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Abstract

:

Landslides are catastrophic natural phenomena occurring as a consequence of climatic, tectonic, and human activities, sometimes combined among them. Mostly due to climate change effects, the frequency of occurrence of these events has quickly grown in recent years, with a consequent increase in related damage, both in terms of loss of human life and effects on the involved infrastructures. Therefore, implementing properly actions to mitigate consequences from slope instability is fundamental to reduce their impact on society. Satellite systems, thanks to the advantages offered by their global view and sampling repetition capability, have proven to be valid tools to be used for these activities in addition to traditional techniques based on in situ measurements. In this work, we propose an advanced multitemporal technique aimed at identifying and mapping landslides using satellite-derived land cover information. Data acquired by the Multispectral Instrument (MSI) sensor aboard the Copernicus Sentinel-2 platforms were used to investigate a landslide affecting Pomarico city (southern Italy) in January 2019. Results achieved indicate the capability of the proposed methodology in identifying, with a good trade-off between reliability and sensitivity, the area affected by the landslide not just immediately after the event, but also a few months later. The technique was implemented within the Google Earth Engine Platform, so that it is completely automatic and could be applied everywhere. Therefore, its potential for supporting mitigation activities of landslide risks is evident.
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1. Introduction


Landslides are natural events responsible for huge social and economic damage worldwide [1,2,3,4,5,6], whose frequency of occurrence has greatly increased in recent years, mainly due to the effects of climate changes [7]. Italy, due to its geological, geomorphological, and hydrographic conformation, is naturally predisposed to hydrogeological instability presently widespread throughout the whole territory [3,8,9,10]. Among the Italian regions, Basilicata is one of the most vulnerable to landslides for its geomorphological and lithological features [11]. Many events have affected the regional territory so far contributing over the years to a depopulation of the affected areas due to the damage to civil and road infrastructures, resulting in large economic losses [11]. Different research projects tried to face the problem, studying advanced solutions to mitigate hydrogeological instability in Basilicata. Among them, a recent example is the MITIGO (Mitigazione dei rischi naturali per la sicurezza e la mobilità nelle aree montane del Mezzogiorno—Mitigation of natural risks for safety and mobility in the mountain areas of the South) project [12]. The integration of in situ and satellite data has been fostered, in this project, to provide support to the public authorities in hydrogeological and seismic risk management.



In this framework, satellite systems can be useful tools to implement mitigation and monitoring activities of landslides to support/complement traditional techniques based on in situ measurements [1,13,14,15]. That is possible thanks to their enhanced observation capabilities (e.g., synoptic view, spatial resolution up to a few meters, high sampling frequency, etc.), which have been further improved with the launch of the latest advanced sensors.



Over the years, both active and passive satellite sensors have been used to investigate landslide evolution by exploiting data acquired in the optical and microwave bands [13,14,15]. Focusing on the optical band, considering that a transition from vegetated to bare soil is usually expected after a landslide, the land cover variation change is usually the signal to be investigated by satellite to assess the phenomenon occurrence [16,17,18,19]. Land cover information is usually identified by using multispectral land cover indices (e.g., Normalized Difference Vegetation Index—NDVI, Normalized Difference Water Index—NDWI), computed by combining data in different bands within the spectral range from the Visible (VIS) to the Short Wave InfraRed (SWIR) [16,17,18,19,20,21]. The above-cited indices, exploiting the different spectral behavior of the vegetation with the other elements present in the scene, especially the high reflectance peak shown in the Near Infrared (NIR) region, can highlight the different land covers over a specific satellite image in addition to vegetation [16,17,20,21]. Furthermore, to better highlight the land cover variation, a combination of two images acquired at different times (usually pre- and post-event) are used to provide useful information about a landslide occurrence and its main features. The NDVI change calculated by differencing pre- and post-event images is indeed a powerful indicator of vegetation change due to landslides, with negative values of this difference indicating a decrease in vegetation, whereas positive ones indicate an increase [18,19]. This approach is typically applied after the event for an a posteriori detection [22,23], also using more than one image to monitor the landslide movement [15,23]. The main limitation of almost all the optical techniques developed so far for landslide investigation based on the above-mentioned approach (e.g., [17,22,23,24,25,26,27]) is the use and application of fixed thresholds for discriminating different land cover types, both to a single image as well as on imagery combination within multitemporal analyses. This approach makes these techniques poorly automatic and difficult to export to areas with different characteristics from those where they have been calibrated/validated. Moreover, like all the methods based on fixed thresholds, they can suffer from sensitivity accuracy/false alarm proliferation. The application of low threshold values on the considered signal (e.g., NDVI) can indeed generate a proliferation of false positives, and, on the contrary, using high values can produce a reduction in the detection accuracy.



