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The EEFIT Remote Sensing Reconnaissance Mission
for the February 2023 Turkey Earthquakes
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Marzia Cescon , Member, IEEE, Yasemin D. Aktas, and Emily So

Abstract—Accurate and rapid postearthquake structural dam-
age assessment is of vital importance for humanitarian relief. Re-
mote sensing techniques have the potential to map large areas with
reduced data latency but are limited by several factors, including
accuracy (compared to in-situ monitoring campaigns) and data
acquisition frequency. Current damage assessment techniques re-
lying on remote sensing data enable rapid assessment in situations
where on-site reconnaissance is not possible or desirable. Yet, these
techniques rely on different scales, measurement methods, and
spatial resolutions, making it difficult to assimilate many different
damage products in a homogeneous damage map. Here, we present
the results of the U.K.’s Earthquake Engineering Field Investiga-
tion Team’s remote-sensing-based reconnaissance mission, which
was carried out in the aftermath of the series of earthquakes that
struck Turkey and Syria in February 2023. We use a set of publicly
available damage maps based on synthetic aperture radar, optical
imaging, and ground-based reports as well as in-house developed
damage products and assess their relative accuracies. We describe
the process of supporting on-site reconnaissance planning by creat-
ing maps that describe the building stock and diversity of damage
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in southeast Turkey to assist field survey teams in selecting regions
that represent a diverse sample of building typologies and damage
levels. Our results show that satellite-based remote sensing dam-
age maps disagree with each other, and extensive validation data
are still required to characterize the accuracy of each method at
both high and medium resolution. Finally, we provide recommen-
dations for planning and validation of future earthquake response
efforts.

Index Terms—Damage assessment, earthquake, remote sensing,
Turkey.

I. INTRODUCTION

ON 6 February 2023, two powerful earthquakes of Mw 7.8
and 7.5 struck a wide region in southeastern Türkiye and

northern Syria, killing over 55 000 people with a very destructive
impact on the built environment. The postdisaster engineering
community responded promptly, including the U.K.’s Earth-
quake Engineering Field Investigation Team (EEFIT), which
assembled a team comprising individuals from academic and
industrial backgrounds from across the globe [1], [2]. The team
organized itself into several working groups, including remote
sensing, which was characterized by two main goals: 1) assisting
the ground-based teams in selecting the most relevant areas of
interest (AOIs) to conduct field surveys and 2) developing a
replicable framework to identify, apply, and validate suitable
remote sensing approaches, methodologies, and datasets to as-
sist postearthquake reconnaissance missions [2]. We adopted a
hybrid approach where selected team members provide support
remotely, while a smaller group travels to the affected area [3].

Hybrid missions gained their popularity during the
COVID-19 pandemic as a response to the disruption in in-
ternational travel, which posed challenges to the disaster risk
resilience community [3], [4], [5]. Along with other alternative
data sources, such as digital photography, GPS positioning,
the internet, mobile phone networks, high-resolution satellite
reconnaissance, social media, and crowdsourcing platforms [6],
[7], [8], [9], [10], remote sensing is now a central part of
hybrid reconnaissance missions, confirming the viability of the
available technology and datasets to effectively support earth-
quake field missions. While the development of remote sensing
methods, especially those based on optical and radar imagery,
does not reduce the value of close-range damage mapping from
field operators [11], timely and accurate remote sensing data
analysis allows teams to organize field operations with the
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Fig. 1. Strategy employed in the remote mission to provide actionable data
to make informed recommendations to ground-based survey teams. Field sur-
vey locations were determined using data sources representing three themes:
geographic units, urban fabric, and damage diversity.

support of a continuous stream of remote sensing products [12].
As an example, building-by-building damage mapping driven
by remote sensing datasets has been an important component of
some reconnaissance missions aimed at assessing damage and
empirical relationships for loss estimation [11], [13], [14]. State-
of-the-art remote sensing technology has begun to contribute to
earthquake damage mapping, making early assessments possible
and shaping the structure and content of reconnaissance missions
in terms of event characterization and damage assessment [6].

In this article, we aim to assess the suitability of remote sens-
ing products in generating damage assessments using currently
available satellite constellations for postdisaster evaluation. The
rest of this article is organized as follows. In Section II, we
describe the data used in this article, while Section III presents
the remote-sensing-based approach developed for selecting po-
tential AOIs for the EEFIT group traveling to the regions affected
by the 2023 events. Section IV describes the intercomparison
between different damage mapping techniques and validations
with ground-based EEFIT data. Finally, Section V concludes
this article.

