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Abstract

:

Multi-temporal SAR interferometry (MTInSAR), by providing both mean displacement maps and displacement time series over coherent objects on the Earth’s surface, allows analyzing wide areas, identifying ground displacements, and studying the phenomenon evolution at a long time scale. This technique has also been proven to be very useful for detecting and monitoring slope instabilities. For this type of hazard, detection of velocity variations over short time intervals should be useful for early warning of damaging events. In this work, we present the results obtained by using both COSMO-SkyMed (CSK) and Sentinel-1 (S1) data for investigating the ground stability of two hilly villages located in the Southern Italian Apennines (Basilicata region), namely the towns of Montescaglioso and Pomarico. In these two municipalities, landslides occurred in the recent past (in Montescaglioso in 2013) and more recently (in Pomarico in 2019), causing damage to houses, commercial buildings, and infrastructures. SAR datasets acquired by CSK and S1 from both ascending and descending orbits were processed using the SPINUA MTInSAR algorithm. Mean velocity maps and displacement time series were analyzed, also by means of innovative ad hoc procedures, looking, in particular, for non-linear trends. Results evidenced the presence of nonlinear displacements in correspondence of some key infrastructures. In particular, the analysis of accelerations and decelerations of PS objects corresponding to structures affected by recent stabilization measures helps to shed new light in relation to known events that occurred in the area of interest.
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1. Introduction


For more than two decades, multi-temporal SAR interferometry (MTInSAR) techniques have provided both mean displacement maps and displacement time series over coherent objects on the Earth’s surface, allowing analysis of wide areas to identify ground displacements, and to study phenomena evolution at decadal time scales [1,2]. These techniques are among the most promising and reliable in the detection and monitoring of slope instabilities [3,4], and a long record of applications and case studies can be found in the literature, especially in Italy (e.g., [5] and references therein). Landslides are among the most difficult types of ground displacements to be investigated through remote sensing techniques, as their velocity rates may cover several orders of magnitude, from very low creeping to sudden catastrophic failures [6], thus pushing the detection performances to the limits. Further challenges related to the application of MTInSAR analysis for slope instability monitoring concern (i) the lack of a sufficient spatial density of coherent targets (man-made structures, rock outcrops, homogeneous distributed scatterers) due to vegetation or variable land cover; and (ii) the advanced time series analysis required for identifying complex kinematics (related, for instance, to early warning signals) [7].



Currently, several satellite data are available, from both past and current missions, providing stacks of interferometric SAR images at different wavelengths, spatial resolutions, and revisit times [8]. Recent satellite missions have improved the monitoring of unstable slopes. L-band missions such as ALOS-2/PALSAR-2 [9] and SAOCOM [10] provide interesting monitoring capabilities over vegetated areas, despite the low sensitivity to small displacements and the limited revisit time. The high-resolution X-Band COSMO-SkyMed (CSK) constellation [11], and the upcoming COSMO-SkyMed second generation [12], acquire data with a spatial resolution reaching metric values, and provide revisit times of up to a few days, leading to an increase in the density of the measurable targets, thus improving the monitoring of local scale events and the detection of non-linear displacement trends. The Sentinel-1 (S1) C-band mission from the European Space Agency (ESA) [13] provides a spatial resolution comparable to that of previous ESA missions, but a nominal revisit time reduced to 6 days. On December 2021, a failure on Sentinel-1B occurred, leading to a doubling in the revisit time. Nonetheless, by offering regular global-scale coverage, better temporal resolution, and freely available imagery, S1 improves the performance of MTInSAR for ground displacement investigations. In particular, the short revisit time allows a better time series analysis by improving the temporal sampling and the chances to identify pre-failure signals characterized by a high-rate and non-linear behavior. Moreover, it allows collecting large data stacks in a short time, thus improving the MTInSAR performance in emergency (post-event) scenarios. These characteristics are very promising for early warning of slope failure events and monitoring subsequent displacement trends, in the larger framework of Disaster Risk Reduction (DRR). However, when dealing with large data stacks, the distinction between the sensitivity and significance of the measurements is essential. Indeed, detection of velocity changes can be related to changes in the equilibrium of forces affecting terrain stability, provided that all variations due to other natural phenomena (e.g., thermal expansion and differences in soil moisture) have been excluded. Consequently, reliable monitoring and early warning require a detailed analysis of the displacement time series looking for signals actually related to ground instabilities.



In this work, we present the results obtained by analyzing displacement time series from both CSK and S1 for investigating the ground stability of hilly villages located in the Southern Italian Apennines (Basilicata region). In the area of interest, landslides are endemic. Many events occurred in the recent past, causing damage to houses, commercial buildings, and infrastructures, and several have been investigated through various remote sensing techniques [14,15,16,17,18]. We focus here on two test sites in the province of Matera, one on the outskirts of the town of Montescaglioso, where a landslide occurred in 2013, and one near Pomarico, affected by an event in 2019.



