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Abstract:



Timely and continuous information about flood dynamics are fundamental to ensure an effective implementation of the relief and rescue operations. Satellite data provided by optical sensors onboard meteorological satellites could have great potential in this framework, offering an adequate trade-off between spatial and temporal resolution. The latest would benefit from the integration of observations coming from different satellite systems, also helping to increase the probability of finding cloud free images over the investigated region. The Robust Satellite Techniques for detecting flooded areas (RST-FLOOD) is a sensor-independent multi-temporal approach aimed at detecting flooded areas which has already been applied with good results on different polar orbiting optical sensors. In this work, it has been implemented on both the 250 m Moderate Resolution Imaging Spectroradiometer (MODIS) and the 375 m Suomi National Polar-orbiting Partnership (SNPP) Visible Infrared Imaging Radiometer Suite (VIIRS). The flooding event affecting the Basilicata and Puglia regions (southern Italy) in December 2013 has been selected as a test case. The achieved results confirm the RST-FLOOD potential in reliably detecting, in case of small basins, flooded areas regardless of the sensor used. Flooded areas have indeed been detected with similar performance by the two sensors, allowing for their continuous and near-real time monitoring.
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1. Introduction


Among natural disasters, floods are more easily investigable using satellite data. In 2016, among the 36 activations of the International Charter “Space & Major Disasters”, 17 (i.e., 44%) of them were related to floods [1], demonstrating the effectiveness of the information that satellite remote sensing can provide in this context. Several indications can be furnished in all the phases (i.e., mitigation, preparedness, response, recovery) of the flood risk management cycle. In particular, among the different possible contributions, information about flood mapping and monitoring activities can be useful for all the above-mentioned phases [2,3,4]. A flood map is prepared during/after a flood occurrence in order to delineate the inundated areas, while flood maps of different times are suitable for monitoring water expansion and regression [2,3]. Moreover, multi-temporal maps can aid in detecting critical spatial changes in flood hazards and vulnerability over time. These products can be used for flood prone area delineation in order to prevent future floods, providing crucial information to identify appropriate protection measures and strategies for risk mitigation and producing efficient response plans [5]. Once a flood event occurs, emergency planners and rescuers can use inundation maps to detect the most affected areas, then identify evacuation routes and plan the assistance and aid. During the recovery stage, flood maps can support the identification of places for reconstruction and multi-date maps aid in the monitoring of community rebuilding [6].



Microwave and optical-band data have been widely used to produce flooding maps, exploiting the specific advantages of each spectral band and technology used [7,8]. Microwave sensors enable an all-day (i.e., 24 h) and all-weather detection capability, with spatial resolution ranging from few meters to dozens of kilometers when moving from active to passive technologies, respectively [5]. On the other hand, active sensors (e.g., Synthetic Aperture Radar (SAR)) allow for medium-long temporal frequency (up to five to six days), while passive radiometers have sub-daily temporal resolution [5]. Therefore, SAR data can provide infrequent detailed information about small-scale flooded areas, while passive microwave data could represent the most suitable solution if timely information is required for investigating large-scale flooding events [9]. Optical sensors onboard polar satellites, usually deployed in satellite constellation, can assure the better trade-off among spectral/spatial/temporal resolutions useful for a near real-time and continuous monitoring of flooded areas [10,11]. Obviously, cloud cover can fully hamper any kind of acquisition in this spectral region, limiting the applicability of this data. Hence, the integration of data acquired by sensors operating at different wavelengths is preferred to avoid such an issue, as well as to make the most of their potential [12].



The Robust Satellite Techniques (RST) [13] is a general multi-temporal satellite data analysis methodology that has already been applied for detecting flooded areas (RST-FLOOD [12,14]) on Advanced Very High Resolution Radiometer (AVHRR) and Moderate Resolution Imaging Spectroradiometer (MODIS) data. Both of these sensors acquire data in the Visible (VIS) and Near Infrared (NIR) regions, allowing for flooded area detection thanks to the particular spectral behavior of water at these wavelengths. Compared to other common land cover and features (like bare or vegetated soils), water generally shows a reflectance (R) in the NIR lower than in the VIS region, with the latter that corresponds for both sensors to the Red (RED) portion of the electromagnetic spectrum. Therefore, in the presence of water bodies or flooded areas, values lower than the surroundings have to be expected for the combinations of spectral reflectances acquired in the VNIR (VIS and NIR) region, like the ratio RNIR/RVIS [15,16] or the difference RNIR-RVIS [17].



