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density, which is consistent with a fluid-drag mechanism 19 
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Abstract 21 

Aeolian processes on Mars form a distinct class of meter-scale ripples, whose mechanisms of 22 

formation are debated. We present a global morphometric survey of bedforms on Mars, adding 23 

relevant observational constraints to the ongoing debate. We show that the bedforms located in 24 

the Tharsis region form a distinct group, not akin to the large dark-toned ripples which cover 25 

dune fields elsewhere on the planet. The relation between wavelength and atmospheric density 26 

derived from the new data is consistent with the predictions of a wind-drag mechanism, favoring 27 

the model that uses a saltation saturation length. Regardless of the mechanism that limits the size 28 

of bedforms, these results confirm the existence of a robust relationship between the wavelength 29 

of large ripples and atmospheric density (ripples spacings increases with decreasing atmospheric 30 

density). This provides further support to the interpretation of paleoatmospheric conditions on 31 

Mars through the analysis of its aeolian sedimentary record. 32 

 33 

Plain Language Summary 34 

The winds that shape the surface of Mars form two distinct scales of aeolian ripples, which 35 

coexist and evolve over martian dunes. The larger ripples (with spacing between crests between 36 

1-5 m) are enigmatic, as the mechanisms that control their equilibrium size are not fully 37 

understood. In this study we provide new observational data, which we use to assess different 38 

models that predict a dependence of bedform wavelength with atmospheric density. This new 39 

dataset shows that there are more than one population of meter-scale bedforms, with the ones 40 

located around the Tharsis volcanos being significantly different from the ones that cover dark 41 

dunes. We found a good agreement with the predictions of the wind-drag model, suggesting that 42 

the size of the large ripples is controlled by an aerodynamic mechanism. Most importantly, we 43 

confirm the existence of a global relation between wavelength and atmospheric density (ripples 44 

spacings increases with decreasing atmospheric density). This provides further support to the 45 

interpretation of paleoatmospheric conditions on Mars, as this relation can be applied to infer 46 

past atmospheric densities from the sedimentary record. 47 

 48 
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1 Introduction 49 

Martian dark dunes are covered by large ripple-like bedforms which are actively migrating 50 

under present-day atmospheric conditions (Bridges et al., 2012; Silvestro et al., 2010). These are 51 

metric-scale bedforms (~1-5 m spacing between crests, ~5-40 cm high) which can have 52 

symmetrical or asymmetrical profiles and sinuous or straight crests. On terrestrial aeolian 53 

environments with well-sorted sediments there are no obvious analogue bedforms in terms of 54 

scale, morphometry and dynamics (Lapotre et al., 2018; Silvestro et al., 2016; Vaz et al., 2017). 55 

Most notably, the meter-scale bedform are overlaid by centimeter-scale ripples, similar in scale 56 

and dynamics to impact ripples (Bridges et al., 2012; Lapotre et al., 2016; Weitz et al., 2018). The 57 

coexistence to these two different scales of bedforms raised several questions. Namely, why do we 58 

have two scales of ripples on Mars and what are the mechanisms that control their sizes?  59 

To explain orbital and ground-based observations of widespread aeolian activity (Baker et 60 

al., 2022; Bridges et al., 2012; Silvestro et al., 2010, 2013) transient low-flux transport regimes, 61 

that occur between impact threshold and fluid threshold speeds, were invoked (Andreotti et al., 62 

2021; Baker et al., 2018; Lapotre et al., 2018; Sullivan & Kok, 2017; Swann et al., 2020). Recent 63 

in situ observations by the Curiosity rover at Gale crater demonstrate that intermittent saltation is 64 

taking place, contributing to the migration of centimeter-scale ripples (Baker et al., 2022; Sullivan 65 

et al., 2022). In addition, wind tunnel experiments suggest that the size of impact ripples does not 66 

vary significantly with atmospheric density, maintaining their characteristic centimeter scale even 67 

in the low density conditions that exist on the surface of Mars (Andreotti et al., 2021). Therefore, 68 

all evidence shows that the size of centimeter scale ripples on Mars is controlled by the same 69 

impact-splash mechanism that produces terrestrial aeolian impact ripples. 70 

In contrast, two hypotheses have been proposed to explain the origin of the meter-scale 71 

ripples. They have been interpreted: a) as arising from a hydrodynamic instability i.e., they are 72 

analogous to fluid drag ripples typically found on terrestrial subaqueous environments (Duran 73 

