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Abstract: In this work, the ability of advanced satellite interferometry to monitor pre-failure landslide
behaviours and the potential application of this technique to Failure Forecasting Methods (FFMs)
are analysed. Several limits affect the ability of the technique to monitor a landslide process,
especially during the pre-failure phase (tertiary creep). In this study, two of the major limitations
affecting the technique have been explored: (1) the low data sampling frequency and (2) the phase
ambiguity constraints. We explored the time series of displacements for 56 monitored landslides
inferred from the scientific literature and from different in situ and remote monitoring instruments
(i.e., extensometers, inclinometers, distometers, Ground Base InSAR, and total station). Furthermore,
four different forecasting techniques have been applied to the monitoring data of the selected
landslides. To analyse the reliability of the FFMs based on the InSAR satellite data, the 56 time
series have been sampled based on different satellite features, simulating the satellite revisit time
and the phase ambiguity constraints. Our analysis shows that the satellite InSAR technique could
be successful in monitoring the landslide’s tertiary creep phase and, in some cases, for forecasting
the corresponding time of failure using FFMs. However, the low data sampling frequency of the
present satellite systems do not capture the necessary detail for the application of FFMs in actual risk
management problems or for early warning purposes.
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1. Introduction

The scientific community started to explore landslide behaviour during the first half of the
twentieth century [1,2]. In 1950, Terzaghi recognized the connection between landslide evolution and
creep theory, laying the foundation for landslide prediction. Landslide forecasting remains a current
issue and a significant challenge in natural hazard risk mitigation. Since the beginning of the 1960s,
many authors have been studying this topic [3–14]. Saito and Uezawa initiated this field of research,
and the first successful landslide prediction was performed by Saito in 1965 for the Dosan Line
landslide [4]. They defined semi-empirical methods to estimate the timing of slope failure using
displacement monitoring data acquired via different techniques.

Subsequently, different semi-empirical methods for landslide prediction were developed. In 1985,
a new equation based on laboratory experiments was derived by Fukuzono [6] and later validated by
Voight [8]:

Ω”= AΩ’α, (1)
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This equation describes the relationship between velocity (Ω’) and acceleration (Ω”) of the surface
displacement during the pre-failure phase under constant stress and temperature conditions using
two empirical constants A and α.

Based on Equation (1), failure forecasting methods (FFMs) that estimate the time of failure (TF)
were developed by Cornelius and Voight [11].

The methods are based on the creep theory [2], which describes the time-dependent deformational
behaviour of the slope under constant stress conditions. Specifically, the final creep phase known as
tertiary creep (TC), characterized by an acceleration of the deformation affecting a slope, is modelled
using semi-empirical functions to predict the TF. Pre-failure monitoring data are the basic requirement
for the application of FFMs. Many successful predictions are described in the literature [15–21] that
were developed with data acquired from different monitoring techniques such as extensometers,
inclinometers, GB-InSAR, etc.

In this paper, the potential of satellite interferometry to monitor the pre-failure landslide behaviour
for the application of FFMs is assessed.

The advanced techniques of satellite SAR image processing (A-DInSAR Advanced Differential
Synthetic Aperture Radar Interferometry, [22–25]) can provide the time series of displacements for
stable radar reflectors in the investigation area. The processing algorithms developed during the last
few decades have made A-DInSAR a powerful technique for landslide risk management. It currently
allows for landslide detection, mapping, characterization, and monitoring at different scales, both for
large area and site specific analysis. However, the present features of the technique influence its
suitability for landslide forecasting and early warning purposes, even if, in some cases, satellite InSAR
can be successfully applied to disaster risk reduction by identifying unstable slope indicators [26].

The limitations that affect the capability of the technique to monitor a landslide process during the
pre-failure phase can be summarized as follows [27]: (i) radar distortions; (ii) presence of backscatter;
(iii) availability of data; (vi) areal extension of the landslide process; and (v) deformational behaviour
(length of tertiary creep and rate of deformations). In this study, the site-specific feasibility of satellite
InSAR monitoring has been deliberately neglected, and the focus is on the constraints related to the
slope’s deformational behaviour. Two major limitations of the technique for pre-failure landslide
monitoring were accounted for: (i) the long satellite revisit time (RT, i.e., the sampling period of the
data acquisition) and (ii) the phase ambiguity constraints.

