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Abstract: With global climate change and increased human activities, landslides increasingly threaten
human safety and property. Precisely extracting large-scale spatiotemporal information on landslides
is crucial for risk management. However, existing methods are either locally based or have coarse
temporal resolution, which is insufficient for regional analysis. In this study, spatiotemporal informa-
tion on landslides was extracted using multiple remote sensing data from Emilia, Italy. An automated
algorithm for extracting spatial information of landslides was developed with NDVI datasets. Then,
we established a landslide prediction model based on a hydrometeorological threshold of three-day
soil moisture and three-day accumulated rainfall. Based on this model, the locations and dates of
rainfall-induced landslides were identified. Then, we further matched these identified locations with
the extracted landslides from remote sensing data and finally determined the occurrence time. This
approach was validated with recorded landslides events in Emilia. Despite some temporal clustering,
the overall trend matched historical records, accurately reflecting the dynamic impacts of rainfall
and soil moisture on landslides. The temporal bias for 87.3% of identified landslides was within
seven days. Furthermore, higher rainfall magnitude was associated with better temporal accuracy,
validating the effectiveness of the model and the reliability of rainfall as a landslide predictor.

Keywords: landslide temporal identification; landslide spatial extraction; NDVI; hydrometeorological
threshold

1. Introduction

Landslides are one of the most common and destructive natural disasters world-
wide, posing significant threats to people’s lives and property [1]. According to statistics,
landslides cause an average of approximately 1000 deaths per year globally and result in
direct economic losses of approximately 4 billion US dollars annually [2]. Survey results
of geological disasters in 290 counties and cities in China show that landslides account
for 51% of all geological disasters. The predominant trigger for landslides is commonly
rainfall, with rainfall-induced landslides accounting for approximately 90% of the total [3,4].
Therefore, the extraction of spatiotemporal characteristics of rainfall-induced landslide
events is crucial for early warning and disaster mitigation of regional landslides.

With the development of observation technologies, remote sensing data have been
widely used in landslide detection. For the extraction of spatial information on landslide
events based on remote sensing, bi-temporal change detection with pre- and post-disaster
data is an effective approach [5,6]. Specifically, utilizing pre- and post-disaster NDVI data
for bi-temporal change detection, combined with other datasets, achieves superior landslide
identification results [7,8]. Vegetation disturbance due to landslide events has a significant
impact on NDVI values in the affected locations [9]. By analyzing the abrupt short-term
decline in NDVI, which indicates vegetation disturbance, rapid landslide detection can
be achieved [10]. Ramos-Bernal et al. [11] conducted linear regression (LR), chi-square
transformation, and change vector analysis on principal component images and NDVI data
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to obtain differential change images. They then applied statistical parameter methods and
the cut-line method to determine the threshold and identify candidate landslide pixels.
Finally, a slope mask was used to classify all candidate landslide pixels as landslide or
not. Plank et al. [12] proposed a rapid and fully automated procedure. This procedure
calculates NDVI values from optical images before a landslide and the polarization entropy
(H-index) from SAR images after the landslide and sets thresholds to detect landslides.
Additionally, slope information from digital elevation models generated by TanDEM-X
imagery is used to further refine the landslide occurrence areas. Wen et al. [13] proposed
an adaptive landslide interval detection (LID) strategy based on time series NDVI from
satellite images. This two-stage algorithm extracts local extremum segments from the time
series to determine detection intervals and identifies landslides using predefined thresholds.
The detection rate for large-scale landslides can reach up to 85%.

Current research on landslide change detection using remote sensing primarily fo-
cuses on the extraction of spatial information, including point distribution, extent, and
volume, with limited attention to the specific occurrence time of landslides. However, for
a comprehensive analysis of the spatiotemporal characteristics of landslides, extracting
the temporal information is essential. The occurrence of landslides is closely related to the
triggering conditions within a certain period. The lack of landslide timing information
will limit our understanding of landslide triggering [14], which is thought to depend on
hydrological recharge by the monsoon [15], intense bursts of rainfall [16], or post-seismic
regolith disturbances [17]. Determining the temporal information of landslide events di-
rectly impacts the accuracy of landslide characteristic analysis [18], especially for landslide
predictions and early warning systems. Due to limitations in remote sensing image revisit
cycles and cloud cover, the temporal scale of current bi-temporal remote sensing land-
slide event extraction is often at a monthly scale. This is not conducive to the study of
the spatiotemporal distribution characteristics of regional landslides. Given the unique
hydrometeorological characteristics of rainfall-induced landslides, a prediction model can
be established using pre-event soil moisture and recent rainfall [19,20].