II. DATA

The main concern in the immediate aftermath of earthquakes
is to assist field teams in selecting AOIs for surveys. To this
end, we typically develop a repository of the most up-to-date
information from humanitarian reference data, satellite imagery,
and damage maps in order to inform this selection. Our approach
required collecting three types of data (Fig. 1). First, geographic
units (Section II-A) are required mainly to serve as the input for
zonal statistics, as well as for data visualization and aggregation.
Next, information on the urban fabric (Section II-B) is used to
characterize the distribution of building age, size, height, extent,
and density within cities. Last, damage proxy maps (DPMs)
(Sections II-C–II-E) can be used to assess the variance of damage
within each geographic unit. Ground-based validation datasets
are described in Section II-F. The datasets listed in Table I
represent those that were used during the EEFIT reconnaissance
mission to the February 2023 Türkiye earthquakes.

With the available satellite data sources, we generated syn-
thetic aperture radar (SAR) DPMs using the Argentinian L-Band
SAOCOM SAR satellite (Section II-D) [15], [16], artificial

intelligence (AI) damage maps over individual buildings using
very high resolution (VHR) SAR intensity images from Capella
Space (Section II-E) [14], and building height maps using a
deep-learning-based single-image height reconstruction from
VHR SAR Umbra Space data (Section II-G) [17].

A. Geographic Units

The Humanitarian Data Exchange [18] provides subna-
tional administrative boundaries for Türkiye. Level 1 bound-
aries encompass the largest area, usually representing national
provinces, while lower level boundaries represent smaller ad-
ministrative units. In order to aggregate all the available datasets
relating to the urban fabric (Section II-B) and earthquake damage
(Sections II-C, II-D, and II-F), we used the smallest boundary
level available for southwest Türkiye, Level 3. The average area
of the 8657 districts in the study area is 11.2 km2, with a median
of 7.2 km2 and standard deviation of 18.6 km2.

B. Urban Fabric

To obtain information on the built-up areas in the southeastern
provinces of Türkiye affected by the February 2023 earthquakes,
we used the World Settlement Footprint three-diensional 3-D
(WSF 3-D) from the German Aerospace Center (DLR), which
provides global raster data of urban areas at 90-m resolution,
within each pixel [19]. There are four datasets, representing the
total area, height, volume, and fraction of buildings within each
pixel. As building codes change over time, it is important to
understand where structures that predate existing seismic codes
are located. To this end, we employed the WSF evolution dataset
[20], which depicts the physical extent of settlements every year
from 1985 to 2015 at 30-m resolution. We downloaded the WSF
3-D and evolution images as 1°× 1° GeoTiff tiles over southeast
Türkiye. We also made use of a database comprising 4.8 million
building footprints in Türkiye, created by the Humanitarian
OpenStreetMap Team (HOT), and provided by the Humanitarian
Data Exchange [21].

C. Optical Damage Maps From CEMS and Microsoft

Rapid response products created from VHR (<1-m reso-
lution) optical satellite images for humanitarian purposes are
freely provided by Copernicus Emergency Management Service
(CEMS). We downloaded all 37 damage grading products from
activation EMSR648 [22], which mapped 20 cities in southeast
Türkiye near the earthquake epicenter using imagery sourced
from Pléiades WorldView-2 and ESRI World Imagery. The
postevent images were acquired for the period of 7–9 February
2023. These maps consist of 49 116 points corresponding either
to buildings or to city blocks, labeled according to damage
grade. The building damage was manually assessed through
photointerpretation of the optical imagery. CEMS modified the
EMS-98 scale [23] to account for the limitations of remotely
sensed imagery and rapid assessment, resulting in the categories
“no visible damage,” “possibly damaged,” “damaged,” and “de-
stroyed” [24], [25].
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TABLE I
ALL DATASETS USED FOR THIS ARTICLE

Immediately after the earthquake, a team led by the Microsoft
AI for Good Lab applied AI techniques to detect damaged build-
ings [26]. Using imagery from 7–9 February 2023, sourced from
Planet Labs and Maxar Technologies at spatial resolutions of 50
and 30 cm, respectively, a convolutional neural network (CNN)
was used to classify the imagery as part of a damaged building,
part of an undamaged building, or neither. Then, the percentage
of damaged area within each damaged building footprint was
calculated.

D. InSAR Damage Proxy Maps

Interferometric synthetic aperture radar (InSAR) coherence
measures phase quality between a pair of images, derived from
the complex values of corresponding pixels [27], [28]. The
coherence between two acquisitions in an urban environment
is expected to be high unless there is an abrupt change, such

as structural damage. If the provided InSAR pairs are char-
acterized by similar temporal baseline, a coseismic pair of
images (one acquired before and one after the earthquake)
will have a lower coherence than a preseismic or postseismic
pair [15]. Positive values in the DPM depict damaged areas,
with higher values indicating more significant damage. Negative
values are mostly due to temporal decorrelation, and not earth-
quake damage, and therefore cannot be interpreted as damaged
areas.

