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Abstract

:

Natural and anthropogenic disasters can cause significant damage to urban infrastructure, landscape, and loss of human life. Satellite based remote sensing plays a key role in rapid damage assessment, post-disaster reconnaissance and recovery. In this study, we aim to assess the performance of Sentinel-1 and Sentinel-2 data for building damage assessment in Kyiv, the capital city of Ukraine, due to the ongoing war with Russia. For damage assessment, we employ a simple and robust SAR log ratio of intensity for the Sentinel-1, and a texture analysis for the Sentinel-2. To suppress changes from other features and landcover types not related to urban areas, we construct a mask of the built-up area using the OpenStreetMap building footprints and World Settlement Footprint (WSF), respectively. As it is difficult to get ground truth data in the ongoing war zone, a qualitative accuracy assessment with the very high-resolution optical images and a quantitative assessment with the United Nations Satellite Center (UNOSAT) damage assessment map was conducted. The results indicated that the damaged buildings are mainly concentrated in the northwestern part of the study area, wherein Irpin, and the neighboring towns of Bucha and Hostomel are located. The detected building damages show a good match with the reference WorldView images. Compared with the damage assessment map by UNOSAT, 58% of the damaged buildings were correctly classified. The results of this study highlight the potential offered by publicly available medium resolution satellite imagery for rapid mapping damage to provide initial reference data immediately after a disaster.






Keywords:


SAR; optical; war zone damage assessment; building damage; Kyiv; Ukraine












1. Introduction


Remotely sensed earth observations (EO) have long played a key role in the communication of pertinent damage information post natural disasters, especially information related to surface effects and damages to infrastructure. Medium resolution optical images (e.g., Landsat, ASTER, and Sentinel-2) have provided data for a more general interpretation of damaged areas in disaster zones [1,2,3]. The new generation of high-resolution optical images (e.g., IKONOS, QuickBird, Geo-Eye, and the WorldView series) have enabled building scale damage detection post disaster using pixel or object-based change detection techniques [4,5,6]. The advances in deep learning algorithms, such as deep Convolutional Neural Networks (CNNs), have also been instrumental in damage recognition [7,8,9]. For instance, the release of xBD [10] alongside the xView2 Challenge [11], which provide large-scale satellite imagery, building polygons, and ordinal labels of damage level for various natural disasters, have been great contributions to the architecture and training strategies of building damage mapping [12,13,14]. However, these optical sensors can only provide usable scenes of the intended areas during daytime imaging when it is, unfortunately, not always cloud-free. Microwave Synthetic Aperture Radar (SAR) provides an alternative that is devoid of these constraints [15]. Thus, various SAR sensors (L, C, and X-band SAR images provided by ALOS-2 PALSAR-2, RADARSAT-2, Sentinel-1, TerraSAR-X, and the COSMO-SkyMed constellation) are being incorporated in remote sensing disaster response analyses [16,17,18,19]. Furthermore, optical and SAR data are increasingly being employed in tandem to test different methods that augment the benefits of each sensor type [20]. In their study, Putri et al., integrated Sentinel-1 (SAR) and Sentinel-2 (optical) data using a random forest classifier to map the damaged buildings following the catastrophic 2018 Lombok Earthquake in Indonesia [21]. Adriano et al., used multi-source data fusion of optical (Sentinel-2 and Planet Scope) and SAR (Sentinel-1 and ALOS-2/PALSAR-2) images for building damage mapping of the 2018 Sulawesi Earthquake and Tsunami, also in Indonesia [22]. As the war in Ukraine progresses, satellite imagery can be used in comparable ways to provide timely damage assessments and facilitate relief efforts by various humanitarian organizations. The locations and the density of the damage contained within different study areas, especially the number of damaged buildings, can serve as a useful proxy to estimate the effects of the war [23,24] in real time. Such information will help to expedite the recovery phase once the war comes to an end [25].



