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 11 

Abstract: 12 
  13 
Landslides are a major natural hazard, threatening communities and infrastructures worldwide. Mitigation 14 

of these hazards relies on understanding their causes and triggering processes, which critically depend on 15 

subsurface characteristics and their variations over time. In this study, we present a novel approach 16 

combining passive seismic and low-cost inclinometer monitoring methods to improve the understanding of 17 

landslide activation mechanisms and their controls. We evaluate the efficiency of this approach on a 18 

shallow, slow-moving landslide directly endangering a road bridge, a bridge that is part of an important 19 

emergency response route. Results show the value of combining the two approaches for observing and 20 

monitoring landslide hazards. Passive seismic monitoring captures the variation in soil properties (rigidity 21 

and density) over time by sensing the variations of the seismic wave velocity (dV/V and its associated 22 

correlation coefficient). At the same time, novel low-cost inclinometers are monitoring subsurface 23 

deformation (from millimetric to pluricentimetric scale) and temperature. Seismic precursors detected at the 24 

bottom sensor a few hours prior to the reactivation are followed by the reactivation of the landslide toe, 25 

releasing stresses in the top part that lead to the reactivation of the whole landslide. This reactivation occurs 26 

during an episode of heavy rainfall following a 7-month drought. Meanwhile, temperature monitoring 27 

enables us to track water infiltration and to highlight its role in the landslide mechanisms. Overall, the 28 

combination of the two monitoring methods shows promise for quantifying the sliding mechanisms of 29 

landslide reactivations and for designing landslide early warning systems.  30 

Keywords: Urban landslide, monitoring, ambient seismic noise, inclinometer 31 

 32 
1) Introduction 33 

Numerous regions of the world are exposed to landslide hazards, which pose problems for land 34 

management and population safety (Guzzetti, 2000; Hungr et al., 2014; Panizza et al., 1996; Picarelli et al., 35 

2005). Between 1998 and 2017, landslides affected 4.8 million people and caused over 18,000 deaths 36 

(Froude and Petley, 2018). Catastrophic landslide events are often triggered by heavy rainfall, earthquakes, 37 

or anthropogenic activities (Lacroix et al., 2020). Monitoring the controlling mechanism of such complex 38 

events during failure is difficult, because of their velocity and destructive force. Slow-moving landslides offer 39 
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an opportunity to better understand these mechanisms, as processes occur at time scales that are easier 40 

to observe (Palmer, 2017).  41 

A variety of methods exists to investigate landslide characteristics and dynamics, yet they are rarely 42 

combined together. Landslide characterization is commonly performed using geotechnical methods such 43 

as cone penetration tests (Solberg et al., 2016), and/or geophysical methods like electrical resistivity 44 

tomography (Solberg et al., 2016) or seismic (Bièvre et al., 2016; Uhlemann et al., 2016a). Monitoring of 45 

landslide dynamics is done using geotechnical approaches such as inclinometric measurements (Furuya 46 

et al., 1999; Jeng et al., 2017; Uhlemann et al., 2016b), remote sensing solutions (Benoit et al., 2015; Carlà 47 

et al., 2019; Fiolleau et al., 2021; Lacroix et al., 2018), or geophysical techniques (Fiolleau et al., 2020; 48 

Jongmans et al., 2021; Whiteley et al., 2019). 49 

Among those methods, inclinometers have been shown to be reliable and effective in accurately tracking 50 

ground deformation, enabling the estimation of the sliding surface depth (with centimetric accuracy) and 51 

the displacement rate with centimetric to millimetric accuracy (Gullà et al., 2017; Sass et al., 2008; 52 

Uhlemann et al., 2016b). Traditional inclinometers, derived from a prototype built in 1952 by S.D.Wilson 53 

