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Abstract 1 

The intense surface heating over arid land surfaces produces dry well-mixed layers (WML) 2 

via dry convection.  These layers are characterized by nearly constant potential temperature and 3 

low, nearly constant water vapor mixing ratio.  To further the study of dry WMLs, we created a 4 

detection methodology and supporting software to automate the identification and characterization 5 

of dry WMLs from multiple data sources including rawinsondes, remote sensing platforms, and 6 

model products.  The software is a modular code written in Python, an open source language.  7 

Radiosondes from a network of synoptic stations in North Africa were used to develop and test the 8 

WML detection process.  The detection involves an iterative decision tree that ingests a vertical 9 

profile from an input data file, performs a quality check for sufficient data density, and then 10 

searches upward through the column for successive points where the simultaneous changes in 11 

water vapor mixing ratio and potential temperature are less than the specified maxima.  If points 12 

in the vertical profile meet the dry WML identification criteria, statistics are generated detailing 13 

the characteristics of each layer in the profile.  At the end of the vertical profile analysis, there is 14 

an option to plot analyzed profiles in a variety of file formats.  Initial results show that the detection 15 

methodology can be successfully applied across a wide variety of input data and North African 16 

environments and for all seasons.  It is sensitive enough to identify dry WMLs from other types of 17 

isentropic phenomena such as subsidence layers and distinguish the current day’s dry WML from 18 

previous days. 19 

 20 

 21 

 22 
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1. Introduction 23 

Intense daytime surface heating over arid land surfaces such as deserts produces dry 24 

convective mixing in the boundary layer.  In the absence of external influences capable of 25 

generating significant mechanical turbulence such as fronts or thunderstorm outflow, local dry 26 

convection can produce a deep, well-mixed, nearly isentropic boundary layer that later becomes a  27 

dry well-mixed residual layer in the evening (Bounoua and Krishnamurti 1991; Gamo 1996; 28 

Warner 2004; Messager et al. 2010; Garcia-Carreras et al. 2015).  These dry well-mixed layers 29 

(WMLs) can retain their unique mid-tropospheric thermal and humidity structure for several days 30 

and be transported thousands of kilometers downstream (Carlson and Prospero 1972; Prospero and 31 

Carlson 1981; Zhang and Pennington 2004; Cuesta et al. 2008; Cuesta et al. 2009).  In general, 32 

low- and mid-level dry WMLs are detrimental to moist convection due to water loading and dry 33 

entrainment into rising moist eddies (Lucas et al. 2000; Wang and Sobel 2012; Takemi 2014; 34 

Honda and Kawano 2015). However, for environments with strong, low-level moist convergence 35 

and shear, a mid-level dry WML can indirectly promote stronger updrafts and deep, often intense 36 

convection initially at the expense of weaker moist eddies.  When the first weak buoyant plumes 37 

attempt to traverse an elevated, dry WML, dry air entrainment, water loading, and evaporative 38 

cooling will eliminate the buoyancy of those rising eddies and promote the formation of 39 

downdrafts and low-level cold pools.  Given sufficient low-level moist convergence and shear, 40 

feedbacks can develop in which these cold pools foster the formation of larger (1-km scale), 41 

stronger (> 10 m s-1) moist eddies more impervious to dry air entrainment and water loading.  The 42 

undiluted ascent within the core of wide, strong eddies makes it possible for them to grow to the 43 

level of free convection, access mid-level CAPE, and release built-up instability (Carr and Millard 44 

1985; Peckham et al. 2004; James and Markowski 2010; Trier et al. 2015).  The transport of mid-45 
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level dry WMLs from upstream deserts overrunning low-level moist airstreams has long been 46 

observed to coincide with severe local storm development in North America (e.g., Carlson and 47 

Ludlam 1968; Schaefer 1974; Carlson et al. 1983; Benjamin and Carlson 1986; Lanicci et al. 48 

1987).  Mid-level dry WMLs are also associated with the potential for intense convection in Asia 49 

(e.g., Medina et al. 2010; Romatschke and Jr. 2011; Yamane et al. 2013; Liu and Liu 2018), coastal 50 

Australia (Allen and Karoly 2014; Grundstein et al. 2017), Central Europe (e.g., Bissolli et al. 51 

2007; Graf et al. 2011; Matsangouras et al. 2014; Púčik et al. 2015), South America (Romatschke 52 

et al. 2010; Rasmussen and Houze 2011; Zuluaga and Houze 2015), and West Africa (e.g., Roca 53 

et al. 2005; Nicholls and Mohr 2010; Vizy and Cook 2017).   54 

The dry WML is an important element of dryland boundary layer meteorology as well as 55 

to the convective environments of more humid regions.  Our research goal was to develop a 56 

quantitative, efficient, and automated detection algorithm to identify and characterize dry WMLs 57 

within the vertical column.  The first step was to define what a dry WML is so that it could be 58 

coded into a software algorithm.  Starting from the working hypothesis that a dry WML is 59 

generated by dry convection over arid land surfaces and has a distinctive thermodynamic structure, 60 

we adopt the following definition of a dry WML and analysis principles: 61 

Definition of dry WML: A layer of nearly constant potential temperature and low, nearly 62 

constant water vapor mixing ratio, capped by an inversion, with a positive vertical gradient 63 

of relative humidity. 64 

o The WMLs result primarily from dry convective mixing due to intense surface heating.  65 

o The magnitude of the allowable water vapor mixing ratio is determined a priori from 66 

analysis of surface observations in the area of interest. 67 

o The analysis covers the lower to mid-troposphere. 68 
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The use of the acronym “WML” in this paper will imply a dry WML, one with a water 69 

vapor mixing ratio below the a priori empirically determined allowable level.  Any regionally or 70 

temporally extensive study of WMLs would require the inspection and analysis of multiple 71 

simultaneous temperature and humidity profiles from various available data sources.  While 72 

radiosonde and rawinsonde observations (hereafter, RAOBs) have the best vertical resolution and 73 

accuracy, temperature and humidity profiles can also be extracted from model reanalysis datasets 74 

(e.g., Dee et al. 2011; Gelaro et al. 2017) or retrieved from spaceborne sounders such as the 75 