Natural and anthropogenic disasters, accidental or intentional, have adverse im-pacts on human populations, organic and inorganic ecosystems—specifically, the built environment [26]. War and other such human-induced disasters, in particular, have the dangerous potential to cause irreparable damage to the course of human history, and alter the socioeconomic and geopolitical landscape of a country. Wars have direct and indirect effects. Direct war effects are defined as those that are as a consequence of combat, such as casualties resulting from a building that collapsed as a result of an attack [27]. Indirect war effects occur from the inability to access essential infrastructure, which subsequently initiates a mass exodus of the people of the impacted region that leave them even more vulnerable to the elements of war [27,28]. In most instances of war, indirect war fatalities tend to surpass the number of direct war fatalities, especially where the infrastructure is heavily damaged and destroyed [28]. The social and physical direct and indirect impacts of war have historically been studied and itemized after the cessation of the conflict. However, with the help of modern technology and the advances in global satellite imaging—wide area coverage, relatively low cost, and regular revisit time—journalists, scientists, researchers, and engineers have access to near-real time imagery for rapid reconnaissance of impacted regions and can quantify damage to infrastructure. As of 10 May 2022, the United Nations (UN) Human Rights Monitoring Mission in Ukraine has already confirmed more than 3380 civilian casualties, over 3680 injuries [29], $100 billion in infrastructure damage and counting [30] since the start of Russia’s invasion of Ukraine on 24 February 2022.



The United Nations Satellite Center (UNOSAT) division of the United Nations Institute for Training and Research (UNITAR), whose mission is to provide rapid mapping analysis during humanitarian crises, conducted building damage assessments for various regions, including the cities of Bucha, Mariupol, and Kharkiv in Ukraine using very high-resolution satellite imagery-based visual analyses [31,32]. In this study, we aim to test the use of medium resolution imagery to assess the initial damage in Kyiv and its surrounding suburbs using a semi-automated framework. The reason for choosing the medium resolution imagery is because these types of data are publicly available and provide systematic global coverage which is a significant advantage over commercially available imagery with non-systematic and thus limited global coverage. The specific objectives of this study are to: (1) perform damage assessment of the regions around Kyiv, Ukraine’s capital city, at the onset of the war of 2022; (2) explore the advantages and limitations of Sentinel-1 and Sentinel-2 data in damage assessment; and (3) evaluate alternative building masks to suppress non-building-related changes from war-induced building damage by testing and comparing two datasets: the OpenStreetMap (OSM) building footprints and the World Settlement Footprint (WSF).




2. Study Area and Data Sets


Our analysis focuses on multiple cities in Kyiv Oblast located in northern and central Ukraine (Figure 1). In Figure 1, the red rectangle shows the extent of the study area; the blue rectangles encompass the region imaged by SAR satellite Sentinel-1 and the green rectangle contains the area imaged by optical satellite Sentinel-2. The data used for the analysis presented herein were acquired at various times since the start of the war—refer to Table 1 for a more specific description of the data. Throughout this paper, pre-event refers to imagery acquired before 24 February 2022, and post-event refers to imagery acquired after the withdrawal of Russian forces from around Kyiv (at the end of March).



2.1. Sentinel-1 and Sentinel-2 Data


Sentinel-1 (A) is a C-band (λ = 5.6 cm) SAR satellite launched by the European Space Agency (ESA) with a revisit frequency of 12 days. It has four different imaging modes: Stripmap (SM), Interferometric Wide Swath (IW), Extra-Wide Swath (EW), and Wave (WV). As the focus of this research is on SAR intensity analysis, the level-1 Ground Range Detected (GRD) products acquired at IW mode in ascending direction were downloaded from the Alaska Satellite Facility https://search.asf.alaska.edu (accessed on 5 December 2022).



Sentinel-2 is an EO mission funded by ESA to provide information about environmental monitoring, vegetation, and land covers. It consists of twin polar orbiting, sun-synchronous satellites that are phased at 180° to each other [33]. Sentinel-2A and Sentinel-2B cover large islands, inland and coastal waters with a revisit frequency of 10 days each, and together they cover all of earth’s land surfaces at a combined constellation revisit time of five days. The Sentinel-2 satellites use a Multispectral Imager (MSI) sensor with 13 bands, including the visible, near-infrared (NIR), and shortwave infrared (SWIR) bands displayed across three resolutions: 10 m, 20 m, and 60 m [34]. For our analysis, Level-2A images that have few or no cloud coverage were selected and downloaded from the Copernicus Open Access Hub at https://scihub.copernicus.eu/dhus (accessed on 5 December 2022).




2.2. Reference Data


The rapid building damage assessment published by UNOSAT for the city of Bucha was used to validate the methodology presented herein. Figure 2 shows the UNOSAT survey area (dots); and the AOI (orange box) denoting the area used for optimal threshold selection (Section 3.2 for SAR and Section 3.3 for optical). UNOSAT generated a point-based inventory of damaged buildings based on a visual survey of WV-3 and WV-2 satellite imagery acquired between 20 February 2022, and 31 March 2022. The data is published through an opensource geodatabase and is, at the time of publication, the only accepted data source of damages across Ukraine. Each point is geolocated to match a building and is labeled with one of four damage attributes: “destroyed”, “severe damage”, “moderate damage”, and “possible damage”. Their findings are preliminary and have not yet been field verified [32].