The satellite RT is one of the major limitations affecting the A-DInSAR technique for forecasting
purposes because it reduces the applicability of the technique to landslide processes with a TC long
enough to be captured by the satellites. The phase ambiguity constraint influences the ability of the
technique to monitor rapid displacements, which characterize the pre-failure stage. Furthermore,
there is a strong dependence between RT and phase ambiguity. Specifically, if no prior information
is available, it is not possible to achieve A-DInSAR results if the displacements are greater than λ/4
(where λ is the sensor’s wavelength) between two consecutive SAR acquisitions and two adjacent
pixels [28,29].

Considering these limitations, in this paper the potential of satellite interferometry for landslide
forecasting has been explored by back-analysing 56 case histories.

2. Materials and Methods

Is it possible to monitor a landslide during TC with satellite interferometry? Is it possible to apply
landslide forecasting methods using the InSAR time series of displacement?

In this study, we try to answer these questions by exploring two of the primary limitations affecting
satellite InSAR: (i) the low satellite data sampling frequency and (ii) the ambiguity phase constraints.

To assess the satellite InSAR potential for landslide pre-failure monitoring and forecasting,
the following approach has been adopted:
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1. A database collection composed of 56 past landslides, including pre-failure displacement data
inferred from the scientific literature;

2. The digitization of the pre-failure datasets from graphs;
3. The sampling of 56 time series of displacements based on different satellites’ revisit time to

reproduce the satellite data acquisition;
4. Simulation of the phase ambiguity constraint based on the different satellites’ features

(wavelength and revisit time);
5. The application of four FFMs on three different datasets: (i) digitized datasets, which represent

the actual monitoring datasets; (ii) sampled datasets (based on the revisit time constraint);
and (iii) simulated datasets (considering the phase ambiguity limit);

6. A comparison between the forecast results obtained using actual monitoring data and simulated
satellite data.

The pre-failure monitoring data of 56 past landslides have been explored by observing their
evolution from the beginning of the acceleration phase to the occurrence of failure.

The collected monitoring data show different characteristics; they were acquired using different
monitoring instruments (i.e., extensometers, inclinometers, distometers, GB-InSAR, and total station)
and were displayed in the instruments using different formats, including displacement vs. time,
velocity vs. time, and inverse velocity vs. time. Furthermore, the data was displayed in different
units such as millimetres, centimetres, metres, mm/day, mm/hour, and cm/day. To homogenize the
information and to compare the results, all the datasets are reported in mm/day.

The 56 landslide datasets collected (Table 1) show different features in terms of: triggering factor,
mechanism, volume, material, and deformational behaviour.

Table 1. Landslide database collected from the scientific literature.

Landslide Reference ID Tertiary Creep
(TC) Length (days)

Average Velocity
(mm/day)

Jitsukiyama [30] 1 0.01 0.04 (mm/s)
Moriwaki Experiment [31] 2 0.02 0.04 (mm/min)

Unnamed Mufundirawa [32] 3 0.1 0.87 (mm/s)
Letlhakane Mine [33] 4 0.2 68.60 (mm/h)

Dosan Line [34] 5 1.2 664.79
La Saxe [35] 6 1.6 4541.68

Betz Post 2 mc [15] 7 3.2 63.42
Asamushi [34] 8 3.4 163.76

Rock Dump [36] 9 4.1 1011.21
Cavallerizzo [37] 10 4.3 26.32

Roesgrenda B [38] 11 6 171.93
Tuckabianna West [39] 12 6.1 39.55

Afton [40] 13 9.4 591.07
Excavation A [40] 14 9.7 14.22

Preonzo [41] 15 10.6 91.30
Silla Montecchi [42] 16 10.8 80.31

Eskihisar Coal Mine [43] 17 11.5 6.72
Ryan Call Slide1 [44] 18 12.8 1564.10

Crack Gauge [45] 19 13 11.98
Ruahihi [46] 20 14.1 54.58

Es.2 Rose & Hungr2007 [15] 21 15 52.16
Roesgrenda A [38] 22 20.1 2.00
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Table 1. Cont.