(Stark and Choi, 2008), have been commonly used since their commercialization in the 1950s to monitor 54 

ground deformation to hundreds of meters in depth. However, the high cost of these systems makes them 55 

poorly suited for shallow environments. For this reason, over the past decade, the development of MEMs-56 

based accelerometers for monitoring shallow landslides has largely been used (Abdoun et al., 2013; Ruzza 57 

et al., 2020). Recently, Wielandt et al. (2022) developed low-power sensor arrays combining MEMs and 58 

temperature measurements to monitor soil deformation and ground temperature simultaneously at multiple 59 

depths. Besides deformation, and among other soil properties, soil temperature is particularly valuable for 60 

better constraining the triggering mechanisms of slope instabilities. Shibasaki et al. (2016) investigated the 61 

effect of temperature on the residual strength of soil located in slip zones of slow-moving landslides. They 62 

showed that for smectite-rich soil, a decrease in temperature will lead to a decrease in shear resistance, 63 

which ultimately could trigger a slow-moving landslide. Temperature monitoring at depth can also be used 64 

for detecting groundwater flow (Takeuchi, 1980). Furuya et al. (2006) used soil-temperature monitoring 65 

combined with slope instability analysis to better understand the relationship between groundwater-vein 66 

distribution and slope failures in the Zentoku area, Japan.  67 
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Recent studies have shown that temporal changes in seismic wave velocity (dV/V) and the associated 68 

correlation coefficient (CC) are useful parameters for monitoring soil-property variations and to detect 69 

precursors of landslide reactivations (Colombero et al., 2021; Le Breton et al., 2021). Mainsant et al. (2012) 70 

detected a drop in Rayleigh wave velocity a few days before a sliding event of the Pont de Bourquin 71 

landslide. They interpreted this drop as the result of a decrease in rigidity of the soil. In the above-mentioned 72 

studies, seismic wave velocity variations were extracted from the cross-correlation of ambient seismic noise 73 

recorded at two different stations. An alternative to investigating seismic velocity variation would be to use 74 

the noise single-station cross-components correlation function (NSCF, De Plaen et al., 2016; Machacca-75 

Puma et al., 2019; Wegler and Sens‐Schönfelder, 2007), in which only one seismic station is required to 76 

monitor dV/V and CC around a station. Bontemps et al. (2020) used this technique to track and better 77 

understand the forcing mechanisms of a slow-moving landslide in Peru. 78 

All the above-mentioned studies show that characterizing landslide mechanisms and reactivations 79 

requires a combination of techniques. To date, some studies have combined methods to understand these 80 

mechanisms (Fiolleau et al., 2021; Uhlemann et al., 2016b), but none has simultaneously tracked seismic 81 

velocity changes, soil deformation, and temperature variations at multiple depths. This combination of 82 

methods could enable major advances in understanding changes in soil properties, water infiltration 83 

patterns, and their influence on reactivation mechanisms. 84 

In this study, we combine low-cost deformation and temperature measurements with ambient seismic 85 

noise recordings to characterize and monitor a small landslide reactivation caused by an intense rain event. 86 

The depth-resolved, distributed measurements of soil deformation enable us to characterize the dynamics 87 

of the reactivation of the shallow landslide mass. At the same time, monitoring of shear-wave-velocity 88 

variations in the vicinity of the probe deformation measurements makes it possible to characterize the 89 

ground disturbances leading up to the destabilization of the soil mass, and to assist in interpreting the 90 

displacement measurements.    91 

 92 

 93 

2) Study Site 94 
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The study site, located in the San Francisco Bay Area on the west side of the northwest-trending Berkeley 95 

Hills (Figure 1), has a significant history of landsliding. The Hayward and San Andreas faults, which are in 96 

close proximity to the study site, are potential sources of seismic activity. The Berkeley Hills bedrock 97 

geology is complex, comprising moderately to highly deformed sedimentary, volcanic, and metamorphic 98 

rock units. The investigated landslide investigated directly impacts a road bridge that is a crucial part of an 99 

evacuation route and has been studied intensively (Uhlemann et al., 2021). The landslide, which can be 100 

classified as a very slow moving clay rotational slide (Hungr et al., 2014), is located within a paleolandslide 101 

deposit (up to 18 m thick) composed of weathered Moraga formation (mainly weathered basalt and andesite 102 

flows), overlying the Orinda formation (non-marine, conglomerate sandstone, and green and red 103 

mudstone). Since 2012, the ground displacement is monitored using a deeply anchored (2 m deep) GPS 104 

station. This station indicates movement rates of up to about 10 mm/year, with movements predominantly 105 

occurring during precipitation events (Cohen-Waeber, 2018). Unfortunately, the GPS station stopped 106 

working during the studied event, which prevented us from using it.  107 

 108 
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Figure 1: Map showing the landslide footprint. Location of seismic, deformation sensors, piezometer, ERT and seismic 109 
line. Geological limits are presented without considering surficial deposits. White lines indicate iso-elevations.    110 