The satellite-based analysis results include changes not only to buildings but also to other landcover types due to the war or seasonal changes. Thus, our analysis made use of ancillary data to suppress changes from other features and landcover types not related to urban areas. We extracted the OpenStreetMap (OSM) building footprints (acquired on 26 April 2022) from QGIS to mask the buildings. OSM is an opensource global geographic database that provides street-level data, like building footprints and roads. The features are outlined by a community of registered contributors using the OSM base map. By virtue of the creation of the OSM database, some areas have features that are outdated. Additionally, the OSM data oftentimes does not align properly with superimposed satellite imagery. The information is often incomplete and small-scaled buildings are frequently not outlined as was the case with the OSM building footprint acquired for this study; therefore, in the analysis stage, the footprint dataset was augmented to include the small-scaled buildings that were identified in the UNOSAT damage assessment report. We supplemented the OSM data by digitizing building footprints for an additional 100 buildings in the UNOSAT surveyed area (details are given in Section 4.3). The Google Open Buildings Footprints [35] and the Microsoft Building Footprints [36] are comparable datasets that use deep learning algorithms to determine the footprints of buildings from high resolution satellite imagery and may result in more accurate and complete building footprints but are not used in this study because they are not globally available. In the future, they may provide more accurate and updated building footprint information for natural disaster relief and humanitarian efforts. In the absence of a building footprint layer, data sources that provide settlement/built-up information from medium resolution images (e.g., World Settlement Footprint (WSF) [37], Global Human Settlement Layer (GHSL) [38], ESRI land use/land cover timeseries [39], and the ESA WorldCover map [40]) can also be used. The accuracy and level of detail of each product vary across different regions. Figure 3 shows the comparison of these built-up layers. As the WSF provides better detailed information in distinguishing built-up from other land cover types, we compare the use of WSF to the OSM building footprint as an alternative mask input.



DigitalGlobe’s WV-2 and WV-3 satellite imagery were used for qualitative validation. WV-2 and WV-3 follow a sun-synchronous orbit and are two of the highest resolution commercial satellites in the world. WV-2 provides panchromatic imagery with 0.46 m resolution and eight-band multispectral imagery with 1.84 m resolution. WV-3 collects panchromatic imagery with 0.31 m resolution and eight-band multispectral imagery with 1.24 m resolution [41]. The images were acquired as Level 3 orthorectified, radiometrically corrected products, and both WV-2 and WV-3 images were subsequently pansharpened to the same spatial resolution (0.5 m) using the Gram–Schmidt spectral sharpening algorithm available in ENVI software (release 5.6.1).





3. Methods


In this work, the damaged buildings were mapped using Sentinel-1 and Sentinel-2 data. The workflow is divided into four phases (Figure 4). In the data selection and pre-processing steps, after screening all available images, suitable pre-and post- event image pairs are selected, and pre-processing steps are performed. In the change detection phase, we conducted change detection analysis using two well-known methods, the log ratio of intensity [42,43] and the Gray Level Co-occurrence Matrix (GLCM) [44,45,46,47] on the pre-processed Sentinel-1 and Sentinel-2 images, respectively. Then, an Area of Interest (AOI) was selected, and the optimal threshold was determined based on the obtained highest F1 score value. The changed and unchanged areas are separated by applying the selected threshold to the whole study area and a mask of the built-up area using the OSM and Global built-up layers, respectively. In the last step, the results are validated using the high-resolution WorldView images and the UNOSAT damage assessment map.



3.1. Image Pre-Processing


To generate SAR intensity images, we performed identical preprocessing operations on the Ascending and Descending Sentinel-1 Level-1 GRD images of the study area using SNAP 8.0 software. First, the two images that cover the study area were combined using the slice assembly tool. Then, we applied a radiometric calibration to obtain the SAR backscattering coefficient and co-registered the pre- and post-event images. Next, we used Lee Sigma filter with a window size of 7 × 7 pixels to reduce the speckle effect. Finally, to correct the SAR geometric distortions, the Range Doppler Terrain Correction Operator which implements the Range Doppler orthorectification method with the reference 30 m SRTM 1 Sec HGT DEM was used and projected in geographic coordinates, WGS84. The details of the preprocessing workflow of Sentinel-1 Level-1 Ground Range Detected (GRD) image can be found in the tutorial by ESA [48].



The ESA provides Sentinel-2 Level-2A products as Bottom of Atmosphere (BOA) reflectance images derived from the associated Level-1C products. No further pre-processing was done, except resampling and layer stacking all spectral bands to a 10 m spatial resolution and creating a subset of the image for the region of study.