We acquired a DPM produced by the Advanced Rapid Imag-
ing and Analysis (ARIA) team at NASA’s Jet Propulsion Labora-
tory and California Institute of Technology in Southern Califor-
nia. The map was produced using 30-m resolution C-band SAR
images from Sentinel-1 satellites, operated by the European
Space Agency. The postevent images were taken for 10 February
2023, and pre-event images were taken for a time window
between 19 September and 29 January 2022 [29].
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In addition to the ARIA DPM, we created a 7-m resolu-
tion DPM using the Argentinian spaceborne L-band polari-
metric SAR satellite mission, SAOCOM. Comisión Nacional
de Actividades Espaciales (CONAE) launched SAOCOM-1A
and SAOCOM-1B on 07 October 2018 and 30 August 2020,
respectively [30]. Three single look complex HH-polarized de-
scending images, covering an area near Islahiye and acquired for
11-07-2022, 20-02-2023, and 28-02-2023, were used to create
InSAR coherence-based DPMs according to the procedure and
processing parameters described in [15]. The coseismic and
postseismic pairs are most comparable when they have the same
temporal baseline since all temporal decorrelation effects will
be similar. For the SAOCOM acquisitions, this was not the case,
as the temporal baselines differ. We discuss the implications of
this in Section V.

E. SAR-Intensity-Based Damage Maps

We utilized a machine-learning approach to identify damage
at the building level using postevent VHR Capella Space SAR
imagery [14]. A random forest (RF) classifier was used to clas-
sify buildings as collapsed or standing. Ten GLCM textural fea-
tures [31], namely contrast, dissimilarity, homogeneity, angular
second moment, energy, maximum probability, entropy, mean,
variance, and correlation, were extracted from the VHR Capella
SAR amplitude data. Using the SAR images and derived textural
features, as well as building footprints from the Microsoft Global
ML Building Footprints program [32], training was performed
in three steps: standard supervised learning for each case study,
combined learning across case studies, and generalization test-
ing. Building damage labels used for training were obtained by
CEMS and HOT.

F. Ground-Based Damage Maps From the Turkish Ministry of
Environment, Urbanization and Climate Change (CSB) and
EEFIT

We also used damage maps developed using the official
damage data released by the Turkish Ministry of Environment,
Urbanization and Climate Change—Çevre, Şehircilik ve İklim
Değişikliği Bakanlığı (CSB) in Turkish—from their large-scale
damage assessment campaign. These data were processed by
Gece Yazılım and visualized by Yer Çizenler [33]. The data
released via the CSB web portal, based on the addresses of each
damage-assessed building, provide a damage class for around
1.3 million buildings across the 11 provinces that were impacted
by the February 2023 earthquakes. The damage classes are as
follows: “slightly damaged,” “moderately damaged,” “heavily
damaged,” “needs demolition,” and “collapsed.” The damage
data on the CSB website were updated several times over around
a month following the earthquakes, with either new data from
the ongoing damage assessment exercise, or from changes to the
associated damage class to individual buildings (presumably as
a result of reassessment upon objections by the residents). While
we cannot be certain of the extent of these amendments due to
the lack of an aggregated dataset, the damage map produced by
the efforts of Gece Yazılım and Yer Çizenler was last updated
on 20 February 2023, and is therefore not fully up to date. It

TABLE II
DAMAGE GRADES USED FOR EACH OF THE VALIDATION DATASETS

should also be noted that the CSB dataset has been observed
to have few moderately damaged cases, arguably due to the
protocols on which it is based, leading to damage assessment
outcomes skewed towards no/little damage and heavy damage
categories [2]. Therefore, we exclude the “moderately damaged”
class from our analysis (Table II).

The EEFIT team performed a field-based damage assessment
on 13–17 March 2023, using the Fulcrum and Device Magic
(DM) data collection mobile apps [1]. The survey was designed
to encompass a diverse spectrum of building structural systems
and damage types [2]. Damage grades were recorded according
to the EMS-98 scale from 1–5 [23]. Grade 1 represents damage
that is negligible to slight, 2 represents moderate damage, 3
represents substantial to heavy damage, 4 represents very heavy
damage, and 5 represents destruction. A “0” grade was added to
represent buildings with no damage. In addition to the damage
grade, photographs were taken at each building, and data on lat-
itude, longitude, detailed information on the primary structural
system and materials, function (e.g., residential, commercial,
public, etc.), and damage mechanisms were recorded.