As the most important triggering factor, the relationship between rainfall and land-
slides has attracted numerous studies [21-23]. They have used rainfall threshold models
to assess whether and when landslides occur, and this model has been a significant fo-
cus of current studies [24,25]. Rainfall thresholds refer to the minimum rainfall required
to destabilize a slope. By statistically analyzing rainfall data from historical landslide
events, researchers can derive thresholds that predict the likelihood of rainfall-induced
landslides, providing a basis for early warning systems [26,27]. By examining the relation-
ships between recent rainfall events and indicators such as rainfall intensity, cumulative
rainfall, and rainfall duration, effective rainfall thresholds can be established and applied
to landslide prediction models [28,29].

Soil moisture is another important factor that directly relates to the occurrence of
landslides. Research indicates that increased soil moisture raises pore water pressure,
increases shear stress, and decreases shear strength, potentially triggering landslides [30].
Zhuo et al. [31] assessed the correlation between remote sensing soil moisture products
and all landslide events over a 14-year period in the study area. Their findings demon-
strated a significant correlation between satellite-derived soil moisture and landslide events,
confirming the effectiveness of using soil moisture for landslide prediction.

Because of the importance of rainfall and soil moisture in predicting rainfall-induced
landslides, many studies have incorporated these indicators into landslide prediction mod-
els. The most common approach is to establish thresholds based on soil moisture and
rainfall events, also known as hydrometeorological thresholds [32-34]. Generally, when
the antecedent soil moisture is high, the amount of rainfall required to trigger a landslide
is lower. Conversely, when the antecedent soil moisture is low, landslides are likely to
occur only during high-intensity or prolonged rainfall events. Zhao et al. [35] analyzed the
probability of landslide occurrence under different soil moisture conditions and various
rainfall thresholds based on Bayes’ theorem. They determined the hydrometeorological
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threshold according to the probability magnitude. Thomas et al. [28,29] analyzed hydrome-
teorological data before and after the landslide season. They established a two-dimensional
threshold based on rainfall over the past three days and soil moisture over the preceding
three days. The model performed well in predicting the possible dates and areas of land-
slide occurrence, especially when historical landslide data are limited, and the duration of
landslides is short. Numerous studies on hydrometeorological thresholds have shown that
incorporating both soil moisture and rainfall information in landslide prediction is crucial
for improving prediction accuracy [36-39].

Hydrometeorological models are particularly suited as a proxy for determining the tim-
ing of rainfall-induced landslides due to the nature of the triggering mechanisms involved.
Shallow landslides typically occur in the initial unsaturated soil layers when increased
pore water pressure triggers slope failure [32]. Furthermore, hydrometeorological models
allow for real-time monitoring and forecasting of rainfall and soil moisture conditions,
providing a dynamic tool for assessing the likelihood of landslide occurrence at specific
times. This capability is especially valuable in regions with limited geological data, where
direct monitoring of landslide activity may not be feasible.

Most studies on landslide change detection using remote sensing data focus on local
landslides, which limits their applicability to regional-scale landslide detection. Addition-
ally, although some scholars have proposed hydrometeorological threshold models based
on rainfall and soil moisture, they have not integrated these models with remote sensing
landslide change detection or applied the models in temporal extraction. As a result, there
is a relative lack of research on the extraction of temporal information.

To fill the gap of the temporal extraction of landslides, we proposed an approach by
applying hydrometeorological thresholds to identify the temporal information of landslides.
Moreover, we developed a method for extracting landslide spatial information at regional
scales utilizing multisource remote sensing data. We take the Emilia-Romagna region in
Italy as the study area to validate our approaches. These methods are expected to provide
and improve the spatial and temporal attributes of rainfall-induced landslide events for
regions with no or incomplete landslide records.

