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Abstract Storm‐induced landslides are a common hazard, but the link between their spatial pattern and
rainfall properties is poorly understood, mostly because hillslope stability is modulated by
under‐constrained, spatially variable topographic, hydrological, and mechanical properties. Here, we use a
long‐term rainfall data set from the Japanese radar network to discuss why the landslide pattern caused
by a major typhoon poorly correlates with the event rainfall but agrees with the event rainfall normalized by
the 10‐year return period rainfall amount, that is, a rainfall anomaly. This may be explained if the variability
in hillslope properties has coevolved with the recent climate and can be accounted for with such
normalization. Further, rock types seem to respond to rainfall anomalies at various timescales, favoring
speciﬁc landslide geometries, and suggesting various hydrological properties in these zones. The
computation of rainfall anomalies for multiple timescales may pave the way toward operational landslide
forecasts in case of large storms.
Plain Language Summary Landslides caused by heavy rainfall frequently cause substantial loss
of life and property. However, the location of landslides across a landscape depends on both the rainfall
amount and various local properties of the landscape (e.g., soil thickness and strength) that are difﬁcult to
measure. Here, we use 26 years of weather‐radar measurements to show that the landslides caused by a large
typhoon in Japan are poorly explained by the rainfall amount during the typhoon but much better by the
rainfall anomaly, which is the amount of rainfall normalized by the rainfall amount occurring during
extreme rainfall. We also ﬁnd that landsliding seems driven by short, intense bursts of rainfall in regions
underlain by some rock types while elsewhere rainfall accumulated over 2 days matters most. To replace
total rainfall by rainfall anomaly and to consider rainfall accumulated over various time periods may
fundamentally change landslide susceptibility scenarios and may allow quantitative forecasts of landslide
patterns caused by large storms, based on weather forecasts and rainfall archives.
1. Introduction
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Landsliding is an important natural hazard driven mainly by heavy rainfall and shallow earthquakes
(Keefer, 2002; Keefer & Larsen, 2007). For a given landslide, slope stability depends on numerous in situ
properties, such as the local topography, rock/soil mass strengths, hydrologic properties, and vegetation
cover (Iverson, 2000; Terzaghi, 1943), most of them poorly constrained and highly variable spatially, limiting
the predictive skills of physical models (Keefer & Larsen, 2007; Strauch et al., 2018). However, at the catchment scale, the variability of the in situ conditions and the associated probability of landsliding may be averaged, damping the effects of second‐order controls and revealing ﬁrst‐order controls. For example, the spatial
pattern of earthquake‐induced landsliding has been shown to be proportional, above a threshold, to the magnitude of ground shaking and to its decay away from the seismic source (Meunier et al., 2007 and Meunier
et al., 2013; Yuan et al., 2013). Although this regional scaling is simpliﬁed, including a reduced number of
physical parameters, it allowed for the derivation of relationships for the total landslide volume or the region
affected by landsliding (Marc, Hovius, Meunier, Gorum, et al., 2016, Marc et al., 2017), helping to understand
the erosional impacts of earthquakes in different settings (Marc, Hovius, & Meunier, 2016 and Marc et al.,
2019; Li et al., 2017). It also bears important implications in terms of hazard zonation and scenarios on
typhoon landslide and landscape evolution with climate accepted.
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In contrast, for rainfall‐induced landslides, we still lack constraints on how the rainfall and its hydrological
consequences are coupled to widespread landsliding. Many studies have focused on constraining the critical
meteorological (trigger; e.g., intensity and duration) and more recently hydrological (cause) conditions (e.g.,
intensity and antecedent soil moisture) for the occurrence of landslides (e.g., Bogaard & Greco, 2018; Caine,
1980; Guzzetti et al., 2008; Osanai et al., 2010; Wilson & Wieczorek, 1995), but very few have quantiﬁed the
spatial consistency between rainfall and landsliding beyond this threshold. A few studies quantiﬁed the
amount of landsliding caused by successive storms in a given area and its relation to rainfall metrics
(Chen et al., 2013; Reid, 1998) but did not analyze systematically the landslide pattern and its relations with
the rainfall ﬁeld. Based on eight landslide inventories associated with well‐identiﬁed storm events and
limited rainfall information, a power‐law scaling between the maximal landslide density and the maximal
total rainfall was reported (Marc et al., 2018). High‐resolution characterization of the rainfall spatiotemporal
pattern triggering a landslide event remains challenging.
Last, it is still unclear if absolute rainfall (or soil moisture) is the best metric for landslide forecasting or if a
relative rainfall amount, normalized by climate, would be more appropriate, assuming the zone of interest is
in equilibrium with a certain rainfall amount. Indeed, rainfall threshold in different regions varies widely
(Guzzetti et al., 2008), and normalizing event intensity by mean annual rainfall reduce somewhat the scatter
between different study areas (Guzzetti et al., 2008; Pedrozzi, 2004; Zêzere et al., 2015). In Japan, soil water
index normalized by its maximum local record over the past decade has also been shown to better correlate to
landslide occurrence than absolute rainfall or absolute soil water index (Saito et al., 2010; Saito &
Matsuyama, 2012). The importance of rainfall history can be explained by considering a stochastic distribution of rainfall event coupled to hillslopes with a regolith layer thickening through time (because of weathering and/or colluvium deposition) until being removed during a storm causing failure (Benda & Dunne,
1997; Iida, 1999 and Iida, 2004). These numerical studies clariﬁed the impact of long‐return‐period storms
and the controls on landslide average recurrence time but left unexplored the importance of spatial variations in extreme climatology for understanding landslide susceptibility.
Here, we use 26 years (1988–2013) of continuous weather radar measurements in Japan and a landslide
inventory triggered by a large typhoon to address how the landslide spatial pattern relate to the event rain
ﬁeld and the spatial pattern of long‐return‐period rainfall event.