G. SAR2Height Building Height Maps

We also employed the SAR2Height deep-learning architec-
ture to estimate building heights using VHR SAR imagery [17].
The technique uses a CNN, with the SAR image as the input to
the encoder and the output of the decoder being a map of heights
above ground, which is equal to a normalized digital surface
model. Residual blocks with skip connections, as in ResNet
[34], are used to build both the encoder and decoder, along
with pooling and unpooling operations. We used VHR SAR data
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Fig. 2. Visualization of the descriptive mapping pipeline, using the ARIA DPM as an example. Panel (a) shows the study region and extent of the Level 3 (L3)
administrative districts. Panel (b) displays the DPM within the AOI in southeast Türkiye, with provinces (Level 1 districts) labeled. Panel (c) shows the standard
deviation of the DPM within each L3 district. The red star indicates the location of panel (d), which consists of a zoomed-in view of the DPM standard deviation
map within the city of Osmaniye. OpenStreetMap building footprints are shown as black polygons. In panel (c), the L3 district boundaries are light grey, while in
panel (d), the same L3 district boundaries are white.

from the Umbra Space commercial microsatellite constellation
to create 1-m-resolution building height maps for each major
city in the affected region.

III. METHODOLOGY

A. Descriptive Mapping and City Target Selection

Once all the data sources were identified, we extracted de-
scriptive analytics of the affected earthquake region in southeast
Türkiye. Using zonal statistics, we described the urban fabric and
diversity of damage within the smallest level of administrative
boundaries available (Fig. 2). We characterized the nature of the
building stock primarily with DLR WSF data, providing insight
into the distribution of building age, size, and density [19], [20].
Furthermore, since only a small subset of the total building stock
can be surveyed by the field teams in the aftermath of a disaster
of this scale, it is important to measure areas characterized
by damage diversity where remote sensing techniques might
provide dissimilar results. Thus, areas where all buildings were

destroyed, or where all buildings were intact, were avoided, and
areas and districts with a certain level of variance in damage
were focused on.

We created an automated pipeline to calculate summary
statistics for quantitative datasets across southeast Türkiye.
Level 3 subnational administrative boundaries (Section II-A)
served to define zones, and the values were derived from zonal
statistics representing mean or standard deviation of datasets
describing the urban fabric (WSF 3-D and WSF Evolution) and
damage diversity (ARIA, SAOCOM, Microsoft, CEMS, and
CSB damage maps). While Fig. 2 depicts the zonal statistics
methodology, which was employed across the entire region for
every dataset relating to the urban fabric and building damage
(Sections II-B–II-F), Fig. 3 shows a subset of these data over the
administrative districts of Islahiye, where the largest number of
datasets overlapped. In Fig. 3, Panel A shows the location of
the administrative districts, Panels B–D show the mean values
of the WSF datasets within each zone, Panel E shows the
percentage of buildings that had already been assessed by ground
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Fig. 3. Descriptive maps for the city of İslahiye, the city where all datasets
overlap, displaying different statistics of each dataset within Level 3 administra-
tive boundaries. (a) Google satellite view of the city overlain with administrative
boundaries. (b) Mean fraction of buildings per pixel in the DLR WSF 3-D dataset.
(c) Mean height of buildings in the DLR WSF 3-D dataset. (d) Average age
of buildings per district, with dates classified according to changes in Turkish
building codes [2]. (e) Percentage of building stock in each district that was
assessed by the CSB data. (f–j) Standard deviation of DPM values or damage
grades for ARIA, SAOCOM, Microsoft, CEMS, and CSB.

teams in the CSB data, and Panels F–J describe the standard
deviation of each of the damage maps within the districts. At the
end of this process, we focused on urban areas characterized by
a variety of remotely sensed DPM damage levels and identified
the top 11 areas with the largest variance in damage (Fig. 4).
The EEFIT team then considered these areas within their visited
cities when orchestrating their field trip efforts for gathering
ground truths [2].

B. Cross-Comparison of Postdisaster Assessments

To obtain damage values that correspond in geographic loca-
tion between datasets, we performed pairwise sampling of data

Fig. 4. Normalized DPM standard deviation for each city, averaged across
the districts in each city. The microsoft DPM represents the percentage of
damaged area within a building footprint [26]. ARIA and SAOCOM derive
from coherence-based methods using SAR data [15], [29]. The CEMS damage
grade descriptions are available in Table II. Due to logistical considerations,
only Antakya, Kahramanmaras, Osmaniye, and Iskenderun were visited.

points between the damage maps described in Sections II-C,
II-D, and II-F. The maps varied in format, including vector data
(from points to polygons), as well as raster images (Table I).
Therefore, several sampling methods were employed: 1) sample
points within raster; 2) sample points within polygons; 3) sample
point to nearest point; and 4) sample polygon centroid in raster.
For instance, in method 1), a point labeled as “collapsed” in
the CSB data may have value of 0.8 at the corresponding pixel
location in the ARIA DPM. Method 2) is similar, but samples the
value within a polygon boundary, such as the Microsoft DPM. In
the case of 3), the nearest point was chosen, where points outside
a 10-m buffer were excluded to prevent misidentification. For 4),
the centroid is chosen to represent the whole polygon to avoid
edge effects from the raster being sampled. Some datasets, such
as SAOCOM and EEFIT, did not overlap in geographic coverage
and could not be compared.