2. Study Area and Datasets
2.1. Study Area

Based on the richness and availability of historical landslide data, this study selects
the Emilia-Romagna region in Italy (hereafter referred to as Emilia) as the study area as
shown in Figure 1. Emilia is located in northern Italy, with the northern part primarily
consisting of plains and the southern and southwestern parts predominantly mountainous,
featuring a Mediterranean climate. According to the landslide susceptibility map by
Stanley and Kirschbaum [40], the southern mountainous area is particularly prone to a
wide variety of landslides, most of which are triggered by rainfall [41]. The northern part of
the region is mostly flat and less likely to have landslides. When landslides occur, private
and public properties, facilities, and infrastructure are frequently exposed to significant
hazards, leading to substantial costs associated with regeneration and remedial works.
Berti et al. [42] reported that the cost of such works in Emilia-Romagna reached €130 million
over four years from 2008 to 2012. Because of the frequent occurrence of landslides, the
region has established a comprehensive landslide monitoring system. The landslide data
were collected from Emilia-Romagna Geological Survey, an agency maintaining a catalogue
of historical landslides in the Emilia-Romagna region. Currently, this catalogue includes a
total of 2062 historical landslide records from 2006 to 2019 (Figure 1). However, most of the
landslides in the database are located in relatively flat areas with convenient transportation.
There are few records in areas with extreme topographical conditions. Despite this, this
catalogue is the most complete and detailed records of landslides in the Emilia-Romagna
region [42,43].
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Figure 1. Overview of the study area and the distribution of recorded landslide data: (a) Location
of the study area within Italy; (b) Distribution of recorded landslides along with the latitude and
longitude grid within the study area; (c) Landslide susceptibility map of the study area, derived from
the global landslide hazard dataset [40].

The rainfall data used for the study area are sourced from the Emilia Agency for
Energy and Environmental Protection, with a total of 150 meteorological stations within
the region. Among these, 72 stations are located in the southern mountainous area and
provide rainfall records for decades. The continuity of the data facilitates the long-term
temporal identification of landslides.

2.2. Multispectral Remote Sensing Imagery Data

Remote sensing-based landslide change detection requires high spatial and temporal
resolution of the imagery. Utilizing high-precision, high-temporal resolution global imagery
datasets facilitate the extraction of large-scale, long-term landslide events. Currently, the
Landsat and Sentinel satellite series cover almost all land areas between 83°N and 83°S
latitude, providing rapid access to multispectral remote sensing imagery data for most of
the land area in the world. The NDVI index required in this study is the best indicator
of vegetation growth status and vegetation cover and is considered an effective measure
for monitoring land surface changes at regional or global scales. Its calculation formula
involves the near-infrared band and the red band. The resolution of the primary bands
(red, green, blue, and near-infrared) in these multispectral images is 30 m for Landsat-8 and
10 m for Sentinel-2, which can reflect the spectral characteristics of small- to medium-sized
landslides to a certain extent. Regarding surface cover, clouds, water bodies, and ice/snow
have higher reflectance in the visible spectrum than in the near-infrared spectrum, resulting
in an NDVI value of less than 0. Rocks and bare soil have similar reflectance in both
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bands, leading to an NDVI value close to 0. In areas with vegetation cover, the NDVI is
greater than 0 and increases as the vegetation density increases. If a landslide occurs, the
land cover is expected to change, for example, from grass to bare soil or from forest to
rock. Therefore, detecting the change of land cover is an effective way to determine the
occurrence of landslides.

The landslide extraction experiment in the Emilia region uses Landsat 8 imagery
starting from 2015 and Sentinel-2 imagery starting from 2017, with temporal resolutions
of 16 days and 5 days, respectively. The presence of clouds significantly affects multi-
spectral imagery, making cloud removal a critical process in multispectral remote sensing
to mitigate cloud interference and enhance data quality. The “QA60” band of Sentinel-2
imagery contains information on clouds and cirrus clouds, while the “QA_PIXEL” band
of Landsat-8 imagery includes information on clouds, cirrus clouds, cloud shadows, and
snow. These quality bands were utilized in Google Earth Engine (GEE) for cloud-masking
functions, thereby reducing or eliminating the impact of these factors on remote sensing
imagery [44,45]. After effective screening of the fused dataset, the time interval of the
remote sensing imagery dataset is mostly between 10 and 32 days. By integrating the
results from Sentinel-2 with those from Landsat-8, the accuracy in terms of the number,
area, and timing of the remote sensing landslide event extraction results will be improved,
facilitating more precise studies of landslide event identification.

2.3. Soil Moisture Products

In the construction of a hydrometeorological threshold model coupled with remote
sensing soil moisture, the choice of remote sensing soil moisture products will directly affect
the effectiveness of the model for landslide prediction [46]. With the development of remote
sensing technology, satellite-based soil moisture estimates are providing larger number and
higher quality of options abundant. Studies have shown that the SMAP L4 product data
have good continuity and are generally more suitable for landslide applications compared
to other products [47,48]. This study compares three types of SMAP L4 products: the SMAP
L4 Enhanced Passive product (SMAP-PE), the SMAP L4 Surface product (SMAP-Sur), and
the SMAP L4 Root Zone product (SMAP-RZ). The relevant data involve different remote
sensing methods and depths. The detailed parameters of the three products are shown in
Table 1.