SAR datasets acquired by CSK and S1 from both ascending and descending orbits were processed by using the SPINUA MTInSAR algorithm [19], in order to exploit the potential of these two satellite missions to investigate ground displacements related to the slope instabilities in pre- and post-failure stages. Monitoring of the displacement rates is the main tool to detect the type and causes of a slope failure [20] and to plan further restoration measures, if possible, of the involved areas. Mean velocity maps and displacement time series were analyzed, looking, in particular, for non-linear trends that are possibly related to relevant ground instabilities and, due to the high spatial resolution, useful in terms of early warning. This analysis was also supported by automated procedures recently developed for identifying targets with peculiar, nonlinear motions. Specifically, this article illustrates an example of slope pre-failure monitoring on the Pomarico landslide, an example of slope post-failure monitoring on the Montescaglioso landslide, and a few examples of structures in both locations (such as buildings and roads) affected by instability related to different causes (soil swelling, for example).




2. Materials and Methods


2.1. Test Sites Description


The Montescaglioso and Pomarico villages are located in southern Italy, in the southern portion of the Basilicata region (Figure 1). This area is characterized by regressive sediments, generally coarsening upward, consisting of sand and conglomerate levels unconformably overlying the Pliocene—Middle Pleistocene Sub-Apennine Clay Formation, filling a deep tectonic trough [21].



The tectonic history has influenced the geological setting of the area. In the presence of monoclinal strata, the hydraulic conditions worsened by the slope may coincide to cause sliding of large clods on the underlying and impermeable clays. This is the case of the Montescaglioso landslide, in addition to other landslides that occurred in neighboring villages, such as Aliano [22].



Instead, the presence of cemented overburden leads to progressive failure phenomena: first there are fissures of the rigid cover layer and subsequently the destructive evolution of the phenomenon. An example is the Pomarico landslide (2019) [18], in addition to those of Pisticci (1976) [23] and Senise (1986) [24,25], which also caused casualties.



Furthermore, the presence of ancient and quiescent landslides, as reported in national and regional databases [26,27,28], contributes to an anisotropy of the masses which, correlated to the strength and permeability, is relevant in the kinematics of landslides: landslide bodies tend to expand with a retrogressive behavior, often after intense rainfall periods [29,30] and evolve downstream in earthflows [31,32].




2.2. MTInSAR Datasets


Table 1 reports schematically the datasets used in the present work. S1 data are acquired in interferometric wide-swath (IW) mode, with a ground pixel size of about 5 × 20 m2 (range × azimuth). CSK data are acquired in stripmap mode, with a ground pixel size of about 3 × 3 m2. CSK scenes are acquired with an average time interval of 16 days, whereas the S1 acquisition schedule is more frequent, with an acquisition interval of 12 days, and reaching 6 days from 2017, when the second satellite of the constellation, Sentinel-1B, was launched. In fact, S1 series cover a shorter time interval than CSK, as they all start in October 2014, whereas CSK series start two years earlier, but with a considerably higher number of acquisitions, and almost double in the case of the Montescaglioso ascending dataset.



All data series cover a time period that ends in 2018 since they are those available at the time when the MTInSAR processing was carried out. Although several more years would have been useful for assessing the ground instability of the case studies at a more recent time, the results derived by exploiting the available datasets are suitable for the time series analysis we present in the following, and perfectly suit the aim of this work.




2.3. MTInSAR Time Series Analysis


As previously mentioned, all data series were processed through the SPINUA MTInSAR processing suite [19]. As with most MTInSAR processing algorithms, the result of the processing consists of a large set of SAR pixels corresponding to coherent objects on the ground, characterized by their coordinates and by a merit figure such as the temporal coherence, and featuring the residual height and the mean line-of-sight (LOS) velocity, in addition to the complete time series of relative LOS displacements at each acquisition date. The temporal coherence is defined as    γ t  =  1   N t        ∑   j = 1    N t    exp i (  ϕ j  −   ϕ ^  j  )    , where    ϕ j   , with   j = 1 , … ,  N t   , are the InSAR phases of the time series, and     ϕ ^  j    are obtained from a model trend.



The model has to be postulated a priori in order to define the coherence figure. The most common choice, often adopted to minimize processing times, is to use a linear model, or e.g., a low-order polynomial. Clearly, such models are not suited for the type of nonlinearities involved in ground displacement phenomena such as those investigated here. Therefore, when no ad hoc, computation-intensive processing can be performed on limited datasets involving, e.g., libraries of more complex phase models, selecting targets to investigate time series trends is usually carried out by adopting low threshold values for the provided    γ t    figure (which results in a large number of selected targets), and relying on the analysis of experts with knowledge of the area, or by integration of ancillary data taken on the ground or by other means.



In these cases, automated procedures may help identifying a few targets with peculiar, nonlinear motions that may signal, e.g., previously undetected phenomena, or reactivations/deactivation phases of known landslides. Most approaches adopt some parameterization of the time series trends, relying on statistical tests to assess the most suitable representation of each time series, e.g., through piecewise-linear or polynomial functions (e.g., [33,34]).