Atmospheric Infrared Sounder (AIRS), the Atmospheric Microwave Sounding Unit (AMSU), or 76 

the Geostationary Operational Environment Satellite (GOES) Sounder (Ma et al. 1999; Aumann 77 

et al. 2003; Weng et al. 2003; Menzel et al. 2018).  As compared to RAOBs these alternative inputs 78 

have the advantage of improved spatial coverage and, in some cases, improved temporal 79 

resolution.  Whether the analysis source is ground observations, remote sensing products, or model 80 

output, manual inspection and analysis of hundreds, perhaps thousands, of profiles would be 81 

prohibitively time consuming and difficult to quality control.  To make an extensive and 82 

statistically consistent study of WMLs possible, we adapted our detection methodology to accept 83 

inputs from a variety of data sources including remote sensing and model products.   84 

In this paper, we describe the WML detection methodology and show examples of 85 

analyzed WMLs in RAOBs and other data inputs from North Africa.  In addition to containing the 86 

Sahara Desert, North Africa has several important features making it a useful study area, including 87 

RAOB sites with long observational records, multiple land surface types, and multiple dynamical 88 

influences such as synoptic waves, large-scale subsidence, moist monsoon inflow, and marine 89 

inversion layers that challenged us in creating a flexible and accurate detection methodology.  90 

Because the software is written in Python, it is open source, readably transferable, and usable by 91 
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potential users.  Here we demonstrate its utility and its potential application in North African 92 

meteorological process studies and possibly in other arid regions. 93 

2. Background 94 

a. Study area description 95 

Our study area in North Africa encompasses 18°W−45°E, 0°−37°N, containing all of the 96 

Sahara Desert.  Figure 1 is a map of the 53 synoptic stations used in our analysis and the Bailey’s 97 

ecoregion provinces of North Africa (Bailey 2004; Bailey 2014).  These provinces blend the 98 

analysis of climate and actual and potential dominant vegetation types to delineate relatively stable 99 

and continuous ecosystem boundaries.  The yellow shades in Fig. 1 define the ecoregion provinces 100 

in the Sahara Desert.  The mountain provinces (west to east) cover the Hoggar, Tibesti, and Red 101 

Sea Hills ranges.  The ten synoptic stations marked with a black square denote inner Saharan 102 

stations, which are unaffected by coastal processes such as marine layers.  During July and August, 103 

the profiles at the two “mixed” stations (black circle and square outline), Tessalit and Agadez, 104 

have a moist monsoon layer, reflecting their location at the far northern edge of the West African 105 

monsoon (Lélé and Lamb 2010).  The 41 remaining stations (black circles) on the coasts or in 106 

Mediterranean (red shades), steppe (orange), savanna (light greens and blues), and rainforest (dark 107 

greens and blues) divisions are defined as non-Saharan because they are affected by coastal 108 

processes or are outside the Sahara Desert.   109 

All references to seasons in North Africa henceforth imply boreal seasons.  References to 110 

the West African monsoon imply a period from late April to mid- to-late November when the 111 

stations south of Tamanrasset (22°N) receive most of their annual precipitation due to a low-level, 112 

moist southwesterly inflow from the Gulf of Guinea (review in Fitzpatrick et al. 2015).  Along the 113 
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Mediterranean coast, the wet season is in the winter, primarily from intruding transient 114 

extratropical waves and Atlantic depressions (Knippertz 2003; Knippertz et al. 2003; Born et al. 115 

2010).  The ecoregion gradients in Fig. 1 from desert to steppe to savanna/woodland/meadow to 116 

rainforest provinces usefully delineate a decreasing expected occurrence of WMLs generated in 117 

the local boundary layer by dry convection due to intense surface heating (Warner 2004; Nicholson 118 

2011).  Even at Saharan stations, it can be difficult to separate the signal from dry convection from 119 

dry intrusions from transient extratropical or tropical waves or from regional subsidence (Roca et 120 

al. 2005; Vizy and Cook 2009; Raveh-Rubin 2017).  Despite the challenge posed by multiple 121 

possible larger-scale dynamical influences on local profiles around North Africa (e.g., Nicholson 122 

1996; Camberlin 2009; Fink 2017), we developed our detection methodology using temperature 123 

and humidity profiles from every month of the year and using all stations in Fig. 1. 124 

b. Data description 125 

The foundation of this work was RAOBs from 53 North African stations (Fig. 1) to build 126 

the detection and plotting modules and to validate analyses performed with model and remote 127 

sensing inputs.  We obtained RAOB data from the Integrated Global Radiosonde Archive (IGRA), 128 

version 2, at NOAA’s National Centers for Environmental Information (NCEI).  The IGRA has 129 

radiosonde, rawinsonde, and pilot balloon data in text format from stations around the world, with 130 

several hundred stations having records that extend back to the early 20th Century.  While the data 131 

records in IGRA are rigorously quality controlled for implausible values and internal 132 

inconsistencies, individual soundings are of varying data densities, depending on the station’s 133 

ability to report significant and mandatory levels and those in between (Durre et al. 2006).  The 134 

earliest North African RAOBs used in this study are from 1948.  Many of the stations have 135 

temporally non-continuous records, although for the purposes of this work, temporal continuity 136 
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was not important.  All North African RAOBs that had temperature and humidity values at the 137 

mandatory levels from the station surface up to and including 500 hPa were defined as “useful”.  138 

Figure 2 contains maps of the useful observations available at each North African station since a) 139 

1948 and b) 2003.  Some of the stations, particularly in Libya, Algeria, and Nigeria, stopped 140 

reporting before 2003, but had enough quality older observations to be included in the counts.  141 

Applying our “useful” observation criteria to all RAOB launches since 1948, only 35% (450,000 142 

observations) were useful for methodological development and testing.  143 

After we derived a robust detection methodology for analysis of RAOBs, we applied it to 144 

analyzing temperature and humidity products from the cross-track scanning IR and microwave 145 

sounders, AIRS and AMSU, on NASA’s polar orbiting Aqua satellite (Parkinson 2003).  The mid-146 

day Aqua overpasses over North Africa coincide with the development of deep daytime boundary 147 

layers over arid surfaces (Marsham et al. 2013; Garcia-Carreras et al. 2015).  The AIRS is an 148 

infrared spectrometer/radiometer that covers the 3.7–15.4-μm spectral range with 2378 spectral 149 

channels, and AMSU is a 15-channel microwave radiometer operating between 23 and 89 GHz 150 

(Aumann et al. 2003).  Our work used the version 6 sensor-resolution, ungridded Level 2 (L2) 151 

temperature and humidity support products at 50-km × 50-km horizontal resolution, and 28 152 

standard pressure levels plus intermediate pressure levels for a total of 100 pressure levels across 153 

a 1650-km swath.  Although there are twice daily observations over Africa, this work involved 154 

only the daytime passes.  The version 6 collection of L2 products include AIRS+AMSU combined 155 

retrievals (AIRX2SUP) and an AIRS-only retrieval (AIRS2SUP) that, compared to previous 156 

versions, significantly improve cloud clearing and the retrieval of surface and cloud parameters 157 