C. Aligning Geographic Locations of Datasets Using Field
Photographs to Integrate for Cross-Analysis

We also examined locations where multiple datasets overlap.
Specifically, we tied these datasets to the Microsoft dataset,
which includes both building footprints and damage values, to
ensure that the same location was being measured. First, the
locations of the data points derived from the EEFIT survey were
manually verified, and associated with the building footprints,
which comprised several steps. The appearance of each building
was identified using photographs taken in the field and Google
Street View, and their geographic location was determined us-
ing MAXAR, Google, and Bing optical satellite imagery. The
most useful features for identification included roofs, windows,
building shape, and orientation, as well as nearby objects, such
as trees, signs, or flagpoles. We updated the metadata of the
Microsoft footprint that had the best fit to the optical view of the
building to include the damage grade from the EEFIT survey. In
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Fig. 5. Building collapse probability distributions for heights obtained from the SAR2Height [17] algorithm. Left: density histograms of mean heights within
OpenStreetMap building footprints, where standing (grey) and collapsed (purple) classes are displayed separately. Areas of overlap appear dark purple. The damage
grades considered as “standing” or “collapsed” for the CSB, CEMS, and EEFIT datasets are given in Table II. The number of buildings (n) included in each class
is provided. Right: Bayesian histograms generated from each pair of standing and collapsed distributions. The dark black lines represent the estimated collapse
probability for each bin. 98% confidence intervals are visualized as vertical grey bars for each bin.

Fig. 6. Locations of buildings surveyed by EEFIT from 13–17 March covering three provinces in Türkiye. The total number of surveyed buildings within each
Level 2 administrative boundary is indicated. The primary structural systems and function of the buildings for each province are visualized with pie charts.

total, 206 buildings were able to be manually identified. After
associating the EEFIT and Microsoft damage assessments in
this fashion, we found that, of all datasets we deployed for
the purpose of this article, only the CSB and ARIA DPM
significantly overlapped these same buildings. We identified all
CSB points that intersected the building footprints and took the

mean of the ARIA raster within each building footprint. The
result is a collection of photographically verified buildings that
intersect as many of the DPMs as possible. Given the different
scales and units of measurement of these four datasets (e.g.,
ordinal for CSB but ratio for Microsoft), we normalized all the
measurements to be between 0 and 1. Finally, for every building,
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Fig. 7. Cross-comparison of damage maps. Damage grades for the CEMS,
EEFIT, and CSB datasets are plotted on each x-axis. For each category on the
x-axis, the corresponding mean values for each of the damage maps are plotted
on the y-axis, with error bars representing ±1 standard deviation within each
damage grade.

we found the Euclidean distance between the normalized scores
for all datasets, using the scikit-learn library in Python [35].

D. Collapsed Building Detection Using Machine Learning

We use machine-learning RF models [14] to explore the bi-
nary classification of buildings into two classes: one representing
a standing building and another representing a “collapsed” or

Fig. 8. Pairwise Euclidean distances between normalized building damage
values for datasets that coincide within the same location.

“destroyed” building. The CEMS, CSB, and EEFIT datasets had
their damage grades redefined into “standing” and “collapsed”
classes, where only the highest damage grade represented col-
lapse, and all other grades represented a standing building
(Table II). In CEMS, the highest damage grade represents a
“destroyed” building, for CSB the highest grade represents
a “collapsed” building, and in the EEFIT survey the highest
grade represents “destruction.” We compared locations where
the random RF intersect the reclassified datasets, as well as
where the reclassified datasets intersect each other.

Furthermore, we investigated the ability of building height
maps obtained using CNNs from the SAR2Height algorithm
[17] to detect building collapse. Height maps derived from 29
Umbra Space VHR SAR images were cropped to building foot-
prints from OpenStreetMap [21]. We calculated the mean height
within each footprint and determined the binary class of damage
grades (Table II) that were found within each footprint. After-
word, each building footprint can be described by the average
height value as well as the collapsed/standing classification from
each of the CEMS, CSB, and EEFIT datasets (Fig. 5, left). We
used the distribution of collapsed buildings and the distribution
of standing buildings to create a probability distribution using
Bayesian inference. Using Bayesian histograms, the probability
of a rare event can be estimated [36]. We applied the method
in [36] to our histograms of standing and collapsed buildings,
to produce a distribution of building collapse probability for a
given height output from the SAR2Height algorithm (Fig. 5,
right). For the Bayesian histogram, an arbitrary, large number of
bins (i.e., 50) are created, then are iteratively pruned to remove
statistically insignificant bins. After that, the SAR2Height image
can be converted to a probability map by mapping the height of
each pixel into a probability based on the Bayesian histograms.