Landslide Reference ID Tertiary Creep
(TC) Length (days)

Average Velocity
(mm/day)

Abbotsford [46] 23 20.4 106.26
New Tredegar [47] 24 22.5 36.22

Victorious East Pit [40] 25 22.7 4.56
Haveluck [40] 26 25.8 1.94
Bohemia [48] 27 30.3 0.51
Val Pola [49] 28 30.5 51.33

Luscar_51B2 [40] 29 31.6 76.73
Ooigawa Railroad [34] 30 38.9 12.76

Telfer [40] 31 39.4 2.73
Liberty Pit Mine [15] 32 40.2 4.73

Selbourn [50] 33 41.5 100.54
Betz Post 18mc [15] 34 44 6.58

Lijiaxia [51] 35 44.7 4.47
Takabayama [52] 36 44.9 145.78
Kennekott#1 [53] 37 46.9 57.19

Chuquicamata Mine2 [52] 38 47.6 224.24
Ryan Call Slide2 [44] 39 53.7 21.35

Vajont [13] 40 54.6 30.41
Luscar 50A2 [40] 41 60.9 1272.11

Hogart [54] 42 77.8 63.85
Roberts [55] 43 105 57.46

Nevis Bluff [56] 44 110.4 2.98
Monte Beni [16] 45 132.2 19.67

Xintan [57] 46 138.9 459.60
Azimi 1988 [7] 47 143.8 3.39

Threatening Rock [58] 48 153.8 2.49
Bomba [59] 49 167.9 10.86

Smoky River [40] 50 174.2 1.59
Scalate [55] 51 183.7 0.76

Brada River [60] 52 187.8 0.10
Excavation C [40] 53 211.3 1.22

Delabole Quarry [61] 54 380.7 2.89
Saleshan [62] 55 631.3 1.88

Puigcercos Scarp [63] 56 1013 0.39

For the objective of this work, the most important feature is the deformational behaviour of the
slope before failure; specifically, the TC duration and the deformation rates occurring during the TC.
The beginning of TC has been manually defined on the strain rate vs. time plot as the point at which
the velocity begins to increase just before the final collapse. As shown in Table 1, the length of the
TC period is extremely variable, ranging from several minutes to more than 1000 days. Additionally,
the average velocity during the pre-failure phase varies substantially from 0.01 m/day to more than
4 m per day.

Monitoring data presented graphically in the scientific literature have been digitized using the
MATLAB® code “grabit”. An example of the digitized data for the Vajont landslide is shown in
Figure 1. To simulate the satellite data acquisition, the monitoring datasets of the 56 landslides have
been sampled in the velocity time space based on different satellites’ RT values (Figure 2). The features
of nine satellites in the past, present, and future have been considered (Table 2).
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Figure 1. An example of the digitized monitoring data for the Vajont landslide (9 October 1963). (a) 
Monitoring data available in the literature ([12] after Muller [64] and Voight [8]) referencing the 
inverse rates (days/cm) of horizontal slope movement registered before the Mt. Toc catastrophic 
collapse. Velocity measurements were obtained from stations near the toe of the moving mass [12]; 
(b) Digitized data. 

 

Figure 2. Example of sampled datasets (red stars) based on the Sentinel 1A + 1B revisit time of 6 days. 
Blue circles represent the pre-failure monitoring data of the Vajont landslide.  

Table 2. Satellites considered in this study and their principal features (Revisit Time (RT) and 
wavelength (λ)). 