3.2. SAR Intensity Analysis


SAR backscattering intensity is dependent on the imaging geometry of the SAR sensor (e.g., orbit direction (ascending/descending), incidence angle, and polarization) as well as on the orientation, size, shape, electrical characteristics, surface roughness, and moisture content of the target on the ground [49]. Figure 5 shows the schematic of the building backscattering in ascending orbit (right looking from south towards north pole) SAR sensor. Due to the side-looking viewing geometry of the SAR sensor, an intact building shows a regular layover and shadow zones in the SAR image. In the layover areas (facing the radar sensor), strong backscattering signal can be observed (bright zone) owing to the double-bounce scattering effects at the dihedral corner reflectors and the overlaying of reflection from the roof, wall, and ground (Figure 5(a-1,a-2,c-1,c-2)). At the opposite side of the building, a shadow zone may appear as the building occludes the ground and no signal returns to the sensor (dark zone). However, the shadow area was not evident in this medium resolution Sentinel-1 image even in a 9-story building (Figure 5(a-1,a-2)). The layover and shadow effects can be observed in high-resolution SAR images such as TerraSAR-X images [50,51]. In general, the backscattering in VV is stronger than VH, and the backscatter mean values increase steadily with increasing building height for both VV and VH channels [52].



As shown in Figure 5, a collapsed building has a different backscatter structure than an intact building. The strong backscattering from the building usually disappears or decreases when a building collapses due to a disaster. In the case of the partially damaged building (Figure 5c), where parts of the wall together with the roof collapsed, the remaining walls, debris, and ground may have formed a corner reflector and hence triggered a strong double-bounce effects and an overall increased backscattering intensity (Figure 5(c-2)) [53,54]. Therefore, the damaged and nondamaged buildings can be identified by using the SAR backscattering intensity change detection. In this study, the simple but robust SAR log ratio of intensity was implemented for this purpose.



When two SAR images are obtained before and after the event, the log ratio of intensity is calculated as:


   I  r a t i o   = 10 l o  g  10    (     I N     I  N + 1      )   



(1)




where    I N      is the pre-event SAR intensity and    I  N + 1     is the post-event SAR intensity image. The damage detection using the log ratio value is based on the hypothesis that the disaster event, such as an earthquake/explosion, changes the backscattering characteristics of the target area. Depending on the backscattering property of the object and its changes before and after the disaster (e.g., earthquake, tsunamis, and anthropogenic causes such as war), the log ratio can be either positive or negative [42,43]. An increase on backscatter may occur (negative log ratio value) on a low story damaged building (Figure 5(c-2)), while a reduced backscatter (positive log ratio value) may occur on a High-rise building, where the damage is concentrated to their sidewalls and lower stories or collapsed [50]. The phenomenon is also evident in congested building areas [15]. The log ratio can either be calculated with the band math or the change detection tool in SNAP 8.0 software.



The log ratio was initially calculated on the Ascending VH polarization images with initial threshold values −1 and +1 to test the efficacy of the method. Each pixel in the SAR intensity change raster was classified as damaged if the log ratio value was either less than or equal to −1 or greater than or equal to +1. To determine an optimal threshold value, we selected an area of interest (AOI) which contains 54 (32 intact and 22 damaged) buildings from the WV-2 image (orange box in Figure 2). Then, we calculated the precision, recall, and F1 score under different threshold values for VH log ratio image. Precision is defined as the true positive divided by all that was classified as positive (Equation (2)). Recall is defined as the true positive divided by all actual positive class (Equation (3)). F1 score is the harmonic average of Precision and Recall (Equation (3)) [55]. Optimal thresholds were then determined by seeking the threshold that gives the highest F1 score. The selected threshold values were −0.6 and 0.9 for the VH log ratio. The same process was applied to the Ascending VV, and Descending VH/VV polarization images. The selected thresholds were (−0.7, 0.9) for the Ascending VV, (−0.8, 1) and (−0.65, 0.9) for the Descending VH and VV polarizations (Table 2). Furthermore, the selected thresholds were applied to the whole study area with a mask for the built-up areas using either OSM or the Global built-up layers, respectively. The final classification results are further discussed in Section 4.


  P r e c i s i o n =   T P    (  T P + F P  )     
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  F 1   s c o r e =   2   P r e c i s i o n   ·   R e c a l l   P r e c i s i o n + R e c a l l      



(4)




where TP, TN, FP, and FN are the true positive, true negative, false positive, and false negative, respectively.