Table 1. Sensitivity evaluation of soil moisture products for landslide prediction corresponding to
historical landslide events in Emilia.

Temporal Temporal Spatial .
Product Coverage Resolution Resolution Soil Depth
SMAP-PE 2015 to Daily 9km x 9 km 0-5cm
SMAP-Sur resent Every 3 h 9k 9k 0-5 cm
SMAP-RZ P y m 2 km 0-100 cm

Considering that shallow landslides typically occur at depths deeper than the upper-
most 5 cm, the greater the depth of soil moisture measurement is, the better it can represent
the actual hydrologic response that triggers landslides [32]. Therefore, SMAP-RZ data are
the most accurate choice for predicting landslides.

In landslide research, soil saturation (S;) has been used as an indicator of predicting
landslide occurrence [49]. Volumetric soil moisture content (0y) refers to the ratio of the
volume of water contained in the soil to the total volume of the soil. The relationship
among soil saturation rate, volumetric soil moisture content, and maximum volumetric soil
moisture content (8y.max) is shown in Equation (1).

Sr = ov (1)

ev—max
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3. Methods
3.1. Landslide Detection Based on Multisource Remote Sensing Data

In this study, the image regression method is used for landslide change detection. First,
it is assumed that there is a linear relationship between the NDVI values of two temporal
phases. Using linear regression, the linear expression relationship between the NDVI value
(Y) of the latter scene and the NDVI value (X) of the former scene is obtained, as shown in
Equation (2). Next, the predicted pixel values (Y_fit) of the latter scene are calculated using
the regression function. Then, the predicted values (Y_fit) are subtracted from the original
NDVI values (Y) of the latter scene to obtain the regression residual (LR) image for the two
temporal phases, as shown in Equation (3). Finally, the change threshold is determined
using the appropriate threshold method, thereby extracting the landslide areas [11,50].

Y =a +bX )

LR=Y_ fit— Y 3)

At this stage, a threshold is set to divide the corresponding area into regions where
landslides are likely to occur and regions where they are not. The threshold is primarily
determined using statistical methods. Based on the properties of a normal distribution, the
mean (p) and standard deviation (o) are calculated, and the threshold is set as T = 1 + no.
According to relevant landslide studies [11], the distribution’s tail of 4.6%(n = 2) is identified
as the region where landslides are likely to occur. If the landslide corresponds to a positive
change region, the threshold is set as T = . + 20; conversely, if it corresponds to a negative
change region, the threshold is setas T = p — 20.

Adjacent candidate landslide pixels form a landslide body, but landslides that are very
close may appear discontinuously due to factors such as clouds and cloud shadows, even
though they are likely part of the same landslide. To merge nearby landslides and refine
their boundary information, a distance threshold can be set. When the boundary distance
between landslides is less than this threshold, the landslides are merged. Additionally, in
remote sensing change detection, isolated pixels are typically considered as “noise” and
should be removed.

After a landslide occurs, the vegetation cover in the landslide area requires a certain
amount of time to recover. In this study, if the NDVI value within one month after the
landslide is greater than NDVI value during the landslide period (the time interval when
the two images used for landslide change detection were taken), the landslide pixel cluster
is not considered a landslide and should be removed.

3.2. Determining Landslide Timing Based on Hydrometeorological Thresholds

To extract and identify the timing of rainfall-induced landslide events using a hy-
drometeorological model, it is necessary to analyze the rainfall that triggers landslides
under different soil moisture levels by combining historical landslide data from the study
area. Subsequently, hydrometeorological thresholds are established based on the study of
hydrometeorological data within the landslide cycle.

The occurrence of rainfall-induced landslides is determined by the combined influence
of antecedent soil saturation and antecedent rainfall. As shown in Figure 2, if either
cumulative rainfall or soil saturation condition meets the threshold, the landslide is very
likely to occur. We compare the hypothetical empirical thresholds in a two-dimensional
evaluation space, where the x-axis represents antecedent soil saturation (%) and the y-axis
represents recent cumulative rainfall (mm) (Figure 2). Using this method, we screen each
day for areas meeting the threshold conditions. If such areas are identified, they need
to be compared with the extracted landslides. Within the time interval of the pre- and
post-event images corresponding to each extracted landslide, if there is a day when the
rainfall or soil saturation meets the threshold and the area corresponding to the threshold
covers the landslide, it is considered a rainfall-induced landslide, and this date is the
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possible occurrence time. If no such conditions are found, it is not considered a rainfall-
induced landslide.