In this paper, we further assess the RST-FLOOD performance in detecting flooded areas by investigating a few days of the flood event that affected the Basilicata and Puglia regions (southern Italy—Figure 1) in December 2013 [18,19,20,21,22,23]. In order to investigate this event, we firstly implemented the MODIS-based approach using data acquired in its first two channels at 250 m of spatial resolution. In the previous work [12], the feasibility of this data providing reliable information about flooded areas was only preliminarily explored, referring to a much larger event than the one analyzed here in terms of flood extent. Then, exploiting the RST-FLOOD inherent characteristics, we exported the proposed approach on Suomi National Polar-orbiting Partnership (SNPP) Visible Infrared Imaging Radiometer Suite (VIIRS) imagery. The VIIRS instrument extends and improves upon a series of measurements initiated by its operational and research predecessors, the AVHRR flown on board multiple National Oceanic and Atmospheric Administration (NOAA) and Meteorological Operational (Metop) satellites, and the National Aeronautics and Space Administration (NASA) MODIS, aboard the Terra and Aqua satellites, due to its better spatial and spectral resolution as well as radiometric accuracy and stability. The accuracy of the achieved results has been evaluated through a comparison analysis with a Landsat Enhanced Thematic Mapper Plus image (ETM+ on Landsat 7) acquired concurrently with MODIS and VIIRS data.


Figure 1. Localization of the Region of Interest (ROI). In the background, the Landsat Enhanced Thematic Mapper Plus (Landsat 7 ETM+) false-color (R = Short Wave InfraRed-SWIR; G = NIR; B = RED) composite image of 5 December 2013 at 9:31 GMT. The red box is the area used in the text.
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The main aim of this study is to assess the potential of RST-FLOOD, when implemented on medium spatial resolution images, in effectively analyzing floods occurring within small catchments.




2. Study Area


A flood event affected a large portion of the Metaponto plain, in the southeastern part of the Basilicata region (southern Italy), including a subset of the Puglia region (Figure 1), in the first week of December 2013 [18,19,23]. This event was caused by a significant amount of rainfall due to the “Ciclone Nettuno” storm that occurred in the Basilicata region between 30 November and 3 December 2013 [24]. A medium cumulative precipitation value of 150 mm was registered for the whole Basilicata Region between 1 and 2 December 2013, with peaks above 200 mm in the Metaponto plain [18,21]. The Sinni, Agri, Cavone, Basento and Bradano rivers in Basilicata and the Lato River in Puglia flooded in several points along their path, as well as in correspondence of the freeway “Strada Statale 106”, causing its closure and serious damage to farms and agricultural crops [18]. All the rivers involved in the event are strongly seasonally dependent, with maximum hydrometric levels usually reached between the late fall and the early spring, and minimum levels reached in summer at cross-sections lower than 100 m [25]. Therefore, the studied event represents a suitable test case for evaluating the potential of medium-resolution optical sensors in investigating small-scale floods.




3. Data and Methods


3.1. Satellite Data


MODIS data acquired in the first two bands (i.e., channel 1, VIS, at 0.62–0.67 μm and channel 2, NIR, at 0.841–0.876 μm) at 250 m of spatial resolution were used in this work. In more detail, imagery acquired by the sensor onboard the Aqua satellite in the 12:00–14:00 GMT temporal range, for the month of December in the 2002–2016 period have been investigated. MODIS Level 1B (MYD02QKM) and geolocation (MYD03) data directly produced at the satellite receiving station of the Institute of Methodologies for Environmental Analysis (IMAA), located in Tito Scalo (Basilicata region, southern Italy), have been processed. These data have been produced by running the Community Satellite Processing Package (CSPP) software with antenna data directly acquired. Level 1B and geolocation data downloaded from the Level-1 and Atmosphere Archive & Distribution System (LAADS) Distributed Active Archive Center (DAAC) archive [26] have been also used to fill any gaps in the analyzed historical series.