In particular, in [34] a procedure is proposed, based on the Fisher distribution, that is able to automatically detect nonlinearities such as piecewise-linear trends, which are typical of warning signals preceding the failure of natural and artificial structures. This nonlinear trend analysis (hereafter referred to as NLTA) processes the displacement time series derived by a generic MTInSAR algorithm and provides as output the coefficients of the polynomial model of degree     n ¯  p      selected for describing the time series, and an index    F A    based on the Fisher statistics, which allows evaluating the quality of the approximation and the temporal coherence    γ  t ,    OUT      computed by using the selected polynomial model. The polynomial degree is selected as:


    n ¯  p  = min      n p  | F    n p    ≤  F α   ⋀     F A     n p    ≤  F  A α        



(1)




where  F  is the standard Fisher test, and    F α    and    F  A α     are threshold values that can be set according to both the number of samples (N) composing the time series and the significance level  α  of the statistical test [34]. In this work, the threshold values are set to    F α  =  F  A α   = 4  . The polynomial model selected by the NLTA procedure generally improves the fit with respect to the model provided by the MTInSAR algorithm that generated the time series, leading to higher values of the output coherence    γ  t ,    OUT      with respect to the input coherence    γ  t ,    IN     . According to this, a subset of coherent targets showing interesting temporal behavior (    PS   NLTA    ), can be derived by exploring the values of    γ  t ,    OUT      and    γ  t ,    IN      as, for instance, in the following:


    PS   NLTA   =    γ  t ,    IN    <  γ  t , I N   T h      ⋀     γ  t ,    OUT    ≥  γ  t , O U T   T h      ⋀       γ  t ,    OUT    −  γ  t ,    IN      ≥ Δ  γ  T h      



(2)




where    γ  t , I N   T h    ,    γ  t , O U T   T h    , and   Δ  γ  T h     are threshold values that for the present study are set respectively to 0.7, 0.8, and 0.1.



Furthermore, recently, an index based on the fuzzy entropy (FE) has been used [35] for measuring the degree of regularity of a given time series; the FE basically evaluates the gain in “information” by comparing segments of   m + 1   samples with segments of  m  samples, according to some distance measure. The FE index, without postulating any a priori model, allows highlighting time series which show “interesting”, i.e., locally smooth, trends, including strong non linearities, jumps related to phase unwrapping errors, and the so-called partially coherent scatterers. Also in this case, a subset of interesting coherent targets (  P  S  F E    ) can be selected through the FE index values according to a threshold value derived in [35] for time series of the type used in this work:


    PS   F E   =   F E < 0.5                with      m = 2  



(3)







Both NLTA and the FE index were adopted for analyzing the MTInSAR displacement time series described in Section 2.2. In particular, the MTInSAR targets were selected through a model-independent procedure based on FE [35] and classified according to the polynomial order selected through the NLTA procedure [34]. By identifying and correcting phase unwrapping errors through FE, and by refining the displacement model through NLTA, the proposed post-processing scheme allows decreasing the residual processing errors and thus also the noise affecting the final displacement estimation. This is proved by the final temporal coherence values, which are generally higher than those coming from the standard MTInSAR processing [34,35]. This estimation refinement leads to an increase in the accuracy of the derived displacement products. Moreover, this post-processing scheme allows a focus on a smaller set of coherent targets affected by nonlinear displacements, and potentially deserving further geophysical or geotechnical analysis. Finally, it is well suited for catching warning signals such as, for example, those preceding the failure of natural and artificial structures.





3. Results


In this section we present the displacement maps and time series obtained over Montescaglioso and Pomarico villages.



3.1. Montescaglioso Test Site


Figure 2 shows the mean LOS displacement rate maps derived by processing, through the SPINUA algorithm, the S1 ascending (Figure 2a), S1 descending (Figure 2b), and CSK ascending (Figure 2c) datasets over the Montescaglioso test site.



Differences between previously published MTInSAR results [36,37], covering a period up to 2013, and ours, reaching 2018, are minimal: all three maps show mostly stable points, i.e., green dots, with low displacement rates, ranging between −2 and +2 mm/y. This means that no major, large-scale processes are ongoing on the area. The target spatial distributions confirm that CSK is more effective over artificial structures (buildings, roads). S1 data are able to capture signals from targets located on the landslide body (indicated by the red contour on the maps). Both CSK and S1 provide interesting deformation time series with nonlinear trends, which are investigated in detail in the following.



A few points with high displacement rates, reaching in some cases   ±  10 mm/y (red and blue dots), can be discerned on the maps in Figure 2. Starting from these local displacements, we focused on four different situations: (i) post-landslide monitoring; (ii) monitoring of displacement evolution over a built-up area (a cemetery); (iii) monitoring of a structurally damaged building; (iv) monitoring of displacement evolution over a section of a connecting road.



3.1.1. Post-Landslide Monitoring


The SW hillslope of the Montescaglioso village is characterized by two main natural drainage networks and by a continuous cover layer of variable depth (sands, conglomerates and materials produced by human activities) overlying the impermeable Sub-Apennine Clay Formation in a monoclinal setting. The landslide, which occurred on 3 December 2013 after 56 h of continuous rain, covers an area of about 42 ha, caused severe failures along the road connecting Montescaglioso to the SP175 provincial road, and damaged some buildings for residential and productive use [17].