2. Materials and Methods
2.1. Landslide Inventory and its Topographic and Lithological Context
We focus on the landslides triggered by Typhoon Talas that poured heavy rainfall over the Kii Peninsula
between the 30 August and the 5 September 2011. We use the landslide inventory of Marc et al. (2018), containing 1900 landslide polygons representing 12 km2 and distributed over an area of ~5000 km2. The landslide mapping was initially done with post typhoon aerial photographs (Uchida et al., 2012) and then
revised with pre‐ and post‐event high‐resolution, cloud‐free, satellite imagery over most of the peninsula
(Marc et al., 2018; Figure 1). As a result, the overall regional pattern must be robust even if some mapped
landslides might have been incorrectly attributed to the typhoon in the South of the peninsula (Figure 1a).
Scar areas (As) were obtained by estimating polygon widths based on polygon geometry and assuming a scar
aspect ratio of 1.5 (Domej et al., 2017) and were converted to volume with an empirical scaling (Larsen et al.,
2010; see Marc et al., 2018 for details). Overall, they had a frequency of scar area with a mode of 200 m2 and a
power law decay for the larger landslides, until a maximal size of 0.2 km2 (estimated as 8 Mm3). Landslides
with As > 10,000 m2 are expected to be predominantly bedrock, relatively deep‐seated (>10‐m deep), and in
the Kii Peninsula, they often display complex geotechnical and hydrological properties (e.g., failure plane
along a local fault or a lithological transition; Chigira et al., 2013; Kojima et al., 2015). Deep landslides also
incorporate rainfall coming from longer and more complex hydrological pathways, degrading direct links
with rainfall measurements (Terlien, 1998). Therefore, we focus on the smaller (As < 10,000 m2) and shallower (<~3 m) landslides that are assumed to occur in a more homogeneous regolith and thus should be
more strongly related to rainfall patterns (Figure 1). This excludes 54 deep, bedrock landslides distributed
over the peninsula, representing 3%, 47%, and 92% of the total number, area, and volume of the catalogue,
respectively, discussed separately.
MARC ET AL.
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Figure 1. Hillshaded digital elevation model (a), lithological map (b), spatial pattern of the maximum
accumulated rainfall during Typhoon Talas (Rt) over 48 and 2 hr (c and d) and of the ratio between Rt and the estimated cumulative rainfall during a 10‐year‐return event of 48 and 2 hr, R* (e and f).Inset: Location of the study area. DEM
digital evaluation model.

