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Abstract

Recent learning-based damage assessment methods using remote sensing data have greatly
contributed to the rapid identification and classification of damaged buildings from pre-
and post-disaster imagery. However, most outputs are provided in the form of final damage
labels or scores. To address this limitation, this study proposes an evidence-aware data
model for explainable post-disaster building damage assessment. The proposed model is
derived from a component-level roof-damage assessment workflow using optical imagery
and post-disaster surface-height data, and is designed to describe the observational evi-
dence, intermediate indices, and decision rules leading to a specific damage grade, as well
as its interpretation as a post-disaster change event. Based on the proposed logical data
model, a hybrid spatial–graph database was implemented to support both spatial retrieval
and the semantic explanation of damage assessment results. The proposed model was
evaluated through six competency questions derived from different damage assessment
requirements. The results confirmed that the proposed model can support component-level
retrieval of damage results, tracing of damage evidence and assessment rules, spatial visu-
alization of damaged building components, and integrated spatial–semantic explanation
for individual objects. The results provide a foundation for managing disaster damage
assessment processes and results as explainable and reusable structured data.

Keywords: evidence-aware data model; data modeling; post-disaster damage assessment;
hybrid database

1. Introduction
Post-disaster building damage assessment is a critical task for emergency response,

recovery planning, field inspection prioritization, and spatial database updating. Remote
sensing has long been used to support this task because satellite, aerial, unmanned aircraft
systems (UAS), synthetic aperture radar (SAR), light detection and ranging (LiDAR), and
elevation-derived data can provide rapid and spatially extensive observations of affected ar-
eas [1,2]. Earlier studies demonstrated the value of remote sensing for identifying collapsed
or damaged buildings after earthquakes and other disasters, while also noting limitations
related to data availability, viewing geometry, damage complexity, and interpretation
uncertainty [1,2].
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Recent developments have shifted the field from manual interpretation and object-
based analysis toward large-scale benchmark datasets and learning-based damage classifi-
cation. For example, xBD provided pre- and post-disaster satellite imagery with building
polygons and ordinal damage labels, enabling systematic training and the evaluation of
damage assessment models across multiple disaster types [3]. SpaceNet 8 further expanded
disaster-related remote sensing benchmarks by combining building, road, and flood-related
tasks [4]. More recent multimodal datasets have introduced optical and SAR imagery to
support damage assessment under more diverse observation conditions [5]. Along with
these datasets, convolutional neural networks, Siamese architectures, transformers, and
multi-view fusion models have improved the localization and classification of damaged
buildings from pre- and post-disaster imagery [6,7]. These studies have improved the
accuracy and scalability of damage mapping, but their outputs are commonly represented
as final labels, class probabilities, or damage scores.

While image-based learning methods provide powerful tools for rapid damage map-
ping, roof and structural damage are not always fully characterized by optical appearance
changes alone. Damage may involve height loss, roof-surface flattening, structural defor-
mation, debris accumulation, and the fragmentation of surface elements, which require
additional geometric or surface-related information for interpretation. UAS-based studies
have used very high-resolution oblique imagery, point clouds, object-based image analysis,
and semantic reasoning to capture detailed structural-damage patterns [8,9]. LiDAR- and
digital surface model (DSM)-based studies have used height, roof-area, volume, orientation,
and shape-related indicators to quantify building and roof damage after disasters [10].
These studies show that structural surface information can complement optical cues. How-
ever, the indicators, thresholds, and reasoning procedures used in such approaches are
often embedded in analysis scripts, raster products, vector attributes, or methodologi-
cal descriptions, rather than being formalized as reusable data objects linked to damage
assessment results.

Considering the need to support the sustained use of damage assessment processes
and outputs, it is increasingly important that damage assessment results derived from
multimodal datasets be managed not merely as final outputs, but as structured data
models and operational databases. This approach enables the integrated management of
various observational data and analytical results. In the disaster management domain,
comprehensive databases are required to accommodate disaster-specific information and
to satisfy the information requirements of different phases of disaster management [11]. In
this context, beyond damage-detection algorithms, previous studies have also attempted to
use remote sensing-derived damage information for geospatial database updating or to
structure disaster-related damage information using geospatial data models. Post-disaster
building database updating has been investigated by integrating pre-disaster building
records, such as OpenStreetMap data, with multi-temporal satellite observations [12].
This research demonstrates the importance of linking damage assessment outputs to
spatial database maintenance, but it primarily focuses on identifying changed or damaged
building records for updating, rather than representing the evidence, index, rule, and
change-inference logic underlying each update decision. In flood damage assessment,
BIM-GIS integration has been proposed to support the micro-level assessment and 3D
visualization of building damage by representing flood parameters, building components,
materials, utilities, and damage costs within a unified data model [13,14].