3.3. Optical Texture Analysis


“Texture” in optical image describes the spatial variation of the brightness intensity of the neighboring pixels, and it provides information that is independent of spectral reflectance values [56]. One of the widely used statistical technique for texture analysis is the Haralick’s Gray Level Co-occurrence Matrix (GLCM) [44]. It is a second-order matrix that shows the number of relationship occurrences between a pixel and its specified neighbor. The GLCM texture features have been proven to be successful in building damage detection [45,46,47]. In this study, the GLCM Mean was chosen as a texture index for differentiating a damaged building from an undamaged building. The GLCM Mean is a useful feature that may contribute to distinguishing individual class signatures for landscape classification, especially in building damage classification [21]. It is an interior texture, which is defined as a metric yielding high values for a neighborhood that contains few coherent edges but has many subtle and irregular variations [56]. We computed the statistics with a window size of 3 × 3 using the co-occurrence measuring tool available in ENVI software (release 5.6.1). First, the average of the pre-event images taken on 28 March 2021, and 2 January 2022, was calculated to create a singular pre-event texture image. Then, the texture difference between the newly generated pre-event and the post-event texture was computed. The identical procedure used for the SAR intensity was performed to select the optimal threshold value for the texture difference analysis. The selected threshold value was 0.4; each pixel in the texture change raster was classified as damaged if the pixel value was smaller than the threshold value. Figure 6 shows the texture difference and the corresponding post-event optical images. The results showed that GLCM Mean has the potential of distinguishing damaged buildings from undamaged buildings (Figure 6). However, the brightness changes on other non-building objects on the optical images may also be misinterpreted as building change and may be misclassified as damaged (Figure 6d).





4. Results


4.1. Damage Assessment Using Sentinel-1


The damage assessment result from the Sentinel-1 intensity analysis is shown in Figure 7 for the entire area. Prior to the use of built-up mask, the log ratio of intensity result shows an area of significant flooding along the Irpin River in the northwestern part of the study region (Figure 7a). Even though the flooding can be considered an indirect effect of the war because of the circumstances surrounding the flood [57] and it may have caused certain damages to the affected area, we omitted the analysis of the flooded region as we are primarily assessing building/infrastructure damages related to the direct effects of the war. We selected four representative locations that match the high-resolution WorldView images to perform a visual assessment. In each of the four areas, we compare the results using the OSM mask versus using the WSF built-up layer mask. The log ratio of intensity result shows good match with the reference WorldView images. Per our assessment, the damaged buildings are shown to be concentrated mainly in the northwestern part of Kyiv Oblast, most notably in the regions of Irpin, Bucha and Hostomel, which confirms the deliberate plan by Russian intelligence to encircle and capture Kyiv, the capital city of Ukraine. Using the augmented OSM polygons, the damaged building statistics calculated with the ArcGIS Desktop software (version 10.8.1) showed the detected building areas ranged between 85 m2 and 74,156 m2. Most of the buildings detected by the SAR intensity analysis are medium to large-scale buildings (e.g., multi-story apartment towers, government facilities, supermarkets, warehouse, and crop storage facilities). The damaged residential buildings that are surrounded by vegetation or are of smaller scale, like one-story houses, were not well detected by SAR analysis regardless of the mask used. This may be related to the medium spatial resolution of Sentinel-1 and limited penetration ability of C-band SAR sensor and the disruption from the vegetation change. Yet, although per our analysis, the high-rise buildings (shown in Figure 7e) were detected as being damaged, our visual assessment of the regions using the WorldView imagery did not corroborate this finding. This may be the result of backscattering change of the high-rise buildings on the SAR images induced by differing incidence angle or the dielectric property of SAR image at the time of acquisition (February and April). Furthermore, compared to the OSM mask result, the WSF mask showed more false positives as it classifies large continuous areas as built-up whereas OSM provides single scale building polygons. On the other hand, the incomplete building footprint from the OSM data excluded certain medium to small scale damaged buildings that were retained by the WSF mask results (Figure 7b–d).