Similarly, for VIIRS, data collected in the first two imagery bands (i.e., I1, VIS, at 0.60–0.68 μm and I2, NIR, at 0.85–0.88 μm) and the thermal infrared (TIR) imagery one (I5, TIR, at 10.5–12.4 μm) at 375 m of spatial resolution were investigated. In particular, acquisitions coming from the SNPP satellite in the same daily temporal range of Aqua were considered for the month of December in the 2012–2016 period. Also for VIIRS, the SNPP Sensor Data Record (SDR) and the I-band terrain-corrected geolocation (GITCO) data directly produced at the Institute of Methodologies for Environmental Analysis (IMAA) receiving station, which was downloaded from the NOAA Comprehensive Large Array-data Stewardship System (CLASS) archive [27], have been exploited to populate the historical series.



Finally, in absence of in situ ground truth data, the Landsat 7 ETM+ image acquired on 5 December 2013 at 9:31 GMT over the ROI and downloaded from the U.S. Geological Survey (USGS) portal [28] (Figure 1), was used to assess the accuracy of the achieved results. The RGB false color (R = SWIR, 1.55–1.75 μm; G = NIR, 0.775–0.90 μm; B = RED, 0.63–0.69 μm) of such an image, related to the ROI, is shown in Figure 1. In order to better highlight the area most affected by the water presence, the Normalized Difference Vegetation Index (NDVI) has been computed, looking for values below zero, which should correspond to water affected areas [29], including both flooded pixels and permanent water. A Boolean (water/no water) mask was produced and shown in Figure 2.


Figure 2. In green, the pixels of the Landsat 7 ETM+ image, shown in Figure 1, recognized as water affected are depicted (see text).
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An area of about 105 km2 has been recognized as affected by water presence, including permanent waters related both to rivers and the San Giuliano Lake included within the ROI.




3.2. RST-FLOOD


The RST-FLOOD approach has already been implemented on AVHRR and MODIS data exploiting the above cited particular spectral behaviour of water in the VNIR (VIS and NIR) region of the electromagnetic spectrum [12,14]. This has led to the development of the two following Absolutely Local Index of Change of the Environment (ALICE—[13]) indices:


[image: ]



(1)
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(2)




where [image: ] (or [image: ] is the reflectance difference (ratio) signal measured at time t for each pixel (x,y) of the analyzed satellite scene, [image: ] (or [image: ]) and [image: ] (or [image: ]), the named reference fields, are, respectively, the “normal” value expected for the signal and its natural variability. They are both computed by processing a multi-year dataset of co-located cloud-free imagery, collected under homogeneous observational conditions (e.g., around the same time of day and during the same month of the year). For its inherent formulation, each ALICE provides, at the pixel level, a measure of the deviation of the recorded signal from its expected (in unperturbed or normal conditions) value and automatically compares this deviation with its normal variability, which includes all the possible noise sources not related to the event being monitored. For example, the normal signal variability (i.e., the standard deviation reference field) is high for those pixels characterized both by the presence of water and land, because they are likely to be affected by a high signal fluctuation due to both residual geo-location errors and the natural cross-section changes. Therefore, for those areas, anomalous ALICE values will only be detected when high signal deviation from the expected one will be measured. In any case, in correspondence to flooded areas, negative ALICENIR-VIS(x,y,t) (and ALICENIR/VIS(x,y,t)) values should be observed.



Moreover, for their construction, both ALICE indices are standardized variables that, as the number (N) of the records increases, tend toward a Gaussian like distribution. Under this hypothesis, values of ALICENIR/VIS (or ALICENIR-VIS) <−2 can be associated to rare events (probability of occurrence less than 2.5%) and values <−3 to very rare events (probability of occurrence less than 0.13%). Hence, statistically significant signal anomalies are expected for ALICENIR/VIS (or ALICENIR-VIS) <−2 at least, with an increasing level of confidence when moving to the lowest ones (i.e., −3, −4) [12,14,24].



