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Abstract: Detecting slow-moving landslides is a crucial task for mitigating potential risk to human
lives and infrastructures. In this research, Persistent Scatterer Interferometric Synthetic Aperture
Radar (PS-InSAR) time series, provided by the European Ground Motion Service (EGMS), for the
province of Frosinone in Italy are employed, and Sequential Turning Point Detection (STPD) is
applied to them to estimate the dates when the displacement rates change. The estimated dates are
classified based on the land cover/use of the province. Moreover, local precipitation time series are
employed to investigate how precipitation rate changes might have triggered the landslides.

Keywords: Frosinone; land cover; EGMS; precipitation; PS-InSAR; slow-moving landslides; STPD;
turning points

1. Introduction

Slow-moving landslides, though rarely claiming lives, can eventually cause damage
to infrastructures due to continuous movement and reactivation phases. Areas influenced
by slope instability, including buildings and roads, are significantly affected by such slow-
moving displacements, resulting in socioeconomic consequences [1–3]. Thus, the detection
and monitoring of slow-moving landslides is crucial. There are many approaches for
landslide monitoring, e.g., geotechnical and geophysical approaches, and monitoring using
unmanned aerial vehicles, aircraft, satellite remote sensing (active and passive) imagery,
and infrared thermal cameras [4–7].

Persistent Scatterer Interferometric Synthetic Aperture Radar (PS-InSAR) is a robust
technique that utilizes SAR interferograms for the same ground area to determine stable
points, reflecting radar signals consistently for a long period. These points are typically
located on buildings, roads, bedrocks, cliffs, etc. [8]. Although this technique suffers
from a lack of point density in non-urban areas due to temporal de-correlation, it is very
effective for ground deformation monitoring, especially in urban areas [9]. The European
Ground Motion Service (EGMS) has recently provided PS-InSAR time series from Sentinel-
1 satellites for ground deformation monitoring across Europe with millimeter precision,
and for the study of the impact of climate change. The SAR satellites travel half of their
trajectory from the south pole to the north pole, referred to as ascending orbit (ASC), and
the other half from the north pole to the south pole, referred to as descending orbit (DESC),
to acquire imagery over the same area. The ASC and DESC provide deformation along
the satellites’ Line of Sight (LOS), so their displacement time series for the same area may
significantly differ. Therefore, combining PS-InSAR time series of ASC and DESC is a more
effective method of ground deformation monitoring [10].
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Ghaderpour et al. [11] proposed a method, namely, the Sequential Turning Point
Detection (STPD) to rapidly detect changes in the displacement rates of InSAR time se-
ries [11]. They applied STPD to PS-InSAR time series from Sentinel-1 for the province of
Frosinone in Italy. The STPD uses a windowing approach where a potential TP is estimated
within each window sequentially using Ordinary Least-Squares (OLS) [12]. All of the
statistically significant TPs are then re-evaluated according to their Signal-to-Noise Ratio
(SNR) and Normalized Difference Residual Index (NDRI) to find an optimal connected
linear trend with multiple pieces that best fit the entire InSAR time series [11]. Ghaderpour
et al. [13] analyzed precipitation time series for the 20 administrative regions of Italy and
highlighted the possible effects of precipitation rate change on triggering landslides. In
the current study, more details on how the precipitation change rate can trigger or reacti-
vate slow-moving landslides are presented. The main contributions of this research are
as follows:

(1) The application of STPD to PS-InSAR time series of ascending and descending orbits,
pre-processed and provided by EGMS, for landslide-prone areas in the province of
Frosinone, Italy.

(2) The classification of the TPs according to the land cover/use for the landslide-prone
areas in the entire province and four towns in the province with their surroundings,
namely, Cassino, Sora, Frosinone, and Ausonia.

(3) The application of STPD to the local accumulated precipitation time series for the four
towns and a discussion of the potential impacts of their rate change on the detected
TPs in the PS-InSAR time series based on their land cover types.

Note that the PS-InSAR time series utilized in this research, provided by EGMS, are
spatially much denser than the PS-InSAR time series from Sentinel-1 utilized in [11].

2. Materials and Methods
2.1. Study Region and Datasets

The province of Frosinone is in the Lazio region in Italy with an area of approximately
3247 km2 and population of nearly 500,000 people [11]. The province is bounded by
the Ausoni-Aurunci, Lepini, Ernici, and Mainarde mountains from the south, southwest,
north, and northeast, respectively, which are parts of the Central Apennines [14]. In this
research, the same 1345 landslide-prone polygons are considered as those described in
detail in [11]. In addition, the landslide-prone polygons of four towns of this province with
their neighborhoods are selected for more detailed analyses. These towns are Cassino, Sora,
Frosinone, and Ausonia, with approximate populations of 36,000, 26,000, 47,000, and 2500,
respectively. Figure 1 shows the study region and land cover/use of the region. Table 1
summarizes the datasets employed in this research.