Vinent et al., 2019; Lapotre et al., 2016, 2021); or b) as forming from the same impact-splash 74 

mechanism as terrestrial aeolian ripples (Sullivan et al., 2020; Sullivan & Kok, 2017). In the first 75 

hypothesis, the equilibrium wavelength of the large ripples is limited by a hydrodynamic anomaly 76 

(Duran Vinent et al., 2019; Lapotre et al., 2016), while in the second case ripple height (and 77 

consequently their wavelength) is controlled by the wind dynamic pressure at the bedforms crests, 78 

which is lower on Mars and would allow the growth of the bedforms (Sullivan et al., 2020). Lapotre 79 
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et al. (2016, 2021) argued that there is a clear wavelength gap between the two types of bedforms, 80 

inferring that two different mechanisms are limiting the size of the bedforms (impact-splash for 81 

the centimeter-scale ripples and fluid-drag for the meter-scale bedforms). In contrast, Sullivan et 82 

al. (2022) reported a continuum distribution of superimposed ripple wavelengths observed by the 83 

Curiosity rover at the “Sands of Forvie” sand sheet. They also reported the existence of 84 

granulometric segregation between the troughs and crests of large ripples (the same was reported 85 

in other areas by Gough et al., 2021) with coarser grains preferentially located on the crests of the 86 

larger bedforms. They interpreted these two characteristics as evidence that the meter-scale ripples 87 

are impact ripples rather than fluid-drag bedforms.  88 

An important aspect of the debate about the mechanism that sets the size of large ripples is 89 

the near-inverse relation observed between wavelength and atmospheric density at a global scale. 90 

This relation was initially hinted at by Lorenz et al. (2014) for the bedforms located across the 91 

high elevation Tharsis region, while Lapotre et al. (2016) extended the number of surveyed areas, 92 

focusing on sites where dark dunes are present. Based on this compilation, Lapotre et al. (2016) 93 

argued that the observed decrease in ripple wavelength with increasing atmospheric density is 94 

consistent with a fluid-drag origin. A view not shared by Lorenz (2020), which highlighted the 95 

different gradient of the model predictions and observational data (see Fig. 2 in Lorenz, 2020). 96 

Lapotre et al. (2021) revisited the same dataset proposing that when a saltation saturation length 97 

formulation is adopted (Duran Vinent et al., 2019), the fluid-drag mechanism provides a better fit 98 

to the data, particularly to the bedforms analyzed outside Tharsis.  99 

Drag ripples wavelength scales according to 𝜆 ≈
(
𝜇

𝜌𝑓
)

2
3⁄

𝐷
1
6⁄

(𝑅𝑔)
1
6⁄ 𝑢∗
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3⁄
 (Lapotre et al., 2017), where µ is 100 

the dynamic viscosity, 𝜌𝑓 is the fluid density, D is grain diameter, g is the gravity acceleration and 101 

R is the submerged reduced density of the sediment (
𝜌𝑠−𝜌𝑓

𝜌𝑓
). This relation predicts that bedform 102 

wavelength is strongly dependent on 𝜌𝑓
−2 3⁄ . The mechanisms that set the wavelength of impact 103 

ripples are less understood. Wind tunnel experiments show that the saturation wavelength on well 104 

sorted sediments increases linearly with friction velocity (Andreotti et al., 2006; Cheng et al., 2018; 105 

Rasmussen et al., 2015), and is thought to be limited by the height of the ripples (Bagnold, 1954; 106 