4.2. Damage Assessment Using Sentinel-2


The damage assessment result from the Sentinel-2 texture analysis is summarized in Figure 8. The texture analysis was able to detect the same flooded area along the Irpin River as the SAR intensity analysis (Figure 7a). However, the extent of the flooded region in this analysis is smaller than the SAR intensity flooded region. We selected four representative areas, three in the northwestern region of the study area (Figure 8b–d), which is the same location referenced in Section 4.1, and one in the southern region (Figure 8e) that matches the high-resolution WorldView images. In each of the four areas, we compare the results using the OSM mask versus using the WSF built-up layer mask. The effects of using the OSM and WSF building mask are less significant than applying it to the SAR intensity analysis, indicating that there are fewer false positives in unmasked damage labels. The comparison results with the high-resolution WorldView images showed that damages on the large buildings with clear boundaries were mainly detected by the Sentinel-2 texture analysis (Figure 8b–d). However, as shown in Figure 10, buildings with dark roofs were not detected as damaged buildings. This may be related to the fact that the brightness intensity of the damaged building for the pre- and post-event optical images are similar (lower on both images). Moreover, those smaller damaged buildings which do not have distinct texture features compared to their surroundings were also not captured in the texture analysis (Figure 8c). Furthermore, the changes in intensity values of bright objects, that represent either bare ground (Figure 6d) or tall structures that show different reflectance at different times (Figure 8e) were misclassified as damaged buildings. Overall, the texture difference highlighted mostly large, damaged buildings with fewer false positives.




4.3. Quantitative Comparison between the UNOSAT Damage Assesment and Sentinel-1 Intensity Results


Figure 9 is the comparison of the Sentinel-1 SAR intensity-based results with the UNOSAT building damage assessment report for Bucha. The UNOSAT damage assessment was performed visually on WorldView images on the region of interest- UNOSAT-BuchaGrid. Most buildings in the region are small to medium scale. Their results show (Table 3) 145 damaged buildings with an average building area of 867 m2; the smallest building area is 149 m2 (destroyed), and the largest one measures 1280 m2 (severe damage). As the Sentinel-2 texture results only highlighted large-scaled damaged buildings, the quantitative validation was carried out on the Sentinel-1 intensity results. The OSM building footprint was used to locate the UNOSAT damaged (point-based labels) buildings with a result of 45 building labels that fell in a OSM building footprint. For the remaining 100 buildings without an OSM building footprint, we created footprints by visually comparing them with the WorldView image acquired on 28 February 2022. Because our augmented OSM footprint focused on the buildings with UNOSAT labels, we are only able to quantify the true positive rate. The False positives, True negatives, and False negatives will be biased due to the incomplete nature of the OSM footprint layer.



The UNOSAT damage labels included four labels: destroyed, severe damage, moderate damage and possible damage. Including all four classes as a single damaged class, the comparison of SAR intensity-based results with the UNOSAT report showed that 58% of the damaged buildings (84 out of 145 buildings) were correctly classified. The comparison of UNOSAT building damage levels showed that severe damage class had the highest match with an accuracy of 64%, while the possible damage and destroyed class had the lowest match with a 50 and 47% accuracy, respectively. The lower accuracy rates may be a combination of the applied method and the medium resolution of the imagery. A majority of the destroyed class were small buildings with an average area of 149 m2, which may be difficult to detect as a result of the image resolution: 10 m. If we ignore all buildings with building footprints less than 300 m2, the True positive rate increases from 58% to 76%. The SAR intensity change results more favorably highlighted the significant backscatter changes (severe damage) paired with larger building footprints than the small changes (moderate and possibly damage). This is also consistent with the previous research results that it is challenging to detect lower damage grades from the medium resolution images [3,21,51]. Additionally, there were 23 damaged buildings, as shown by the green polygons in Figure 9, that were detected by the SAR intensity analysis, but were not included in the UNOSAT damage assessment report. From inspection, we expect that some of these false positives may be true positives because of missing labels in the UNOSAT dataset. The missing labels may be the result of the different dates between the image used by UNOSAT to assess the damage (31 March) and the SAR images used in this study (5/8 April).





5. Discussion


Our study investigated the potential use of Sentinel-1 SAR and Sentinel-2 optical images for damage assessment in the region of Kyiv, Ukraine. Optical and SAR imagery have their own advantages with respect to damage recognition capabilities and outputs. Which data type contributes more to damage classification is debatable because it is influenced by many elements, such as data availability and quality, satellite acquisition parameters, and geo-environmental characteristics of specific areas. Our comparison results showed that the SAR intensity-based analysis showed small to large scale damaged buildings, while optical texture-based analysis mainly showed the large-scale damaged buildings. Our comparison also demonstrates that roof color can influence the accuracy of the optical texture-based analysis as shown in Figure 10, where both white and dark roof damaged buildings were identified by the SAR intensity analysis, whereas only the white roof damaged building was identified by the optical texture analysis. Texture in optical images describes the spatial variation of the brightness intensity of the neighboring pixels, thus the brightness intensity of the dark roof building and surrounding areas shows lower brightness intensity, and the change is not significant on both pre- and post-event optical images. Previous researchers also found that the damage classification accuracy would be compromised when the roof materials are diverse [21]. Further research is needed to evaluate their performance in different areas, especially because there are contradictory research results. Like our findings, Adriano et al. [22] concluded that SAR-derived features for mapping damaged buildings following the Sulawesi earthquake and tsunami sequence in Indonesia performed better than the optical-derived features in their analysis. However, Putri et al. [21] found that Sentinel-2 performed better than Sentinel-1 in classifying damaged buildings following the 2018 Lombok Earthquake. Lubin and Saleem mapped the destruction of Aleppo during the Syrian Civil War using the GLCM matrices extracted from Landsat imagery only and were successful in detecting damaged buildings [47].