We derived slope from the Shuttle Radar Topography Mission‐1 arc second (~30 m) digital elevation model
(Farr et al., 2007) ﬁnding a unimodal distribution centered around 30° (Marc et al., 2018), with gentler gradient toward the coastal areas. The landslides occur mainly within four rock types, including accretionary
mélange (62%), volcanic (27%), sedimentary (9%), and schist (2%) lithologies (Figure 1 and ;supporting information, Figure S1).
2.2. Meteorological Data
We exploit the radar/rain gauge precipitation data set provided by the Japan Meteorological Agency for
26 years (1988–2013; Shimpo, 2001), allowing us to analyze rainfall at high spatial resolution (~kilometer)
and to constrain the intensity of the Talas typhoon relative to past rainfall events. Measurements from each
radar are cross‐validated with the overlapping measurements from others and adjusted to rain gauge measurements if available in the same 1‐km grid (31 in our area, Figure 1; Makihara, 1996). This product was
shown to match independent measurement in the Tokyo area to reproduce the occurrence rate of rainfall
from 5 to 70 mm/hr derived from gauges and mostly retrieved 12 extreme (>100 mm/hr) rainfall events
across Japan measured over 1 year (Makihara et al., 1996). Since 2006, the Japanese radar network constrain
the hourly rainfall at a resolution of about 1 km, but for homogeneity, the long‐term record is using the lowest resolution of the network at its initiation in 1988, of ~5 km. This record was shown to be adequate (i.e., the
hourly rainfall passed the homogeneity test) to retrieve the extreme rainfall with up to a 50‐year return period (Saito & Matsuyama, 2015; Urita et al., 2011).
Landslides can be triggered by short and intense burst of rainfall or by continuous rainfall accumulating
water in the regolith over longer periods, the latter being more relevant for deeper landslides (Iverson,
MARC ET AL.
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2000; Van Asch et al., 1999). Therefore, we explore the impact of the rainfall over several timescales by
computing the maximum accumulated rainfall during T consecutive hours (1 to 72 hr; Rt), for any cell of
the radar data. As a result, a map of Rt represents the maximal rainfall forcing caused by storm but differ
from a rainfall as various time periods are represented across the peninsula. Detailed timing of the
landslides, not available yet except for the largest landslides (e.g., Yamada et al., 2012), would be needed
to focus on speciﬁc time periods. For Typhoon Talas, the pattern of accumulated rainfall does not change
much for periods longer than 72 hr, but longer periods may be important for other, long‐lasting
rainfall events.
Landslide triggering also depends on the hydrological and mechanical properties of the slope (Iverson, 2000;
Terzaghi, 1943), terms that we are currently unable to constrain quantitatively. However, the landscape may
be in equilibrium with the current climate, meaning that frequently occurring storms are unlikely to trigger
extensive landsliding. Indeed, during a transient phase of landscape coevolution with the climate, such
storms would repeatedly cause mass wasting, preferentially on the weakest or least able to drain slopes
(e.g., Dietrich et al., 1995; D'Odorico & Fagherazzi, 2003). In this framework, for similarly steep slopes receiving similar amount of rainfall during a storm, the ones with more frequent extreme rainfall should be less
susceptible to landsliding. To test the relations between landslide pattern and local climate, we use the long
record of high‐resolution rainfall to constrain the mean climate and the recurrence of extreme rainfall in the
Kii Peninsula.
First, we compute the mean annual rainfall and the mean seasonal rainfall during the typhoon season (April
to October). Then, for all timescales T, we compute the 26 maximum annual rainfall in every grid cell and
perform L‐moment ﬁt (i.e., equating sample and theoretical L‐moments computed with R, https://cran.r‐
project.org/web/packages/lmom/index.html; Hosking, 1990; Hosking & Wallis, 1997) of the generalized
extreme value distribution, to constrain the return of extreme events (Overeem et al., 2009; Saito &
Matsuyama, 2015). With the ﬁtted distribution, we compute the 10‐year‐return rainfall (R10), and the jackknife standard deviation as an uncertainty measure (Saito & Matsuyama, 2015), found to be always below
5% of R10. We focus on R10 as it is more robust, especially when computed for areas with shorter rainfall
archive than Japan, but we note that in the Kii Peninsula, almost identical pattern, with ~15–30% more rainfall, are observed for the 20‐year‐return rainfall.
2.3. Spatial Averaging, Fitting Procedure, and Residuals
Using only rainfall and topographic information as predictors of landsliding, we seek to focus on ﬁrst‐order
controls on landsliding by averaging all metrics within sliding windows of a given radius (r, in the range 0.05°
to 0.15°). First, we produce 33‐arc‐second map containing the (i) the median slope (S50 [°]) and (ii) the area of
the grid cell with S > 10°, (AS > 10 [m2]), considered minimum to allow landsliding (Meunier et al., 2007;
Marc, Hovius, Meunier, Gorum, et al., 2016).
These two metrics are averaged within the sliding window, and we deﬁne a mean landslide density (Pls [−]) as
Pls ¼