Manukyan & Prigozhin, 2009). Yet, in less well sorted sediments coarser particles form an armor 107 

layer on the crests, causing ripples to increase in height and consequently in wavelength (Sharp, 108 
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1963). Sullivan et al. (2020) argue that the wind dynamic pressure 𝑊𝐷𝑃 =
1

2
𝜌𝑓𝑢

2 (𝑢 is the wind 109 

velocity) controls ripples height, with higher dynamic pressures removing particles from the crests 110 

and precluding the growth of the bedforms. Therefore, higher WDP should generate smaller 111 

ripples. In this case, if we assume a constant wind velocity the wavelength of impact ripples scales 112 

with  1 𝜌𝑓⁄ . Note that this assumption (constant wind speed at a global scale) may be problematic, 113 

as according to the equation WDP may be relatively more influenced by wind velocity than by 114 

density variations, which is the only factor addressed in previous studies as well as in this work. 115 

Nevertheless, both theories suggest an increase in wavelength when atmospheric density 116 

decreases. 117 

Other questions not entirely settled in previous studies regard the nature of the bedforms 118 

located in the Tharsis region. Lapotre et al. (2016) noticed the morphologic and albedo differences 119 

between the dark-toned ripples covering dunes and Tharsis bedforms. Nevertheless, they merged 120 

the two datasets to fit their wind-drag model, while in later works Tharsis and non-Tharsis 121 

bedforms were analyzed separately (Lapotre et al., 2021; Lorenz, 2020).  122 

Here we focus on these unresolved issues, reviewing and expanding the observational 123 

dataset, analyzing the consistency of measurements, and testing the models that predict the size of 124 

large ripples on Mars as a function of atmospheric density. 125 

 126 

2 Data and methodology 127 

We use High-Resolution Imaging Science Experiment (HiRISE) images (0.25-0.5 m/pix, 128 

McEwen et al., 2007) to perform a global scale mapping and wavelength survey of aeolian 129 

bedforms. Our survey cover the same 25 areas located in the Tharsis regions and analyzed by 130 

Lorenz et al. (2014), as well as the 11 areas reported in Lapotre et al. (2016) (Fig. 1). Furthermore, 131 

we expand the elevation coverage including 39 new areas where meter-scale bedforms are present 132 

covering dark-toned dunes (Supporting information S1 - section 1, Fig. S1 and Table S1).  133 

 134 
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 135 

Figure 1. Location (a) and elevation distribution (b) of the 75 sites surveyed in this study. We 136 

analyzed the same 25 areas of Lorenz et al. (2014) as well as the 11 dark-tone dune sites previously 137 

analyzed by Lapotre et al. (2016). Our survey improves the spatial coverage, extends the range of 138 

surveyed elevations and provides a more continuous elevation sampling. A global dune catalog 139 

(Fenton, 2020; Hayward et al., 2014) is shown overlaying MOLA elevation data. 140 

 141 

Previous surveys relied on the discrete manual measurements of crest-to-crest distances in 142 

randomly selected points (Lapotre et al., 2016; Lorenz et al., 2014). Here we applied a set of image 143 

processing and machine learning techniques which allow the mass automatic mapping of bedforms 144 

and the accurate measurement of their wavelengths (Fig. 2). We adapted the 2D Fast Fourier 145 

Transform approach introduced by Voulgaris and Morin (2008), implementing a multiscale 146 

scheme coupled with neural networks. This method allows the mapping and characterization of 147 
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large ripples and transverse aeolian ridges (TARs) in a wide range of spatial scales and surface 148 

settings. See Supporting information S1 - section 2 for a in depth description of the method.  149 

 150 

 151 

Figure 2. Wavelength survey of aeolian bedforms on Lyot crater (ESP_055318_2290, area 26 in 152 