Period Satellite Revisit Time (days) Band λ (mm) 

Past 
ALOS PALSAR 1 46 L 236 

J-ERS 44 L 235 
ERS 1/2-Envisat 35 C 56 

Present 

COSMO-SkyMed 
4 X 31 
8 X 31 

16 X 31 
Sentinel-1A 12 C 56 

Sentinel 1A + 1B 6 C 56 
ALOS PALSAR 2 14 L 236 

TerraSAR-X 11 X 31 
Future Radarsat Constellation 4 C 56 

Furthermore, according to the satellites’ wavelengths and RT values, time series have been 
customized to consider the phase ambiguity limits. Because the phase is a periodic function and the 
wavelength number in the two travel paths is unknown, it follows that displacements greater than 
λ/2 between two consecutive acquisitions may remain unsolved or underestimated. Furthermore, for 
Advanced DInSAR (i.e., Persistent Scatterers Interferometry (PSI), Small Baseline Subset (SBAS), and 
similar techniques), the maximum amount of displacement that can be measured between two 
consecutive acquisitions is λ/4 [28]. To simulate this limit, we assumed that satellite InSAR is not able 

Figure 1. An example of the digitized monitoring data for the Vajont landslide (9 October 1963).
(a) Monitoring data available in the literature ([12] after Muller [64] and Voight [8]) referencing the
inverse rates (days/cm) of horizontal slope movement registered before the Mt. Toc catastrophic
collapse. Velocity measurements were obtained from stations near the toe of the moving mass [12];
(b) Digitized data.
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Figure 2. Example of sampled datasets (red stars) based on the Sentinel 1A + 1B revisit time of 6 days.
Blue circles represent the pre-failure monitoring data of the Vajont landslide.

Table 2. Satellites considered in this study and their principal features (Revisit Time (RT) and
wavelength (λ)).

Period Satellite Revisit Time (days) Band λ (mm)

Past
ALOS PALSAR 1 46 L 236

J-ERS 44 L 235
ERS 1/2-Envisat 35 C 56

Present

COSMO-SkyMed
4 X 31
8 X 31

16 X 31

Sentinel-1A 12 C 56
Sentinel 1A + 1B 6 C 56
ALOS PALSAR 2 14 L 236

TerraSAR-X 11 X 31

Future Radarsat
Constellation 4 C 56

Furthermore, according to the satellites’ wavelengths and RT values, time series have been
customized to consider the phase ambiguity limits. Because the phase is a periodic function and the
wavelength number in the two travel paths is unknown, it follows that displacements greater than
λ/2 between two consecutive acquisitions may remain unsolved or underestimated. Furthermore,
for Advanced DInSAR (i.e., Persistent Scatterers Interferometry (PSI), Small Baseline Subset (SBAS),
and similar techniques), the maximum amount of displacement that can be measured between two
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consecutive acquisitions is λ/4 [28]. To simulate this limit, we assumed that satellite InSAR is not
able to monitor displacements greater than λ/4 between two consecutive acquisitions. For example,
considering the Sentinel features, measurement points with displacements greater than 14 mm in
6 days have not been considered (Figure 3). Because the datasets are in the velocity–time space,
the measurement points with a velocity greater than the velocity of ambiguity (Vambiguity) have been
removed, where Vambiguity is defined as:

Vambiguity = (λ/4)/RT, (2)
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The INV method is a graphical technique based on the linear approximation of the inverse 
velocity data, while the other methods are numerical techniques derived via the manipulation of 
Equation (1). The INV method is the most utilized due to its simple implementation in actual 
emergency situations. It works well for linearly distributed data (α = 2); however, the other methods 
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Figure 3. An example of the ambiguity phase simulation based on the Sentinel 1A+1B features
(RT = 6 days and Vambiguity = 2.33 mm/day). Removed data (black X) represent the measurements
with a velocity greater than the velocity of ambiguity, while the green circles represent data with
V < Vambiguity. (a) Vajont’s datasets; in this case, the deformations occurring during the pre-failure
stage were too fast to be monitored with satellite interferometry; (b) Excavation C datasets. The raw
data consist of surface displacement data acquired using a prism monitoring system.