IV. RESULTS

The final recommendation for the field survey mission com-
prised six high-priority and five low-priority AOIs. Cities with
a higher variance within each DPM, and with a large difference
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Fig. 9. Comparison of binary classification (collapsed or standing). The
CEMS, CSB, and EEFIT data were converted into binary classes (Table II)
and compared to the Macchiarulo et al. [14] RF building classes, as well as
between each other, where possible.

Fig. 10. Probability map results using the Bayesian histogram method. The
scene is located in Antakya at 36° 12′ 24.24′′N, 36° 09′ 22.33′′E. (a) 30-cm
resolution MAXAR optical image acquired on 11 February 2023. (b) Umbra
SAR image acquired over the same area on 05 March 2023, at 30-cm resolution.
(c) SAR2Height [17] results for the Umbra SAR image. (d) Collapse probability
distribution, derived from Bayesian histogram for the CSB data (Fig. 5), was
mapped to the SAR2Height building heights and clipped to the OpenStreetMap
building footprints. (e) Mean probability for destroyed buildings. (f) Mean
probability for buildings that are not destroyed.

Fig. 11. Building with a damage grade of 4 on the EMS-98 scale in Antakya
with damaged sides. Panel A is a photograph from the 13–17 March 2024 survey.
Panel B is a MAXAR image on 8 February 2024 of the same building, with
building footprints from the Microsoft dataset [26]. The footprint of the building
is displayed in red. Despite being classified as “very heavy damage” in the field
survey, the AI-based damage assessment computed the damage as 0%.

between DPMs, were prioritized (Fig. 4). The high-priority
AOIs were located near the cities of Islahiye, Kahramanmaraş,
Nurdağı, Bahçe, Osmaniye, and İskenderun. Additionally, An-
takya was prioritized due to the close agreement of damage
variances across DPMs, which remained moderately elevated.
The low-priority AOIs of Adıyaman, Kilis, Malatya, Şanlıurfa,
and Gaziantep had a lower diversity of damage and building
characteristics but were proposed due to their proximity to the
high-priority targets for various EEFIT field subteams, including
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geotechnics, structural response, and recovery characteristics,
and therefore presented an opportunity to increase the data
volume if time permitted [2]. Based on these recommendations,
the field team of 15 members was deployed to the target areas on
13–17 March to perform detailed damage assessments (Fig. 6).
Due to logistical constraints (travel difficulties across a large area
exacerbated by infrastructure failures) and limited time available
for the field surveys, it was not possible to visit every region.
Regardless, 330 structures were surveyed by the field team as
a representative sample of heights, ages, damage grades, and
material.

In the paired analysis (Fig. 7), the various damage maps were
compared with categorical damage grades. As the CEMS data
were created by human labelers, and the CSB and EEFIT damage
grades derive from ground surveys, they may serve as validation
data. In each plot, the mean damage value for the y-axis data is
plotted for each category on the x-axis, with standard deviation
bars. The damage grades are given as integers, with larger in-
tegers representing higher degrees of damage. Good agreement
between the DPMs would be indicated with a linear trend, where
higher damage values in one dataset correspond to higher values
in the other. The best agreement was between CSB and CEMS
and between Microsoft and CEMS, with correlation coefficients
of 0.65 and 0.62, respectively. The correlation between ARIA
and CEMS was 0.31, correlation between Microsoft and CSB
was 0.29, and correlation between ARIA and CSB was 0.28. In
all other cases, the correlation coefficient between the datasets
is under 0.2.

For the 206 building locations verified by field photographs
(Section III-C), the Euclidean distance between normalized
scores was computed between all datasets. The distances are
presented in matrix form in Fig. 8. Each cell represents the
distance between the damage values of two datasets. Lower
distances indicated greater agreement. The ground-based as-
sessments have the lowest distance, while the greatest distance
is between the Microsoft and ARIA data.

Fig. 9 displays confusion matrices for the binary damage
maps created by the RF approach as well as with the CEMS,
CSB, and EEFIT damage records, wherever any two datasets
had significant geographic overlap. The RF method [14] had an
overall accuracy of 74.3% when compared to CEMS, and 58.7%
when compared to CSB. An accuracy of 96.1% was achieved
between the CSB and CEMS datasets. The EEFIT data did
not coincide with many CEMS points but had 76.5% accuracy
compared to CSB.