Existing standards for the semantic and geometric representation of spatial objects
can also support the systematic structuring of post-disaster damage assessment processes
and results. For example, CityGML application domain extensions (ADEs) have also been
used to extend generic 3D city models with domain-specific attributes and semantic in-
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formation [15,16]. Based on this mechanism, CityGML-based approaches have also been
developed to integrate multi-source urban flooding data and simulation results using
application domain extensions, thereby improving the data interoperability, semantic rep-
resentation, and 3D visualization for flood-related analysis [17,18]. In post-earthquake
applications, UAS-derived point clouds have been used to generate LOD3 CityGML build-
ing models and enrich individual building components, such as walls and roofs, with
seismic damage semantics [19]. These studies demonstrate that semantic geospatial data
models can improve the representation, visualization, and management of disaster-related
damage information. However, existing approaches remain focused mainly on database
updating, component representation, simulation-data integration, 3D visualization, or
damage grade attribution. In other words, they primarily represent updated records, sim-
ulation objects, or resulting damage states, rather than the process-oriented assessment
workflow through which those states are derived. Additionally, GeoSPARQL supports the
semantic representation and querying of spatial objects and their relationships [20], mak-
ing it useful for structuring the spatial context among urban objects in disaster scenarios.
Furthermore, existing provenance and observation standards provide relevant concepts for
structuring post-disaster damage assessment processes. PROV-O, a provenance ontology,
provides general concepts for tracing data provenance and derivation. It can be specialized
by defining new classes and properties to model provenance information for different
applications and domains [21]. The Semantic Sensor Network (SSN) ontology provides
a conceptual framework for modeling observations, procedures, and features of interest.
It is designed to support a wide range of applications and use cases, including satellite
imagery and large-scale scientific monitoring [22]. However, these standards are primarily
designed for general-purpose representations of provenance, observations, and spatial
objects, rather than for explicitly modeling domain-specific assessment decision processes.
Although their concepts can be extended or specialized for different domains, they do not
prescribe the sequence through which evidence derived from multi-source observations
is integrated, evaluated against assessment rules and conditions, and translated into final
damage assessment results. Accordingly, a more assessment-specific representation is
required to explicitly capture the decision process and underlying rationale associated with
post-disaster damage assessment outcomes.

More broadly, recent explainable AI and knowledge graph studies have empha-
sized the importance of interpretable decisions and relation-based information represen-
tation [23–25]. However, these general frameworks do not directly define the assessment-
specific entities and relationships required to explain how remote sensing observations are
converted into evidence records, summarized into continuous damage indices or indicators,
interpreted through assessment rules, and connected to damage results and inferred change
events. This limitation is particularly relevant to assessment traceability: a final label or
score alone does not preserve the supporting evidence, data-availability conditions, or rule
conditions associated with the result. In existing remote sensing-based damage assessment
workflows, such information is often distributed across raster products, vector attributes,
tabular outputs, thresholds, and analysis scripts. Therefore, an explicit evidence-aware data
model is still needed to connect observation-derived evidence, damage indices, assessment
rules, damage results, and change events within a single explainable and queryable work-
flow. Such data models are essential for ensuring the interpretability of damage assessment
results by incorporating semantic relationships among assessment information. They also
support inference by preserving structured assessment rules and intermediate information
derived during the assessment process. Furthermore, they provide a basis for operating
a standardized damage assessment framework by managing assessment results within a
structured database, rather than simply storing them as numerical values.
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To address this gap, this study proposes an evidence-aware data model for explainable
post-disaster building damage assessment. Explainability in this study does not refer to
explaining the internal mechanisms of the learned model. Instead, it refers to the traceability
of a damage assessment result through its supporting evidence and applied assessment rule.
The model is derived from a component-level roof-damage evidence assessment workflow
using optical imagery and post-disaster surface-height data as observational sources. In
the workflow, surface and optical evidence records are summarized into a continuous roof-
damage evidence index, which can then be interpreted through assessment rules to produce
damage results and inferred change events. The focus of this paper is not on proposing a
new damage index, but on formalizing the data objects and relationships required to store,
query, explain, and operationalize an evidence-based damage assessment workflow.

The proposed model addresses three requirements of post-disaster damage assess-
ment: explaining how damage results are derived, inferring change events from rule-based
results, and managing assessment outputs in an appropriate database structure. Although
the implementation in this paper focuses on hurricane-induced roof damage, the model is
designed to be extensible to other disaster types, evidence sources, damage indices, and
assessment rules at the schema level, rather than implying empirical validation across
multiple disaster types. To support these requirements, the model is implemented using
a hybrid spatial–graph database structure. Spatial geometries and component-level as-
sessment units are managed in a spatial database, whereas evidential, rule-based, and
inferential relationships are represented in a property graph database to support multi-hop
relation tracing. This structure enables spatial querying, object-level visualization, and
the relation-based explanation of the assessment process, thereby supporting traceable
verification and more reliable decision-making in post-disaster damage assessment.