At
;
AS>10

(1)

with At (m2) and AS > 10 (m2) the total landslide scar area and the total area allowing landsliding, respectively, within the averaging window. The mean rainfall forcing (Rt or R10 [mm]) is computed as a weighted
average of the rainfall amount within each cells present in the sliding window, with AS > 10 as weight, down‐
weighting the rainfall over ﬂat or submerged areas, which should not contribute to landsliding. We compute
the rainfall anomaly as R* = Rt/R10 (−).
We perform least‐squares ﬁtting of log (Pls) against S50 and log(R; Rt or R* depending on the model chosen),
to obtain an empirical function predicting landslide density as
P′ls ¼ kM



R
R0

kR

 
S50
;
exp
kS

(2)

where Pls′ is the predicted density, R0 is a reference rainfall equal to 1 or100 mm when R = Rt or R*,
respectively, and kM (−), kR (−), and kS (°) are constants representing (1) the landscape susceptibility
to landsliding for a reference rainfall, (2) the dependence of landsliding on rainfall, and (3) on

MARC ET AL.
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Figure 2. (a) Landslide density (dots) normalized for S50 = 20° and landslide event probability (circles) against normalized rainfall, for volcanic rocks (2 hr, red) and
2
2
nonvolcanic rocks (48 hr, blue). Best ﬁts of Pls are obtained for kR = 5.2 and kS = 11° (R = 0.61) for the volcanic areas and kR = 5.7 and kS = 25° (R = 0.71)
or the nonvolcanic areas. (b) Predicted total scar area within a radius of 0.1° against observed total scar area grey lines indicate uncertainty level used
when computing model residuals (see section 2). Inset: CDF, cumulative distribution function of landslide aspect ratio.

steepness. The power law form is chosen following previous studies (Chen et al., 2013; Marc et al., 2018)
but an exponential function of R gives only slightly worse ﬁt and prediction. For S50, an exponential form
performs better than a power law and allows comparison with previous work (Marc, Hovius, Meunier,
Gorum, et al., 2016). To account for the fact that most grid cells are without any landslides, we bin all
grid cells by their mean rainfall forcing and computed for each bin the proportion of grid cell with
non‐null landslide density, obtaining a probability of landslide occurrence Pr (Pls > 0; −). We ﬁt this
probability with a two‐parameter gamma cumulative distribution, chosen for its ﬂexible functional
form (Figure 2).
For each grid cell, we compute the predicted total landslide scar area within a radius of r, (Ap [m2]) as
S>10
AP ¼ Pr ðPls >0ÞP′A
:
ls

(3)

We compute residuals for the ith grid cell as rs(i) = log (Ap/At; [−]). In areas with rainfall close to the threshold and/or areas of a low proportion of steep topography, Ap may be very low, but the residuals may still be
inﬁnite if no landslides were reported in this zone. Therefore, we consider an uncertainty level arbitrary set at
Au = 6 [m2 km−2], that corresponds to about three landslides with scar areas equal to the 10th percentile of
the area distribution (~200 m2) every 100 km2. This is near the resolution limit of most landslide inventories
and in zones where Ap< = (Au AS > 10) and At = 0 residuals are not meaningful and set to rs = 0. Given that
small landslides may also be missing in the catalogue, we consider rs(i) = log (Ap/Au) where Ap>(Au AS > s10)
and At= 0. The residuals are thus ﬁnite everywhere and the quality of the model can be summarized by a root
mean square error (RMSE; [−]):
RMSE ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
∑i rsðiÞ2 :

(4)

The processing steps described above can be applied over the whole domain, assumed to be homogeneous or
within speciﬁc lithological units. In this case, the ﬁtting procedure considers only the grid points in which at
least two‐thirds of the landslide scars belong to the chosen lithology. The ﬁnal prediction is then merging the
independent prediction with a weighted average, where the weights are the proportion of each lithology
within the sliding window.