 111 

3) Materials and Methods 112 

3.1. Characterization 113 

The characterization of the subsurface was performed using two geophysical methods: seismic refraction 114 

tomography (SRT) and electrical resistivity tomography (ERT) (Figure 1). The geophysical data were 115 

interpreted based on a nearby borehole log (A3GEO, Inc., 2020).  116 

The seismic data were acquired using 48 geophones with 2 m spacing. Vertical geophones with a 4.5 Hz 117 

eigen frequency were used for the P-wave survey. The source was a 4.5 kg sledge hammer hitting a 118 

horizontal metallic plate. Horizontal geophones with a 4.5 Hz eigen frequency were used for the S-wave 119 

survey, and a steel prism with 45° inclined faces placed perpendicular to the profile was used to generate 120 

S-waves with opposing polarizations (Uhlemann et al., 2016a). In both cases, the same shot locations were 121 

used, and shots were stacked to improve the signal-to-noise ratio; the number of stacks varied based on 122 

the environmental noise conditions. 123 

The ERT transect included 64 electrodes 1.5 m apart. The data were acquired using dipole-dipole 124 

measurements, with a dipole length a of 1.5, 3.0, 4.5, 6.0, 7.5, and 9 m, and a dipole spacing n of 1 to 8a. 125 

To assess the measurement error, a full set of reciprocal data was acquired, and showed very good data 126 

quality. Based on the reciprocal errors, a linear error model was developed (Tso et al., 2017) with a relative 127 

error of 0.2%, and an absolute error of 0.0001 Ohm.  128 

To fully exploit the sensitivities of the P- and S-wave seismic refraction and electrical resistivity tomographic 129 

data, we used a structurally coupled cooperative joint inversion approach (Skibbe et al., 2021; Wagner and 130 

Uhlemann, 2021), which was implemented in PyGIMLi (Rücker et al., 2017). In this approach, the structural 131 

similarity is achieved by smoothness constraints in the regularization operator that are locally decreased 132 

based on the roughness of the model, and updated between iterations. This approach enables the 133 

exchange of structural information between p- and s-wave seismic refraction and electrical resistivity 134 

tomography data, and allows us to focus on common boundaries. The P and S-wave seismic refraction 135 

tomography data were used to infer the elastic moduli and the Poisson’s ratio, which are known to provide 136 
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crucial information for understanding landslide processes (Uhlemann et al., 2016a). The Poisson’s ratio, a 137 

good indicator of the saturation of the subsurface, is derived from the inverted Vp and Vs profiles using 138 

 139 

𝜈 =  
𝑉𝑃

2 − 2𝑉𝑆
2 

2(𝑉𝑃
2 − 𝑉𝑆

2)
 140 

1 141 

 142 

 143 

 144 

 3.2. Monitoring 145 

The landslide was monitored with two shallow inclinometer arrays (Wielandt et al., 2022), two seismic 146 

stations, and a piezometer from July 26 to October 31 2021 (Figure 1). During this period, the data were 147 

acquired autonomously without any major interruption except from the beginning of August to October 19 148 

for the seismic data. This study focused primarily on the major rainstorm event starting on October 24. Each 149 

inclinometer array was 1.8 m long (Figure 2), composed of 18 three-component MEMS accelerometers 150 

(first sensor at 10 cm depth) and 18 temperature sensors, which were placed alternately at 5 cm intervals 151 

(Figure 2). A low-cost, AA battery-powered data logger was used to record the MEMS and temperature 152 

measurements continuously at a sampling rate of 15 min (Wielandt and Dafflon, 2021). The deformation in 153 

the horizontal plane was extracted from the inclinometric measurements with submillimetric accuracy 154 

following Wielandt et al. (2022).  155 
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 156 

Figure 2: Design of the probe with temperature sensors and accelerometers. 157 

 158 

The air temperature, rainfall, and wind time-series were retrieved from the Lawrence Berkeley National 159 