(Susskind et al. 2012; Susskind et al. 2014; Stubenrauch et al. 2017).  Vergados et al. (2018) 158 

evaluated global tropospheric specific humidity maps among multiple gridded humidity datasets, 159 
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including one derived from AIRS+AMSU, finding that the climatologies varied by less than 15% 160 

depending on region and pressure level, with AIRS+AMSU ranked as the driest of the datasets.   161 

We also used profiles from two reanalysis datasets in this study, 1) the European Centre 162 

for Medium-Range Weather Forecasts (ECMWF) Reanalysis-Interim (ERA-I) at 6-h and 0.75° × 163 

0.75° × 60 model levels (Dee et al. 2011); 2) NASA Modern-Era Retrospective analysis for 164 

Research and Applications, version 2 (MERRA-2) at 1-h and 0.625° × 0.50° × 72 model levels 165 

(Gelaro et al. 2017).  Both of these modeling centers run data assimilation systems that incorporate 166 

AIRS and other atmospheric sounder radiances as well as observations from the operational RAOB 167 

network.  Because global operational modeling systems are run at resolutions too coarse (> 10-168 

km) to resolve convective-scale phenomena explicitly in North Africa, multiple authors have 169 

demonstrated that the assimilation of RAOBs strongly influences forecasted atmospheric state 170 

variables to an approximate diameter of 300−500-km around the synoptic station, depending on 171 

variable, model resolution, and model physics (Agustí-Panareda et al. 2010; Fink et al. 2011; 172 

Roberts et al. 2015).  Because validation of remote sensing and reanalysis inputs is grounded at 173 

past and present operational synoptic stations, our examples of reanalysis performance should be 174 

considered the best possible for those datasets, degrading with distance from synoptic stations.   175 

Because major modeling centers assimilate radiances from the AIRS and AMSU sensors 176 

(e.g., Gelaro et al. 2017), it is important to point out the independence of Version 6 AIRS and 177 

AIRS+AMSU temperature and humidity products from model products, such as MERRA-2.  The 178 

AIRS and AIRS+AMSU products are derived from a physical retrieval system using a neural 179 

network first guess.  The neural network consists of interconnected non-linear function 180 

approximators trained to infer a statistical relationship between inputs (AIRS and AMSU 181 

radiances) and outputs (temperature and humidity profiles) without requiring direct knowledge of 182 



10 

 

the functional input/output relationship (Blackwell 2005; Blackwell 2012).  For a given version of 183 

AIRS retrieved products, the neural network was trained once from co-located model analysis 184 

fields over many different months and years.  The historically trained neural network coefficients 185 

are then used in all subsequent operational retrievals so that each day’s temperature and humidity 186 

profiles are independent of any analysis fields from any modeling center (Blackwell 2012; Milstein 187 

and Blackwell 2016).  Given a first guess, the AIRS retrieval performs a physically-based cloud 188 

clearing step estimate of what would be the cloud-free infrared radiance spectrum using 9 single 189 

field-of-view AIRS observations in a 3 × 3 IR field-of-regard coinciding with an AMSU footprint 190 

and, when available, the microwave measurements in same position (Cho and Staelin 2006; 191 

Susskind et al. 2014).  The AIRS retrieval methodology finds iterative solutions, starting from the 192 

first guess, to the radiative transfer equations on a field-of-regard basis that best match the derived 193 

cloud cleared radiances determined for that field-of-regard.  The combination of the AIRS neural 194 

network-based first guess and physically-based cloud clearing methodology makes robust, quality-195 

controlled AIRS and AIRS+AMSU retrievals in almost all cloud conditions, including retrievals 196 

above overcast conditions and over storms (Blackwell and Milstein 2014; Milstein and Blackwell 197 

2016; Reale et al. 2018). 198 

3. WML Detection Methodology  199 

a. Governing reference values  200 

In the development phase, we made first guesses of the parameters defining the analysis 201 

column and what defines “dry”, the maximum allowable water vapor mixing ratio (w), and “nearly 202 

constant”, the simultaneous maximum allowable change in potential temperature (θ) and 203 

maximum allowable change in w from reported level to level.  These reference (ref) values 204 
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emerged from multiple rounds of test analyses and inspections of analyzed skew-T diagrams 205 

versus spreadsheets of the input data. The following abbreviations and final values of our reference 206 

values reflect our preference for greater accuracy over sensitivity in the WML detection in North 207 

Africa:  208 

 Top of the analysis column is 500 hPa (pref).  209 

 Bottom of the analysis column (zbref) depends on location. 210 

 Maximum value of w (wref) is 0.007 kg kg-1. 211 

 Maximum change in θ with height (
𝜕𝜃

𝜕𝑧
)

𝑟𝑒𝑓
 is 1.0 K km-1. 212 

 The reference maximum change in w with height (
𝜕𝑤

𝜕𝑧
)

𝑟𝑒𝑓
 is 0.0008 kg kg-1 km-1. 213 

 The actual maximum allowable change in w between two levels (l2 and l1) is scaled by the 214 

layer mean w (𝑤̅𝑙2−𝑙1
) and wref, thus (

𝑤̅𝑙2−𝑙1

𝑤𝑟𝑒𝑓
) ⋅ (

𝜕𝑤

𝜕𝑧
)

𝑟𝑒𝑓
. 215 

The choice to use a reference height above ground level (zbref) rather than a pressure level 216 

acknowledges that analysis points in any land-based dataset may occur at elevations ranging from 217 

near sea-level (e.g., Dakar, Douala) to well above 1000 m (e.g., Tamanrasset, Asmara).  In desert 218 

ecoregion provinces, the surface layer is often superadiabatic due to the intense surface sensible 219 

heat flux (Bounoua and Krishnamurti 1991; Warner 2004).  Such a lapse rate is relatively easy to 220 

identify and to program an exclusion.  For our barren, hyperarid Saharan-classified stations, the 221 

value of zbref is 0.  However, at our “non-Saharan” and for selected months at our “mixed” stations, 222 

there may be significant mechanical mixing due to surface roughness and/or low-level monsoon 223 

or sea breeze inflows (Parker et al. 2005; Gounou et al. 2012).  At these stations, the value of zbref 224 

is 500 m.  It was easier to exclude the lowest part of the boundary layer (accuracy over sensitivity) 225 