To face all these issues, in this paper, we introduced a new approach based on a multitemporal analysis of the data acquired by Multispectral Instrument (MSI), the optical sensor onboard the Copernicus Sentinel-2 platforms [28]. With a spatial resolution up to 10 m, a temporal one of 5 days by combining two platforms (i.e., Sentinel-2A and -2B, respectively) and 12 bands in the VIS-SWIR spectral interval, this instrument has the capability of detecting short-time (namely not lower than 5 days) land cover changes. The proposed technique is based on a general multitemporal differential approach, the Robust Satellite Techniques (RST, [29]), able to identify at a pixel level and different confidence levels, statistically significant variations of the investigated signal, thus resulting indifferent to the above-mentioned limitations of fixed threshold approaches. The method, here implemented for the first time to investigate this kind of phenomenon, has been tested to analyze the landslide that occurred in Pomarico city (Matera Province, Basilicata Region, Italy) on 25–29 January 2019 [30,31,32], in the framework of the MITIGO project.




2. Materials and Methods


2.1. The Study Case


During the 2018 autumn/winter, the area of Pomarico city, located within the Matera (MT) municipality territory (Basilicata Region, southern Italy, Figure 1), was affected by very recurrent rain events [30,31,32,33]. On the night between 24 and 25 January 2019, an intense rainfall affected the already heavily compromised ground, triggering a large rotational slide (about 760 m in length, 80–100 m in width [30]) which further expanded into a channelized earth-flow along the south-west side of Pomarico ridge in the following days until causing on 29th January the collapse of some residential buildings and the main access road to the city [31] (Figure 1). The damages forced several inhabitants to evacuate the area and are still persistent on the territory. This was not the first time that the area involved by the 2019 landslide has been affected by such a phenomenon, indicating the great fragility of the territory, mainly because of the presence of a superficial sand layer [30]. On this layer, in the landslide area, native uncultivated grass was present before the event.




2.2. Data and Processing


2.2.1. Data


Sentinel-2 data, and in particular the collection MSI-Level 1C, were used in this work. The collection represents the reflectance at the Top of the Atmosphere (TOA) and is available within the Google Earth Engine (GEE) Platform [34]. A GEE ad hoc code was developed to perform the following preliminarily operations:




	₋

	
spatial subset on the area of interest;




	₋

	
temporal subset on the collection images to select the useful one/ones;




	₋

	
spectral subset for the bands useful for NDVI calculation (VIS: band 4, 0.6 μm; NIR: band 8, 0.8 μm);




	₋

	
NDVI estimation;




	₋

	
cloud detection using the bitmask band QA60, associated with each Sentinel-2 image within the considered collection, providing cloud mask information. Only clear sky pixels (i.e., with QA60 = 0) were considered in the following analyses;




	₋

	
computation of the change detection index here proposed and presented in the following section.









The exploitation of MSI 4 (VIS) and 8 (NIR) bands allows us to achieve information at 10 m spatial resolution and, hence, with an accuracy good enough to analyze phenomena such as the one investigated in this work.