Table S1). a) The applied method allows the full mapping and wavelength characterization of 153 

aeolian bedforms. b) Detailed view of the wavelength and trend of the mapped bedforms: large 154 

dark-toned ripples (LDRs) cover a barchan dune and have a spacing between crests of less than 4 155 

m; megaripples (MRs) and transverse aeolian ridges (TARs) present higher albedos, higher 156 

wavelengths and are overlaid by the dune darker sediments. c and d) 2D histograms showing the 157 
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distribution of wavelength, circular standard deviation and albedo (I/F), a square root stretch is 158 

used to highlight secondary peaks. Red dashed lines correspond to the wavelength and albedo 159 

thresholds used to segment two bedform classes. The black dots and lines represent the computed 160 

averages and 1σ intervals. 161 

 162 

Previous studies analyzed the relation between the average wavelength and atmospheric 163 

density at the surface, focusing on large ripples and TARs. To comply with this framework, we 164 

segment the mapped bedforms in two classes: a) large dark-toned ripples and b) a second class that 165 

comprises megaripples and TARs. Wavelength and relative grain size were proposed to be key 166 

parameters to discriminate different types of aeolian bedforms on Mars (Day & Zimbelman, 2021). 167 

We use albedo as a proxy for grain size, as it is usually assumed to be related to dust coating and/or 168 

to the presence of coarser particles (Sullivan et al., 2020). We examine the wavelength and albedo 169 

distributions using 2D histograms and we define threshold values that allow the partition of the 170 

mapping results, so that summary statistics can be computed for each class (see Supporting 171 

information S1 - section 3 for examples and Supporting information S2 for global results).  172 

To evaluate the mechanisms that set the size of large ripples on Mars we test which model 173 

best describes the wavelength vs. atmospheric density relation observed in our dataset. We tested 174 

three models (refer to Supporting information S1 - section 5 for details): a) the wind-drag model 175 

of Lapotre et al. (2016), where the saturation length scale is approximated as that of fluvial 176 

bedload, b) a modified version of the same scaling, which instead uses a saturation length scale for 177 

aeolian saltation (Duran Vinent et al., 2019; Lapotre et al., 2021), and c) a generic inverse linear 178 

dependence between wavelength and atmospheric density (as proposed by Lorenz et al., 2014). 179 

We fit power laws and linear models to facilitate the comparison between our measurements and 180 

the models’ predictions.  181 

 182 

4 Results and discussion 183 

Bedforms spaced between 1 to 100 m were mapped over a total area of ~2200 km2 184 

(Supporting information S2). The applied method correctly identifies the location of bedforms 185 

(93.7% of overall accuracy) and robustly measures their wavelength (we estimate a confidence 186 

interval of ±12%, Supporting information S1 - section 2). When comparing our data with previous 187 
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surveys, we found a good agreement with large ripple measurements reported by Lapotre et al. 188 

(2016), which on average differ by 4%. Yet, the averages for the larger bedforms (megaripples 189 

and TARs) reported in the same study are severely underestimated by 84%, which we attribute to 190 

a possible under sampling. To assess the wavelength of these larger bedforms Lapotre et al. (2016) 191 

collected on average of 46 wavelength measurements on each site. This number of randomly 192 

located measurements may not be enough to characterize these populations, as they cover a small 193 

percentage of the mapped areas and form scattered patches of bedforms with variable wavelengths.  194 

Our results for the Tharsis sites (which represent ~2/3 of the data analyzed in previous 195 

studies) show that Lorenz et al. (2014) values are systematically underestimated: on average they 196 

are 73% lower than the values obtained in this study (Fig. S10 and S11; Supporting information 197 

S1 - section 4). Indeed, some cited measurements there (e.g., 0.5-1.1 m) are dubious at best given 198 

HiRISE resolution (0.25 m/pix). The causes for this large disparity are less clear, nevertheless we 199 

note that in this case the measurement locations were not randomized, and that in some of the areas 200 

the spatial distribution of the bedforms is not uniform. These two factors may complicate the 201 

obtention of representative values from a few tens of scattered measurements.  202 

Other potential sources of uncertainty are the elevation values reported for each site, which 203 

are used to derive the atmospheric pressure. We sampled the MOLA elevations at the centroid 204 

point of the largest bedform patch mapped in each area. However, previous works do not refer the 205 

sampling scheme or location where elevation values were collected. Therefore, in areas where the 206 