12 

 

than to attempt to separate buoyant from mechanical mixing at analysis points in different 226 

environments.     227 

Appropriate literature and the realities of data density in the IGRA RAOBs guided the 228 

choice of the top of the analysis column (pref).  For this reference value, it was easier and more 229 

uniform across different types of data inputs to use a pressure level.  Above 500 hPa, even for 230 

RAOBs containing both mandatory and significant levels, the vertical resolution of observations 231 

and the availability of valid dewpoint depression values greatly decrease.  In studies using research 232 

flight data over the western Sahara, Saharan mixed and residual layers do not extend above 6-233 

km/450-hPa (Messager et al. 2010; Marsham et al. 2013).  If only the mandatory radiosounding 234 

levels are reported below 500 hPa, a RAOB’s data density is considered low.  However, the vertical 235 

resolution of model and remote sensing products may not be much better than RAOBs with just 236 

mandatory levels.  To maximize our ability to use the IGRA RAOBs and multiple other inputs, we 237 

decided to include RAOBs containing just mandatory levels in our algorithm development and to 238 

analyze only to a pressure level of 500 hPa.  239 

We derived the maximum mixing ratio (wref), our “dry” value, from a cumulative frequency 240 

distribution analysis of w from a calendar year’s set of RAOBs at In Salah, Casablanca, and 241 

Agadez.  Choosing 2007 at random to analyze, we found that 0.007 kg kg-1 is the 90th percentile 242 

value for w at In Salah, occurring exclusively in the lowest 50 hPa of the atmospheric column.  243 

The 90th percentile value at In Salah is also the 90th percentile at Casablanca above the summertime 244 

subsidence inversion capping the marine layer and above the monsoon layer at Agadez, indicated 245 

by low-level southwesterlies.  During testing using other years and stations, we did not find it 246 

necessary to adjust the value of wref from our first guess.   247 
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The first guess values for the changes in w and θ with height had to be within the sensitivity 248 

of radiosounding sensors and ground tracking stations (Office of the Federal Coordinator of 249 

Meteorology 1997) and potentially achievable by other inputs such as retrieved temperature and 250 

humidity from space-based sounders (Menzel et al. 2018).  Our first guess for isentropic 251 

conditions, (
𝜕𝜃

𝜕𝑧
)

𝑟𝑒𝑓
 , was 1.0 K km-1, derived from Bounoua and Krishnamurti (1991) who 252 

determined that 3 K 3000 m-1 was a representative lapse rate over an entire Saharan mixed layer.  253 

This first guess proved to be a widely useful reference value.  For nearly constant w, (
𝜕𝑤

𝜕𝑧
)

𝑟𝑒𝑓
 , we 254 

started with a value estimated from hand analysis of several mid-summer RAOBs from In Salah, 255 

0.002 kg kg-1 km-1.  256 

Starting from these initial lapse rate values, we evaluated the sensitivity of analyzed WML 257 

detections to the allowable mixing ratio and potential temperature lapse rates for a selection of 258 

North African RAOB launch locations (Fig. 1).  Figures 3 and 4 show analyzed WMLs (each 259 

WML is a different color) from two representative RAOB profiles from Tamanrasset, Algeria and 260 

Tunis, Tunisia, respectively.  These figures show a subset of six tested configurations where 261 

(
𝜕𝜃

𝜕𝑧
)

𝑟𝑒𝑓
 was constant and (

𝜕𝑤

𝜕𝑧
)

𝑟𝑒𝑓
 was either constant (CON) or was scaled by (

𝑤̅𝑙2−𝑙1

𝑤𝑟𝑒𝑓
) (VAR).  262 

Figure 3 shows the algorithm to have greater sensitivity to changes in the maximum allowable 263 

mixing ratio lapse rate than the maximum allowable potential temperature lapse rate.  Qualitative 264 

analysis of this and other RAOB profiles (See Fig. 4 and supplementary figures) show our initial 265 

guess for (
𝜕𝜃

𝜕𝑧
)

𝑟𝑒𝑓
 works well, yet smaller values of (

𝜕𝑤

𝜕𝑧
)

𝑟𝑒𝑓
were needed to improve consistency 266 

with hand analysis. We found the best results for North Africa applied a maximum allowable 267 

potential temperature lapse value of 1.0 K km-1 and a maximum allowable mixing ratio lapse rate 268 
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value of 0.00035 kg kg-1 km-1 (constant) / 0.0008 kg kg-1 km-1 (scaled).  Smaller and larger lapse 269 

rate values produced less accurate WML detections because the detection criteria were either too 270 

constraining or generous, respectively.  Figure 4 reveals that applying a constant allowable mixing 271 

ratio lapse for WML analysis in North Africa has an inherent flaw.  Specifically, if the mixing 272 

ratio profile approaches or falls below the allowed mixing ratio change over 1 km then any 273 

isentropic layer is identified as WML regardless of the dewpoint temperature profile (See Fig. 4, 274 

~550 hPa).  As shown in Figure 4, this flaw can be addressed by scaling the maximum allowable 275 

mixing ratio lapse rate by (
𝑤̅𝑙2−𝑙1

𝑤𝑟𝑒𝑓
).  This adjustment is included in our study because it ensures 276 

that all analyzed WMLs contain dewpoint temperature profiles that are always roughly parallel to 277 

lines of constant mixing ratio.  Properly tuning the allowed mixing ratio lapse rate is crucial for 278 

WML detection because isentropic layers in North Africa are generated by dry convection (our 279 

interest), large-scale subsidence, and shear-based turbulence, yet only layers associated with dry 280 

convection will also be well mixed (Moeng and Sullivan 1994; Conzemius and Fedorovich 2006). 281 

In the development phase, we encountered inputs with marginally acceptable data densities 282 

below 500 hPa, such as soundings with only mandatory levels and at high altitude synoptic 283 

stations, such as Asmara (2325 m).  We also had plenty of examples where the analyzed and plotted 284 

WMLs looked smaller than those that might be hand analyzed on a skew-T chart.  For inputs of 285 

poor data densities or if the user requires a more generous interpretation of “well-mixed”, less 286 

restrictive values can be set, for example, (
𝜕𝜃

𝜕𝑧
)

𝑟𝑒𝑓
 at 2.0 K km-1, (

𝜕𝑤

𝜕𝑧
)

𝑟𝑒𝑓
 at 0.00095 kg kg-1 km-1 287 

(scaled allowable mixing ratio lapse rate), or  (
𝜕𝑤

𝜕𝑧
)