Four FFMs have been used to obtain the TF estimation [65]:

i. Inverse velocity method (INV, [6]);
ii. Log rate vs. log acceleration technique (LOG, [11]);
iii. Linearized least-square technique (LSM, [11]);
iv. Non-linear least-square technique (NL, [11]).

The INV method is a graphical technique based on the linear approximation of the inverse velocity
data, while the other methods are numerical techniques derived via the manipulation of Equation (1).
The INV method is the most utilized due to its simple implementation in actual emergency situations.
It works well for linearly distributed data (α = 2); however, the other methods allow data characterized
by non-linear trends to be fit based on the estimation of the two constants A and α.

The four forecasting methods have been applied to all the landslide time series using the
following datasets:

i. the actual monitoring data, i.e., the digitized datasets;
ii. the sampled time series, i.e., the sampled time series based on the satellite’s revisit time;
iii. the simulated time series, which considers the phase ambiguity constraint.

Using this approach, it was possible to assess the suitability of the satellite InSAR technique for
monitoring the landslide process during the tertiary creep phase and for the application of FFMs based
on the revisit time and phase ambiguity constraints of different satellite sensors.

3. Results

The FFM results are reported in the following subsections according to the datasets used: (i) the
actual monitoring data (Section 3.1); (ii) the sampled data (Section 3.2) and (iii) the simulated time
series (Section 3.3).
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3.1. Actual Monitoring Data

The FFM results for the actual monitoring data are compared to the results obtained for the
sampled and simulated time series. The forecasting methods have been applied to 56 past landslides
considering all the tertiary creep phases from the beginning to the last available datum. For each
landslide, the actual time of the slope failure (actual failure) is known, allowing us to estimate the
prediction error. The prediction error obtained for each landslide according to each forecasting method
is shown in Figure 4. The error (E) has been defined as the difference in days between the actual failure
and the computed time of failure (Tf):

E = Actual Failure−Tf, (3)

Based on this equation, positive error values would represent safe predictions in a priori
analysis [29]; in contrast, negative error values are related to unsafe predictions (Tf is delayed with
respect to the actual failure).

Landslide ID values are reported on the x-axis, while the prediction error is on the y-axis. ID values
have been assigned according to an increasing TC length. Additionally, a decrease in data sampling
frequency is contained in our database toward the higher ID values.

Figure 4 shows that the prediction error increases towards the higher ID values. Predictions close
to the actual failure have been obtained for the low ID values (from ID 1 to ID 21), i.e., based on the
datasets with higher sampling frequency and a short TC phase.

Overall, the semi-empirical methods returned predictions with an error less than 3 days for:
30 examples using the graphical technique, 28 using the NL technique, 24 using the LOG technique,
and 15 using the LSM technique.
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failure forecasting methods (FFMs).

3.2. Sampled Datasets

For the application of forecasting methods, a minimum of three monitoring points within the
accelerating phase is required. Under these conditions, we can build a function that can provide
information on the increasing displacement velocity and, thus, we are able to apply semi-empirical
models. Based on the TC duration and on the revisit time of the different satellites, the landslides with
at least three data points within the TC phase have been defined as compatible for the application of
the forecasting methods (Table 3).
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Table 3. Analysis results for the sampled datasets related to different RTs. The number of compatible
landslides and the number of satisfactory predictions (error lower than ±5 days) for each satellite are
reported. The compatible landslides include at least three data samples in the TC phase. For each
forecasting method (inverse velocity method—INV, log rate vs. log acceleration technique—LOG,
linearized least-square technique—LSM, and non-linear least-square technique—NL), the number of
landslides with a prediction error lower than ±5 days is reported. The best performances obtained in
terms of prediction accuracy are underlined.