2.2.2. RST-Cover


The technique proposed in this paper, christened RST-cover, is based on the more general Robust Satellite Technique (RST, [35]). This approach is a general multitemporal satellite data analysis method, already used with excellent results to investigate different natural hazards [36,37,38,39,40,41,42]. The RST philosophy needs the preliminary characterization of the signal observed (in single bands or band combinations) in terms of expected value (temporal mean) and natural variability (standard deviation) by investigating long-term satellite data series acquired in homogenous conditions. These conditions refer to the analysis of the signal measured for the same location (i.e., pixel) in the same temporal window (i.e., hour of day, month/season of the year, etc.) under clear-sky conditions to reduce noise contributions to the identification of the expected values.



Moving to RST-cover, its main objective is to identify possible land cover changes and, for this purpose, the signal under investigation is the NDVI index. The technique has been here applied to the Pomarico landslide event, considering a historical dataset of 82 Sentinel-2 L1C data available in the period December–February from 2016 to 2018. We combined these three months considering that land cover changes at that temporal scale are almost limited. Such a sub-seasonal temporal aggregation allowed us to produce a historical dataset of MSI data large enough to guarantee a robust identification of the unperturbed conditions [43], also considering cloud coverage occurrence probability. About 25 images (i.e., 30% of the selected series) as average on the whole scene were indeed not considered because they resulted cloudy affected according to QA60 band information. In its final step, RST-cover foresees the implementation of a change detection index (ALICE—Absolutely Local Index of Change of Environment [35]), as in the following:


   ⊗  NDVI    (  x , y , t  )  =     NDVI  (  x , y , t  )  −  μ  NDVI    (  x , y  )     σ  NDVI    (  x , y  )     



(1)




where NDVI is the value achieved by calculating such an index for each pixel of the investigated scene at (x,y) location and time (t); μNDVI and σNDVI are, respectively, the NDVI temporal mean and standard deviation computed on the considered dataset (i.e., December–February from 2016 to 2018) for the same pixel. As already said, the whole RST-cover process was implemented in GEE Platform. Considering the ALICE index is a Gaussian standardized variable (with the temporal mean ~0 and the standard deviation ~1), then increasing ALICE absolute values can be associated with statistically anomalous events [44]. ⊗NDVI(x,y,t) values lower than −2, −3, and −5, indeed, indicate a decreasing occurrence probability equal to 2.27%, 0.15%, and 2.8 × 10−5%, respectively. Lower and lower ⊗NDVI(x,y,t) values are associated with even lower occurrence probabilities. In our case (signal distribution is quasi-Gaussian) ALICE values and probability of occurrence of NDVI anomalies in the hypothesis of a Gaussian distribution, are used just as an indication of their significance (i.e., how rare they are in the considered time series).



RST-cover can be applied to any phenomena involving land cover changes (e.g., landslides, floods, fires, vegetation diseases, etc.) by choosing, if necessary, an index different from the NDVI (e.g., the NDWI, the Soil-Adjusted Vegetation Index-SAVI, the Bare Soil Index–BSI, etc.) as well as different temporal scale data aggregation solutions (e.g., monthly rather than quarterly) or data processing approaches (e.g., the NDVI Maximum Value Composite used in [38]).






3. Results


The first cloud-free image of the landslide is 9 February 2019 at 09.40 GMT, acquired by Sentinel-2B (Figure 2). The affected area is within the red ellipse, represented mainly by the northern bright pixels along a NE-SW strip. This area should highlight the presence of bare soils, even if spectral features very similar to this one (i.e., clusters of bright pixels) are present all over the scene, making the landslide presence almost indistinguishable.



Its presence starts to become more evident for comparison with the Sentinel-2A image collected the same day (9 February) of the year before (2018) at the same local time (Figure 3). This image, collected under conditions very similar to those related to the image shown in Figure 2, has been selected as the pre-event image. In this scene, the bright pixel strip before indicated is not present, suggesting a clear land-cover change between the two images.