Rainfall-induced Landslide

Rainfall Threshold

P - e \

Recent cumulative rainfall ( mm)

Non-rainfall-induced
Landslide

pIOYSaIY ] UOKEINES [10S

1
1
|
1
|
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1
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1
i
|
|
i
1
|

+

Antecedent soil saturation (%)

Figure 2. Schematic of the hydrometeorological threshold model based on antecedent soil moisture
and recent rainfall.

However, temporal identification of rainfall-induced landslide events may vary in
different scenarios. During a prolonged landslide occurrence period, multiple time intervals
or days may meet the conditions for landslide occurrence. The hydrometeorological
threshold model may not accurately predict the exact day of occurrence. In such cases,
within the preceding n days of the landslide that have rainfall, the day with the highest rain
is considered the landslide occurrence day. If there is no rainfall, the day with the highest
antecedent soil moisture is determined as the landslide occurrence day.

In this study, 70% of the historical landslide records will be used to establish and
calibrate the threshold model, while the remaining 30% will be used to validate the landslide
timing identification model. To obtain the optimal hydrometeorological threshold, the
calibration of landslide prediction models with different threshold combinations of soil
saturation and rainfall will be performed. Within the value range of the relevant data, soil
saturation will be iteratively calculated at intervals of 0.5% and short-term pre-landslide
rainfall at intervals of 1 mm [51]. According to the optimal values of different accuracy
evaluation criteria, one or more hydrometeorological thresholds will be used for model
validation to select the best hydrometeorological threshold for extracting rainfall-induced
landslide events.

3.3. Model Validation

The confusion matrix classifies the landslide prediction results from hydrometeoro-
logical thresholds into three categories: true positive (TP), false positive (FP), and false
negative (FN). True positive represents the days when actual landslides were correctly
predicted. False positive represents the days when no landslides occurred but were incor-
rectly predicted. False negative represents the days when landslides occurred but were not
correctly predicted. Based on these three categories of landslide prediction results, the true
positive rate (TPR), false positive rate (FPR), and Euclidean distance (d) are calculated to
evaluate the hydrometeorological threshold model [24,52,53]. A larger TPR and smaller
FPR and Euclidean distance indicate that the hydrometeorological threshold model is more
effective for landslide prediction. The three evaluation metrics are calculated as follows:

TPR x 100% (4)

TP+ EN
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FPR = p—o X 100% (5)

d= \/FPR2+(TPR—1)2 (6)

Number of landslides

The bias of extracting temporal information is analyzed by examining the time error
between the identified timing and the historical occurrence of landslides. First, the spatial
information of landslides is identified by remote sensing images. Then, for correctly
identified landslides in space, the time error between the identified timing by threshold
model and the actual occurrence time is further analyzed. For long-term landslide event
extraction results, the overall time identification error of landslide events is represented by
bias, denoted as n days (n =1, 2, 3, ..., 7). The smaller n means lower identification bias
and more accurate temporal identification of landslide events.

4. Results
4.1. Identification of Landslide Events and Spatial Distribution

Based on the landslide event spatial location extraction method, this study conducted
a long-term extraction of landslide events in the Emilia region from 2016 to 2019. To reduce
the interference of seasonal vegetation changes on landslide detection, results with a time
interval greater than 60 days were excluded. This approach obtained a time series of landslide
events with relatively consistent time intervals. In the Emilia region, a total of 12,783 landslide
surfaces were detected using Landsat-8, and 74,683 were detected using Sentinel-2, resulting in
a combined total of 84,631 landslide surfaces detected with both datasets. Additionally, 2120
landslide surfaces were detected using both Landsat-8 and Sentinel-2.

The results of remote sensing landslide event extraction using the hydrometeorological
threshold model indicate that about 72% of the landslides in the Emilia region from 2016 to
2019 were identified as rainfall-induced landslides. It provides evidence that the primary
type of landslide in the region is rainfall induced. Figure 3 shows the monthly distribution of
the extracted rainfall-induced landslides, which closely aligns with the monthly distribution
of rainfall.
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Figure 3. Monthly distribution of landslide numbers and average rainfall.