In order to investigate the selected flood event, the above-cited MODIS and VIIRS historical temporal series were separately processed, firstly generating their corresponding reference fields (i.e., temporal mean and standard deviation) for both difference and ratio signals, and then looking for signal anomalies in the event images.



During the generation of the reference fields and during the change detection step, cloudy pixels were identified and discarded from the detection step by implementing the One Channel Algorithm (OCA) method [30,31]. Such an approach, still based on the RST prescriptions, analyzes the historical series of MODIS channel 2 to identify clouds as statistically high reflectivity objects, or VIIRS I5 data to identify them as statistically cold bodies. With regards to cloud shadows, after a visual inspection of images within the used dataset, a simple 2 km (i.e., five-and six-pixel for MODIS and VIIRS, respectively) buffer around the detected clouds has been applied, thus ensuring a good trade-off between the possibility to produce false positives and omission errors.





4. Results


Two almost concurrently acquired imagery for the first two cloud-free days over the ROI by MODIS and VIIRS have been analyzed in terms of ALICE indices computation (Equations (1) and (2)). In detail, the results investigating the MODIS imagery of 4 December 2013 at 12:25 GMT and 5 December at 11:30 GMT are presented and discussed in Section 4.1, while those referring to the VIIRS sensor, 4 December at 12:10 GMT and 5 December at 11:50, are shown in Section 4.2. Finally, Section 4.3 is focused on the comparison analysis among results achieved in the previous two sections with the Landsat 7 ETM+ image shown in Figure 1.



4.1. MODIS RST-FLOOD


The RST-FLOOD maps produced by analyzing the two above-mentioned MODIS data are shown in Figure 3, where in the top panels (Figure 3a,b), the areas flagged as anomalous using the ALICENIR-VIS index (i.e., Equation (1)) are shown, while those related to the ratio index (i.e., Equation (2)) are plotted in Figure 3c,d. In all the maps, indices values less than −2 are depicted in violet and orange colors when the difference and ratio indices have been applied, respectively.


Figure 3. Anomalous pixels detected by Moderate Resolution Imaging Spectroradiometer (MODIS)-based Robust Satellite Techniques for detecting flooded areas (RST-FLOOD) using: (a) Absolutely Local Index of Change of the Environment Near Infrared-Visible (ALICENIR-VIS), (b) ALICENIR/VIS on 4 December 2013 at 12:25 GMT and (c) ALICENIR-VIS, (d) ALICENIR/VIS on 5 December 2013 at 11:30 GMT.
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Several anomalous pixels have been detected by the RST-FLOOD indicators in all the output maps. These pixels are mostly located along the Basento and Lato rivers and are in good agreement with the local information about the flood localization [18,21,22,32], thus indicating that it can be associated to the inundated zones. Moreover, a difference between the two indicators can be observed, with a higher sensitivity of the ALICENIR-VIS to the flood inundated area (see areas along the Basento and Lato rivers), as well as to the effect of turbid waters in the San Giuliano lake (see Table 1). Concerning flood dynamics, a lesser number of anomalous pixels has been identified in the maps of 5 December 2013 by both indices (Table 1). In more detail, an area of about 16 km2 was detected as flooded on 4 December 2013, decreasing to 12 km2 the next day.


Table 1. Number of anomalous pixels identified by the two ALICE indices in the two analyzed MODIS imagery.










	
	ALICENIR-VIS
	ALICENIR/VIS





	4 December 2013
	219
	98



	5 December 2013
	185
	58









In order to provide a deeper view of the achieved results, a magnification of the area within the red box of Figure 1 is plotted in Figure 4, where for each of the analyzed MODIS images, the results achieved by combining both the indices are highlighted. This aggregation allowed for the better definition of the potentially flooded areas, while the common detections (namely the pixels flagged as anomalous by both indices—green pixels in Figure 4), may be associated to the definitely flooded areas. Furthermore, in these maps, the temporal persistence of the anomalous area is evident, as well as the better sensitivity of the ALICENIR-VIS index than the ALICENIR/VIS one.