Despite the relatively wide area affected by the phenomenon and the presence of several man-made artifacts, the three datasets (S1 ascending and descending, CSK ascending) in Figure 2 show few targets over the landslide area. However, average displacement rates over these few points indicate a situation of general ground stability in the landslide area. Focusing on the S1 ascending displacement map (Figure 3a), it is possible to identify local displacements in correspondence of the Capoiazzo stream scarp (targets in the area delimited by a white polygon in Figure 3a) occurring with rates ranging between −4 and −10 mm/y.



The displacement time series in this area were further processed using both the FE and the NLTA, introduced in Section 2.3 and devoted to the automatic identification of nonlinear trends. Figure 3b,c show, respectively, the targets selected though the FE index according to (3), and those selected though the NLTA according to (2). The colors are representative of the FE values and of the polynomial degree selected by the NLTA, according to the color bars in the figures. In order to demonstrate the potential provided by these advanced approaches in support of the analysis of MTInSAR products, the time series corresponding to two targets, labeled P1 and P2, are shown in Figure 3. Target P1 was selected through the FE index and its displacement time series is sketched in yellow squares in Figure 3d. A discontinuity of about 28 mm is clearly visible, occurring in August 2018, which is due to an error in the phase unwrapping processing step. The red squares represent the displacement values obtained by subtracting the interferometric range of ambiguity (  λ / 2 = 28   mm) from the samples after the discontinuity, and thus provide the correctly unwrapped values. Hence, in this case, the FE index selection method was able to identify a target with a mostly smooth trend, but affected by a processing error, that, after proper correction, shows an interesting nonlinear continuous displacement trend, which can be now suitably fitted by a polynomial model, shown by the dotted black line in the figure. The NLTA was not able to select this target, since the discontinuity introduced by the phase unwrapping error does not allow the satisfactory modeling of the time series using a polynomial model. On the contrary, target P2, not affected by such an error, was properly selected by the NLTA, which models its displacement trend using a polynomial model of the third degree. Figure 3e shows the displacement values of target P2 as black dots and the polynomial curve as a red dotted line. Due to this more accurate model, the target temporal coherence increases, in the terms explained in Section 2.3. Both displacement times series of targets P1 (corrected for the phase unwrapping error) and P2 show a continuous trend with a marked change in rate in the first half of the 2018, which causes an increase in downward velocities.




3.1.2. Cemetery Area


The MTInSAR datasets show SAR pixels over the Montescaglioso cemetery with high displacement rates (blue dots in Figure 4a) ranging between 6 and 10 mm/y. Local displacements were identified with MTInSAR datasets on the NW slope of the hill. Several displacement time series show a rate change at the end of 2013 with an increase in velocity, and a further one towards the end of 2014, with a decrease in velocity. As example of such behavior, in Figure 4b the displacement time series of the target labeled P1 in Figure 4a is reported.




3.1.3. Structurally Damaged Building


Figure 5a shows an enlargement of the mean LOS displacement map in Figure 2c, derived by the CSK ascending dataset, over an area containing a structurally damaged building, which was uninhabitable since 2013 (delimited by the dotted line in Figure 5a). The analyzed displacement time series shows a continuous and constant increase in displacements (with a mean velocity of 5.5 mm/y), as shown by temporal trends of P1 (Figure 5b).




3.1.4. Connecting Road


Figure 6a shows another enlargement of the displacement rate in Figure 2c) over a road section linking the villages of Montescaglioso and Ginosa (the latter located in the Puglia region). The blue targets along the road show displacements with rates ranging between 6 and 10 mm/y, increasing along the LOS direction, which is consistent with a prevailing westward horizontal component of the ground movement. An example of such displacement trends is sketched in Figure 6b, corresponding to the target labeled P1 in Figure 6a. The point exhibits a rather steady upward trend of about 8.5 mm/y.





3.2. Pomarico Test Site


Figure 7 shows the displacement maps along the LOS direction derived by MTInSAR processing of S1 ascending (Figure 7a), S1 descending (Figure 7b), and CSK ascending (Figure 7c) datasets over the Pomarico test site. The mean displacement maps are basically in agreement, highlighting a general situation of stable ground conditions with low displacement rates, ranging between −2 and 2 mm/y (green dots), and several local displacements with high rates, reaching in some cases −10 mm/y (yellow to red dots). Both CSK and S1 provide interesting displacement time series with nonlinear trends. However, as in the previous case, CSK appears to detect more stable targets over structures such as buildings and roads with respect to S1. We focused on two different scenarios: (i) pre-event landslide monitoring and (ii) monitoring of an area on the NE side of the village with high local displacements.



3.2.1. Pre-Event Landslide Monitoring


The Pomarico landslide, delimited by the purple line on the enlarged maps in Figure 8a,b, occurred between 24 and 29 January 2019 after a long rainfall event; it is a retrogressive instability phenomenon that started with the fissures of the cemented cover layer and continued with a destructive evolution [18], which caused the collapse of a portion of the village (Figure 8c,d).