We present the spatial distribution of 16,130 rainfall-induced landslides in Emilia
in 2017 in Figure 4, with landslides spread throughout the entire southern mountainous
region. It was observed that there is a smaller number of landslides in the southwestern
mountainous area. Detailed analysis reveals that the lower number of landslides in this area
is primarily due to significant data gaps in the Sentinel-2 imagery (T32TNQ) covering this
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region. Consequently, the landslide results for this area were mainly extracted from Landsat-
8 imagery. This further highlights the decisive role of image resolution and completeness in
landslide event extraction results, underscoring the necessity of using multisource remote
sensing for landslide event extraction.
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Figure 4. Spatial distribution map of extracted rainfall-induced landslide events in Emilia (2017).

An analysis of the slope distribution differences of rainfall-induced landslide events in
Emilia shows that the slopes of these events are all above 20°, with most of them distributed
between 20° and 30° (Figure 5a). However, this result does not mean that a larger slope
(over 40°) is less likely to cause landslide, but the slope in this region is mostly between 20°
and 30°. The type of land use for each landslide is determined by calculating the mode of
all land use type pixels within the landslide area. The landslides in this region are primarily
located in land use types such as grasslands or forests (Figure 5b).
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Figure 5. Distribution of landslide events in the Emilia region: (a) Slope distribution; (b) Land use
type distribution.
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4.2. Temporal Identification of Rainfall-Induced Landslides

Based on daily rainfall data from 72 meteorological stations and SMAP-RZ soil mois-

ture daily data from 2016 to 2019 in the southern Emilia region, this study established a
landslide prediction model using hydrometeorological thresholds. Two models of indi-
cators are used for the threshold: Model 1 is the soil saturation of the previous day and
recent daily rainfall, and Model 2 is the soil saturation of the recent three-day and the recent
three-day cumulative rainfall. Soil saturation values of Model 1 and Model 2 started from a
minimum value of 50% and increased at intervals of 0.5% up to a maximum value of 90%.
Meanwhile, the daily rainfall of Model 1 started from 0 mm and increased at intervals of
1 mm, reaching up to 35 mm, and the cumulative rainfall of Model 2 started from 5 mm
went up to 90 mm. The accuracy evaluation results of historical landslides under the two
models of hydrometeorological thresholds were iteratively calculated (see Figure 6). The
results indicate that the threshold Model 2 outperforms the other. The hydrometeorological
threshold model based on Model 2 can be more effectively applied to the identification and

temporal recognition of rainfall-induced landslide events.
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Figure 6. The evaluation results of landslide prediction models under the thresholds of different
combinations of soil saturation and rainfall indices.

Based on data from 2015 to 2017, this study used three indicators, including TPR, FPR
and d, to evaluate and select the four optimal threshold combinations. The combinations of
soil saturation and rainfall thresholds are: 73.5%—20 mm, 75.5%—19 mm, 75.5%—20 mm,
and 78.5%—20 mm. These models were firstly calibrated with 70% of the data as shown in

Table 2. These models demonstrated good predictive performance on historical landslide data
from 2015 to 2017, with true positive rates exceeding 0.7 and false positive rates below 0.4.

Table 2. The calibration performance of landslide prediction models under the thresholds of four

different combinations.

73.5%—20 mm 75.5%—19 mm 75.5%—20 mm 78.5%—20 mm

TPR 0.82 0.70 0.83 0.83
FPR 0.39 0.21 0.32 0.22
d 0.43 0.37 0.36 0.28
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Then, these four threshold combinations were used to establish hydrometeorological
threshold models, which were validated using the remaining 30% of data from 2018 to
2019. According to the model validation results (Table 3), the 78.5%—20 mm threshold
combination had the highest TPR and the smallest FPR and 4, making it the most effec-
tive for predicting rainfall-induced landslides. Therefore, the 78.5%—20 mm threshold
combination is adopted as the hydrometeorological threshold.

Table 3. The validation performance of landslide prediction models under the thresholds of four
different combinations.

73.5%—20 mm 75.5%—19 mm 75.5%—20 mm 78.5%—20 mm

TPR 0.72 0.79 0.84 0.83
FPR 0.21 0.24 0.29 0.21
d 0.35 0.32 0.33 0.27

The temporal information of rainfall-induced landslides was extracted based on the
above model for the Emilia region, focusing on the period with a frequent occurrence
of historical landslides, i.e., from February to March 2018. During this period, the dates
and corresponding regions that meeting the hydrometeorological thresholds are shown in
Figure 7. However, this may lead to a certain degree of temporal clustering of landslide
occurrences due to the temporal resolution of images, resulting in minor discrepancies
compared to actual recorded events. The number of slides extracted for each date are
shown in Figure 8. Multiple landslide events may be triggered in close temporal proximity
due to analogous environmental factors, such as continuous rainfall or peak soil moisture
levels. Consequently, the temporal identification results show some landslides occurring
on the same day that meet the hydrometeorological threshold model. The analysis of the
relationship between daily average rainfall and the number of rainfall-induced landslides,
as depicted in our graph, indicates a significant positive correlation. Higher daily average
rainfall corresponds to an increased number of landslides. Specifically, when the daily
average rainfall exceeds 10 mm, there is a marked increase in the frequency of landslides.