Laboratory’s weather station (Horel et al., 2002), located 700 m away from the studied landslide. The station 160 

records each parameter every 15 min. The water table dynamics were monitored by a piezometer installed 161 

to 1.8 m depth, located between the two seismic stations and the two inclinometers (Figure 1), with a 162 

sampling rate of 30 min. 163 

The two seismic stations were collocated with the two inclinometers (Figure 1).  The three-component 164 

geophones with an eigen frequency of 4.5 Hz were oriented (NW) along the slope gradient and recorded 165 

seismic ambient noise at a sampling rate of 200 Hz. The NSCF of the ambient seismic noise were 166 

calculated to track potential changes in Rayleigh wave velocity. First, the Fourier spectra of 1 hr recordings 167 

were normalized for each frequency value (spectral whitening) to ensure a similar statistical contribution of 168 

all frequencies in the considered frequency range (3 – 50 Hz). Secondly, these 1 hr recordings of the 169 

different components at each station were cross-correlated (East-Vertical, North-Vertical and East-North). 170 
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Then, the method consisted of comparing each cross-correlogram to a reference, by a new correlation, to 171 

detect a variation in seismic wave velocity (extension or retraction of the signal, change in dV/V) or a 172 

variation in signal shape (change of CC). A moving reference cross-correlogram was computed by 173 

averaging all hourly cross-correlograms over a 48 h period preceding the hourly cross-correlogram 174 

considered. All the correlograms were bandpass filtered for center frequencies between 3 and 50 Hz over 175 

a bandwidth of 2 Hz and in steps of 0.5 Hz. Then, hourly velocity changes with respect to the considered 176 

reference correlogram were calculated for the different frequency bands, using the stretching technique 177 

(Lobkis and Weaver, 2003; Sens-Schönfelder C. and Wegler U., 2006) for the time window [0.05 – 4 s] in 178 

the coda. This time window was sufficient to account for all scattered waves in the investigated volume. 179 

This technique enabled an analysis of the velocity variation (dV/V) and the associated correlation coefficient 180 

(CC). 181 

 182 

4) Results 183 

4.1. Subsurface characteristics 184 

𝑉𝑃 and 𝑉𝑆 profiles show low seismic velocities in the first 1.5 m, of 300 m/s and 80 m/s, respectively 185 

(Figure 3a and c). A high Poisson ratio is present in the lower part of the profile (0 to 60 m, Figure 3d) in 186 

the upper 1.5 m depth, highlighting the presence of a fully saturated layer. At the top of the slope, the 187 

relatively high resistivity values (above 30 Ωm, Figure 3b) and a low Poisson’s ratio (around 0.2, Figure 3d) 188 

highlight the presence of a very weak and porous shallow layer of about 1.5 m thickness. These results are 189 

consistent with the geology at the site, in particular the presence of a rocky permeable deposit from the 190 

Moraga formation at the top of the slope, and a stiff clayey material with a low permeability at the bottom. 191 

The seismic velocity increases with depth and reaches 2500 m/s and 1000 m/s at 20 m depth for 𝑉𝑃 and 192 

𝑉𝑆, respectively. The seismic velocities are consistent with the geotechnical investigation. Indeed, the 18 m 193 

deep borehole shows the presence of stiff clay (CM, Figure 3e) in the first 5.5 m. Below, highly weathered 194 

siltstone (Orinda formation, WOF, Figure 3e) is observed until reaching a mineralization zone at 17-18 m 195 

depth corresponding to the end of the borehole (MZ, Figure 3e).  196 

 197 
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 198 

Figure 3: Geophysical profiles overlaid with borehole (B) location, the position of the seismic stations (green triangle) 199 
and inclinometer arrays (green line). a) VP, b) ERT, c) VS, d) Poisons ratio profiles and e) borehole log with stiff clay 200 
material (CM), weak Orinda Formation (WOF) and Mineralization zone (MZ). 201 

4.2. Landslide dynamics 202 

The landslide dynamics during a summer (July 26 to August 1) and fall (October 19 to October 31) periods 203 

are evaluated based on variations in water table level, soil displacement, soil temperature, seismic wave 204 

velocity, and the associated correlation coefficient. (Figure 4). The summer period is characterized by the 205 

absence of rain and landslide events, and a water table depth remaining deeper than 1.8 m. The 206 

inclinometer arrays indicate very little to no change in soil temperature and displacements during this period. 207 