The mean displacement rate map sketched in Figure 8a shows moving targets located close to the landslide area. Figure 8b highlights a few targets selected through the NLTA procedure according to (2) and showing an approximating polynomial degree greater than 1 (nonlinear trend). Two targets labeled as P1 and P2 in the figure are selected as representative of the behavior of the two clusters of targets identified by the NLTA. Their displacement time series are represented by black dots in the plots in Figure 8e,f and Figure 8f, respectively. The dotted red lines in the same panels represent the polynomial curves selected by NLTA for modeling the displacement trends. In both cases, the temporal coherence increases with respect to the initial linear model trend, due to the improved kinematic models.



The selected P1 and P2 targets show displacement time series with opposite behaviors, which are representative of the two clusters of targets located, respectively, inside and outside the landslide: the former shows a linear trend with a rate of about −4.5 mm/y until the end of 2016, then it shows an increased downward linear rate of about −9.6 mm/y; the latter a linear trend with a rate higher than target P1, of about −6.5 mm until the beginning of 2017, then it shows a decrease in the absolute displacement rate, which reaches about −3.1 mm/y.




3.2.2. NE Side Area


Figure 9a shows an enlarged mean LOS displacement map of the CSK ascending dataset over the NE side of the Pomarico village. Targets exhibiting stronger local displacements are aligned on two sections of the road, the former upslope, close to the village, and the latter further downslope. Targets show mean displacement rates ranging between −2 and −10 mm/y (Figure 9a), and the corresponding time series show continuous and linear displacements starting from 2015 (Figure 9c,d).



Figure 9b shows the targets selected through the FE index according to (3). As in the example reported in Section 3.1.1, the FE index allows selecting targets with interesting nonlinear displacement trends, such as those sketched in Figure 9c,d, that refer, respectively, to the targets labeled P1 and P2 in Figure 9b. In both cases, like in the example in Section 3.1.1, the displacement time series are affected by discontinuities due to phase unwrapping errors, which can be corrected by exploring their replicas obtained by subtracting integer multiples of the range of ambiguity (  λ / 2 = 16.5   mm). For example, in Figure 9c, black dots represent the original displacement values of target P1, orange dots represent the displacements obtained by subtracting the range of ambiguity (  λ / 2 )  , which accounts for the first discontinuity occurring around March 2014, and red dots represent the displacements obtained by subtracting twice the range of ambiguity ( λ ), which accounts for the second discontinuity occurring around April 2015. The displacement time series corrected by the phase unwrapping errors are sketched in Figure 9e in black squares for target P1 and blue crosses for target P2. Now the two targets, without discontinuities, show similar nonlinear trends of alternating periods of accelerating and decelerating displacements.






4. Discussion


In this section we discuss the reported examples of: (i) slope pre-failure monitoring on Pomarico landslide: (ii) slope post-failure monitoring on Montescaglioso landslide; and (iii) monitoring of structures (e.g., buildings and roads) affected by instability related to different causes.



4.1. Pre-Failure Monitoring


In the Pomarico village, as mentioned previously, between 25 and 29 January 2019 a complex landslide occurred: the roto-translational movement upslope, attenuated by a pile bulkhead along the roadside, evolved into a downstream earthflow (Figure 8a) [18]. The NLTA used for selecting targets (namely P1 and P2 in Figure 8b) evidenced nonlinear displacement trends related to the landslide event. The time series of the targets falling within the landslide area, in particular target P1 (Figure 8a,e), show continuous displacements. The area was in fact already classified as a medium-risk, R2 area (Figure 8a) in the regional landslide risk map (the regional Hydrogeological Management Plan, or PAI—Piano di Assetto Idrogeologico) by the Basilicata section of the Southern Apennine District Basin Authority [27,28]. Since the end of 2016, there has been an increase in downslope velocity. This may have created a contrast with the high-risk, R3 area (Figure 8a), causing it to decrease in velocity, as demonstrated by the time series of the target P2 (Figure 8f). These temporal trends describe the retrogressive behavior of the landslide, namely the expansion of the instability process beyond the edges of the medium-risk, R2 area (Figure 8a).




4.2. Post-Failure Monitoring


Several independent investigations have been carried out in recent years on the Montescaglioso landslide using different techniques, including LiDAR, SAR Interferometry and Pixel Offset [17,37,38,39,40], which present no major differences from our results. In particular, our analysis confirms the results of [17]: the landslide area shows a situation of substantial ground stability with only local displacements (Figure 3a). In this particular case, the FE index was able to recognize coherent targets affected by phase unwrapping errors. After performing proper corrections, these targets show interesting nonlinear continuous displacement trends that can be further analyzed using the NLTA. These displacements (targets in the area bordered with the white line in Figure 3a) are consistent with a prevailing vertical component, probably due to erosion phenomena of the Capoiazzo stream scarp. This behavior is confirmed by the displacement time series, which show a generally continuous trend. After a local survey, it was possible to identify the most likely cause of the displacement rate change in the first half of the 2018, shown in the displacement time series of P1 and P2 targets (Figure 3d,e): the beginning of major earthmoving works for the reconstruction of the Capoiazzo streambed (Figure 3f).