HiRISE footprints cover regions with higher elevation gradients (mainly in the Tharsis region) we 207 

can have elevation differences between our values and previous surveys of more than 2 km. This 208 

happens in four of the areas analyzed by Lorenz et al. (2014) (Fig. S11b). 209 

We found several lines of evidence which support that Tharsis bedforms form a distinct 210 

population, apart from the large dark-toned ripples found elsewhere on Mars: a) as noted by  211 

Lapotre et al. (2021), we found that Tharsis bedforms have higher albedos (Fig. S12); b) we found 212 

that they have distinct thermal inertia (Putzig and Mellon, 2007) and dust cover index signatures 213 

(Ruff and Christensen, 2002), denoting lower thermal inertias (possibly associated with finer 214 

materials) and higher dust content/coverage (Fig. S13); c) as noted by others, Tharsis bedforms 215 

form unique patterns (Fig. S14) such as honeycomb or reticulate patterns (Bridges et al., 2010; 216 

Lorenz et al., 2014); and d) are in most cases associated with extensive mantling units, while large 217 

ripples outside Tharsis are typically found overlaying dark dunes (see Supporting information S1 218 
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- section 5 for details). These distinctive characteristics suggest that the two sets of bedforms 219 

should be considered separately when evaluating bedform-formation mechanisms. 220 

The compiled data confirms the existence of a decrease of wavelength with increasing 221 

atmospheric density for the large dark-toned ripples (Fig. 3). Only five areas (~7%) deviate from 222 

this general tendency (Supporting information S1 - section 5 and Fig. S15), corresponding to cases 223 

where: a) sand sheets occupy a significant percentage of the mapped areas, suggesting the presence 224 

of coarse and/or poorly sorted sediments; and b) where dust devil tracks are visible covering the 225 

bedforms, suggesting limited migration/activity. These outliers are not included in the fits done to 226 

evaluate the proposed models, but their existence highlights two points: the accuracy and 227 

consistency of the measurements and the need to select comparable dune settings, as differences 228 

in grain size and sorting influence the wavelength of the bedforms.  229 

 230 

 231 

Figure 3. Relation between bedforms wavelength and Martian atmospheric density. The same data 232 

is shown in two different plots: a) highlighting the linear inverse relation proposed by Lorenz et 233 

al. (2014) and b) comparing with the models proposed by Lapotre et al. (2016; 2021), the gray area 234 

represents the maximum range of atmospheric densities on Mars while the cyan line represents the 235 

density of Earth’s atmosphere. Black lines represent the best fitted models for each dataset, 236 

computed using the average wavelengths for each site (linear models in a) and power laws in b); 237 

the R2 values in b) were computed in the log space). The golden line represents Lapotre et al. 238 

(2016) empirical relationship where transport saturation length is taken as that of fluvial bedload, 239 
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while the green line corresponds to a transport saturation length for aeolian saltation (Lapotre et 240 

al., 2021). A similar plot that includes the datasets used in previous studies is shown in Fig. S19. 241 

 242 

 The model obtained by fitting previous datasets which takes into account the bedload 243 

transport saturation length (Lapotre et al., 2016) predicts significantly lower wavelengths and a 244 

different scaling to the one we derived from our dataset. Conversely, our data for the dark-toned 245 

large ripples overlaps the predictions of the wind-drag model that uses the saltation transport 246 

saturation length, with a best fitted power law with ~2/3 scaling.  247 

Tharsis data presents higher scattering, particularly for lower wavelengths where data 248 

points seem to converge towards the dark-toned ripple dataset. Due to the discrepancies found 249 

between our results and those of Lorenz et al. (2014), we note that the Tharsis data compiled in 250 

this study does not overlap or follow a similar scaling to the wind-drag model that considers a 251 

bedload transport saturation length (Fig. 3 and S19). Instead, the best fitted power law (R2=0.42) 252 

has the same scaling (~2/3) of the model that uses the saltation transport saturation length. 253 