Figure 7. Cont.

3-Feb 4-Feb 18-Feb 19-Feb
23-Feb 24-Feb 25-Feb 1-Mar
i
2-Mar 3-Mar 4-Mar 5-Mar
6-Mar 7-Mar 16-Mar 17-Mar
N
& A — — Kilometers
) Al 0 40 80 160
Dates meeting the
19-Mar 20-Mar 31-Mar rainfall threshold
(a)



Remote Sens. 2024, 16, 3089

12 of 18

Number of landslides

90

80

70

60

50

40

30

10

3-Feb 4-Feb 18-Feb 19-Feb
22-Feb 23-Feb 24-Feb 25-Feb
1-Mar 2-Mar 3-Mar 4-Mar
5-Mar 6-Mar 18-Mar 16-Mar
17-Mar 19-Mar 20-Mar 31-Mar
N
A Kilometers Dates meeting the saturated moisture radio threshold
0 50 100 200

(b)

Figure 7. The dates and corresponding regions that meeting the hydrometeorological thresholds:
(a) The blue areas are the regions corresponding to the dates that meet the rainfall threshold con-
ditions; (b) The green areas are the regions corresponding to the dates that meet the soil moisture
threshold conditions.
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Figure 8. Time series of landslide identification and its relationship with daily rainfall (February to
March 2018).

4.3. Accuracy Evaluation

This study calculates the time error between the identified landslides and the recorded
landslide occurrence times to evaluate the performance of the temporal identification
method based on the hydrometeorological threshold model.

Using the landslide extraction results from February to March 2018 as model validation
data, a total of 585 landslide surfaces were extracted within the time frame. The recorded
data show that 144 actual landslide events occurred, of which 79 were correctly detected.
The number of extracted landslide events exceeds the historical landslide data for three
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reasons. First, many neighboring landslide events that are likely part of the same landslide
were not correctly merged. Second, some historical landslide data were recorded as a single
landslide event due to their spatial proximity, causing some extracted landslides to fail to
match correctly with the historical records. Third, some historical landslides might not
be recorded due to their remote locations or difficult terrain, leading to incomplete data
records. For example, in part of experimental area, only three historical landslides were
actually recorded, whereas both visual interpretation and remote sensing-based extraction
identified more than 30 landslide events.

Based on the hydrometeorological threshold model, all 585 landslide surfaces were
identified as rainfall-induced landslides, which aligns with the higher rainfall observed in
the region during February and March. For the 79 confirmed rainfall-induced landslides,
the specific occurrence times were determined. By comparing these predicted times with
historical landslide records, the temporal bias was calculated as shown Figure 9. Specifically,
69 landslides had an accuracy of within seven days, accounting for approximately 87.3% of
correctly identified landslides, while 35 landslides were accurately detected with zero-day
discrepancy, accounting for approximately 45.6%.

35

Number of landslides

0 1 2 3 4 5 6 7
Temporal bias (day)

Figure 9. Bias of rainfall-induced landslide temporal identification.

We further plot the time difference of all 79 correctly detected landslides and the
corresponding cumulative rainfall in Figure 10. It can be observed that most predicted
times is earlier than the recorded time, which aligns with the fact that landslides are
often recorded a few days after their actual occurrence. Additionally, by comparing the
temporal prediction bias with the cumulative rainfall over the precedent three days, it was
found that higher cumulative rainfall corresponds to lower temporal bias. The impact
of rainfall on the bias can be understood by observing the exponential term —0.007x in
the function. This negative exponential term indicates that as rainfall increases, the bias
decreases exponentially. Most of the landslides with a zero-day prediction error had
high rainfall in the preceding three days. This not only demonstrates that recent rainfall
can effectively serve as an indicator for landslide prediction, but also suggests a certain
regularity in the recording of historical landslide data, specifically, that landslides recorded
during periods of significant rainfall are more accurately timed.
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Figure 10. The relationship between the temporal bias of landslide event extraction results and
rainfall from February to March 2018. The positive temporal bias indicates that the predicted time is
earlier than the recorded time, while the negative value indicates the opposite.