4.3. Displacement Evolution Monitoring


The cemetery area in the Montescaglioso village is located on the top of a hill, a residual strip of marine terraces, which consist of conglomerates and sands. Downslope of the area, monoliths of inclined cemented conglomerates highlight the recent instability of the terrace edges. Local displacements identified with MTInSAR datasets over this test site concern the NW slope of the hill. The direction of displacements is consistent with a prevailing west horizontal component, which is also confirmed by local surveys (Figure 10b–d).



The cause of these displacements is to be found downslope of the NW slope, where satellite images (Figure 10e) show a continuous erosion of the slope toe. Moreover, Figure 10e is valuable for interpreting the temporal trend of the P1 targets (Figure 4b): (i) at the end of 2013 there was an increase in displacement trends, probably linked to the same heavy rainfall that triggered the Montescaglioso landslide; (ii) towards the end of 2014, a decrease in velocity occurred, attributed to some earthworks shown in Figure 10e (2015); (iii) the erosion subsequently continued, as the trend and Figure 10e (2019) show. These phenomena, which were also confirmed by local surveys, may evolve in the future, causing a landslide.



The NE side of Pomarico village is an area affected by various instability phenomena, mostly retrogressive roto-translational phenomena due to the presence of cemented cover layers [29,41]. The displacements identified by the CSK ascending dataset in this test site (Figure 9a) were also verified by local surveys. Along the road, which runs alongside the village, there are cracks and damaged structures (Figure 11) indicating continuous displacements. Again, in this case the FE index was able to recognize targets affected by phase unwrapping errors, that were corrected in order to derive reliable displacement time series. The analysis of these targets, characterized by a direction with a horizontal and downwards component (Figure 9a) and by similar trends of displacement time series (Figure 9e), suggests a retrogressive behavior of the instability process identified by the very-high-risk, R4 area. This hypothesis is confirmed by the cracks on the retaining walls and on the roads (Figure 11b,c) along the white dotted arrow in Figure 9a, detected during the local survey. This instability process, which is slowly expanding upslope, may cause further damage in the future and eventually evolve into a landslide.




4.4. Structure Instabilities


The analysis of the MTInSAR time series was also carried out on two structures subject to already known instability phenomena, located in the Montescaglioso village.



In the case of the structurally damaged buildings (Figure 5), the cause of the displacements is due to the swelling phenomenon of the sub-Apennine clays [42], which outcrop in this area. The slope of the hill was reshaped and excavated for the building construction. The lightening of the underlying clay, also exposed to rainwater, has caused the swelling phenomenon with structural consequences on the building, such as differential settlements and consequent cracking (Figure 5d). Swelling, which is a very slow phenomenon that completely exhausts over many years, continued to cause small and constant displacements, as shown by the evolution of the crack pattern (Figure 5e) and displacement time series of the target labeled P1 in Figure 5b. Furthermore, the phenomenon affects the whole area around the hill, where the time series show trends consistent with an uplift, as shown by the trend of the target labeled P2 (Figure 5c). This analysis highlights the high sensitivity of the methodology, already observed in other sites subject to the swelling phenomenon, although in profoundly different contexts [43].



In the case of the road section in Figure 6, the analysis of the MTInSAR time series has detected continuous surface displacements, which have caused landslips (Figure 12a). These require continuous maintenance interventions (Figure 12b), as the potential evolution of the instability phenomenon represents both a danger for users and a problem for land management. Certainly, the study of MTInSAR time series is valuable for monitoring the evolution of instability phenomena along the road corridors. Furthermore, the combination of these analyses with vulnerability maps, such as those presented in [44], may provide support to regional planning by identifying the priorities for maintenance interventions. This approach becomes essential in areas characterized by distant urban centers and few connecting roads in a hilly environment, which is common in many regions.




4.5. Final Comments


At present, MTInSAR products may consist of millions of targets covering a large area, each associated with time series covering long time periods (potentially more than 20 years). In order to fully exploit such products, methods are needed for the automatic identification of targets with nonlinear displacement time series that may be relevant for ground phenomena such as reactivation/deactivation phases of known landslides. We adopted two approaches recently introduced in the literature, one based on the fuzzy entropy indicator, the other performing nonlinear trend analysis based on the Fisher statistics. The FE index was able to recognize coherent targets affected by phase unwrapping errors, which should be corrected to provide reliable displacement time series to be further analyzed. The NLTA was used for classifying targets according to the optimal degree of a polynomial function describing the displacement trend. This allowed selecting targets showing nonlinear displacement trends related to the several ground and structure instabilities as pre-failure, post-failure, and evolution signals. Thus, both approaches were very effective in supporting the analysis of ground displacements provided by MTInSAR, since they helped focusing on a smaller set of coherent targets identifying areas or structures on the ground that deserved further detailed geotechnical investigations. Moreover, the joint exploitation of MTInSAR datasets acquired at different wavelengths, resolutions, and revisit times provided valuable insights, with CSK more effective over man-made structures, and S1 over outcrops.