In addition, no seismic velocity variations are observed and the associated correlation coefficient (CC) is 208 

high.  209 

The fall period encompasses a large rainstorm event bringing about 220 mm of rain in 30 h. This major 210 

event triggered a small reactivation of a few millimeters’ displacement. Seismic, deformation, and 211 

temperature measurements show a clear response during this event. Temperature measurements indicate 212 

different infiltration patterns at the top and bottom of the slope. The gradual decrease in temperature with 213 

depth at the top highlights a progressive infiltration, while the quick decrease in temperature at the bottom 214 

of the slope indicates a quick infiltration.  215 
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The seismic monitoring shows the evolution of dV/V and the associated CC during the rainstorm event, 216 

reflecting changes in soil properties (rigidity and/or density). Before the rainstorm event, CC remains low, 217 

with some fluctuations at high frequencies (sensitive to the first centimeters of soil) during small rainfall 218 

events. At the time of the rainstorm event, a drop in CC at low frequencies between 7-10 and 20 Hz and 219 

deformation of about 1 cm at 1.5 m depth are observed at the top and bottom of the slope. A few days after 220 

the end of the rainstorm event, displacement halts, and the CC increases to its initial level for all frequencies 221 

and at the top and bottom of the slope. Although the seismic wave velocity variations (dV/V) also drop 222 

during the rainstorm event, this drop in dV/V cannot be interpreted because of the low value of CC. 223 

Figures 5 and 6 highlight the landslide dynamic during the rainstorm period in more detail. The rainfall event 224 

started on October 23 (t0, Figure 5) at 8 p.m. At the same time, a drop in CC occurred between 15 and 225 

20 Hz at the top and around 20 Hz at the bottom. A few hours later, the CC at the bottom of the slope drops 226 

between 7 and 20 Hz (t1, October 24, 2 a.m., Figure 5). The measured displacements remain below the 227 

noise level (of about ±1 mm, Wielandt et al., 2022). The cumulative amount of rain reached 25 mm. On 228 

October 24 at 8 a.m. (t2, Figure 5), the soil temperature in the top 1.5 m of soil quickly decreases, likely 229 

resulting from water infiltration and related advective and conductive heat transfer. At the same time, a 230 

displacement of 3 mm is recorded by the bottom inclinometer array (Figure 6b) along the shallow sliding 231 

surface at about 1.6 m depth (October 24, 9 a.m., Figure 5). The water-level sensor shows a considerable 232 

rise in water level on October 24 between 12 p.m. to 2 p.m. The cumulative amount of rain reached 94 mm 233 

at 2 p.m. on October 24. At this time (t3, Figure 5) CC at the top of the slope drops between 10 and 20 Hz 234 

(October 24, 3 p.m., Figure 5), and the water table reaches its highest level (-0.4 m), with a cumulative 235 

amount of rain reaching 135 mm. The displacement in the bottom part reaches 5 mm (Figure 6b). At 6 p.m. 236 

on October 24 (t4, Figure 5), a displacement of about 2 mm (Figure 6a) is recorded at the top of the slope 237 

at about 1.6 m depth, indicating the presence of a sliding surface. At 11 p.m. on October 24 (t5, Figure 5) 238 

both inclinometer arrays show displacements of up to 10 mm and 3 mm at the bottom and the top of the 239 

slope, respectively (+27 h, Figure 6). (t6) The bottom inclinometer array shows no sign of displacement on 240 

the shallow sliding surface (+36 h, Figure 6b), while the top inclinometer array indicates a total displacement 241 

of 5 mm.  242 

 243 
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 244 

Figure 4: Monitoring data from July 26 to October 31: a) rainfall amount (R, [mm]), b) Water table level (WT, [m]), and 245 
subsurface data at the (c-f) top and (g-j) bottom of the landslide. c,g) temperature [°C], d,h) displacement [mm], e,i) 246 
Correlation coefficient (from 4 to 50 Hz), f,j) seismic waves velocity variations(from 4 to 50 Hz) (dV/V, [%]). No data is 247 
indicated in grey. 248 
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 249 