To highlight the landslide footprint, the NDVI map difference between the two above-shown images has been computed and plotted in Figure 4, while the NDVI single maps are not reported for the sake of brevity. In Figure 4, brown tones indicate a decrease in NDVI values at different levels, while green ones are related to NDVI increases. It is worth noting that in this palette, the highest extreme values are indicative of a sharp land cover change between vegetated and not soils.



Focusing on the landslide area, a clear land cover variation was detected by such a simple two-image multitemporal approach. Indeed, as expected, in brown (negative values) it is possible to recognize the soil flow with a decrease in the NDVI index due to the presence of bare soil where previously there was vegetation. The main limitation of this approach is that several features, which are very similar to those highlighted in the ellipse, are present in the whole scene, which is only a small spatial subset of a large tile. In the absence of information confirming the occurrence of other phenomena like the Pomarico landslide at a larger scale (i.e., the investigated scene), these features have to be classified as false alarms in the context where we are discussing their presence. This is a big issue, limiting the ingestion of such an approach within an automatic landslide identification system.



Results achieved by implementing the index in Equation (1) for the post-image event (Figure 2) are shown in Figure 5. The ⊗NDVI(x,y,t) index was computed for the analyzed image, expecting negative values in correspondence with a soil increase (e.g., landslide area), and positive ones in the presence of a vegetation increase with respect to the unperturbed conditions.



The relevance of the obtained results is evident. The landslide area is characterized by the presence of several pixels showing statistically significant negative values of the proposed index, which means a clear deviation from the expected values (in terms of NDVI) as identified by the historical analysis. The analysis of the whole scene reveals that only a very low number of spurious pixels have been detected above the −2 ⊗NDVI(x,y,t) value. Such a behavior could be related to natural land-cover changes and further highlights the high intensity of the natural phenomenon that occurred in Pomarico.



The accuracy of the results just shown was assessed through the comparison with an in situ study conducted in the same area and for the same event by [31]. The vector indicating landslide borders built during this study by a multidisciplinary approach was overlapped with the map shown in Figure 5, obtaining the output depicted in Figure 6.



All the pixels detected as anomalous by the index fall within the area identified as affected by the landslide, confirming the RST-cover reliability. In any case, a discrepancy between the size of the two detected areas is evident and can be justified by different reasons. For example, the absence of RST-based identification at the landslide foot may be due to the presence of bare soil in such an area already before the event, as confirmed by looking at the pre- and post-event images (Figure 2 and Figure 3). Moreover, the output of the in-field surveys [31] was produced later than the image used as a post-event within the proposed approach (i.e., Figure 2). Hence, a difference is expected, also taking into account that the accuracy of ground measurement is obviously higher than the one achievable by satellite. However, in any case, the results are encouraging. They may open, after the confirmation of these first results by further works focused on investigating phenomena of a different nature as well as size, to the implementation of RST-cover in a large-scale monitoring system, especially for those areas not well-instrumented or remotely located, to provide a rapid warning.



To further assess the reliability of the proposed technique, we also carried out a confutation analysis implementing RST-cover on the Pomarico landslide area for an unperturbed image, i.e., 9 February 2018 (Figure 3), namely in the absence of some known perturbation to the land-cover due to natural phenomena. The output is reported in Figure 7, where the same shapefile already shown in Figure 6 was plotted to help in focusing on the landslide area.



No changes (positive and/or negative) have been detected in the analyzed area as well as on the whole scene, confirming the robustness of the new technique applied. The proposed methodology being fully automatic and exportable everywhere (just requiring a sufficiently long satellite image time-series) as well as on whatever satellite sensor, its potential seems to be impressive, even if with a series of precautions about its implementation, which will be discussed in the next section.