MARC ET AL.
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3. Results
3.1. Qualitative Correlation With the Spatial Pattern of Rainfall
The pattern of accumulated rainfall at all timescales present a southwest‐northwest band of intense rainfall,
roughly parallel to the (southeastern) coastline of the study area (Figure 1 and supporting information,
Figure S2). At short timescales (1–6 hr), the band is less continuous and roughly located over the coast while
over longer timescales, (48–72 hr) the band is wider, continuous, and extends over the mountain range from
135.5 to 136.3°E. This transition highlights the importance of orographic effects on the rainfall over longer
timescales (>24 hr).
The landslide spatial pattern poorly matches any of these rainfall patterns, with most of the landslides distributed within a north‐south oriented valley (centered at 135.8°E), with two secondary clusters on the southeast coast, and smaller clusters near 33.8°/135.5° and 34.3°/136.3°. Almost no new landslides occurred on the
eastern ﬂank of the highest crests (34.1°N/136°E) while they receive as much or more rainfall than the valley
with most landslides. However, the decadal record of rainfall indicates that the 10‐year‐return 48‐hr rainfall
is about two times larger in the former area than in the latter (supporting information, Figure S3). Thus, the
rainfall anomaly R* is >2 in the valley where most landslides occurred, between 1.5 and 2 in the coastal areas
and ≤1 where few landslides occurred (Figure 1 and supporting information, Figure S4). In contrast, mean
annual and seasonal rainfall are less focused than R10 and yield an anomaly that poorly matches the landslide pattern (Figure 1e and supporting information, Figure S5d).
Last, two coastal landslide clusters display a high density of landslides compared to other zones with R* ~ 1.5.
These landslides occurred within volcanic rocks and exhibit a much larger proportion of very mobile debris
ﬂows (~40%), with aspect ratio >10, than landslides in other rock types (10%; Figure 2 inset). They seem to
better match the pattern of short, high‐intensity rainfall deﬁned by Rt and R* at the 1‐ to 3‐hr timescale
(Figures 1 and S4).

3.2. Prediction of Landslide Pattern Based on Absolute Rainfall and Rainfall Anomalies
The spatial pattern of landsliding agrees better with the rainfall anomaly at long timescales, although the
landsliding in the volcanic rocks may be due to shorter timescales and different hydrological processes.
We quantify the ﬁt and prediction quality obtained with event rainfall and rainfall anomaly at several timescales. Then, we assess the robustness of the best empirical landslide‐pattern prediction to various parameter
variations and landslide metrics.
Prediction based on Rt, considering a single or two lithological units, led to signiﬁcantly poorer spatial pattern prediction than when considering R* (Figure 3). This was also true when averaging rainfall (Rt and R*)
at any timescales. With r = 0.1°, the best RMSE is obtained when using S50, R* 2 hr over the volcanic areas
and R* 48 hr elsewhere. Using only R*, 48 hr over the full domain underpredicts the landsliding in the volcanic areas but remains better than ﬁtting two lithologies with Rt (Figure 3). When using Rt (with one or two
lithologies), landsliding is substantially underpredicted (~tenfold) in the center of the Peninsula and overpredicted in broad areas to the east (Figure 3 and supporting information, Figure S6). The only disadvantage of
R* over Rt is a fringe of overprediction on the northern and western part of the area affected by landsliding
and an underprediction by about a factor of 3 in the northeastern landslide cluster, mostly underlain
by schist.
Overall, the best model prediction based on R* (48 and 2 hr) and S50 explains >60% of the variance in the two
lithologies and is within a factor 2 and 3 of the observed area in 58 and 79% of the grid cells with reported
landsliding, respectively. The best prediction is also below Au in 79% of the area without reported landslides
(Figures 2 and 3). Overprediction by more than a factor 3 represents ~10% of the grid cells with Ap > Au.
Additionally, the best R* model yields similar rainfall susceptibility constants in the two lithologies with
kR ~ 5.2–5.7. In contrast, with Rt, the ﬁt R2 is near zero in the nonvolcanic lithologies, and kR differ from
3 to 6 in the two units (Figure S6). The best‐model residuals in nonvolcanic lithologies still exhibit some correlation with S50 ones could be further subdivided by rock type (supporting information, Figure S7).
Assessment and comparison of models with a set of parameters for each rock type is beyond the scope of
our study, which aim to identify the core variables driving the large scale pattern of storm‐
induced landsliding.
MARC ET AL.
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Figure 3. Map view of the landslide area within a radius of 0.1° predicted by equation (3) (a, c, and e) and of the prediction
residuals during 48 and 2 hr over the nonvolcanic and volcanic areas (a–d) and 48 hr over the whole domain (e and f), with
R = Rt (a and b) and R = R* (c–f), respectively. Black dots are landslides. RMSE, root mean square error.