The main contributions of this study are as follows. First, it formalizes an evidence-
aware data model that connects observation-derived evidence, damage indices, assessment
rules, damage results, and inferred change events. Rather than proposing a new general-
purpose provenance standard, the proposed model explicitly structures an evidence- and
rule-based assessment lineage for post-disaster damage assessment. Second, it demon-
strates a hybrid spatial–graph database implementation that combines spatial object man-
agement with multi-hop explanation tracing. Third, it evaluates the implemented model
through competency questions covering damage-result retrieval, evidence tracing, rule
reconstruction, severe-damage mapping, and hybrid spatial–graph querying.

2. Data Model for Explainable Disaster Assessment
2.1. Roof-Damage Evidence Assessment Workflow

The proposed data model was derived from a component-level roof-damage assess-
ment workflow used to populate the case-study database. This workflow represents
one case-specific instantiation of the model rather than a universally applicable damage
assessment method. An assessment unit is defined as

ui = (bi, ci) (1)

where bi denotes a building object and ci denotes the assessed component, which corre-
sponds to the roof in this case study. The pre-disaster building footprint provides the
spatial reference, and an inner evidence region is used to reduce boundary contamination
and residual misregistration.

Two complementary evidence streams are used: surface evidence derived from post-
disaster surface-height data and optical evidence derived from pre- and post-disaster
imagery. Evidence quantities stored in the data model are represented on a normalized

https://doi.org/10.3390/ijgi15090414

https://doi.org/10.3390/ijgi15090414


ISPRS Int. J. Geo-Inf. 2026, 15, 414 5 of 29

[0, 1] scale, where larger values indicate stronger evidence consistent with roof damage.
For descriptors requiring scaling, robust normalization is defined as

∼
x = clip(

x − Q5

Q95 − Q5
, 0, 1), (2)

where Q5 and Q95 denote the fifth and 95th percentiles of the reference distribution. These
values are used only as robust scaling bounds and not as damage-classification thresholds.
Corresponding pre- and post-disaster optical descriptors are normalized using a common
pooled reference distribution.

2.1.1. Surface Evidence

Surface evidence characterizes the post-disaster geometric condition of the roof.
Height-related evidence Hi combines absolute height-distribution evidence Habs

i , reflecting
loss of elevated surfaces and low-height dominance, with within-object height-depression
evidence Hdep

i :

Hi = 1 − (1 − Habs
i )(1 − Hdep

i ). (3)

Surface-pattern evidence incorporates residual surface roughness and the fragmen-
tation of elevated regions. Let ρres

i denote residual roughness after the removal of the
dominant planar surface and N (ρres

i ) its normalized value. Fragmentation is represented

as κi = 1 − (Amax
i /Ahigh

i ), where Ahigh
i is the total elevated-surface area and Amax

i is the
largest connected elevated-surface component; κi = 0 when no elevated component is
present. Surface-pattern evidence is then defined as

Gi = max[HiN (ρres
i ), κi] (4)

Finally, the height-related and surface-pattern evidence are combined using evidence
union:

Si = 1 − (1 − Hi)(1 − Gi). (5)

The resulting Si ∈ [0, 1] represents composite surface evidence of roof-surface dis-
ruption. Accordingly, the surface-evidence stream captures complementary information
related to elevated-surface loss, within-object height depression, residual roughness, and
fragmentation. While the primitive height and surface descriptors are intermediate quanti-
ties used in evidence generation, Hi, Gi, and Si are retained as explicit DamageEvidence
records in the proposed data model.

2.1.2. Optical Evidence

Optical evidence is calculated at the assessment-unit level rather than through direct
pixel-wise subtraction because the pre- and post-disaster observations differ in acquisition
and imaging characteristics. Three object-level descriptors are used, namely color vari-
ability Ci,t, texture complexity Ti,t, and edge strength Bi,t, where t denotes the acquisition
time. Corresponding descriptors are normalized using the common pre/post reference
distributions described above. Post-disaster optical disruption and temporal optical-change
evidence are defined as

Opost
i =

∼
Ci,post +

∼
Ti,post +

∼
Bi,post

3
, (6)

∆Oi =
|
∼
Ci,post −

∼
Ci,pre|+ |

∼
Ti,post −

∼
Ti,pre|+ |

∼
Bi,post −

∼
Bi,pre|

3
(7)
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The final optical evidence combines post-disaster disruption and temporal change as

Oi = Opost
i ∆Oi, (8)

This formulation requires both post-disaster visual disruption and corresponding
temporal change to produce strong optical evidence. The quantities Opost

i , ∆Oi, and Oi are
retained separately as DamageEvidence records.

2.1.3. Evidence Integration and Interpretation

Surface and optical evidence are integrated into the continuous roof-damage evidence
index Ii. Let Ui = max(Si, Oi), Mi = (Si,+Oi)/2, where Ui represents the stronger of the
surface and optical evidence and Mi represents their mean. The continuous evidence index
is then defined as

Ii = Ui − (Ui − Mi)(1 − Ui). (9)

This integration retains strong evidence from either source while moderating the index
when surface and optical evidence disagree. No learned weighting parameters are used.
The resulting Ii ∈ [0, 1] is interpreted as a continuous roof-damage evidence index rather
than as an intrinsic categorical structural-damage grade.