𝑟𝑒𝑓
 at 0.00035 kg kg-1 km-1 (constant allowable 288 

mixing ratio lapse rate).   The adjustability of the software makes it possible to adapt the detection 289 
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methodology for user preferences, other types of WMLs (e.g., moist well mixed layers), and for 290 

other regions.   291 

b. The WML analysis process  292 

Figure 5 is the decision tree of the software.  During the initial development of the decision 293 

tree, we used about 10% of the IGRA database, selecting a sample of soundings scattered across 294 

seasons, years, and stations (Fig. 1).  The software is written in multiple Python modules that 295 

govern the basic information flow, set up (blue) to input data (yellow) to data evaluation (gray) to 296 

output (green).  The execution (red) is controlled at both the top and the bottom of the tree, 297 

depending on both data input availability and quality.  The set-up module (blue box) governs the 298 

setting of analysis period and location.  “Additional information” can be interpreted as broadly as 299 

the user needs, to include anything needed for analysis that is not already in the input files.  For 300 

example, if an analysis location is not contained within the NCEI IGRA station inventory, then the 301 

location name and position will have to be added manually.  The set-up module is also the entry 302 

point where the user can group analysis points as we did into categories for different treatment of 303 

the base of the analysis column (zbref).  While we created individual sub-modules within the input 304 

module to read each type of data used in this study, the yellow boxes in Fig. 5 represent the 305 

generalized reading and quality checking of any type of input data.  If the user’s work plan involves 306 

input from multiple data sources, the user can either preserve the native vertical resolution of each 307 

useful profile or linearly interpolate all useful profiles to the pressure levels associated with the 308 

least vertically dense input data.  Since some dataset providers may already have θ and w available 309 

for download, calculating these variables may or may not be necessary.   310 
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The detection (gray boxes) begins with the search for the first level in the analysis column, 311 

i.e., between zbref and pref , where w is at or less than wref.  This level becomes level1.  Starting with 312 

a new analysis (column a), the next higher level in the profile is designated level2, and the changes 313 

in θ and w are assessed (l2− l1), providing the layer mean w is at or below wref.  If all of these 314 

conditions are met (Y), a detection flag is set indicating that a WML exists (true, “T”), and a set 315 

of statistics on the WML starts to accumulate.  Both the positive outcome and the negative outcome 316 

(N) below the analysis box return to the upward iteration of vertical levels in the analysis column.  317 

If the new level’s w is at or below wref and the WML flag is true, a multi-level WML exists, and 318 

column b is invoked.  For a multi-level WML, not only must the current layer (l2−l1) meet the θ 319 

and w change and mean w conditions, but the entire presumptive WML from the previously 320 

identified base to level2, (l2–base), must meet those same conditions.  Notably, the algorithm 321 

permits the user to apply either a scaled or constant maximum allowable mixing ratio lapse rate  322 

(i.e., (
𝑤̅𝑙2−𝑙1

𝑤𝑟𝑒𝑓
) = 1).  The cycle of iteration up the analysis column and the testing of change 323 

conditions continue until the change conditions are no longer satisfied, or the top of the analysis 324 

column is reached.   325 

If the change conditions fail, a counter iterates to record that a WML has been detected in 326 

the analysis column, and the statistics for that WML stop accumulating.  We now know its location 327 

and thickness in the analysis column and its mean θ and w.  Resetting the flag to false (“F”) starts 328 

the search for another suitable layer for analysis.  If the top of the analysis column (pref) is reached, 329 

the count of WMLs and a summary of the WML characteristics for that profile set are finalized in 330 

the output module (green box).  The output module also has an option to plot an analyzed skew-T 331 

with different colors indicating each of the WMLs detected in the profile.  The user can generate 332 

skew-T plots at any resolution or file format supported by Python including postscript (.ps), 333 
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encapsulated postscript (.eps), and portable network graphics (.png) images.  Reading and quality 334 

checking input data continue until end-of-file conditions (red boxes) occur. 335 

4. Detection Examples 336 

a. RAOB examples 337 

Figure 6 contains archetypal examples of analyzed IGRA RAOBs with WMLs.  The 338 

WMLs (orange shaded areas) in Fig. 6 can originate from local dry convective mixing during the 339 

current day, residual boundary layers from previous days, or transport from an upstream desert 340 

where the dry convection occurred (e.g., Bounoua and Krishnamurti 1991; Messager et al. 2010; 341 

Garcia-Carreras et al. 2015).  In addition, soundings may contain radiation and subsidence 342 

inversions with or without WMLs.  In Fig. 6a, In Salah has a superadiabatic surface layer below 343 

972 hPa due to intense surface heating and a single, deep WML characteristic of inner Saharan 344 

locations during the summer months.  In Fig. 6b, the coastal city of Tunis has a marine boundary 345 

layer capped by a deep subsidence inversion and a WML from 648−533 hPa.  Figures 6c and 6d 346 

are from the mixed category station, Agadez, on the southern edge of the Sahara, demonstrating 347 

profiles before and after the onset of the West African monsoon.  Figure 6c contains a typical late 348 

spring-early summer profile before monsoon onset.  There is a surface layer below 949 hPa and a 349 

WML from 925−700 hPa, similar to In Salah (Fig. 6a), but shallower.  Figure 6d is an example of 350 

Agadez during the West African monsoon season, containing a monsoon layer below 850 hPa, a 351 

WML from 817−700 hPa, and a subsidence inversion starting at 541 hPa. 352 

Figure 7 has examples of more challenging environments to analyze.  In early May, the 353 

surface heating at In Salah (Fig. 7a) is not as intense as in mid-summer (Fig. 6a).  In Fig. 7a, there 354 

are two analyzed WMLs from 925 hPa to 500 hPa.  There is a larger than allowable change in w 355 
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from 976 hPa to 925 hPa, so that the first WML (orange) starts at 925 hPa.  It terminates at 850 356 

hPa because of the larger than allowable changes in θ between 850−792 hPa.  The second WML 357 

(gray) extends from 792 hPa to the top of the analysis column at 500 hPa. The probability that the 358 

mixing in today’s boundary layer will erode through the previous night’s residual layer, as in Figs. 359 

6a and 6c, depends upon the intensity of the surface heating (Messager et al. 2010; Garcia-Carreras 360 

et al. 2015).  Growth of the current day’s mixed layer can be limited by reductions in surface 361 

heating such as suppressed insolation due to dust (Marsham et al. 2008; Marsham et al. 2016), or 362 

to airmass changes, or to cloudiness from topographically induced circulations, transient 363 

extratropical waves, or organized convection associated with tropical waves (Knippertz et al. 2009; 364 