5. Discussion

We developed an effective approach to extract spatial and temporal information of
rainfall-induced landslide based on the multisource remote sensing data from Emilia, Italy.
Multisource remote sensing data provide higher temporal resolution of land surface change,
allowing improved temporal extraction results. This approach can predict the timing of
rainfall-induced landslides, improve the temporal resolution of landslide event extraction
and achieve refined extraction of rainfall-induced landslide events. Using multisource
remote sensing data, our method, based on hydrometeorological thresholds, offers a simple
and promising approach to determine the timing and location of rainfall-induced landslides,
especially in regions with insufficient recorded data. While deep learning methods and
probability theories [54,55] presented higher model accuracy, but these models often require
extensive data and computational resources. This complexity might not be suitable for
regional landslide studies where resources are limited.

Although the landslide data used in this study are relatively reliable among the
currently available datasets, the limitations of manual landslide monitoring mechanisms
make it difficult to ensure data completeness and accuracy. Data deficiencies may affect
the effectiveness of related models and methods. Our study is based on the abundant data
from local official landslide datasets, which have higher accuracy of the records. The Global
Landslide Catalogue is a good alternative data source for regions with limited records.
We are not using this dataset is because of significant gaps in coverage for our study area,
which could undermine the reliability of our predictions. The soil moisture data used in this
study has a relatively coarse spatial resolution. However, it has been demonstrated to be a
reliable option for conducting landslide research over large areas [47,48]. Future studies
would benefit from using higher resolution soil moisture data, which could improve the
precision of predictions.

Meanwhile, although NDVI is currently one of the most effective indicators for de-
tecting landslide changes, it is based on changes in surface vegetation cover. In areas
with low or no vegetation cover (such as bare soil landslides and landslides caused by
glacier melting), it is difficult to detect landslide occurrences. Therefore, future research is
recommended to consider supplementing the study with landslide change detection indi-
cators for areas with unclear vegetation information to improve the accuracy of landslide
time extraction.
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This study provides a rapid and effective means of extracting landslide temporal
information. However, one limitation is that the parameters we optimized are specific to the
Emilia-Romagna region. For broader application, these parameters may need adjustment,
incorporating new predictors and more precise data to enhance the model’s applicability.
During long landslide periods with large image intervals, multiple time intervals or days
may meet the landslide occurrence conditions. To address the centralization phenomenon
in the temporal recognition of landslide events and improve the model’s robustness, future
research could introduce more geographic parameters, such as surface temperature and
vegetation cover changes, to enhance its overall applicability and accuracy.

Currently, only very limited regions over the world have records on landslides. How-
ever, with the increase in extreme events due to climate change and human activities, it is
highly possible to expect more landslides in the future. Therefore, establishing a historical
database is crucial for risk management and prevent. The proposed approaches can be
potential applied in different regions globally and hopefully more comprehensive studies
will be performed in the future.

6. Conclusions

This study conducted research on the extraction and temporal identification of rainfall-
induced landslide events using multisource remote sensing data. First, a regional-scale
automated landslide event spatial extraction algorithm was established. Second, using
historical landslide data and relevant hydrometeorological data, a hydrometeorological
threshold model was developed for the identification and temporal recognition of rainfall-
induced landslide events. Taking the Emilia-Romagna region in Italy as the study area, the
main conclusions of this study are as follows:

1.  We proposed an automated algorithm to extract spatial information of landslide
events based on multisource remote sensing data. First, this approach optimizes the
spatial information extraction method for remote sensing landslide events. Utilizing a
bi-temporal NDVI change detection method, it considers both the quantity and area
accuracy of landslide event extraction. Then, a regional-scale automated algorithm for
extracting spatial information of landslide events was designed on the GEE platform,
enabling rapid extraction of landslide event spatial information on a regional scale.

2. We identified temporal information of rainfall-induced landslide events based on
hydrometeorological thresholds. First, a hydrometeorological threshold model was
developed considering the antecedent soil saturation and recent rainfall, making it
effective for landslide prediction. Second, using this method to classify and tempo-
rally identify landslide events extracted from remote sensing, 87.3% of the temporal
information recognition errors are noted within 7 days. The temporal identification
accuracy of regional rainfall-induced landslide events was enhanced. This demon-
strates that the method can establish spatiotemporal information of landslides for
areas without recorded landslide data.
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