The compiled data suggests that the mechanism that limits the size of large ripples on Mars 254 

is dependent on the atmospheric density. Overall, we observe that all our data are bounded by the 255 

two saturation length scaling laws, supporting the hypothesis that the equilibrium size of large 256 

martian ripples is controlled by an aerodynamic mechanism. The scaling laws for saturation length 257 

arise from idealized representations of transport in unimodal sediments. As previously discussed, 258 

the grain size distribution of the sediments on the Tharsis bedforms is probably more complex, 259 

which may contribute to the observed differences between Tharsis and non-Tharsis bedforms. 260 

Even so, in accordance with previous studies (Lorenz, 2020; Lorenz et al., 2014) we notice 261 

that linear functions (which imply that  262 

𝜆 ∝ 1 𝜌𝑓⁄ ) also provide robust fits to the data (R2=0.79 and 0.73 for the dark large ripples and 263 

Tharsis bedforms, respectively). In the case of the large ripples, both inverse and power law 264 

functions explain ~80% of the variance. This means that, strictly from a numeric point of view, 265 

we cannot discriminate what is the best model to fit the data. As previously mentioned, to fully 266 

test the impact ripple hypothesis we would need to consider the wind velocities at each site, 267 

something that could be done using climate model predictions.    268 

Finally, the wavelengths of the larger bedforms (megaripples and TARs) present a large 269 

dispersion (Fig. 3B), not showing an obvious relation with any of the scaling laws. Linear or power 270 
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law models do not produce a meaningful fit to the data (R2=0.03). This suggests that at a global 271 

scale these bedforms do not form a homogeneous set and are probably not representative of the 272 

same boundary conditions (i.e., they likely formed with different grain size distributions, or under 273 

differing atmospheric conditions). Nonetheless, we cannot exclude the possibility that including 274 

TARs and megaripples in a same class may be flawed, especially since different degrees of 275 

mobility under present day winds have been described for the two sets of bedforms (Chojnacki et 276 

al., 2021; Silvestro et al., 2020). 277 

For the dark-toned large ripples the degree of agreement between the global measurements 278 

and the predictions of the scaling relationship of Lapotre et al. (2021) (where saturation length is 279 

taken as that of aeolian saltation) is remarkable. Particularly if we consider that we are using a 280 

“static” average atmospheric density, which is merely a function of elevation and does not consider 281 

regional and seasonal atmospheric density variations. On the other hand, we cannot exclude that 282 

the density may just be one of the factors influencing the bedforms dimensions. As suggested by 283 

Lorenz (2020), wind speed at a global scale may increase with elevation creating a more complex 284 

interplay between density, wind speed and resulting bedform size. 285 

 286 

5 Conclusions 287 

This survey provides improved measurements to evaluate the mechanisms that set the size 288 

of bedform on Mars. We show that previous works used biased measurements, particularly for the 289 

bedforms located in the Tharsis region. We investigated the uniqueness of the bedforms located in 290 

this region, concluding that these bedforms form a distinct population and should be analyzed 291 

separately from the more common dark-toned large ripples that cover dunes outside Tharsis. 292 

Our survey covers a larger range of elevations than previous works, and for the first time 293 

provides full wavelength mapping of extensive regions. Overall, our results are consistent with the 294 

predictions of the “wind-drag” hypothesis, favoring the model that considers a saltation transport 295 

saturation length. Still, the compiled morphometric data is not enough to refute the impact ripple 296 

hypothesis, as that would probably require the integration of variable wind velocities for each site.  297 

The compiled dataset corroborates the existence of a robust relation between the 298 

wavelength of large dark-toned ripples and atmospheric density. Therefore, this new survey 299 

complements and helps to validate the main concept introduced in Lapotre et al. (2016): that paleo-300 
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atmospheric density can be inferred for Mars by looking at the aeolian sedimentary record, 301 

providing an important tool to probe the evolution of the planet’s environment.  302 
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