Period Satellite
RT

(Days) Band
λ

(mm)

Compatible
Landslides

(Revisit Time)

E < |5|
Days
INV

E < |5|
Days
LOG

E < |5|
Days
LSM

E < |5|
Days
NL

Number of Landslides

Past
ALOS PALSAR 1 46 L 236 14 1 2 1 1

J-ERS 44 L 235 14 2 1 0 1

ERS 1/2-Envisat 35 C 56 14 1 0 1 0

Present

COSMO-SkyMed

4 X 31 43 17 11 11 11

8 X 31 35 8 5 10 10

16 X 31 26 4 2 7 7

Sentinel-1A 12 C 56 30 7 2 7 4

Sentinel 1A + 1B 6 C 56 38 13 3 5 9

ALOS PALSAR 2 14 L 236 29 4 6 3 6

TerraSAR-X 11 X 31 30 6 2 4 3

Future Radarsat
Constellation 4 C 56 43 17 11 11 11

Considering the past satellites (ALOS PALSAR, J-ERS, ERS, and Envisat) characterized by the
longer revisit times ranging from 35 to 46 days, 14 compatible landslides (i.e., those that can be
monitored using satellite InSAR) have been identified out of the 56 collected in the database. For the
present and the future satellite generations, a maximum of 43 compatible landslides have been
identified based on the revisit time of the Sentinel 1A-1B, Cosmo Sky-Med (theoretical RT of 4 days),
and Radarsat Constellation.

Considering the present satellites’ features, the number of compatible landslides ranges from
26 to 43, i.e., from 25% to 86% of the landslides collected in the database. This means that, at present,
considering only the revisit time constraint, we could observe a change in the displacement trend via
satellite with at least three data points for more than 25% of the collected landslides, reaching 86% of
the landslides considering the Sentinel-1 characteristics.

The four FFMs have been applied to every compatible landslide based on each satellite’s revisit
time. Figure 5 shows the analysis performed considering the shorter revisit time (namely, 4 days),
belonging to the future Radarsat Constellation and, theoretically, to the COSMO-SkyMed Constellation.
For the forecasting analysis applied to the actual monitoring data, the prediction error increases toward
the higher ID values. Specifically, the errors derived from the INV application are small (<±5 days) up
to ID 25 and start to increase after ID 25.

Table 3 and Figure 6 show that the number of satisfactory predictions increases toward the shorter
revisit times. A prediction is considered satisfactory if the prediction error is within ±5 days. The INV
method shows the strongest relationship between the number of successful forecasts and the RT
(Figure 6b), because a shorter RT results in a higher number of accurate predictions.

The analysis shows that the INV method results in a better accuracy for the TF estimation. The INV
technique has a prediction error of less than 5 days for 17 landslides based on an RT of 4 days, and for
13 landslides based on the RT of the Sentinel-1 satellite.
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3.3. Simulated Time Series

Considering the phase ambiguity constraints, a maximum of 24 compatible landslides out of
the 56 have been identified based on the Radarsat Constellation features and characterized by the
best association between the revisit time and the sensor’s wavelength. Currently, the Sentinel-1
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constellation would have observed 17 landslides with at least three measurement points inside the
acceleration phase preceding the slope collapse. By introducing the phase ambiguity, the suitability of
the failure forecasting methods decrease. For the simulated satellite datasets, only a maximum of four
satisfactory predictions have been obtained using the inverse velocity method (Table 4).

Table 4. Analysis results introducing the phase ambiguity constraint based on the different satellite’s
features. “Compatible Landslides (Phase ambiguity)” represents the number of landslides with at
least three data points in the TC phase accounting for the phase ambiguity limit. For each forecasting
method, the number of landslides with a prediction error lower than 5 days is reported.

Period Satellite
RT

(days) Band
λ

(mm)

Compatible
Landslides

(RT)

Compatible
Landslides

(Phase Ambiguity)