To validate the robustness of our relation between landsliding, S50, and R* at several timescales, we performed a series of sensitivity tests for other parameters of the method. We obtain similar results when considering 48 hr and 1–3 hr and a progressive degradation of the ﬁt and prediction when considering shorter
and longer timescales for the nonvolcanic and volcanic lithologies, respectively. The overall pattern and
the relative difference between the RMSE of Rt and R* models is preserved when reducing the uncertainty
threshold Au or when varying the averaging radius (r = 0.05° to 0.15°; supporting information, Figures S8
and S9). The total landslide number, the whole area (including landslide runout) or the volume follow a similar pattern and can be predicted similarly, when restraining the prediction to shallow (<3 m) landslides (supporting information, Figure S10). In contrast, even if the deep‐seated landslides did mostly occur in areas
with high R* (Figure 1), their inclusion degrade substantially the RMSE of the prediction of the total landslide area and even more for the landslide total volume (supporting information, Figure S11).

4. Discussion
We show that the spatial pattern of landsliding poorly matches the rainfall pattern during the event, at any
considered timescales, but agrees with the pattern of the rainfall anomaly relative to 10‐year‐return
rainfall events.
MARC ET AL.
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Rainfall‐induced landsliding is generally attributed to pore‐water pressure developing on the landslide‐
failure planes, resulting from the inﬁltration and percolation of rainfall and/or groundwater ﬂow from
draining slopes (Iverson, 2000; Terzaghi, 1943; Wilson & Wieczorek, 1995). There is an ongoing shift from
rainfall‐based landslide thresholds to hydrological thresholds, accounting for antecedent soil moisture
(e.g., Bogaard & Greco, 2018; Osanai et al., 2010; Thomas et al., 2018). However, during large storms or
typhoons, the accumulated rainfall amounts are so large that they may outweigh possible effects associated
with antecedent soil moisture levels. Additionally, the prediction enhancement obtained with rainfall anomaly may suggest the existence of substantial variations in hydrological and mechanical properties of the hillslopes over moderate scales (~10–20 km) that could not be inferred from the digital elevation model of
lithological map only, thus, limiting the use of physical models requiring constraints on these properties
(e.g., Baum et al., 2010; Malet et al., 2005; von Ruette et al., 2014). In the framework of coevolving hillslopes,
such spatial variability of hillslope properties may result from a long‐term difference in extreme rainfall
recurrence times and associated landsliding selectively removing the least stable slopes. This is consistent
with the fact that R10 provides adequate normalization, in contrast to the mean annual or seasonal rainfall
that could drive landscape coevolution through other processes such as weathering (Figure S5). In the Kii
Peninsula, the differences in extreme rainfall likely arise because of high coastal relief and typhoons preferentially bringing moisture from the southeast, causing strongly localized orographic effects (Shige et al.,
2012). Thus, the use of rainfall anomaly may be especially important in similar settings (common in Asia),
as well as in inland areas where topography causes a rain shadow. In any case, our results suggest that, in
the study area, the 10‐year‐return rainfall is a good proxy for the “extreme” climatology over longer time periods (as suggested by its similarity with the 20‐year‐return rainfall), required for hillslope coevolution
through repeated landsliding (e.g., 100 to 1000 years). Indeed, although some landsliding may occur every
few years (Imaizumi et al., 2008; Saito et al., 2014), the last landslide event with a magnitude similar to
the one of 2011 in the Kii Peninsula occurred ~120 years ago, in August 1889 (Hirano et al., 1984; Inoue &
Doshida, 2012). In regions with slower erosion, and thus slower landscape coevolution, or less stable extreme
climatology, rainfall with return times longer than 10 years may be required to understand landslide pattern.
We also found that the volcanic rocks have a higher kM, lower kS, and are most related to short timescales
high‐intensity rainfall anomalies and resulted in landslides more prone to transform into debris ﬂow
(Figures 1 and 2). This requires that rock types modulates not only material strength (kM; Parise & Jibson,
2000; Korup, 2008) but also hydrological properties (e.g., through fracturation and weathering). The volcanic
rock are made of porphyric granite, likely strong, but overlain by 1–3 m of a highly weathered and jointed,
clay‐rich regolith with residuals spherical corestones, within which almost all landslides initiated (Hirata
& Chigira, 2015). Constraining hydrological and mechanical properties of such complex material is beyond
the scope of this study, but we speculate that heterogeneity allowed a fast drainage, and thus pore ﬂuid pressure could only increase during the highest intensity rainfall. Volcanic rocks seem also more susceptible to
S50, with kS = 10° almost equal to the constant modulating the exponential increase of earthquake‐induced
landslide volume with landscape steepness (Marc, Hovius, Meunier, Gorum, et al., 2016). In contrast, the
high kS of the nonvolcanic rocks indicate limited increase of landsliding for steeper slopes. Rainfall‐induced
landslides from various storms were reported to locate on average slopes rather than on the steepest slopes of
the landscape, possibly because high pore‐ﬂuid pressures were anticorrelated to slope gradients for hydrological reasons (Marc et al., 2018). However, we report that, according to the lithology, slope gradients may
enhance or limit landsliding as suggested by the residuals of the prediction (Figure S7). Again, this suggests
variable hydrological properties that should be investigated with ﬁeld measurements.
We acknowledge that our methods, although assessing the effect of multiple timescales, neglect the combination of multiple scales or sequencing effects (see D'Odorico et al., 2005). In our case, averaging R* over
multiple timescales degraded the correlation with landslides except when limiting to similar anomalies
(i.e., 48–72 hr in the nonvolcanic and 1–3 hr in the volcanic rocks; Figure S4). For sequencing, we computed
the intensity and timing of the maximum 3‐hr rainfall occurring within the wettest 48 hr and found a complex timing pattern, uncorrelated with model residuals, with late bursts over the coastal areas and early
bursts on the northern part of the range (supporting information, Figure S12). We also ﬁnd that the rainfall
burst intensity agrees with Rt 3 hr, implying a superposition of timescales that may have mattered for the
landslides in the volcanic rocks (Figures S2 and S12). Therefore, hydrological modeling is likely required
to deconvolve the different timescales in these areas.
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Finally, an important caveat is the limited prediction power for large, deep landslides, and thus on total landslide volume and associated erosion and sediment ﬂuxes. Although high R* seems essential and is a better
predictor than Rt, for local groups of deep landslides (Kinoshita et al., 2013; Saito & Matsuyama, 2012), it
is insufﬁcient, as large landslides may depend on local conditions independent of the rainfall pattern (present or past). For example, in the Kii Peninsula, large Talas landslides were related to stratigraphic or geologic structures forming preexisting weakness planes (Chigira et al., 2013; Kojima et al., 2015) and/or long‐
term gravitational deformation (Chigira et al., 2013).