Changes in SAR backscattering intensity and coherence have been widely used by researchers for building damage mapping. The coherence information is more sensitive to minor ground changes than intensity information [51]. One of the successful methods developed by NASA’s Advanced Rapid Imaging and Analysis (ARIA) project uses coherence information to produce damage proxy maps in urban areas following natural hazards [16,58]. We initially explored the use of SAR coherence differencing for detecting damaged buildings, but the results were unsatisfactory as they mostly highlighted changes in soil moisture (flooded areas) and vegetation (seasonal) status. Therefore, we reconsidered our initial approach and focused on the SAR intensity analysis. Other researchers have also exploited the combination of SAR coherence with intensity and polarization to detect damaged buildings [59,60]. It is commonly acknowledged that due to speckle effects, single-pixel damage classification from the medium resolution SAR images leads to unsatisfactory results. Satisfying results may be achieved if the damage is assessed at a block level [21], whereas detailed single-building scale damage mapping can be achieved with the use of high-resolution SAR images (e.g., TerraSAR-X and COSMO-SkyMed) [61]. However, larger damaged buildings can be detectable by medium resolution satellite images at building scale.



Our results also highlight that it is necessary to use ancillary data to suppress changes from other features and landcover types not related to urban areas. The freely available OSM building footprints have been widely used by researchers. It is important to note that the OSM data may not be complete (especially in developing countries) or not well aligned with the imagery of analysis. Therefore, researchers can choose to use either original, moved, or buffered building footprint areas to detect the damaged buildings [62,63] or augment existing OSM building footprints with additional digitization of building footprints. In this study, we applied the original building footprint to mask building areas and augmented the OSM building footprints in the UNOSAT surveyed area. As shown in Figure 11, we noticed (during the validation with high resolution optical image) that the building footprint was incomplete and lead to the exclusion of certain damaged buildings in the result. A visual assessment of the area by two experts referencing the pre- and post-WorldView images showed 122 damaged buildings. We tested the WSF built-up layer to use as a mask and we were able to assess more damaged buildings (77), some of which were excluded by the OSM building mask (39). Considering the amount of superfluous land cover types excluded by the masks, both layers provide useful building information (e.g., location and geometry) that can accelerate the data processing in disaster response situations. However, improvements can be made to increase the number of buildings provided in each of the original datasets.




6. Conclusions


In this study, we leveraged public access to Sentinel-1 and Sentinel-2 data to perform a damage assessment of the regions around Kyiv, the capital city of Ukraine at the onset of the war of 2022. We employed a log ratio of intensity algorithm on SAR Sentinel-1 imagery and the GLCM mean texture analysis on optical Sentinel-2 data to primarily detect damaged buildings. The intensity analysis revealed that most damaged buildings are concentrated in the northwestern part of Kyiv Oblast, especially in the cities of Bucha, Irpin, and Hostomel. In a small region with UNOSAT visually verified damaged buildings, our analysis detected 58% of the damaged buildings reported by UNOSAT across all labels. The severe damage label had the highest accuracy at 64%. If we only evaluate buildings with footprints larger than 300 m2, the accuracy increases to 76% across all labels.