The analysis of pre-failure signals related to the Pomarico landslide showed that CSK has been able to capture better the building deformations preceding the landslide and the collapse. This allowed the understanding of the phenomenon evolution, highlighting a change in velocities that occurred two years before the collapse. This variation probably influenced the dynamics of the landslide leading to the collapse of an area considered to be at a medium-risk level by the regional landslide risk map. MTInSAR datasets also provided valuable results in the monitoring of the displacement evolution. CSK has been able to capture the building and structure deformations both in the Montescaglioso cemetery area and in the NE area of the Pomarico village. Displacement trends of selected targets have been confirmed in both test sites by on-site surveys. The analysis of the signals in the Montescaglioso cemetery area showed the displacement evolution of a site not included in the regional landslide risk map but of interest for local authorities and already affected by restoration works in recent years. The analysis of the NE side of the Pomarico village confirmed the very-high-risk R4 level of the area and showed the retrogressive evolution of the phenomenon, expanding beyond the borders currently established by the regional landslide risk map. These results clearly confirm the valuable use of MTInSAR products as a tool that is additional to the established techniques for studying the dynamics of instability phenomena and their evolution. The analysis of MTInSAR-based displacement time series, possibly performed though ad hoc automated procedures, can provide very useful information for long-term monitoring, management, and risk assessment at the regional level, when combined with planning tools such as the PAI.



The better sensitivity of CSK to capture building and structure deformations was confirmed by the analysis of structures with instability signals, i.e., the building and the road connection in the Montescaglioso village. In the first case, the signal analysis described a very complex phenomenon, due to clay swelling, which led to the evacuation of the building. In the second case, the analysis detected continuous surface displacements that require continuous maintenance interventions. Both cases represent examples of how the analysis of MTInSAR products can support the instability monitoring even at a local level. In particular, the first case concerns the application to slow phenomena extended over time, and shows the potential of the MTInSAR displacement time series analysis for investigating the behavior of structures subjected to yielding (e.g., buildings, bridges, viaducts). It can be a useful tool in planning maintenance activities, for instance, by supporting local authorities in identifying the structures that require timely technical inspections.



The analysis of post-failure signals related to the Montescaglioso landslide showed that S1 provided useful indications within the Montescaglioso landslide body. The selected trends confirmed the stability of the landslide area with some local displacements due to restoration works. In this case, the value of the MTInSAR displacement time series analysis emerged in the assessment phase of post-landslide stability, resulting in a useful support tool in the planning of safety measures in landslide areas.





5. Conclusions


This work was devoted to the exploration of long MTInSAR displacement time series derived from both CSK and S1 for investigating ground instabilities related, in particular, to landslide events. In fact, in order to fully exploit the information content of MTInSAR products covering long time periods, it is crucial to analyze not only the mean rate of displacements, but also their full time series, looking for signals related to the ground phenomena of interest that can be also highly non-linear. Examples are periodic signals related to structural thermal oscillations or seasonal ground subsidence, in addition to high-rate and non-linear trends that characterize the warning signals related to landslides or the pre-failure of artificial infrastructures. However, this detailed analysis is often hindered by the large number of coherent targets (up to millions) required to be inspected by expert users to recognize different signal components and also possible artifacts affecting the MTInSAR products, such as, for instance, those related to phase unwrapping errors.



In the present work the displacement time series analysis was supported by automated procedures recently developed for identifying targets with peculiar, nonlinear signals, one based on fuzzy entropy, and the other performing nonlinear trend analysis based on the Fisher statistics. This allowed the focus on a smaller set of coherent targets showing non-linear displacements and the identification of trends affected by residual unwrapping errors.



We investigated the ground stability of two hilly villages located in the Southern Italian Apennines, namely the towns of Montescaglioso and Pomarico, where landslides occurred in the recent past, causing damage to houses, commercial buildings, and infrastructures. Specifically, we presented an example of slope pre-failure monitoring on the Pomarico landslide, an example of slope post-failure monitoring on the Montescaglioso landslide, and a few examples of buildings and roads affected by instability related to different causes (soil swelling, for example). The analysis of MTInSAR displacement time series showed that the joint exploitation of different MTInSAR datasets provides valuable information about the ground instabilities, with CSK more effective over man-made structures, and S1 over outcrops.



These results once more confirm the potential role of MTInSAR technology in supporting both regional and local civil protection organizations in all phases of risk management: identification, analysis and monitoring, assessment, and mitigation. To achieve this aim, it is very important that MTInSAR datasets are regularly acquired over long time periods with different wavelengths and acquisition modes, and to perform detailed analysis of displacement time series through reliable and automated procedures. Finally, despite the potential of both FE and NLTA in selecting reliable targets and characterizing their temporal behavior, an operational service devoted to slope instability early warning still needs more development. In particular, concerning the time series analysis, the NLTA should be followed by specific processing steps aimed, for instance, at deriving the time corresponding to a breakpoint [33], at forecasting future displacement behavior [45], and at predicting failure time for landslides [46]. The development of these processing steps is also the subject of ongoing research by exploring machine learning techniques.
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Figure 1. Location of Montescaglioso and Pomarico villages. 






Figure 1. Location of Montescaglioso and Pomarico villages.