5. Conclusions
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Quantitative links between the pattern of landslide density and the rainfall anomaly at timescales that may
be set by different lithologies open important pathways for future research. In terms of landslide hazard, it
suggests that susceptibility maps could incorporate long‐return‐period rainfall maps but also that rock type
(and/or soil types) may not only control the propensity to failure of the material but also the rainfall metric
correlated to failure. To explain the link between rainfall anomaly and landslide pattern, we propose a testable hypothesis, in which the coevolution of hillslopes with climate (Dietrich et al., 1995; D'Odorico &
Fagherazzi, 2003; Iida, 1999), would lead to a correlation between rainfall amount during long‐return‐period
rainfall and the spatial pattern of regolith properties. Spatially distributed measurements of regolith depth,
strength, and draining properties in the Kii Peninsula are required to validate such hypothesis. Our results
also open pathways toward new early warning systems, based on meteorological nowcast and long‐term
rainfall archives, and able to give a landslide alert including the patterns of the expected magnitude of landsliding. Scaling for other cases in Japan and elsewhere must be quantiﬁed, to assess the variability of the
empirical constants found in this study. Detailed rainfall information is required by our approach and
may be difﬁcult to obtain in many places. In this context, quantitative rainfall estimates derived by satellites
(e.g., Beck et al., 2017) may potentially provide both spatially extensive constraint on events and a characterization of past rainfall frequency. However, important bias in retrieving orographic rainfall has been
reported (Shige et al., 2012; Yamamoto et al., 2017), and the validation of rainfall anomaly maps obtained
by such products in landslide prone terrains should be undertaken.
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