation data was presented
in [51]. The idea is simple: since the heavy convective summer thunderstorms are associated with
lightning, lightning is a good proxy for convective precipitation. The idea is supported by reported
observations, e.g., in [101]. On the other hand, not all convective precipitation is due to thunderstorms
(showers from cumulus clouds not accompanied by lightning occurrence).

Another disaggregation method is based on the relation between the cumulative precipitation
and corresponding precipitation intensity [99]. The method uses the observation that this relation
is nearly exponential for subdaily time periods. In contrast to the methods described above, it uses
in situ rain gauge data only. The method assumes that the stratiform events are weak and long-lived,
while convective events are intense and short-term. The light showers of convective origin cannot be
captured by the method. The observed anomalies from exponential function are linked to convective
systems. In the original study [99], a subset of global surface precipitation data by the World
Meteorological Organization was analyzed. The study found that the relation between cumulative
precipitation and precipitation intensity has a nearly exponential shape. This approach and the derived
method was later used for the Spanish Mediterranean coast and Central Europe [76,102].

To sum up, distinguishing between the convective and stratiform precipitation events is crucial
while studying the P-T scaling; the obtained P-T scaling of total precipitation may be unphysically steep
due to the prevailing occurrence of stratiform precipitation at lower temperatures while convective
precipitation at higher temperatures. However, one has to be aware of the fact that some of the
convective events may remain unrecognized, especially when using the methods that are based on
threshold intensity [35]. Additionally, due to usually small spatial extent of convective precipitation
events, it is possible that many of them are not captured when using sparse station data.

5. Conclusions

Here, the current state of research regarding the P-T scaling in midlatitudes was reviewed
based on observational studies. The main drivers for the observed super-CC scaling, sub-CC scaling,
and negative scaling were described and summarized. It is possible to recognize two main mechanisms
of how increasing temperature can influence precipitation extremes in midlatitudes: increased water
content and enhanced atmospheric convection.

The super-CC scaling is linked to convective precipitation in two ways: convective precipitation
events are more sensitive to an increase in air temperature and they prevail at higher temperatures;
the essential reason for the super-CC scaling is linked to the dynamics of the convective events.
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As these two factors are strongly interlinked, deciding on their relative importance is almost impossible.
The sub-CC scaling or even negative scaling at very high temperatures was explained by the lack
of moisture; however it can be an artifact caused by smaller observation samples underestimating
high quantiles.

To obtain robust results it is beneficial to include the scaling with dew point temperature.
For understanding physical mechanisms/drivers, it is important to distinguish between convective
and non-convective precipitation events to avoid overly steep P-T scaling because the two components
behave differently also in terms of scaling with temperature. Further, some of the convective events
might remain unrecognized due to principles on which most of the disaggregation methods are based.

Finally, it is essential to keep in mind the objective of a given observational study and establish
data homogeneity and proper quality control. Specifically, one should be also aware that shorter
observational time series may provide highly uncertain results due to undersampling of very
high percentiles which are of interest while studying the P-T scaling of precipitation extremes.
Advanced methods, such as quantile regression or extreme value distributions, may improve the
estimates of high quantiles, but the length of data still remains a critical issue.

In conclusion, future research efforts should be focused on better understanding convective
precipitation, including their links to moisture availability, and better distinguishing between
non-convective and convective precipitation events. Both of these research directions need sufficient
data sets, which highlights the necessity of improving observational systems and advantages of
interconnection of observations and modeling in the research studies focused on the P-T scaling.
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