Figure 4. Anomalous pixels detected within the red box shown in Figure 1 by MODIS-based RST-FLOOD on (a) 4 December 2013 at 12:25 GMT and (b) 5 December 2013 at 11:30 GMT using ALICENIR-VIS (violet pixels) and ALICENIR/VIS (orange pixels). In green, the pixels detected as anomalous by both indices are highlighted.
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4.2. VIIRS RST-FLOOD


Figure 5 shows the anomalous pixels identified within the ROI by implementing RST-FLOOD on VIIRS data. First, it is interesting to note that, when compared to MODIS, the two RST-FLOOD indices seem to show a higher sensitivity to flooding and to not significantly differ in terms of detected anomalies, as revealed by the analysis of the numbers reported in Table 2. In detail, an averaged area of approximately 52 km2 was detected as flooded, almost three times higher than the one previously identified using MODIS. Although the VIIRS VNIR bands had lower spatial resolution than the MODIS one, the implementation of RST-FLOOD on VIIRS allowed for the detection of a larger number of anomalous pixels, not only along the Basento and Lato rivers, but also close to Cavone, Agri and Sinni, most likely due to the flooding. The almost equivalent number of detected pixels in two days confirm this high sensitivity, indicating that the effect of the flood was still detectable on 5 December. Concerning the San Giuliano Lake, the effect of suspended sediments is still present, even with a reduced impact. Finally, some spurious effects are also observable in the correspondence of a few pixels not close to riverbeds, disappearing when higher confidence levels of RST-FLOOD indices are used.


Figure 5. Anomalous pixels detected by Visible Infrared Imaging Radiometer Suite (VIIRS)-based RST-FLOOD using: (a) ALICENIR-VIS, (b) ALICENIR/VIS on 4 December 2013 at 12:10 GMT and (c) ALICENIR-VIS, (d) ALICENIR/VIS on 5 December 2013 at 11:50 GMT.
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Table 2. Number of anomalous pixels identified by the two ALICE indices in the two analyzed VIIRS imagery.










	
	ALICENIR-VIS
	ALICENIR/VIS





	4 December 2013
	214
	272



	5 December 2013
	262
	243









The magnification of the areas mainly affected by the event as detected by VIIRS have been taken into account and reported in Figure 6. The maps shown in this figure provide a clear confirmation of the considerations discussed above for MODIS, emphasizing the advantage in coupling the detections provided by the two RST-FLOOD indices, both in detecting the definitely flooding affected areas (green pixels in Figure 6) and improving the delimitation of their extent.


Figure 6. Anomalous pixels detected within the red box shown in Figure 1 by VIIRS-based RST-FLOOD on (a) 4 December 2013 at 12:10 GMT and (b) 5 December 2013 at 11:52 GMT using ALICENIR-VIS (violet pixels) and ALICENIR/VIS (orange pixels). In green, the pixels detected as anomalous by both indices are highlighted.
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4.3. Comparison with Landsat


To assess the reliability of the proposed approach, the Landsat 7 ETM+ image of 5 December 2013, at 9:31 GMT, was exploited (Figure 1). In Figure 7a, a magnification of the area within the red box in Figure 1 is plotted, using the Boolean mask already plotted in Figure 2 in the background, where water affected areas are clearly visible along the Basento and Lato rivers, notwithstanding no data acquisition due to the Landsat 7’s Scan Line Corrector (SLC) failure. An area of about 28 km2 was identified as water affected within the investigated box (green pixels in Figure 7a).