4. Discussion and Conclusions


Landslides detection by optical satellites is still an open challenge. The existing studies apply fixed threshold change detection approaches on the NDVI land cover index [17,22,23,24,25,26,27] to recognize variation on the ground directly related to the landslide movement. As shown in Section 3, this kind of technique can identify an event but is affected by a series of false identifications when applied on a large scale, conditioning their effectiveness, as well as their capability to be automatically implemented (i.e., to detect events not otherwise already known). On the other hand, a methodology such as the one here presented has demonstrated to be able to detect a landslide without any other false identifications (Figure 5), being, for its construction, easily exportable wherever and compatible with the implementation within an unsupervised automatic detection system.



To better evaluate the potential of the technique here proposed, an analysis of the area of interest during the whole 2019 was also carried out. The aim was to assess if the proposed index can be able to detect landslide-affected pixels also during the months after the event, allowing us to follow its evolution in the spatiotemporal domain. To this aim, following the approach just used, firstly the year was split on a three-month temporal scale (i.e., March–May, June–August, September–November, plus the December–February period already analyzed), building the corresponding datasets of MSI images useful for the statistical characterization of the expected signal. Then, at least one image per month in 2019 was analyzed with the index proposed in Equation (1) to check for the presence of Pomarico landslide evidence. Information about the selected images and historical datasets is provided in Table 1. No clear sky images of the studied area were available for May 2019.



The output of this analysis is shown in Figure 8, where we focused on the landslide area highlighting only the negative values of the index.



Effects of the perturbation due to the presence of the landslide are quite evident in all the analyzed images. The results thus obtained allowed us to follow its evolution after the event. A movement of the anomalous areas from the top to the foot of the landslide is evident, suggesting that, together with a regrowth of vegetation in the northern part, during summer, the lower section of the landslide shows conditions extremely different from the normal ones. The strange anomalous area in the southwestern section of the landslide foot, just outside its boundary, is related to a small lake produced by the accumulation material [31], which was already present in the February 2019 image (Figure 6). Water has lower NDVI values than vegetation. Hence, its detection by means of the proposed approach is plausible. In addition, a clear trend to return to normal conditions can be observed. Over the months, there is indeed a progressive reduction of the pixels identified as anomalous, confirming that the significant variation in land cover caused by the landslide slowly gives way to a re-establishment of normal coverage (−2 < ⊗NDVI(x,y,t) ≤ 0). A few random pixels were detected within the urban area of Pomarico village, which, in the absence of any other information, can be considered as residual false positives; in any case, they are identified at lower confidence levels of the ALICE index.



While Figure 8 allowed us to follow the temporal evolution of the landslide, the output depicted in Figure 9 permits us to identify the whole area affected by the phenomenon in the February–November 2019 period. This map, indeed, describes the number of occurrences of anomalous ALICE values (⊗NDVI(x,y,t) ≤ −2) on the basis of the images shown in Figure 6 and Figure 8.



The good agreement between the results achieved by the proposed methodology and in situ measurements is evident. Apart from a small subset in the landslide foot, almost the whole area within the blue vector has been identified at least once as anomalous by RST-cover, confirming its reliability. The “missed” area in the landslide foot is related to an area that, even if within the one affected by the phenomenon on the basis of the geological surveys, is characterized by not perturbed material [31]. This aspect is evident in analyzing the two RGB images in Figure 2 and Figure 3, where the zone shows almost the same aspect and color. Two main clusters with a high number of occurrences are visible, one located towards the foot of the landslide and one on the landslide source area. The former is explainable as an accumulation zone, in which the soil flow conveys and remains stable for almost 2019, hence producing an evident perturbation for the whole sub-seasonal periods considered. The same reason is at the base of the large number of occurrences detected at the crown, where the fractures produced by the phenomenon may be identified as persistent scars of the initial land cover situation. Furthermore, further collapses of heavily damaged infrastructures might have occurred during the year, fostering the further identification of anomalous values. The persistent cluster of anomalous pixels, located in the north of the landslide, is associated with the surface transition during late 2018–early 2019, from resin to concrete, with a variation of NDVI values, of a tennis court there present, propaedeutic to the installation of tensile structure over it [45].