Table 1. The description of datasets used in this research.

Dataset Spatial Resolution Date Description Source

PS-InSAR 20 m in azimuth by 5
m in ground-range

2015–2021
(6-day)

Ascending and
descending PS-InSAR
time series for period

02/2015–12/2021

https://egms.land.copernicus.eu/
(EGMS) (accessed on 1 May 2024)

Land cover/use 100 m 2018

CORINE (Coordination
of Information on the

Environment) has
44 classes

https://land.copernicus.eu/
paneuropean/corine-land-cover

(accessed on 1 May 2024)

Precipitation 4 weather stations 2015–2021
(monthly)

Time Series for Cassino,
Sora, Frosinone, and

Ausonia

https://www.3bmeteo.com
(accessed on 1 May 2024)

https://egms.land.copernicus.eu/
https://land.copernicus.eu/paneuropean/corine-land-cover
https://land.copernicus.eu/paneuropean/corine-land-cover
https://www.3bmeteo.com
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Figure 1. The study region. (a) A map of Italy showing the study region in red, (b) a Google map of 
province of Frosinone, and (c) the CORINE land cover/use map of the study region (100 m). 
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Note that NDRI is defined as the difference between the norms of the residual segments 
before and after the TP divided by their summation, and the suggested thresold for NDRI 
is shown to be effective for distinguishing jumps from TPs through an extensive simula-
tion [11]. When an InSAR time series has a significant jump, e.g., due to fast-moving land-
slides or earthquakes, the absolute value of the NDRI tends to be high. 

The entire sequential process above is followed for each segment within a translating 
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Figure 1. The study region. (a) A map of Italy showing the study region in red, (b) a Google map of
province of Frosinone, and (c) the CORINE land cover/use map of the study region (100 m).

2.2. Sequential Turning Point Detection (STPD) Revisited

The STPD approach is briefly described here, and the reader is referred to [11] for more
details. Assume that S1 = {y1, . . . , yτ} and S2 = {yτ, . . . , yn} are two segments of a time
series. For each τ, 1 < τ < n; first, Ψ1 = ∑τ

k=1(yk − m1tk − b1)
2 is minimized to estimate the

intercept b1 and slope m1 using OLS, and then Ψ2 = ∑n
k=τ

(
yk − m2(tk − tτ)−

(
m̂1tτ + b̂1

))2

is minimized to estimate the slope m2 for the second connected linear piece using OLS.
The potential TP is a τ minimizing the L2 norm of residuals (namely, τforward). The STPD
carries out this process on the flipped time series and then flips it to find the potential TP
(namely, τbackward). The time series likely has a potential TP if |τforward − τbackward| ≤ 3,
where, in this case, the one whose corresponding L2 norm of residuals is minimum will
be selected as the TP. The selected TP is then evaluated using SNR and NDRI, where the
recommended thresholds are SNR > 1 and |NDRI| < 0.3 . Note that NDRI is defined as
the difference between the norms of the residual segments before and after the TP divided
by their summation, and the suggested thresold for NDRI is shown to be effective for
distinguishing jumps from TPs through an extensive simulation [11]. When an InSAR
time series has a significant jump, e.g., due to fast-moving landslides or earthquakes, the
absolute value of the NDRI tends to be high.

The entire sequential process above is followed for each segment within a translating
window to find a maximum of one statistically significant TP for that segment. Then, all of
the potential TPs will be re-evaluated using L2 norm minimization, SNR, and NDRI [11].
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Time series with an absolute value of NDRI greater than 0.3 likely have jumps instead of
TPs, and so they are omitted from further processes in this research. Users can select a
maximum number of TPs for their time series by selecting an appropriate window size
and a translating step. A 5-year-long window that translates annually is recommended for
processing monthly resampled PS-InSAR time series [11].

3. Results
3.1. Spatiotemporal Maps of STPD Results

In this research, it is assumed that slow-moving landslides moved in the same down-
slope direction during 2015–2021, i.e., the sign of LOS cannot change from positive to
negative or vice versa [15]. Therefore, after performing STPD, only non-increasing and non-
decreasing PS-InSAR time series are considered for ground deformation mappings. Table 2
lists the total number of time series within the landslide-prone polygons and the remaining
time series after applying the thresholds. Using the same polygons described in [11], this
study employs 20,290 ascending and 9605 descending PS-InSAR time series provided by
EGMS, while in the authors’ previous work, 4656 ascending and 4020 descending PS-InSAR
time series were employed (see Table 3 in [11]). Note that many of the new PS are located
in different areas that have different land covers and characteristics with respect to [11].