For traceability, the evidence records are retained separately:

Ei = {H i, Gi, Si, Opost
i , ∆Oi, Oi

}
. (10)

The continuous index Ii is represented separately as a DamageIndex object. Table 1
summarizes the observation dependencies, conceptual meanings, immediate derivation
dependencies, and database representations of the evidence and index quantities.

The surface and optical evidence streams remain separate after index generation
because they may have different observational reliability and may also participate dif-
ferently in the subsequent decision process. In the present case study, Ii. provides the
baseline categorical interpretation, while Si can additionally participate in evidence-specific
rule conditions.

When a categorical result is required, the stored evidence and index are evaluated
using the applicable assessment-rule set:

Di = f rule(Ii, Ei;R), (11)

where Di denotes the categorical damage grade and R denotes the applicable set of as-
sessment rules. Each rule consists of explicit conditions and corresponding actions. The
baseline categorical interpretation can be based on Ii, while individual evidence records in
Ei may participate directly in rule conditions when required by the assessment workflow.
The rule set also defines the precedence used when more than one condition is applicable.

DamageEvidence, DamageIndex, AssessmentRule, and DamageResult are represented
as distinct but related information objects, allowing the applied evidence and decision
rule to be traced independently. Evidence-specific conditions may modify the baseline
index-based interpretation according to the rule configuration.

Missing observations are represented separately from low evidence values; zero
denotes available but weak evidence rather than missing information. The present case-
study configuration requires both surface and optical evidence and should not be applied
unchanged when a required evidence source is unavailable. The resulting DamageResult
may subsequently be associated with an InferredChangeEvent and an update readiness
state, completing the traceable evidence–index–rule–result–change workflow.
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Table 1. Evidence and index information represented in the reference roof-damage assessment workflow.

Symbol Group Observation Dependency Conceptual Meaning Derivation Dependency Evidence Record Name

Hi

Surface
Post-disaster

surface-height data

Height-related evidence associated with elevated
roof-surface loss, low-height dominance, and

within-object height depression Surface-height
observation

Height_Deficit_Hi

Gi
Surface-pattern evidence associated with surface

roughness and fragmentation of elevated roof regions Surface_Disorder_Gi

Si
Composite geometric evidence describing

roof-surface disruption Hi, Gi Surface_Composite_Si

Opost
i

Optical

Post-disaster optical
imagery

Post-disaster visual disruption represented by object-level
color, texture, and edge characteristics

Post-disaster
optical descriptors Optical_Disruption_Opost

∆Oi Pre- and post-disaster
optical imagery

Temporal change between corresponding object-level
optical characteristics

Pre/post optical
descriptors Optical_Change_DeltaO

Oi Composite optical support for roof-damage interpretation Opost
i , ∆Oi Optical_Support_Oi

Ii Index Surface and optical
evidence Continuous roof-damage evidence index Si, Oi DamageIndex
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2.2. The Proposed Data Model

In this study, a logical data model was designed to represent and store explainable
disaster damage assessment information. The proposed model aims not only to represent
the spatial distribution of damage and the spatial objects subject to assessment, but also
to describe the evidential basis and logical process underlying each damage assessment
result. In the proposed data model, a traceable rule-based explanation is considered
complete when the assessment result can be linked to the damage index used in the
decision, supporting evidence, the assessment inputs from which the evidence was derived,
and the applied assessment rule, including its conditions and action. To this end, the
proposed model was organized into four modules: the disaster event module, building
object module, damage assessment module, and change-inference module. The disaster
event module represents the disaster event that triggered damage assessment, while the
building object module describes buildings and building components that serve as the
targets of disaster damage assessment. The damage assessment module is the core module
for supporting the traceability of assessment result, as it represents what was observed as
damage evidence and how damage results were derived from such evidence. The change-
inference module represents the inferred changes in building conditions after a disaster,
based on the damage assessment results.

The detailed entities and attributes of each module were derived by considering
three requirements: the post-disaster damage assessment workflow, the spatial query
requirements for building-level and component-level management, and the explanation
requirements for tracing how assessment results are derived. Based on these requirements,
the relational-spatial data model was completed as summarized in Table 2. The Disas-
terEvent entity provides basic information on the disaster that caused the assessment to be
performed, whereas Building and BuildingComponent provide information on spatially
identifiable damage targets and assessment objects. The BuildingComponent entity is not
restricted to roof components; when corresponding observations and evidence are available,
different building components, such as the roof, facade, and ground/first-floor compo-
nents, can be instantiated as separate assessment targets. In the Building entity, the osm
identifier attribute was included to link with external building data, such as OpenStreetMap.
AssessmentInput stores detailed information on the input data used for assessment, and
DamageAssessment stores basic information on the damage assessment activity itself. In
particular, the assessment method, confidence, and evaluation indicator attributes were defined
to indicate whether the assessment was performed through automated detection or another
assessment method, as well as the assessment-level reliability information and the specific
indicator to which that confidence value applies.