To summarize, a multitemporal approach based on the general RST methodology has been implemented on Sentinel-2 data to analyze its potential in identifying abrupt land-cover changes due to a landslide that occurred in a small city (Pomarico) in South Italy. The GEE platform has been used to this aim, making the approach suitable to be easily exported wherever and applicable on a larger scale. Even if further analysis is needed to confirm such a possibility, also considering smaller landslides than the Pomarico one, preliminary results indicate the capability of the proposed approach to provide high-accuracy information not only just after the event but also in the following period. This would allow continuous monitoring of the area, useful for implementing adequate mitigation activities as well as providing early warning about possible further critical situations. Only after an extensive validation of the proposed technique, its application at large areas also to support landslide inventory compilation efforts, might be considered.



The quality of the achieved results will improve in the future by enlarging the analyzed dataset with the recent and continuous Sentinel-2 acquisitions, which will enhance the preliminary characterization of the expected values. Finally, it is worth noting that not all kinds of landslides could be detected by this approach. The basic requirement is the occurrence of a clear transition in land cover changes. For example, rockfall landslides affecting cliffs and steep slopes may be almost indistinguishable, both for the limitation of satellite observation for this kind of area, as well as for the poor difference in the landcover which can be present before and after the event. A different indicator, more able to identify transitions that occur on soils that are poorly or not vegetated at all, such as the BSI, could be tested in this case.
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Figure 1. Pomarico city (MT) landslide location. 
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Figure 2. Sentinel-2B RGB (R = 0.665 μm (band 4), G = 0.560 μm (band 3), B = 0.490 μm (band 2)) image of 9 February 2019 at 09.40 GMT. The area affected by the landslide is in the red ellipse. 






Figure 2. Sentinel-2B RGB (R = 0.665 μm (band 4), G = 0.560 μm (band 3), B = 0.490 μm (band 2)) image of 9 February 2019 at 09.40 GMT. The area affected by the landslide is in the red ellipse.
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Figure 3. As Figure 2 for the Sentinel-2A image of 9 February 2018 at 09.40 GMT. 






Figure 3. As Figure 2 for the Sentinel-2A image of 9 February 2018 at 09.40 GMT.
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Figure 4. Map of NDVI difference between February 2019 and February 2018. The area affected by the landslide is in the red ellipse. 
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Figure 5. ⊗NDVI(x,y,t) computed for the Sentinel-2 L1C image of 9 February 2019 at 09.40 GMT. The area affected by the landslide is in the red ellipse. 
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Figure 6. Landslide borders vector obtained by in-field surveys [31] overlapped with the ⊗NDVI(x,y,t) map image. 
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Figure 7. ⊗NDVI(x,y,t) computed for the Sentinel-2 L1C image of 9 February 2018 at 09.40 GMT. 






Figure 7. ⊗NDVI(x,y,t) computed for the Sentinel-2 L1C image of 9 February 2018 at 09.40 GMT.
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Figure 8. ⊗NDVI (x,y,t) computed for the following Sentinel−2 L1C images: (a) 16 March 2019; (b) 20 April 2019; (c) 19 June 2019; (d) 24 July 2019; (e) 18 August 2019; (f) 22 September 2019; (g) 22 October 2019; (h) 11 November 2019. 
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Figure 9. Map of occurrence of anomalous (⊗NDVI ≤ −2) NDVI values. 
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Table 1. Sentinel 2-L1C selected images and relative historical datasets.
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	Sentinel 2 L1C Selected Images
	Historical Dataset Built





	
	₋

	
16 March 2019 09.40




	₋

	
20 April 2019 09.40






	March–May, from 2016 to 2018

(86 images)



	
	₋

	
19 June 2019 09.40




	₋

	
24 July 2019 09.40




	₋

	
18 August 2019 09.40






	June–August, from 2016 to 2018

(106 images)



	
	₋

	
22 September 2019 09.40




	₋

	
22 October 2019 09.40




	₋

	
11 November 2019 09.40






	September–November, from 2016 to 2018

(107 images)
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