The qualitative comparison with the WorldView image using OSM and WSF masks highlighted building damage and reduced the false positives in regions of vegetation. The incomplete nature of the OSM building footprints lead to the exclusion of certain damaged buildings. The WSF mask is less accurate in terms of building footprints but has better coverage of buildings across a region and is therefore preferred when the OSM is incomplete. The texture analysis was less accurate for identifying building damage, especially small buildings, but accurately identified large, damaged buildings, and resulted in fewer false positives. In the future, we will extend the framework to detect other war related damages, such as damages to agricultural sectors, and road/infrastructure non-building damages.
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Figure 1. Location of the study area and footprints of the Sentinel-1 and Sentinel-2 images. 
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Figure 2. UNOSAT damage assessment map of Bucha city. The background image is from Sentinel-2 acquired on 2 January 2022. The red rectangular box denotes the area shown in Figure 3, and the orange rectangular box shows the AOI for threshold selection. 
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Figure 3. The comparison of (a) OSM building footprint with the (b) ESRI land use/land cover, (c) GHSL, (d) WSF, and (e) ESA WorldCover map. The location of the area is shown in Figure 2. 
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Figure 4. The processing workflow for building damage mapping using Sentinel-1 and Sentinel-2 images. Note: dif, AOI, and Tr refer to the difference, selected area for threshold determination, and threshold. 
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Figure 5. Schematic diagram of backscatter intensity from (a) intact buildings (b) destroyed buildings, and (c) partially damaged buildings in synthetic aperture radar (SAR) images; (a-1,a-2,b-1,b-2,c-1,c-2) are pre-and post-event Sentinel-1 images (19 February 2022 & 8 April 2022); (a-3,b-3,c-3) are corresponding WorldView images (25 & 31 March 2022). 
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Figure 6. The GLCM texture difference and the corresponding optical images. (a–d) are selected examples that have significant texture changes, and those locations are shown on the WorldView-2 image. 
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Figure 7. Comparison of Sentinel-1 damaged building results using two different masks (OSM&WSF). (a) shows the SAR intensity-based results for the entire area. The locations (b–e) were selected as representative areas for comparison with the high-resolution WorldView image. The columns from left to right indicate the WorldView image (31 March 2022), OSM and WSF mask results of the damaged buildings. The scale shown in (b) is the same for (c–e). 
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Figure 8. The result of Sentinel-2 texture-based analysis for study region (a). (b–e) are comparison of Sentinel-2 damaged building results using two different masks (OSM&WSF). The locations (b–e) are referenced in (a) and were selected as representative areas for comparison with the high-resolution WorldView image. The columns from left to right indicate the WorldView image (25 March 2022 & 31 March 2022), OSM and WSF mask results of the damaged buildings. The scale shown in (b) is the same for (c–e). 
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Figure 9. The comparison of the Sentinel-1 SAR intensity-based results with the UNOSAT’s building damage assessment report. 
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Figure 10. The Sentinel-1 SAR intensity versus Sentinel-2 texture (c,d) and the corresponding WorldView imagery taken on 28 February 2022, and 9 May 2022 (a,b). The blue polygons are the OSM building footprints overlaid on the images for better comparison. 
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Figure 11. WSF VS OSM building footprint mask on the SAR intensity results. (a,b) are pre- and post-event WorldView images taken on 28 February 2022 and 31 March 2022; (c–e) are the results after applying OSM and WSF building mask, and without mask. 
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Table 1. Description of satellite images used in this study.
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	Sensor (Mode)
	Acquisition Date
	Bands/Polarization
	Relative Orbit Number
	Incidence/Sun Azimuth
	Resolution





	Sentinel-1 (Desc *)
	16 February & 5 April 2022
	VV and VH
	36
	30.16°
	5 × 20 m



	Sentinel-1 (Asc *)
	19 February & 8 April 2022
	VV and VH
	87
	30.15°
	



	Sentinel-2
	2 January & 7 April 2022

28 March 2021
	b2-b8A and b11,12
	07
	166.8°
	10/20 m



	WorldView-2
	28 February & 25 March 2022
	Red, green, and blue
	…
	154.7°
	0.5 m



	WorldView-3
	31 March & 9 May 2022
	Red, green, and blue
	…
	157.7°
	0.3 m







* Desc refers to the Descending orbit, Asc refers to the Ascending orbit.













[image: Table] 





Table 2. The results of precision, recall, and F1 for the chosen thresholds in the AOI.
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	TP
	TN
	FP
	FN
	Precision
	Recall
	F1





	Ascending VH
	16
	23
	9
	6
	64
	73
	68



	Ascending VV
	15
	21
	11
	7
	58
	68
	63



	Descending VH
	17
	22
	10
	5
	63
	77
	69



	Descending VV
	16
	20
	12
	6
	57
	73
	64



	S2 Texture
	13
	30
	2
	8
	87
	62
	72
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Table 3. The statistics of UNOSAT damage levels and SAR intensity-based damaged buildings.
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	Destroyed
	Severe Damage
	Moderate Damage
	Possible Damage
	Total





	UNOSAT
	19
	72
	26
	28
	145



	Average area m2
	149
	1280
	708
	441
	867



	SAR damaged
	9
	46
	15
	14
	84



	Percentage %
	47
	64
	58
	50
	58
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