Table 2. Description of ascending and descending PS-InSAR time series. The THDs are the thresholds
SNR > 1 and |NDRI| < 0.3.

Geometry
Number of

Landslide-Prone
Polygons

Number of
PS

Number of
PS with TPs

Number of
TS with TPs
after THDs

Number of
Non-Decreasing

or Non-Increasing PS
with TPs after THDs

Ascending 641 20,290 16,707 (82%) 12,386 (61%) 3560 (18%)
Descending 704 9605 7775 (81%) 5836 (61%) 2045 (21%)

Figure 2 illustrates the spatial maps of the estimated TPs in calendar months after ap-
plying all of the thresholds, i.e., only for non-increasing or non-decreasing time series with
SNR > 1 and |NDRI| < 0.3 . Years 2015 and 2021 are not considered, as their observations
were the margins in STPD due to high sensitivity to seasonal and annual noise [11]. To
understand better how STPD has estimated the linear trend with multiple connected pieces,
two polygons are selected and a pair of ASC and DESC PS-InSAR time series (within 50 m
apart) for each polygon is chosen (see the red diamonds in Figure 1b). These time series,
along with their STPD results, are illustrated in Figure 3.
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Figure 3. The STPD trend results of two pairs of PS-InSAR time series whose TPs in calendar month
(see blue arrows) are shown in Figure 2.

3.2. Classification of Turning Points and Precipitation Results

All of the TPs whose geographic locations are shown in Figure 2 and within 20 km
from the blue circles displayed in Figure 1b are classified according to the CORINE land
cover/use map illustrated in Figure 1c. The classified bar charts are depicted in Figure 4,
showing that most of the TPs are in agricultural land areas for Cassino and Frosinone, in
olive groves and bare rock areas for Sora, and in sparsely vegetated lands for Ausonia.
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Figure 4. The bar charts of TPs whose locations are within 20 km of the towns of Cassino (a), Sora (b),
Frosinone (c), and Ausonia (d), classified based on the CORINE land use/cover map. Panel (e) shows
the bar chart of TPs for all polygons susceptible to landslides.

The accumulated precipitation time series for the four towns are analyzed by STPD
using 3-year-long windows and their trend results are displayed in red in Figure 5. From
comparing the values of S2 with S3 in panels (a)–(d) of Figure 5, the precipitation rate
significantly increased toward the second half of 2017.
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linear trend results for Cassino (a), Sora (b), Frosinone (c), and Ausonia (d).

4. Discussion

This paper has presented the STPD results of PS-InSAR time series, provided by EGMS,
within the same landslide-prone polygons as those in [11]. It can be seen from Figure 4 that
all four towns, including their surroundings, and the entire AOI had a relatively higher
number of TPs in August–September 2017, especially for Cassino and Frosinone. On the
other hand, Figure 5 shows a much higher precipitation rate since the second half of 2017,
indicating the potential role of extreme precipitation rate change in triggering landslides.
These results also agree with those in [11,16], which demonstrate that extreme precipitation
events followed by dry spells have a prominent role in triggering slow-moving landslides.
Slow-moving landslides in soft bedrock areas usually occur on mild hillslopes where the
land is exposed to water infiltration. As can be seen in Figure 4b, many of the TPs for
areas covered by bare rocks were during winter, e.g., see bars in December 2017 when the
region experienced heavy precipitation of more than 400 mm in that month. As Figure 4d
shows, most of the TPs around Ausonia are sparsely vegetated. The top-right panel of
Figure 3 shows an example of a sparsely vegetated area. The relatively higher precipitation
observed during September–November 2016 could potentially be the cause of the TP in
panel C in Figure 3, and the precipitation rate change from S4 to S5, shown in Figure 5d,
likely affected the displacement rate in the area. However, note that this particular case,
as shown in Figure 3C,D, may not represent the typical slow-moving landslide and it is,
rather, a slope movement, which requires further investigation.
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5. Conclusions

In this paper, the PS-InSAR time series of Sentinel-1 for both ascending and descending
orbits within the landslide-prone polygons in the province of Frosinone, provided by EGMS,
were analyzed by STPD. The spatial maps of TPs for the years 2016–2020 were produced,
showing the calendar months when the displacement rate changed. The TPs were also
classified according to CORINE land cover/use, and the numbers of TPs for the towns
of Cassino, Sora, Frosinone, and Ausonia and their neighborhoods were correlated with
the TPs detected for the local accumulated precipitation time series. The results showed a
significant number of TPs in the second half of 2017 and the summer of 2018, likely due to
relatively higher precipitation events followed by dry spells, which agreed with previous
results found by the authors. The findings of this research can be useful for mitigating
socioeconomic damage through repairing/renovating the affected areas, slope stabilization
work, and other mitigation attempts in the face of climate change.
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