E < |5|
days
INV

E < |5|
days
LOG

E < |5|
days
LSM

E < |5|
days
NL

Number of Landslides

Past
ALOS PALSAR 1 46 L 236 14 7 0 1 0 0

J-ERS 44 L 235 14 8 0 0 0 0

ERS 1
2 -Envisat 35 C 56 14 4 1 0 1 0

Present

COSMO-SkyMed

4 X 31 43 19 3 0 3 1

8 X 31 35 11 0 0 2 0

16 X 31 26 9 0 0 0 0

Sentinel-1A 12 C 56 30 11 1 0 0 0

Sentinel 1A + 1B 6 C 56 38 17 4 3 2 1

ALOS PALSAR 2 14 L 236 29 14 1 2 1 1

TerraSAR-X 11 X 31 30 9 0 0 0 0

Future Radarsat
Constellation 4 C 56 43 24 4 1 4 2

4. Discussion

The forecasting methods have great potential for landslide hazard management [16,18–20].
By applying FFMs to actual monitoring data, we have obtained a prediction error lower than 3 days in
53.7% of the examples using the INV method, 51.7% using the LOG technique, 48.2% using the NL
technique, and 27.8% using the LSM technique. The percentage of successful predictions increases
when considering landslides with shorter TC phases and datasets characterized by a higher sampling
frequency, namely, the landslide database presented here with lower ID values. When considering
only the first 21 landslides (TC < 15 days), an error lower than 3 days has been obtained in 100% of
the examples using the INV method, 85.7% using the LOG technique, 76.2% using the NL technique,
and 57.1% using the LSM method.

For the sampled and simulated datasets, the number of successful predictions decreases
(Tables 3 and 4). Only a maximum of four satisfactory predictions have been obtained with the inverse
velocity method including the ambiguity phase constraints. The principal reason is because the FFMs
have been applied to only the landslides with a TC phase long enough to be observed with the satellite’s
RT (high ID values). The predictions obtained using the actual and simulated datasets are similar
(Figure 7) when the FFMs are accurate using the actual monitoring data (ID 23, 27, 35, 49, 53). A reliable
prediction can also be obtained using the simulated datasets; however, if the prediction error is high
using the actual time series, the FFMs fail using the simulated satellite data as well.



Geosciences 2017, 7, 36 11 of 16Geosciences 2017, 7, 36  11 of 16 

 

 

Figure 7. Comparison between the INV method applied to the actual monitoring data and to the 
simulated datasets. The results of the simulated datasets are referenced to the Sentinel 1A + 1B features.  

The error growth towards higher ID values could be related to both the decrease of the data 
sampling frequency and to the increase of the TC phase duration. Because of the inverse relationship 
between the TC length and data sampling frequency (Figure 8), we are not able to clearly determine 
which parameter primarily affects the success or the failure of the forecasting analyses. A higher 
sampling frequency produces more robust datasets for the application of forecasting methods, 
especially near the time of slope collapse; however, a very long TC phase can lead to complex 
deformational behaviours due to the variation of the stress conditions, which has a negative impact 
on the FFM stability. The difference in the prediction errors obtained with the actual and simulated 
time series data is related to the loss of the last monitoring data caused by the sampling and ambiguity 
phase reproduction. It is assumed that the last monitoring data before the collapse significantly 
affects the forecasting analyses results because they include the highest velocity of the phenomenon. 
Under equal conditions, the closer the monitoring data are to the actual slope failure time, the more 
accurate the forecast. This can be proven by comparing the predictions obtained using the entire time 
series (datasets from the beginning of TC until the last monitoring datum) and only a part of the time 
series (i.e., removing the last measurement points) (Figure 9). Based on our results, there is a 
connection between the time intervals from the last available measurement point to the actual failure 
(GAP) and the accuracy of the forecasting methods. The relationship between the GAP and the 
prediction accuracy can be observed for the majority of the landslides collected (Figure 9a,b). In 
Figure 9c, an example is shown where the prediction accuracy increases when approaching the actual 
failure based on the Preonzo landslide monitoring data. 

 

Figure 8. Inverse correlation between the TC’s length and data sampling frequency. 

Figure 7. Comparison between the INV method applied to the actual monitoring data and to the
simulated datasets. The results of the simulated datasets are referenced to the Sentinel 1A + 1B features.