Vizy and Cook 2009; Knippertz and Todd 2010; Birch et al. 2012; Bou Karam et al. 2014).  If the 365 

boundary layer growth is insufficient to mix out the remnant residual layers, then multiple WML 366 

layers can occur as in Fig. 7a.  The slight cooling that takes place as the afternoon mixed layer 367 

transitions to the nighttime residual layer marks it as a different WML than the next day’s mixed 368 

layer (Cuesta et al. 2008; Cuesta et al. 2009; Messager et al. 2010).  The ability to analyze, 369 

quantitatively and uniformly, multiple soundings from the previous days allows cross checking 370 

and confirmation of layered mid-tropospheric structure due to local diurnal boundary layer 371 

processes.   372 

Tamanrasset (Fig. 7b) is an oasis city in the Hoggar Mountains with less intense surface 373 

heating and dry convection than In Salah (Cuesta et al. 2008; Wahab et al. 2010), yet it presents a 374 

complex profile with four analyzed WMLs.  The two analyzed WMLs (orange and grey shading) 375 

between the surface layer and 700 hPa (834 to 825 hPa and 734 hPa to 700 hPa) demonstrate the 376 

capability of the decision tree to detect subtle variability in the profile mixing ratio lapse rate with 377 

height, which is not be easily attained from hand analysis. This is best illustrated in Figure 3 (same 378 
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case as Figure 7b), where altering the maximum allowable mixing ratio lapse rate by just 0.0002 379 

kg kg-1 km-1, yields a vastly different WML analysis. Above 700 hPa, the blue shading indicates 380 

the third WML (700−541 hPa) and a fourth old residual layer (manila) between 536−500 hPa.  The 381 

lower panels of Fig. 7 are from locations outside of the Sahara, Abidjan (Fig. 7c) and Ngaoundéré 382 

(Fig. 7d).  Abidjan is in the Bailey’s ecoregion province “humid forests with short dry season” 383 

(Fig. 1), and the RAOB is from that short winter dry season.  There is a WML from 689−627 hPa 384 

but not one above 600 hPa, as the change in θ is too large.  At Ngaoundéré’s pre-monsoon onset 385 

RAOB, there one shallow WML analyzed between 850 and 735 hPa and a second, smaller layer 386 

extends from 711−700 hPa. Another nearly isentropic layer exists from 696 to 650 hPa, but it is 387 

not identified as a WML because the change in w is exceeds the allowed limit.  In both locations, 388 

shallow WMLs are identified despite both being seasonally humid locations.  In future papers, we 389 

provide results from trajectory analysis that define whether these WMLs are from local boundary 390 

layer processes or transported from the Sahara. 391 

b. Examples from other datasets 392 

The development of the WML decision tree (Fig. 5) required a robust sample of RAOB 393 

observations throughout North Africa that did not need to have either temporal or spatial 394 

continuity.  However, atmospheric process studies may require temporal and/or spatial continuity 395 

in temperature and humidity fields.  The temporally and spatially sparse record of upper air 396 

observations over much of the world motivated the adaptation of the detection methodology and 397 

software to ingest remote sensing and model products.  In this section, we show examples of WML 398 

analysis using AIRS+AMSU and model reanalysis (ERA-I and MERRA-2) at their native vertical 399 

resolution to demonstrate the utility and sensitivity of the detection analysis with multiple different 400 

inputs. Analysis using AIRS only and the Japanese 55-year Reanalysis (JRA-55) product inputs 401 
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are also possible but are not shown for sake of brevity. As in Nicholls and Mohr (2010), we assume 402 

RAOB and satellite observations to be valid if they are within 3 hours of the analysis time, whereas 403 

model reanalysis data is linearly interpolated to the analysis time. The principal intent of this 404 

section is to demonstrate and discuss how our detection algorithm analyzes WMLs across multiple 405 

data input sources under similar conditions. A more rigorous quantitative validation of the WML 406 

detection and its use in process studies of Saharan air intrusions will be treated in future papers.    407 

Figures 8−11 are from different environments in North Africa and have four panels, with 408 

RAOB data in panel a, AIRS+AMSU products in panel b, ERA-I in panel c, and MERRA-2 in 409 

panel d.  Figure 8 is a summer sounding from In Salah with a shallow WML from the top of the 410 

surface layer to 925 hPa and another, deeper WML extending from 850 hPa to 600 hPa (Fig. 8a).  411 

The soundings in panels b−d are largely similar to the RAOB in panel a, with WML detections 412 

occurring near the surface and into the mid-troposphere.  The AIRS+AMSU profile (Fig. 8b) fails 413 

to capture the shallow WML near the surface, but it able to largely capture the height and thickness 414 

of the WML analyzed above 850 hPa in the ROAB profile. However, the mixing ratio lapse rate 415 

in the AIRS+AMSU profile does slightly exceed the allowed rate between 753 and 729 hPa, 416 

resulting in two analyzed WMLs rather than a single continuous layer. Corresponding ERA-I and 417 

MERRA-2 profiles (Figs. 8c and d) both show one deep, continuous WML extending from 950 to 418 

650 hPa.  419 

Unlike the RAOB, both reanalysis products in Fig. 8 are unable to represent the nearly 420 

isentopic, but not well mixed layer that exists between 925 and 850 hPa.  RAOB winds from 421 

surface to 850 hPa had strength (up to 10 m s-1) and shear (veering southeast to south), whereas in 422 

both reanalysis profiles the velocities were generally no more than 5 m s-1 and unidirectional. The 423 

presence of wind shear between 925 and 850 hPa suggests the potential of WML erosion by 424 
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mechanical turbulence from low-level winds increasing in velocity and/or shear throughout the 425 

day (Flamant et al. 2007; Cuesta et al. 2009; Birch et al. 2012).  Global models may not be able to 426 

account for turbulent local wind patterns resulting from differential heating or surface/terrain 427 

effects due to their application of relatively coarse horizontal model grids (Garcia‐Carreras et al. 428 

2013; Roberts et al. 2015).  The operational AIRS+AMSU retrieval is independent of any model 429 

wind patterns and was sensitive enough to account for the decrease in w with height to 850 hPa 430 

(Susskind et al. 2014; Milstein and Blackwell 2016).  The model data assimilation schemes may 431 

not have been sensitive enough to retrieve realistic profiles of w below 850 hPa from AIRS+AMSU 432 

radiances nor allow this information to override information from other model fields (Faccani et 433 

al. 2009; Agustí-Panareda et al. 2010; Fink et al. 2011).  Unlike both reanalysis models and the 434 