To ensure the explainability of damage assessment, the proposed model represents
the process of deriving damage results through DamageEvidence, DamageIndex, and
AssessmentRule. As described in Section 2.1, the damage-related observations derived
from input data, including Hi, Gi, Si, Opost

i , ∆Oi, Oi, are stored as DamageEvidence. This
entity stores the evidence type, evidence name, and evidence value attributes, which, respectively,
describe the category of evidence, such as optical or surface, the specific evidence variable,
and its observed or calculated value. Quantitative damage indicators computed from
combinations of these evidence elements are stored in DamageIndex, and these indicators
serve as intermediate decision values for deriving assessment grades. The metric code
attribute in DamageIndex indicates the specific type of damage indicator used as the
damage index, such as Ii, and enables different damage indicators to be distinguished
within the assessment process.
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Table 2. Entities and their properties in the relational-spatial data model.

Module Category Entity Property

Disaster event module DisasterEvent Event identifier, event name, disaster type, start date, end date,
region, description

Building object
module

Building Building identifier, osm identifier, geometry

BuildingComponent Component identifier, component type, building identifier, geometry

Damage assessment
module

AssessmentInput Input identifier, input type, data source, acquisition
date, pre/post flag

DamageAssessment Assessment identifier, event identifier, assessment date, assessment
method, confidence, evaluation indicator

DamageIndex Index identifier, assessment identifier, metric code, metric name,
index value

DamageResult
Result identifier, assessment identifier, building identifier,

component identifier, damage type, damage grade, field reference
availability, valid from, valid to

AssessmentRule Rule identifier, rule version, rule name, rule type, rule priority, valid
from, valid to, logic operator

RuleCondition Condition identifier, rule identifier, rule version, metric code, lower
value, upper value, lower inclusive, upper inclusive

RuleAction Action identifier, rule identifier, rule version, damage grade code,
change type code, update readiness code

DamageEvidence Evidence identifier, assessment identifier, evidence type, evidence
name, evidence value

Change inference
module InferredChangeEvent Change identifier, result identifier, change type, update readiness,

inferred at

The final damage grade is determined according to the damage indices and predefined
conditions and thresholds. The logical conditions used to derive the result are represented
through the combination of AssessmentRule, RuleCondition, and RuleAction. Specifically,
AssessmentRule defines the purpose and logical structure of each assessment rule. Rule-
Condition represents the threshold conditions that determine whether a rule is satisfied. Its
attributes, such as metric code, lower and upper value, lower and upper inclusive, specify which
metric is evaluated and how the applicable value range is defined. RuleAction represents
the action executed when the rule conditions are satisfied. The damage grade code, change
type code, and update readiness code attributes define the resulting damage grade, the inferred
change type, and the level of readiness for existing database updating. To explicitly manage
the history of changes in assessment rules, the AssessmentRule entity includes the rule
version, valid from, and valid to attributes. These attributes enable the identification of the
rule version applicable at a specific assessment time and the reconstruction of the rules and
conditions on which past assessment results were based.

DamageResult is an entity that stores the final damage grade. It also stores the
identifiers of the assessed building and component, which enables the direct retrieval
of damage results from the spatial database. In addition, the damage type and damage
grade attributes describe the type and severity of the assessed damage, while field reference
availability indicates whether an independent field reconnaissance record is available for the
corresponding assessment unit. DamageResult includes the valid from and valid to attributes
to distinguish the validity periods of individual results when repeated assessments are
performed for the same building component. A current result, indicated by valid_to IS

https://doi.org/10.3390/ijgi15090414
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NULL, refers to the DamageResult that represents the most recently recorded assessment
state for a given BuildingComponent.

InferredChangeEvent represents a post-disaster change hypothesis inferred from the
damage result. The change type attribute describes the rule-based change hypothesis associ-
ated with the result, such as NoChange, MinorDamage, MajorDamage, SevereDamage, or
the component-specific RoofCollapseCandidate. The update readiness attribute represents
the operational state of the inferred change within a downstream database-update work-
flow. In the present model, this state distinguishes cases for which no update is required,
additional evidence is required, manual review is required, the predefined criteria for
update processing are satisfied, or the assessment reliability is insufficient. Importantly,
ready_to_update indicates eligibility for downstream update processing under the defined
rule criteria and does not itself indicate independent object-level validation or automatic
modification of an external database.