Figure 5: Monitoring data from July 26 to October 31: a) rainfall amount (R, [mm]), b) Water table level (WT, [m]), and 250 
subsurface data at the (c-f) top and (g-j) bottom of the landslide. c,g) temperature [°C], d,h) displacement [mm], e,i) 251 
Correlation coefficient (from 4 to 50 Hz), f,j) seismic wave velocity variations (from 4 to 20 Hz) (dV/V, [%]). Dashed line 252 
highlights time tn (n = 1-6), continuous line highlights which parameter reacts. No data is indicated in grey. 253 

 254 
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 255 

Figure 6: Displacements with error bars recorded by the inclinometer at the top (a) and at the bottom (b) of the landslide 256 
at time tn (n = 1-6) defined in Figure 5.  257 

 258 

5) Discussion 259 

5.1. Geological Layers and Sliding Surfaces  260 

 261 

Figure 7: Interpretative cross-section of the landslide 262 

The combination of borehole logging and geophysical profiles lead to a better understanding of the landslide 263 

structure (Figure 7). Based on the various datasets, we interpreted four sliding surfaces (S1, S2, S3, S4) 264 

with S4 starting at the surface and splitting the landslide in two parts. The presence of S4 at the ground 265 

surface is suggested by a topographic depression at about 60 m along the profile (Figure 3). The upper soil 266 

layer consists of a superficial, stiff, clayey saturated layer (CS) at the bottom of the landslide (0 to 60 m), 267 

and a rocky, porous deposit (from the Moraga formation, WPM) at the top of the landslide, both sliding on 268 
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S1, located at about 1.5 m depth (Figure 7). At the bottom of the landslide, stiff clay (CM) is present between 269 

S1 and S2 and is overlying highly weathered siltstone (WOF, Orinda formation), with their interface at 5.5 m 270 

depth (S2). The borehole and the Poisson’s ratio (0.2-0.3, Figure 3) show that the Orinda formation is highly 271 

fractured and weathered (WOF) between 5.5 and 18 m depth, corresponding to the depth of the 272 

paleolandslide (S3), as interpreted in previous studies (A3GEO, 2020). In the top part of the landslide, the 273 

geology below WPM is likely composed of a mix of weathered material from Orinda and Moraga formations 274 

(M/O). Three sliding surfaces were interpreted; however, the poor resistance of the Orinda formation (WOF 275 

and M/O) down to 18 m depth probably leads to numerous interconnected sliding surfaces. 276 

 277 

5.2. Rainstorm Induced Reactivation 278 

The rainstorm event occurring in October 2021 triggered a small reactivation of the landslide. Figure 8 279 

illustrates the main episodes of this event, highlighting specific mechanisms. The rainstorm event started 280 

on October 23 at 8 p.m. (Figure 8, t0). The CC at the bottom of the landslide dropped 6 h later (Figure 8, 281 

t1) between 7–8 Hz and 20 Hz, which corresponds to a depth range of approximatively 10-15 m to 1 m 282 

considering the s-wave velocities (Figure 3, from 50 to 250 m/s). This drop shows that the material started 283 

to saturate (increasing pore pressure) from superficial to deeper layers through water infiltration. Twelve 284 

hours after the rainstorm started (t2), the inclinometer at the bottom showed displacements of 3 mm, while 285 

the top inclinometer was still static (in noise level, Figure 6a). The bottom part of the slope likely moved a 286 

few cm along S4 and S3, with the top layer (CS) moving a few mm (up to 10 mm) faster on S1, as shown 287 

by the inclinometer. This displacement released stresses in the top part of the slope, reworking the material 288 

located there (WPM and M/O). At the same time, the water table rose to its highest level (0.4 m depth), 289 

leading to increasing pore-water pressure. The combination of the two phenomenon led (6 h later, t3), to a 290 

drop in CC between 10 and 20 Hz at the top. Then, 22 h after the rainstorm started (t4), the higher part 291 

triggered, with the shallow layer exhibiting 2 mm displacement. The entire landslide exhibited a 292 

displacement during 9 hours, with the shallow layer moving the fastest, up to 10 mm at the bottom 293 