AIRS+AMSU retrieval, the RAOB shows an abrupt transition from WML to a subsidence layer at 435 

600 hPa. Comparatively, the reanalysis models and the AIRS+AMSU retrieval have smoother, 436 

deeper transitions, as their vertical resolutions are becoming much larger at this point in the 437 

troposphere. 438 

Dakar, on the west coast of West Africa, has a marine layer in the lowest portion of its 439 

RAOB in Fig. 9 and a single analyzed WML between 850 and 800 hPa. Model soundings (Figs. 440 

9c and 9d) successfully replicate the presence of marine layer above Dakar due to their assimilation 441 

of RAOB data.  Differences in horizontal grid spacing yield interpolated profiles that produce 442 

analyzed WMLs at notably different pressure levels (ERA-I: 650-700 hPa, MERRA-2: 850-825 443 

hPa). The AIRS+AMSU profile (Fig 9b) is clearly hindered by its low sensitivity to abrupt 444 

atmospheric property changes in the vertical, yet is improved by its higher horizontal data 445 

resolution (13.5 km at nadir) as compared to model reanalysis products (60 km+). The resulting 446 
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profile is lacks a defined marine layer, but the AIRS+AMSU analyzed WML is largely consistent 447 

with RAOB data.   448 

Similarly, the models have a more detailed, although not faultless, representation of the 449 

column above Ouagadougou in Fig. 10.  On this June date in the RAOB (Fig. 10a), the West 450 

African monsoon is apparent below 925 hPa, and there is a WML from 700 hPa to 600 hPa.  Both 451 

reanalysis products also have narrower WMLs analyzed in the same general region above a deep, 452 

dry subsidence layer, but the AIRS+AMSU profile lacks any analyzed WMLs between 600 to 700 453 

hPa because missing ratio lapse rate slightly exceeds the maximum allowed value.  In the example 454 

at Tunis (Fig. 11), the vertical structure of its column is less complex than the example at 455 

Ouagadougou.  The ERA-I (Fig. 11c) best approximates the ROAB profile, yet no data product 456 

(retrieval or model) show more than a hint the marine layer present in the ROAB profile.  The 457 

RAOB has a WML analyzed from 724 hPa to 593 hPa between subsidence layers. Both model 458 

products have WMLs analyzed around 700 hPa, with MERRA-2 exhibiting a smaller WML 459 

between 850 and 825 hPa, which is not present in the ROAB profile. The AIRS+AMSU and 460 

MERRA-2 profiles are largely similar to each other, but the steep mixing ratio lapse rates 461 

associated the AIRS+AMSU profile prevent any WML detections whatsoever. It cannot be 462 

determined just from the profiles in Fig. 11 why the MERRA-2 is less successful than ERA-I in 463 

capturing the general structure reflected in the RAOB, particularly the depth of the subsidence 464 

between the marine layer and 700 hPa.  Information from other model fields (not explored here) 465 

may have contravened the information from the assimilation of both RAOB data and 466 

AIRS+AMSU radiances.     467 

For the sake of brevity, additional examples will not be shown and additional analysis left 468 

to future papers.  The multiple examples from around North Africa in this paper reveal how 469 
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complex vertical structures due to multiple processes from local-scale surface heating gradients to 470 

continental-scale subsidence can occur in any season.  The WML detection methodology can 471 

identify these layers anywhere within the analysis column, even between subsidence layers (e.g., 472 

Fig. 11a), or if there are multiple WMLs (e.g., Fig. 7) due to memory from local boundary layer 473 

processes from previous days.   474 

5. Conclusion 475 

Intense surface heating over dry land surfaces can produce strong dry convection.  The 476 

resulting WMLs are characterized by nearly constant potential temperature and low, nearly 477 

constant water vapor mixing ratio.  The WML is a frequent feature of dryland boundary layer 478 

processes.  Transported downstream over low-level moist airstreams, WMLs can affect the 479 

potential for intense deep convective clouds.  To further the study of WMLs, we created a detection 480 

methodology and supporting software to automate the identification and characterization of WMLs 481 

from multiple data sources including RAOBs and remote sensing and model products.  The 482 

software is modular code written in Python, an open source language. 483 

The network of synoptic stations in North Africa was a challenging and varied testing 484 

ground for methodology development, containing stations in hyperarid desert to humid tropical 485 

forest ecoregions.  We used RAOBs from all seasons to develop and then test our parameter values 486 

and layer identification process.  Parameter values that required setting included the analysis 487 

column (top of the surface layer to 500 hPa), our maximum water vapor mixing ratio, and 488 

maximum allowable changes with height in water vapor mixing ratio and potential temperature.  489 

These parameters govern an iterative decision tree that ingests a sounding from an input data file, 490 

performs a quality check for sufficient data density, and then searches up through the column for 491 
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successive points where the changes in water vapor mixing ratio and potential temperature are less 492 

than specified maxima.  If points in the sounding meet the identification criteria, statistics are 493 

generated on layer characteristics (e.g., layer base, top, mean potential temperature), and a count 494 

of layers in the profile is started.  At the top of the analysis column, any layer accounting ceases 495 

and a summary of the WMLs in the sounding is generated.  There is an option to plot analyzed 496 

soundings in a variety of file formats. 497 

Because of temporally and spatially sparse upper air data records in many parts of the 498 

world, we adapted the software package to ingest remote sensing and gridded model products such 499 

as AIRS+AMSU temperature and humidity profiles and MERRA-2 reanalysis.  The software has 500 

separate sub-modules for different types of input, and analysis parameter values can be adjusted 501 

as appropriate to the data source or the user’s preferences for detection sensitivity.  The examples 502 

of different input datasets shown in this paper used the same parameter values.  While the remote 503 

sensing and model product profiles did not capture all of the complexity in the vertical columns 504 

above the synoptic stations used as examples, the detection methodology was sensitive enough to 505 

identify WMLs in those products in the same area of the mid-troposphere as the comparison 506 

RAOBs.  We intend to examine more broadly and deeply the performance of remote sensing and 507 

model products versus RAOBs as the next step in using our detection methodology in process 508 

studies of desert-sourced dry well-mixed airstreams. 509 
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Figure Captions 742 

Figure 1.  A map of the Bailey’s ecoregion provinces for North Africa with the RAOB stations 743 

indicated by black squares (Saharan stations), black dots (non-Saharan stations), and black open 744 

squares around dots (mixed stations that function as Saharan stations during most but not all 745 

months). The color scheme refers to the ecoregion division and vegetation provinces within them 746 