In summary, the assessment context represented by DisasterEvent, DamageAssess-
ment, and AssessmentInput defines which disaster was assessed and under what conditions
the assessment was performed. Building and BuildingComponent represent the damaged
buildings and their detailed components, which constitute the assessment targets. Dam-
ageEvidence and DamageIndex define the intermediate evidence and indicators used to
derive the assessment results, while AssessmentRule, RuleCondition, and RuleAction
define the criteria by which the final damage grade is determined. Finally, DamageResult
defines the final damage grade assigned to each building component through the assess-
ment flow, and InferredChangeEvent defines building change information that links the
assessment result to database updating.

To explicitly represent the logical process through which assessment results are de-
rived and to ensure the explainability of the proposed model, this study structured the
relationship information among major entities as a separately labeled property graph (LPG)
model. Although a relational-spatial data model can retrieve related records by combining
tables through joins, it has limitations in explicitly representing multi-hop semantic paths
from assessment results to supporting evidence, damage indices, assessment rules, and
inferred change events in a reusable form. Therefore, this study defined 13 labeled relation-
ships, focusing on the semantic relationships that are repeatedly queried in the process of
retrieving and interpreting assessment results, as well as the core relationships required to
support evidence traceability and rule-based explanation, as summarized in Table 3. These
relationships are not intended to cover all possible combinations among entities. Rather,
they were designed as core relationships that support evidence tracing, rule-based expla-
nation, and the connection between spatial assessment targets and their corresponding
damage assessment results. An LPG database allows new nodes and relationships to be
added without redesigning the entire existing schema, making it relatively easy to extend
the relationship structure. This extensibility provides an additional advantage of the LPG
model in the hybrid architecture, enabling the relationship structure to be expanded as
needed while PostGIS supports spatial data processing.

Figure 1 presents the Unified Modeling Language (UML) class diagram of the hy-
brid data model, integrating the relational-spatial schema and labeled property graph
representation. The formal schema definition is provided in the Supplementary Materials.
Fundamentally, the relational-spatial data model manages entity information that requires
object-level spatial querying and mapping, whereas the property graph model stores
explainable relationships among the core entities involved in damage assessment. This
configuration was designed to minimize redundancy while balancing spatial queryability
and explainability.
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Table 3. Labeled relationships in the property graph model.

Head Relationship Tail Semantics

DamageEvidence observed_for BuildingComponent Associates damage evidence with the building
component on which it was observed.

InferredChangeEvent inferred_by DamageResult Links an inferred change candidate to the
damage result from which it was derived.

DamageResult derived_from AssessmentRule Links a damage grade to the assessment rule
used for its derivation.

DamageEvidence generated_in DamageAssessment Associates damage evidence with the batch
damage assessment in which it was generated.

DamageIndex computed_from DamageEvidence Links a damage index to the damage evidence
elements used for its computation.

DamageResult decided_by DamageIndex Links a damage result to the damage index on
which it is based.

DamageAssessment conducted_using AssessmentInput Associates a damage assessment with the input
data used for the assessment.

AssessmentRule has_condition RuleCondition Links an assessment rule to the rule conditions
that define its applicability.

AssessmentRule triggers RuleAction Links rule to the rule action executed when the
conditions are satisfied.

Building composed_of BuildingComponent Represents the composition relationship
between a building and its components.

DamageResult result_for BuildingComponent Associates a damage result with the building
component to which the result is assigned.

DamageResult revises DamageResult Links a reassessment result to the previous
damage result that it revises.

DamageEvidence extracted_from AssessmentInput Links damage evidence to the assessment
input(s) from which it was extracted.

Figure 1. UML class diagrams of the proposed hybrid data model.
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Specifically, the relationship between DamageEvidence and DamageIndex is not
managed with a foreign-key in the relational-spatial data model, but is instead represented
by the computed_from relationship in the property graph model. This is because a single
damage index can be derived from a combination of multiple pieces of evidence, forming
a many-to-many relationship that is more appropriately represented as a graph-based
explanatory relationship.

In the same context, the relationships between DamageResult, DamageIndex, and
AssessmentRule are treated as inferential relationships that explain which indices and rules
led to a given assessment result. Therefore, rather than representing these relationships
through foreign keys in the relational-spatial data model, they are expressed in the property
graph model using the decided_by and derived_from relationships. For assessment rules, the
relational-spatial data model stores the rule definitions, whereas the property graph model
represents the application relationships between damage results and rules. In addition,
DamageResult has a recursive revises relationship, which links a new result obtained
through reassessment to the previous damage assessment result; this relationship enables
the revision history to be maintained and traced. The revises relationship is created when
the application-level workflow explicitly designates a new assessment result for the same
component as a reassessment or update of an existing DamageResult.

As an exception, DamageResult directly includes assessment identifier and component
identifier in the relational-spatial data model. This is because the assessment result is the
final damage assessment output at the building-component level, and therefore needs to
support the direct retrieval of damage grades and spatial visualization at the corresponding
object level.

3. Implementation
The proposed data model was implemented using a post-hurricane roof-damage

assessment case. The implementation demonstrates how roof-damage assessment informa-
tion can be organized and queried across spatial and graph databases. Multi-source aerial
observations and field-based damage information were used to construct the database
objects and relationships required for explainable assessment.