[image: Remotesensing 14 01677 g001]







[image: Remotesensing 14 01677 g002 550] 





Figure 2. Mean LOS displacement rate maps over Montescaglioso village: (a) Sentinel-1 ascending dataset; (b) Sentinel-1 descending dataset; (c) COSMO-SkyMed ascending dataset. Dashed arrows represent orbit directions. The ground projection of the LOS vector is also shown. The red line delimits the known landslide body. 
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Figure 3. (a) Mean LOS displacement rate map over the Montescaglioso landslide derived by processing the Sentinel-1 ascending dataset; (b,c) targets selected respectively through the FE index according to (3), and through the NLTA procedure according to (2); (d) displacement time series corresponding to the target labeled P1 in panel (b): the yellow and red squares represent, respectively, the original displacement values and those obtained by subtracting the range of ambiguity (λ⁄2 = 28 mm) from the values after the discontinuity; (e) displacement time series corresponding to the target labeled P2 in panel (c): the black dots and the red dotted line represent, respectively, the displacement values and the polynomial curve derived through the NLTA; (f) ground picture of the area delimited by the white polygon in panels (a–c). 
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Figure 4. (a) Mean LOS displacement rate map over the cemetery in Montescaglioso village derived by processing the COSMO-SkyMed ascending dataset; (b) displacement time series corresponding to the target labeled P1 in panel (a). 
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Figure 5. (a) Mean LOS displacement rate map over an area in Montescaglioso village derived by processing COSMO-SkyMed ascending dataset; (b,c) displacement time series corresponding to targets labeled, respectively, P1 and P2 in panel (a); (d,e) pictures of the building corresponding to target P1 taken in 2013 and 2020. 
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Figure 6. (a) Mean CSK ascending LOS displacement rate map over a portion of the road connecting the towns of Montescaglioso and Ginosa; (b) displacement time series corresponding to target P1 in panel (a). 
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Figure 7. Mean LOS displacement rate maps over Pomarico village: (a) Sentinel-1 ascending dataset; (b) Sentinel-1 descending dataset; (c) COSMO-SkyMed ascending dataset. 
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Figure 8. (a) Enlarged mean LOS displacement rate map over the Pomarico landslide derived by processing the COSMO-SkyMed ascending dataset; (b) map of targets selected though the NLTA according to (2) and showing a polynomial degree greater than 1; (c,d) pictures of the urban area affected by the landslide and bordered by the white rectangle in (a); (e,f) displacement time series corresponding to targets labeled, respectively, P1 and P2 in panel (a,b): black dots and the red dotted lines represent, respectively, the displacement values and the polynomial fit curves derived though the NLTA. The PAI (Piano di Assetto Idrogeologico) landslide risk map by the Basilicata section of the Southern Apennine District Basin Authority [27,28] is plotted with colored lines delimiting the risk classes areas, according to the colormap in the figure. 
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Figure 9. (a) Enlargement of the mean LOS displacement rate map derived by processing the COSMO-SkyMed ascending dataset over an area NE of the Pomarico village; (b) map of targets selected according to the FE index with a threshold of 0.5; (c) displacement time series (black dots) and its replicas obtained by subtracting   λ / 2   (yellow dots) and  λ  (red dots), corresponding to the target labeled P1 in panel (a); (d) displacement time series (blue crosses) and its replicas obtained by subtracting   λ / 2   (yellow crosses) and  λ  (red crosses), corresponding to the target labeled P2 in panel (a); (e) displacement time series corresponding to target P1 (black squares) and P2 (blue crosses) after correction of phase unwrapping errors. The PAI landslide risk map by the Basilicata section of the Southern Apennine District Basin Authority [27,28] is plotted with colored lines delimiting the risk classes areas according to the colormap in the figure. 
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Figure 10. (a) Enlargement of the mean LOS CSK PS displacement map over the Montescaglioso cemetery area (same as Figure 4a); (b–d) ground pictures of cracks consistent with displacements detected during a local survey, (b) on the NE part of the cemetery area, (c) on the road that runs alongside the cemetery and goes towards the valley, (d) on the wall of a chapel inside the cemetery; (e) satellite images (from Google Earth) showing the evolution from 2010 to 2019 of the N slope. 
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Figure 11. (a) Enlargement of the mean LOS S1 ascending PS displacement map of the Pomarico NE side area (same area as Figure 9a); (b–e) ground pictures of (b) cracks on the retaining wall and on the road upstream, (c) cracks on the retaining wall and on the road downstream, (d) cracks on the road, (e) damaged sidewalk. 
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Figure 12. Pictures of the road section in Montescaglioso village corresponding to the area where target P1 in Figure 6 is located. 
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Table 1. Dataset characteristics.






Table 1. Dataset characteristics.





	
Test Site

	
Sensor

	
Geometry

	
N. Images

	
Time Interval






	
Pomarico

	
S1

	
Ascending

	
158

	
15/10/2014–15/05/2018




	
S1

	
Descending

	
141

	
21/10/2014–21/05/2018




	
CSK

	
Ascending

	
96

	
28/10/2012–23/06/2018




	
Montescaglioso

	
S1

	
Ascending

	
182

	
15/10/2014–29/12/2018




	
S1

	
Descending

	
159

	
21/10/2014–29/12/2018




	
CSK

	
Ascending

	
96

	
28/10/2012–23/06/2018
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