(“Mtn” applies to mountain ecoregions). Red shades apply to the Mediterranean division, yellow 747 

to the tropical/subtropical desert division, and orange to the tropical/subtropical steppe division. 748 

Greens and blues apply to the savanna division (lighter shades) and rainforest division (darker 749 

shades).  750 

Figure 2.  Maps of the North African stations with the number of useful radiosonde launches 751 

resulting in a RAOB that could be used for algorithm development. a) Useful launches since the 752 

earliest observation in the IGRA, 1948. b) Useful launches since 2003, the first full year of 753 

operations of the Aqua satellite mission. The use of input from Aqua sounders and from model 754 

reanalysis starts with 2003, although model reanalysis can go further back in time. The stations 755 

marked with zero are stations that do not have observations during the Aqua era.  756 

Figure 3. Algorithm-analyzed WML detections (shaded) from a Tamanrasset RAOB observation 757 

using several maximum allowable potential temperature and mixing ratio lapse rates 758 

parameterizations. Water vapor mixing ratio lapse rates either scale with the layer mean mixing 759 

ratio (VAR) or are constant (CON). For each panel, the potential temperature lapse rate is fixed 760 

at the rate shown. The first analyzed WML is shaded orange, the second gray, the third cyan, and 761 

the fourth manila. Shown wind barbs are in m/s. Additional lapse rate parameterization options 762 

for this case are shown in the supplemental material as Figure S1. 763 
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Figure 4. Same as Figure 3, except for Tunis. Additional lapse rate parameterization options for 764 

this case are shown in the supplemental material as Figure S2. 765 

Figure 5.  Decision tree of the WML detection software. The blue box is the analysis set up. The 766 

yellow boxes indicate data input. Gray boxes contain the analysis decisions. The green box 767 

contains output actions. Red boxes at the top and bottom control program execution. 768 

Figure 6.  Archetypal RAOBs of vertical structures found in North Africa. The red and green lines 769 

represent the temperature and dewpoint vertical profiles, respectively, and the orange shaded layer 770 

denotes algorithm-detected WMLs. The station elevation (m), number of useful levels in the 771 

analysis column, and the number of detected WMLs are indicated. a) In Salah is typical of 772 

summertime low elevation inner Saharan stations. b) The profile at Tunis is typical of northern 773 

coastal stations. c) Agadez is on the southern edge of the Sahara, but the West African monsoon 774 

reaches Agadez during July and August. This is a typical late spring-early summer profile at 775 

Agadez before monsoon onset. d) An example at Agadez during the monsoon season. 776 

Figure 7.  Examples of more challenging daytime environments from 2015 at a) In Salah and b) 777 

Tamanrasset in the spring; c) Abidjan in the winter; d) Ngaoundéré in the spring prior to the 778 

monsoon onset. The first analyzed WML is shaded orange, the second gray, the third cyan.  779 

Figure 8.  Four-panel figure comparing WML detections at In Salah in the summer from a) RAOB 780 

data, b) AIRS+AMSU temperature and humidity products, c) ERA-I reanalysis, d) MERRA-2 781 

reanalysis. The orange shading in each panel is the first WML detected in that profile.  782 

Figure 9. As in Figure 8, except for springtime in Dakar 783 

Figure 10. As in Figure 8, except for springtime in Ouagadougou. 784 
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Figure 11.  As in Figure 8, except for summertime in Tunis.  785 
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Figure 2.  Maps of the North African stations with the number of useful radiosonde launches 797 

resulting in a RAOB that could be used for algorithm development. a) Useful launches since the 798 

earliest observation in the IGRA, 1948. b) Useful launches since 2003, the first full year of 799 

operations of the Aqua satellite mission. The use of input from Aqua sounders and from model 800 

reanalysis starts with 2003, although model reanalysis can go further back in time. The stations 801 

marked with zero are stations that do not have observations during the Aqua era.  802 
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Figure 3. Algorithm-analyzed WML detections (shaded) from a Tamanrasset RAOB observation 804 

using several maximum allowable potential temperature and mixing ratio lapse rates 805 

parameterizations. Water vapor mixing ratio lapse rates either scale with the layer mean mixing 806 

ratio (VAR) or are constant (CON). For each panel, the potential temperature lapse rate is fixed 807 

at the rate shown. The first analyzed WML is shaded orange, the second gray, the third cyan, and 808 

the fourth manila. Shown wind barbs are in m/s. Additional lapse rate parameterization options 809 

for this case are shown in the supplemental material as Figure S1. 810 
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Figure 4. Same as Figure 3, except for Tunis. Additional lapse rate parameterization options for 812 

this case are shown in the supplemental material as Figure S2.  813 
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Figure 5.  Decision tree of the WML detection software. The blue box is the analysis set up. The 840 

yellow boxes indicate data input. Gray boxes contain the analysis decisions. The green box 841 

contains output actions. Red boxes at the top and bottom control program execution. 842 
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 843 

Figure 6.  Archetypal RAOBs of vertical structures found in North Africa. The red and green 844 
lines represent the temperature and dewpoint vertical profiles, respectively, and the orange 845 

shaded layer denotes algorithm-detected WMLs. The station elevation (m), number of useful 846 
levels in the analysis column, and the number of detected WMLs are indicated. a) In Salah is 847 
typical of summertime low elevation inner Saharan stations. b) The profile at Tunis is typical of 848 

northern coastal stations. c) Agadez is on the southern edge of the Sahara, but the West African 849 
monsoon reaches Agadez during July and August. This is a typical late spring-early summer 850 
profile at Agadez before monsoon onset. d) An example at Agadez during the monsoon season. 851 
Shown wind barbs are in m/s. 852 
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 853 

Figure 7.  Examples of more challenging daytime environments from 2015 at a) In Salah and b) 854 

Tamanrasset in the spring; c) Abidjan in the winter; d) Ngaoundéré in the spring prior to the 855 

monsoon onset. The first analyzed WML is shaded orange, the second gray, the third cyan. 856 

Shown wind barbs are in m/s.  857 
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 858 

Figure 8.  Four-panel figure comparing WML detections at In Salah in the summer from a) 859 

RAOB data, b) AIRS+AMSU temperature and humidity products, c) ERA-I reanalysis, d) 860 

MERRA-2 reanalysis. The orange shading in each panel is the first WML detected in that 861 

profile. Wind barbs are in m/s.  862 
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Figure 9. As in Figure 8, except for springtime in Dakar.  864 
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Figure 10. As in Figure 8, except for springtime in Ouagadougou. 866 



49 

 

 867 

Figure 11.  As in Figure 8, except for summertime in Tunis. 868 