(Figure 6b, t5) and 5 mm at the top of the landslide (Figure 6a, t6). At the bottom of the landslide, the 294 

shallow layer stopped moving relative to the deeper layers, 31 hours after the rainstorm started (Figure 6b, 295 
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t6). However, since the CC was still low, between 7 to 20 Hz, the deeper sliding surfaces were likely still 296 

active.  297 

 298 

Figure 8: interpretative cross-sections of the event. CR: cumulative rainfall. Circles and line show if a displacement is 299 
detected (red) or not (green) by the inclinometer. The size of the infiltration arrows highlights the relative amount of 300 
water infiltrated. 301 

A few days after the rainstorm event (October 29), the increase in CC at both sensor locations highlighted 302 

the end of the event, with no more reworking of the material. The CC detects the end of the event on 303 

October 27 (10-20Hz at the top, Figure 4e), corresponding to the stabilization of the water table level at 304 

1.6 m depth.  305 
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 306 

5.3. Potential and Limitations of the Proposed Approach 307 

This paper details the combination of inclinometric, temperature, and seismic measurements to 308 

characterize the reactivation of shallow slow-moving landslides. The inclinometer array showed a high 309 

capacity for tracking millimeter displacements, and its combination with temperature measurements 310 

enabled us to highlight the influence of water infiltration on those displacements. Several hours prior to the 311 

reactivation period, ambient seismic noise, and more precisely CC, reacted to changes in water content. 312 

Given that landslide mechanisms are driven by water circulation, seismic ambient noise parameters would 313 

seem to be key components to monitor from an early warning perspective. This has been highlighted here 314 

and in other studies (Fiolleau et al., 2020; Mainsant et al., 2012), which show that seismic-noise-derived 315 

parameters (like dV/V or CC) may change hours prior to landslide reactivation.  316 

While this study has shown the value of combining displacement, temperature, and ambient noise 317 

monitoring, many steps are still needed to move from test case to a widely deployable strategy. One of the 318 

current limitations of the inclinometer network is its inability to capture total displacement at the surface if it 319 

is not anchored in the bedrock. In this regard, additional combinations of GPS monitoring systems and/or 320 

remote sensing products (InSAR, image correlations) are promising. Importantly, increasing the density 321 

and coverage of these measurements is possibly achievable, because of the relatively low cost of passive 322 

seismic methods and inclinometer arrays. Data management can be similarly optimized through the 323 

development of automated data processing, edge computing, and connected wireless sensor networks 324 

(Wielandt et al., 2022). The relatively simple algorithms required to process and combine the above-325 

mentioned datasets could be applied in real time on edge devices, providing real-time measures of CC, 326 

displacement, and temperature that could be readily integrated into IoT landslide early warning systems. 327 

6) Conclusion  328 

In this study, we presented the characterization and monitoring of a slow-moving landslide directly 329 

endangering a bridge that is a critical component of an emergency evacuation route within a highly 330 

populated area. We demonstrated the value of combining inclinometers, temperature, hydrological, and 331 

seismic data to improve the understanding of landslide mechanisms within an early warning context. 332 
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Vertically resolved temperature measurements showed water infiltration patterns in both types of materials, 333 

confirming its influence on reactivation mechanisms in the shallow subsurface. The ambient seismic-noise 334 

monitoring allowed us to track changes in the medium due to water infiltration a few hours prior to the actual 335 

reactivation. Low-cost inclinometric measurements, providing displacement information with millimeter 336 

accuracy, enabled a precise assessment of the displacement in the top layer. Overall, the multimethod 337 

approach applied here enables a comprehensive understanding of the reactivation mechanism, highlighting 338 

that the lower part reactivated first owing to fast water infiltration, releasing stresses at the top of the 339 

landslide, allowing the entire landslide to finally reactivate. This study focused on a very small reactivation 340 

after a short, but intense, rainstorm event. It clearly shows the potential of this multimethod approach, which 341 

will be used in the future to continuously monitor landslide dynamics with higher spatial resolution and 342 

across a wider range of reactivation intensity. With respect to its early warning potential, we believe this 343 

approach will provide reliable detection of precursors to potentially risky landslide reactivations. 344 
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