3.1. Study Area

The study area is a coastal residential area in Southern Texas, USA, affected by Hurri-
cane Harvey, which made landfall along the Texas coast as a Category 4 hurricane on 25
August 2017. The middle Texas coastal region was strongly affected during 25–26 August
2017, exposing residential buildings to severe hurricane-related impacts. In such post-
hurricane environments, roof damage may appear in various forms, including surface
disturbance, debris accumulation, partial structural loss, and roof collapse. These damage
patterns are not always represented by a single categorical label, because optical appearance
and structural surface conditions may change in different ways depending on the type and
severity of damage.

The selected area mainly consists of low-rise residential buildings, making it suitable
for object-level and component-level roof-damage assessment. From a data-modeling
perspective, the site provides a useful implementation case because roof damage can be
described through multiple types of evidence. Optical imagery captures visual changes
such as altered color, texture, edge patterns, exposed materials, and debris, whereas post-
disaster surface-height data captures structural cues such as roof-surface loss, low-height
flattening, height depression, surface roughness, and fragmentation. Therefore, the study
area supports the construction of an evidence-aware data model in which building objects,
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roof components, evidence records, damage indices, assessment results, and inferred
change events can be explicitly linked.

3.2. Data

The implementation used multi-source aerial observations acquired before and after
Hurricane Harvey. The pre-disaster optical observation was a National Agriculture Imagery
Program (NAIP) aerial orthophoto acquired on 30 September 2016. The post-disaster
observations consisted of a UAV orthomosaic and a UAV-derived DSM acquired on 9
September 2017. These datasets provide complementary information for roof-damage
evidence generation. The pre- and post-disaster optical images support object-level optical
evidence, while the post-disaster DSM provides the basis for surface-height evidence.

Figure 2 shows the main data layers used in this study. NAIP orthophoto was used as
the reference image for building-footprint delineation and pre-event optical observation.
The post-disaster UAV orthomosaic provided high-resolution optical information after the
hurricane, while the UAV-derived DSM was converted into nDSM-like relative surface-
height data by removing local ground elevation. These optical and surface-height datasets
provided the observational basis for generating roof-damage evidence at the object level.

  
(a) (b) (c) 

Figure 2. Multi-source data used for implementing the proposed data model. (a) Pre-disaster NAIP
orthophoto, (b) post-disaster UAV orthomosaic, (c) DSM-derived relative surface-height data.

Building footprints were manually delineated from the pre-disaster NAIP orthophoto
and used as object-level spatial units. Each building object was linked to a roof component
so that the assessment could be represented at the building-component level. For each com-
ponent, the inner evidence region defined in Section 2.1 was derived from the corresponding
building footprint and used as the common spatial support for evidence extraction.

Field-based damage information was obtained from the Hurricane Harvey recon-
naissance dataset [26], with matched records available for 80 of the 225 assessment units.
The dataset provides separate component-level damage observations for roof cover, roof
sheathing, and roof framing, in addition to an overall building damage rating. Because
the overall building damage rating may also reflect damage to non-roof components such

https://doi.org/10.3390/ijgi15090414

https://doi.org/10.3390/ijgi15090414


ISPRS Int. J. Geo-Inf. 2026, 15, 414 14 of 29

as walls, windows, and doors, it was retained only as supplementary information and
was not used as the direct reference for the present roof-focused assessment. Instead, the
roof-cover, roof-sheathing, and roof-framing damage percentages were normalized to [0,1]
and averaged to construct a roof-focused field damage indicator. The resulting indicator
was then grouped into five ordinal roof-reference grades representing increasing levels of
roof damage. These field reference grades were compared on an object-by-object basis with
the independently derived C0–C4 assessment grades for the 80 matched records, and the
proportion of matching grades was used as the assessment-level overall accuracy AOA. The
field reference was not used to determine or calibrate the C0–C4 decision boundaries, which
were derived independently from the empirical distribution of Ii using the Jenks natural
breaks procedure described in Section 3.3.1. Accordingly, the availability of a matched field
reference does not imply independent validation of the corresponding C0–C4 grade.

3.3. Database Construction
3.3.1. Assessment Result and Rule Instantiation

Before constructing the hybrid database, each building footprint was represented as
a Building object and linked to a roof BuildingComponent. The six evidence quantities
defined in Section 2.1 were generated from the corresponding surface-height and optical ob-
servations and stored as DamageEvidence records. These evidence values were integrated
into the continuous roof-damage evidence index Ii, which was stored as DamageIndex.