Figure 7. (a) Subset of the image shown in Figure 2 highlighting water affected pixels; (b) anomalous pixels detected by ALICENIR-VIS on 5 December 2013 at 11:30 GMT for MODIS (pink) and at 11:52 GMT for VIIRS (violet); (c) anomalous pixels detected by ALICENIR/VIS on 5 December 2013 at 11:30 GMT for MODIS (orange) and at 11:50 GMT for VIIRS (brown).
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The RST-FLOOD results carried out for 5 December 2013 have been superimposed on those areas aggregating MODIS and VIIRS detections (at 11:30 GMT and 11:52 GMT, respectively) achieved with the same ALICE index (Figure 7b,c), estimating an area ranging between 15 and 18 km2 when the ratio (Figure 7c) and the difference (Figure 7b) index is used, respectively. Considering all the Landsat 7 water affected pixels depicted in Figure 7a as a benchmark for assessing the extension of flooded areas, a maximum underestimation of about 46% was computed for RST-FLOOD. The large difference in terms of spatial resolution among ETM+ and the two optical sensors used in this work forms the basis of this result [12]. Spurious and isolated ETM+ water affected pixels cannot be detected at the spatial resolution allowed by MODIS and VIIRS. Moreover, even when those pixels are aggregated, their total contribution in terms of sub-pixel effect can provide a result lower than the expected value as defined by RST-FLOOD, and therefore they are not identified as anomalous. On the other hand, such an outcome is quite relevant, because it confirms the potential of the proposed approach in effectively detecting the presence of flooded areas notwithstanding the medium spatial resolution of the used data. Furthermore, concerning Landsat 7 water affected pixels, it is worth mentioning that they also take into account permanent water, as well as other effects not directly ascribable to water presence.



In any case, such a comparison shows the satisfactory capability of the proposed approach in detecting flooded areas regardless of the sensors used, and the different sensitivities of RST-FLOOD indicators when implemented on MODIS and VIIRS imagery. These aspects assume great relevance in detecting flooded areas by optical satellite data, reinforcing the great usefulness of implementing an integrated satellite system within the flood hazard management cycle, allowing for a more detailed identification of flooded areas and a continuous monitoring of the ongoing phenomenon on a large spatial scale. Advantages arising from such an integration are clearly observable when analyzing Figure 8, where the outputs produced by applying the same index on both of the sensors for the two available images are shown. An area of about 80 km2 has been recognized as flooded in the two days examined by both MODIS and VIIRS sensors through the ALICENIR-VIS index implementation, while 72 km2 has been detected by the ALICENIR/VIS index, with the main difference due to the pixel issues related to the San Giuliano turbid waters.


Figure 8. (a) Flooded areas detected within the Region of Interest (ROI) by integrating results achieved by ALICENIR-VIS implemented on MODIS and VIIRS data for the two investigated days; (b) as in (a) using the ALICENIR/VIS.
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5. Discussion


Timely and continuous information about flood dynamics is fundamental to ensure an effective implementation of relief and rescue operations. Using data acquired by optical sensors onboard meteorological satellites for flood detection and monitoring may be detrimental due to cloud cover that can hamper any kind of acquisition. Despite this limitation, there are several advantages that make optical data a good complement to other satellite-based systems, such as: (i) the large swath that allows for both large area coverage and high temporal resolution; (ii) a medium spatial resolution (in the order of hundreds of meters) useful for detecting medium-major flood events; and (iii) the deployment in satellites constellation that further enables an increase in revisiting time. In addition, sensors operating in different spectral regions that can complement the information acquired using optical data are often present aboard meteorological satellites [33]. Both MODIS and VIIRS, the optical sensors considered in this work, show almost all of the above-cited features, making them suitable for flooded area detection. While the MODIS capability in this framework has been largely demonstrated [11], there are only a few works based on VIIRS I-band data [9,34,35].



In this work, we implemented the RST-FLOOD approach on MODIS and VIIRS daytime data to analyze a few days of the flooding event that occurred in the Metaponto plain (southern Italy) in the first week of December 2013. RST-FLOOD has been already applied using 1 km MODIS visible and near infrared data, with only a preliminarily feasibility analysis of the potential of the same data when acquired at 250 m of spatial resolution [12]. In this work, we further assess the capability of this latter specific configuration of RST-FLOOD in detecting flooded areas, and also test its performance when implemented on VIIRS imagery data at 375 m of spatial resolution.