In Fig. 5, density histograms of AI-derived SAR2Height
[17] building heights are plotted for buildings that are stand-
ing, and those that are collapsed. The labels for the collapsed
and standing buildings are derived from the CSB, CEMS,
and EEFIT datasets. A Bayesian approach (Section III-D) is
used calculate probability of collapse for a given building height.
This probability distribution can be mapped to the SAR2Height
image within the building footprints. Fig. 10, Panel A, shows
a MAXAR image of an area in downtown Antakya where this
method was applied. Panel B displays the Umbra image that is
the input to the SAR2Height algorithm, while Panel C displays

the resulting height map. Then, each height pixel is mapped to
a probability using the Bayesian histogram for the CSB data
(Fig. 5, right) and clipped to the boundaries of the building
footprints from OpenStreetMap (Fig. 10, Panel D). Out of the
three histograms, CSB achieved the highest probability estimate
and thus was chosen to create the probability map. Fig. 10,
Panels E and F display the mean probability for buildings that
are labeled as destroyed and as not destroyed, respectively. The
destroyed building polygons are sourced from the HOT [37].

V. CONCLUSION

Our approach uses predefined geographic units, such as ad-
ministrative boundaries (Fig. 1), as a frame of reference to apply
summary statistics to a wide region, employing datasets with
widely variable resolutions and data formats (Table I, Figs. 2–3).
While such boundaries can provide a broad outline of the region
(Fig. 3), a city-by-city analysis in terms of variance of damage is
required for choosing the top AOI for ground-based survey teams
in a postdisaster reconnaissance study (Fig. 4). While our current
maps can effectively translate satellite remote sensing data into
actionable city-scale recommendations (Figs. 4 and 6), they do
not take into consideration logistics in the field. Road closures
or infrastructure failures due to the impact of an earthquake
and/or as a result of cascading hazards postearthquake, as in the
February 2023 Türkiye Earthquakes, are a particular concern,
which could influence the choice of an AOI if a given city is not
reachable by the ground-based team [2].

Interoperability between disparate data formats remains a
challenge for providing rapid and comprehensive postdisaster
assessment, regarding the damage to the built environment.
While we make a comparison of the values of damage maps
for the February 2023 earthquakes (Figs. 7–9), the variation of
characteristics between the damage maps in this article should
be emphasized. The units of measurement represent different
quantities (i.e., percent of roof damage vs. difference in in-
terferometric coherence) and are produced from sources with
differing radiometric and physical image formation principles
(i.e., SAR vs. electro-optical). The pixel spacing of DPM im-
ages considered here ranged from the order of 30 m to under
1 m. Vector data in point and polygon format may not directly
overlap, causing ambiguity in building locations and relative
geocoding errors. Additionally, ground-based surveys that use
GNSS receivers to record building locations can be affected
by multipath and nonline-of-sight errors [38], [39], potentially
leading to misidentification of buildings when compared to
building inventories.

Furthermore, remote sensing methods struggle to achieve
meaningful intermediary classifications of damage between
standing and collapsed (Fig. 7). Because optical satellites look
in the nadir direction, often only building rooftops are visible.
This can result in misclassification of the damage level if there
is significant structural damage at the sides of the building that
are not visible from above (Fig. 11). SAR has a side-looking
geometry and may be able to overcome this limitation, but how
to best leverage this attribute is currently underexplored. In
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addition, resolution at submeter (VHR) is required to acquire
information on building sides, often coming from commercial
satellites, meaning data availability is a major limiting factor.

The SAR-based DPMs created from Sentinel-1 (ARIA) and
SAOCOM had pixel spacing (30 and 7 m, respectively) that ren-
dered them unable to characterize damage at the building scale
(Fig. 7). When compared to the EEFIT data, the ARIA DPM was
not sensitive to changes in damage grades. The lowest values of
the ARIA DPM corresponded to the lowest CEMS class (no visi-
ble damage) and CSB class (slightly damaged), although in both
cases the difference is within the range of standard deviation. The
SAOCOM DPM does not show a trend in relation to the observed
damage grades with the CEMS or CSB data. This could be due
to the high temporal baseline between the coseismic SAOCOM
images, or the different temporal baseline between preseismic
and coseismic images, highlighting the importance of routine
global acquisitions when considering InSAR DPM products.
Additionally, even though the analysis was restricted to urban
areas using the Global Urban Footprint [40] to city boundaries,
urban vegetation may still cause temporal decorrelation, and
local topography can influence the value of the DPM [15]. This
suggests that SAR data at these resolutions are best for detecting
larger regions of collapsed or destroyed infrastructure, although
it is important to consider the limitations of the satellite repeat
period and temporal decorrelation.

The best correlation between datasets was between the Mi-
crosoft AI-based method and CEMS, both of which used optical
VHR data (Fig. 7). The CEMS data showed a similar level of
agreement with CSB. Even so, intermediate damage classes are
still within the range of the standard deviation bars, meaning the
trend is uncertain. Using the data that were manually verified
to co-occur at the same building using the field photographs
(Section III-C), the ground-based EEFIT and CSB damage
grades had the closest Euclidean distance between each other,
at 2.6 (Fig. 8), despite the underrepresentation of moderate
damage cases in the CSB dataset. Of all datasets we use in
this article, these are the only two obtained as a result of
in-person/field damage assessment, which may be argued to
contribute to this close agreement. This increases to a maximum
of 6.0 between Microsoft and ARIA, showing how damage
maps that use different data sources and analysis techniques
can provide drastically different assessments. All these results
also underscore the difficulty of reliably classifying intermediate
damage levels within different ground-based validation datasets
and with current remote sensing techniques, even with VHR
data. Additionally, there is variability among operators in how
they define intermediate classes (Table II).

