Atmos. Chem. Phys. Discuss., Atmospheric

https://doi.org/10.5194/acp-2019-109-RC1, 2019 Chemistry

© Author(s) 2019. This work is distributed under .

the Creative Commons Attribution 4.0 License. and PhyS|CS
Discussions

Interactive comment on “Recent trends in climate
variability at the local scale using 40 years of
observations: the case of the Paris region of
France” by J. Ringard et al.

Anonymous Referee #1

Received and published: 10 May 2019

Review of: Recent trends in climate variability at the local scale using 40 years of
observations: the case of the Paris region France.

Summary: The analysis of variability of local scale uses temperature, moisture, and
precipitation to evaluate 40 years of observations to attempt to identify thermodynamic
versus dynamical changes in extreme events. The focus is on the summer season,
with companion analysis of the other three seasons.

The goal of this manuscript is to determine the differences (if any) between thermo-
dynamic and dynamic influences on extremes. | believe this is a good question and
worth exploring this topic. Dynamical vs thermodynamical constraints are important
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considerations for the analysis of what drives extremes, especially within the context of
climate change.

However, the authors do not use the correct definition of thermodynamics in their anal-
ysis. Temperature and humidity are analyzed independently, when there is well es-
tablished literature demonstrating these variables are co-dependent. Temperature and
humidity covary together, and non-linearly in extreme regimes. These can be readily
calculated from Reynolds averaging (see eq. 13 from Buzan et al. 2015 for an exam-
ple; shown below). From an analysis of the methods, | cannot determine if this was
taken into account. The temperature and humidity plots are shown in isolation, and
when they are mapped together (Fig. 14), they are based upon seasonal averages.

From the literature review, every major manuscript on temperature-moisture covariance
from the past decade is missed (list of manuscripts below). To determine thermody-
namically driven events, a pure thermodynamical variable should and a computed. Wet
bulb temperatures/equivalent potential temperatures are linked to atmospheric con-
vection, which demonstrated in theory (see Williams et al., 2009; figure below) and
observation (Williams et al., 2017; example figure below). Wet bulb temperature max-
imums are directly tied to convection limits of the atmosphere. | recommend using
Wet bulb temperature as they lead to clear thermodynamic events. However, there
are other moist-temperature variables that could be utilized in the context of extremes
such as evaporative cooling efficiencies (swamp cooler temperatures), heat stress met-
rics (e.g. Wet Bulb Globe Temperature which is temperature-radiation-moisture co-
variance). Overall, analyzing temperature and moisture independently fundamentally
omits the total thermodynamical regime. | believe there are many more figures than are
necessary for the analysis resulting from treating these state variables as independent.

Overall, | believe there are fundamental missing characteristics that are necessary
to show thermodynamic vs dynamically driven changes in variability for the past 40
years. There is a lot of potential in this manuscript, and | am interested in evaluating a
future manuscript that handles the full thermodynamics. Many of the same techniques
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evaluating maximums and correlating events would apply when using a pure moist
thermodynamic variable.

Ex. 1) The observation stations (p. 4, line 8) shows warm-drier conditions Montsouris
vs cooler-moist Trappes. The area between these stations is relatively small, and a
metric such as wet bulb temperature or virtual temperature, | suspect, would show
almost no difference between these stations. This is due to the moist-temperature co-
variance is fundamentally connected to equivalent potential temperatures, which are
tied to the entropy state of the region (in other words, there are not significant differ-
ences in the total energy between the two stations).

2) Using wet bulb temperatures would remove the RH and q plots, and produce pre-
cipitation correlations between thermodynamics and dynamical driven processes. For
example, figure 9 would consist of Tw and precipitation. Maximum wet bulb tempera-
tures show clear pdf properties and have a clear non-gaussian shape (see Sherwood
and Huber, 2010 figure 1E; posted below), thus the changes in Figure 13 should show
clearer separations between the two time periods.

Supplemental: calculating moist-temperature values can be difficult. Choice of algo-
rithms, especially in the context of extremes, can impact the results. | have attached
code from the HumanindexMod from the manuscript Buzan et al., 2015. The Davies-
Jones wet bulb code is computationally fast and accurate to extreme conditions. The
code is fortran designed to work with NCL fortran wrapper. T,P,Q are required; winds
are optional.
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Fig. 1. (A) Histograms of 2-meter T (Black), T,. (Blue), and Ty (4, (Red) on land from 605-60N during the last decade (1999-2008). “Max" histograms are
annual maxima accumulated over location and year, while the T histogram is accumulated over location and reanalysis time. Data are from the ERA-Interim
reanalysis dxdaily product (similar results are found for the 50m level from the NCEP reanalysis, see S/ Text). (B) Map of Ty may) - (Cand D) Same as A and B but
from a slab-ocean version of the CAM3 climate model that produces global-mean surface temperature close to modern values. (£ and F) Same as Cand D but
from a high-CO, model run that produces a global-mean T 12 °C warmer; accounting for GCM bias, the Ty may distributions are roughly what would be
expected with 10 °C of global-mean warming relative to the last decade (see text). Dashed line in E is Ty max) reproduced from C. White land areas in F exceed
35°C.

Fig. 1. Sherwood and Huber figure
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where a, b, c. d, e, f, g, h, and i are constants in the poly-
nomial. RH and T are relative humidity and temperature,
respectively. We are not concemed with the terms outside
the brackets, as they are the means. The terms within the
bracket are representative of turbulent effects on the heat
index, which we are discussing. It 15 these turbulent states

Fig. 2. Buzan2015_Eq.13
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Figure 1. TOA cloud LW flux as a function of (a) SST and
(b) sgir; TOA cloud SW flux as a function of (c) SST and
(d) sgieg Solid blue and dashed red lines correspond to the
ensemble median over years 0—20 and 60—80, respectively,
from 15 IPCC AR4 coupled ocean-atmosphere models for
the 1% per year scenario. Vertical lines indicate the
interquartile range.

Fig. 3. Williams_2009_Moist_Convection_Limits_Theory
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Figure 2. Effects of tropics-wide SST bserved RE, shown s functions of local $5T
(Fgures 23, 2¢, 2e and 2g) and B (Figures 2, 2d 2{ and 2h). (& The SST diaributions of Iminus) shortwave (dashed
Ines) and longwave (sokd knes) CRE shift almost undormiy to warmer $5Ts duning the 2015- 2016 B Niorelative 10 the
‘with warming (o) Relatve

theee coldest years observed (b) The buoyancy of CRE s
frequency distributions show that waming & approximately undoem across SST (d) Warming results in bttie change 1o

the relatve frequency distibution of buoyancy. e -h) s in Figures 2a-2d but for CAMS-AMIP simulations, for the theee
warmest and coldest simutated years. Emor bars indcate the range over all three years.

Fig. 4. Williams_2017_Moist_Convection_Limits_Observation
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