The error growth towards higher ID values could be related to both the decrease of the data
sampling frequency and to the increase of the TC phase duration. Because of the inverse relationship
between the TC length and data sampling frequency (Figure 8), we are not able to clearly determine
which parameter primarily affects the success or the failure of the forecasting analyses. A higher
sampling frequency produces more robust datasets for the application of forecasting methods,
especially near the time of slope collapse; however, a very long TC phase can lead to complex
deformational behaviours due to the variation of the stress conditions, which has a negative impact
on the FFM stability. The difference in the prediction errors obtained with the actual and simulated
time series data is related to the loss of the last monitoring data caused by the sampling and ambiguity
phase reproduction. It is assumed that the last monitoring data before the collapse significantly
affects the forecasting analyses results because they include the highest velocity of the phenomenon.
Under equal conditions, the closer the monitoring data are to the actual slope failure time, the more
accurate the forecast. This can be proven by comparing the predictions obtained using the entire
time series (datasets from the beginning of TC until the last monitoring datum) and only a part of
the time series (i.e., removing the last measurement points) (Figure 9). Based on our results, there
is a connection between the time intervals from the last available measurement point to the actual
failure (GAP) and the accuracy of the forecasting methods. The relationship between the GAP and
the prediction accuracy can be observed for the majority of the landslides collected (Figure 9a,b).
In Figure 9c, an example is shown where the prediction accuracy increases when approaching the
actual failure based on the Preonzo landslide monitoring data.

The GAP reduction capability is related to the sampling frequency; the higher the sampling
frequency, the greater the ability to obtain measurements closer to the actual failure. Figure 10 shows
the relationship between the GAP and the sampling frequency for the time series of our database.
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have been updated by simulating the data acquisition over time. The time of the actual failure (15 
May) is displayed as a red dashed line. The critical line (red line) corresponds to the day the forecast 
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prediction. When approaching the actual failure, the prediction error decreases, in this case, 
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Figure 9. Prediction errors. (a) Errors using the INV method to: (i) the entire available time series
(green predictions) and (ii) removing the last three measurement points (blue predictions); (b) Prediction
error vs. GAP (time interval between the last datum and the actual failure); (c) INV iterative forecasting
analysis for the Preonzo Landslide (ID 12) (modified after [66]). The predictions have been updated by
simulating the data acquisition over time. The time of the actual failure (15 May) is displayed as a red
dashed line. The critical line (red line) corresponds to the day the forecast was made. Consequently,
it represents the lower boundary of a reasonable prediction. The analysis shows that the closer the last
available datum is to the actual failure, the more accurate the prediction. When approaching the actual
failure, the prediction error decreases, in this case, following a linear trend for the INV methods.
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5. Conclusions

From our analyses, the following conclusions can be drawn:

1. Monitoring sampling frequency is important for the application of forecasting methods. For some
events, an accurate prediction using FFMs on simulated satellite data has been obtained. However,
satellite interferometry cannot provide, at present, the sampling frequency required for a reliable
FFM for early warning purposes.

2. Satellite interferometry has potential for monitoring landslide precursors and for detecting the
slopes affected by a change in their deformational behaviour. According to the deformational
behaviours of our landslide database, at present, 30% of the events could have been monitored
during the acceleration phase with at least three data points, even considering the phase ambiguity
constraints. Thus, based on the Sentinel 1A + 1B features, it is possible to monitor 17/56 landslides
using satellite SAR interferometry.

3. Considering both the RT and ambiguity phase limits, it would have been possible to forecast
a maximum of 4 landslides with an error smaller than 5 days, based on the Sentinel-1 features.
This is due to the strong constraints related to the phase ambiguity, which does not allow the
monitoring of the high displacement rate occurring during the tertiary creep phase. Notably, it is
sometimes possible to monitor consecutive displacements greater than λ/4. If one direction of
motion can be assumed (‘upward’ or ‘downward’, as for the majority of landslides), the maximum
measurable displacement between a pair of scenarios becomes one-half of the wavelength [28,29].
However, considering λ/2 as the maximum detectable displacement between two consecutive
acquisitions, we achieved a similar result: six successful forecasts were obtained based on the
Sentinel-1 features.

4. If a landslide process is monitored using a suitable technique (high spatial and temporal resolution),
forecasting methods can be a powerful tool for risk management and for early-warning systems.
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