The main advantages of RST-FLOOD with respect to traditional techniques are: (i) the use of local (i.e., at the pixel scale) adaptive and dynamic thresholds; and (ii) no dependence on any kind of auxiliary/ancillary information [12]. Ancillary datasets or fixed thresholds on the signal under investigation are often used to face the main challenges, such as cloud and terrain shadows and the discrimination of flooded areas [34,35], limiting flood detection reliability. The accuracy/availability of auxiliary information can directly affect the quality of the achieved results, while fixed thresholds may suffer from sensitivity/accuracy limits because of the signal variability due to the specific site/local setting of the scene under investigation [14].



The only constraint for RST-FLOOD implementation is the availability of a satellite historical series long enough to guarantee a consistent identification of the expected values in terms of temporal mean and standard deviation. An independent work focusing on RST [36] found that such a historical series should consist of at least of 80 images to produce reliable reference fields, corresponding to at least three years of data, considering a monthly temporal window and a daily frequency of observation.



Results achieved by applying the RST-FLOOD indices on the two sensors suggest the benefit of their integration for a continuous monitoring of the ongoing phenomenon at large spatial scale. Such an integration enables a clear increase in the observational frequency, improving the flood evolution monitoring capability of each single sensor. This result is fundamental for decision makers, especially during the crisis, in order to better identify critical situations and ensure an effective implementation of relief and rescue operations. Furthermore, hydrological models would also benefit from the integration of continuous and updated information about the real-time situation, having the opportunity to check the quality of their setup as well as improving the quality of their outputs. Finally, the integration of multi-sensor datasets will generally increase the probability of clear sky acquisitions, reducing the impact of clouds, which are the main limitations of optical satellite observations, especially for this kind of application. It is worth mentioning that cumulated flooded maps of the event, allowed by high temporal resolution weather satellites, could help for a better delineation of the involved area, enabling an assessment and relative updating of the flooded risk map.



Basilicata rivers are representative of small hydrological basins, with small-size cross-sections (<100 m); therefore, the achieved results indicate that data acquired by medium-resolution optical sensors, if adequately analyzed, can also be profitable for flood detection monitoring of watersheds. In the near future, other test cases should be studied to further confirm the quality of the results achieved here by investigating a different scenario from the one considered here. For example, flood events of a smaller size (in terms of both channel width and floodplain extension) than the ones analyzed here should be investigated to better understand the sensitivity limit of the proposed approach when applied to data at 375 m of spatial resolution. Events occurring in urban areas should also be analyzed to confirm the feasibility of the methodology presented here. Furthermore, it is worth mentioning that while the proposed indices are almost “mandatory” for MODIS data, considering the spatial resolution constraints, VIIRS has other imagery bands, such as the I3 (SWIR: 1.58–1.64 μm), which will enable other combinations currently under investigation.




6. Conclusions


In this paper, RST-FLOOD has been applied to analyze the flood event that affected the Basilicata and Puglia regions in the first week of December 2013. Two different indicators, based on the difference and ratio between NIR and VIS reflectance (i.e., channel 2 and channel 1 for MODIS, I2 and I1 for VIIRS), respectively, have been used to detect flooded areas.



When implemented on MODIS data, the RST-FLOOD indices showed a behavior similar to the one observed when studying a different test case. A similar behavior between the two ALICE indices has been recognized, with the one based on the difference being more exposed to a few false positives due to suspended sediments flown into the San Giuliano lake. A better sensitivity of the VIIRS-based indices was observed. This aspect, which needs more investigation, can be preliminarily justified by considering the different specific spectral and radiometric accuracies of the two sensors and the longer historical series of MODIS data.



The flood maps provided by both RST-FLOOD indices, aggregating the MODIS and VIIRS detections, are in good geographical agreement with the one derived using Landsat 7 ETM+ data of 5 December 2013. Such an integration allowed for the discrimination of a flood area extent up to 80 km2, lower than that potentially detectable by using a high spatial resolution sensor like the ETM+ (about 24% greater). Despite this, the double advantage of an integrated system in effectively supporting flood risk management is clearly demonstrated. The high temporal revisiting capability offered by optical sensors aboard weather satellites allows for the improvement of the observational capability of an operational monitoring system, while the combined use of different indices improves the accuracy in flood extent mapping.
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