Binary classification has typically been considered more suit-
able for remote sensing data [24], [41], because these data are
limited to an overhead view and often lack sufficient resolution.
Additionally, identification of collapsed structures is the most
urgent priority in rapid response scenarios. Therefore, we com-
pared collapsed and standing classes between the RF method,
and the existing CEMS, CSB, and EEFIT damage assessments
(Fig. 9). The highest damage grade of the latter three datasets
was given the “collapsed” class, while the remaining classes

were assigned “standing” (Table II). Of particular concern are
false negatives, since incorrectly classifying a collapsed building
as standing could delay emergency response and cost lives. The
RF approach [14] had a false negative rate (FNR) of just 3.7%
when compared to CEMS, and 23.0% when compared to CSB.
When compared to the CSB data, CEMS had an FNR of 50.3%. It
is promising to observe a low FNR with an automated approach
(RF) when compared to the labels from CEMS. However, this
is qualified by the fact that CEMS is derived from satellite data,
and the actual FNR of CEMS when compared to ground-based
CSB was higher, at 50.3%, even if the overall accuracy of CEMS
was high at 96.1%. In addition, although the underrepresentation
of moderate damage cases in the CSB data is a concern, this
is mitigated by only taking the highest damage grade as the
“collapsed” class. Overall, this highlights the possibility of the
published CSB map being preliminary (See Section II-F) or the
subjectivity inherent in damage assessment, even ground-based,
as manually generated labels can vary. Another issue is that
the definition of a “collapsed” and “destroyed” building can
be different between methodologies and may be subjectively
interpreted differently, depending on the size or height of a
building.

The SAR2Height map was proposed here for the first time
in an operational scenario for classifying collapsed buildings
where no LIDAR DEMs are available. The underlying idea is
that, with a minimal validation dataset distinguishing between
collapsed vs. standing buildings it is possible to characterize the
probability of collapse of a building using an existing Bayesian
framework, which has originally been used with SAR for flood
modeling [42], [43], [44], [45]. The EEFIT data were too sparse
to provide a probability map (Fig. 5). The CEMS data could not
provide a collapse probability higher than 12.7%, while the CSB
could not provide a probability higher than 13.7%. The CSB data
were able to achieve a larger number of significantly different
Bayesian histogram bins, likely due to the higher number of data
points. Since intermediate damage classes are not considered for
this probability map, the impact of the CSB data being biased
toward low damage and heavy damage classes may be atten-
uated. As yet, the Bayesian probability maps generated from
the SAR2Height building heights (Fig. 10) are not sufficient
for real-world scenarios. The maximum collapse probability
being under 14% represents a low-degree confidence in the
model predictions. Many destroyed buildings [Fig. 10(e)] were
characterized by low probabilities, while many nondestroyed
buildings had elevated probabilities, according to the model.
These results suggest that, as with all the discussed method-
ologies, high-quality validation data are necessary as building
height is not the only discriminant for identifying collapsed
buildings. Precise coregistration of the height map to building
footprints will be required to increase the accuracy of these
predictions, which is a particular issue for SAR data. Because
SAR is side-looking, building locations are often displaced
when compared to building footprint data [13], [46]. There-
fore, inaccurate alignment between the SAR data and footprints
will result in the conflation of ground pixels with building
pixels.
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Furthermore, while multisensor approaches based on radar
and optical observations could improve multiclass detection
[47], they inherently increase dataset codependency which might
increase the data latency of the final damage products. Smallsat
constellations, with the ability to direct the sensor to a particular
AOI, present a unique opportunity for rapid response scenar-
ios. Traditional satellite systems can only image an area after
a certain repeat interval (6 or 12 days for Sentinel-1, and 8
days for SAOCOM), meaning a postearthquake acquisition may
take several days. In addition to providing VHR data, Smallsat
missions can overcome this issue.

In conclusion, future earthquake response missions could ben-
efit from a harmonized approach between damage assessment
products. It will be necessary to further elucidate the relation-
ship between values obtained from the varied methodologies
for producing damage maps, allowing greater opportunities for
data fusion. Errors in data-position should be minimized, and
accurate building footprint data are necessary. Footprints may
need to be accurately coregistered, especially for SAR data.
Locations and timing of damage maps and validation data should
be as concurrent as possible to strengthen quality assurance
procedures.
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