The empirical distribution of Ii across the 225 assessment units was partitioned into
five groups using Jenks natural breaks [27]. The resulting boundaries were represented
at two-decimal precision as 0.18, 0.32, 0.55, and 0.78 (Table 4), and the baseline damage
grades were defined as

Di =



C0, 0.00 ≤ Ii < 0.18
C1, 0.18 ≤ Ii < 0.32
C2, 0.32 ≤ Ii < 0.55
C3, 0.55 ≤ Ii < 0.78
C4, 0.78 ≤ Ii ≤ 1.00

(12)

C0–C4 represent increasing levels of roof-damage evidence, from little or no evidence
to evidence consistent with severe roof damage. These boundaries are case-specific decision
parameters rather than universally calibrated structural-damage thresholds.

Table 4. Jenks-based decision boundaries used for the case-study rule instantiation.

Boundary Class Separation Operational Threshold Grade Boundary

T1 0.1802 0.18 C0–C1
T2 0.3159 0.32 C1–C2
T3 0.5505 0.55 C2–C3
T4 0.7789 0.78 C3–C4

In addition to the baseline index-based grading, two surface-evidence override rules
were defined to represent extreme geometric evidence:

0.90 ≤ Si ≤ 1.00, (13)

and
0.00 ≤ Si ≤ 0.10 (14)

respectively. The high condition overrides the baseline index grade and assigns C4 with the
component-specific change hypothesis RoofCollapseCandidate and needs_manual_review.
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The low condition assigns C0 with NoChange and no_update_required. The latter is an
operational rule and does not imply the absence of all possible non-geometric roof damage.

Assessment-level reliability was represented separately from the C0–C4 grade boundaries.
Here, AOA denotes the overall accuracy between the five-level roof-focused field reference
and the C0–C4 assessment grades for the 80 matched field records. In the present case-study
implementation, the reliability thresholds of 0.50 and 0.80 were introduced as operational crite-
ria rather than empirically optimized or universally applicable thresholds. The 0.50 threshold
was used to identify assessments with insufficient reliability, whereas the 0.80 threshold was
used as a stricter criterion for downstream update eligibility. These thresholds are configurable
rule parameters and may be adjusted for other assessment workflows. Results at or below
the predefined reliability criterion were assigned low_confidence. For eligible index-based
C4 results, specifically those produced by the baseline rule RUL_CV_C4, a stricter reliability
condition was used as an operational gate for ready_to_update:

RUL_CV_C4 satisfied
∧

0.80 ≤ AOA ≤ 1.00 (15)

The resulting assessment-level reliability value of 0.813 was retained in DamageAssess-
ment as reliability metadata and was not used to determine or calibrate the Jenks-based
C0–C4 boundaries.

The complete decision-rule configuration is summarized in Table 5. Each Assessmen-
tRule includes a priority value that determines the evaluation order, with lower values
applied first. Reliability control is evaluated first, followed by the surface-evidence override
rules and the mutually exclusive index-based grading rules; the update readiness gate is
subsequently applied to eligible index-based C4 results.

This explicit separation of evidence, index values, rule conditions, actions, and rule
priority preserves the decision logic independently of the continuous evidence index and
enables the applied rule to be traced for each damage result. The local stability of the
case-study rule configuration is examined in Section 3.3.2.

3.3.2. Threshold and Index Sensitivity Analysis

Sensitivity analyses were conducted to assess the local robustness of the case-study rule
configuration to variations in the index-based decision boundaries and continuous evidence
index, rather than to optimize or recalibrate the decision parameters. Stability was evaluated
using exact grade agreement, quadratic weighted kappa (QWK), the proportion of assessment
units shifting by two or more grades, and the agreement for the combined C3–C4 group.

First, the sensitivity of the four index-based decision boundaries defined in Section 3.3.1
was evaluated. Let τj denote the j-th decision boundary, where j ∈ {1,2,3,4}. The baseline
threshold vector was defined as

τ = (0.18, 0.32, 0.55, 0.78). (16)

In a one-at-a-time analysis, each boundary was independently perturbed by ±5% and
±10%, while the remaining boundaries were held fixed:

τ′
j = τj(1 + δ), (17)

where δ represents the specified perturbation rate. The complete decision procedure in
Section 3.3.1 was reapplied for each perturbed configuration. Across all scenarios, fewer
than 5% of assessment units changed grade, with a maximum change rate of 4.4% under the
±10% perturbation. All changes occurred between adjacent grades and were concentrated
near the corresponding decision boundaries.
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Table 5. Decision rules and precedence used in the case-study implementation.

Priority Rule ID Rule Condition Grade Action Inferred Change Update Readiness

1 RUL_ERR_LOW Assessment Reliability
Control 0.00 ≤ AOA ≤ 0.50 Applies to all provisional

C0–C4 grades Unknown low_confidence

2 RUL_EXC_ABO High Surface-Evidence
Override 0.90 ≤ Si ≤ 1.00 C4 RoofCollapseCandidate needs_manual_review

2 RUL_EXC_CON Low Surface-Evidence
Override 0.00 ≤ Si ≤ 0.10 C0 NoChange no_update_required

3 RUL_CV_C0 Grade C0 Baseline 0.00 ≤ Ii < 0.18 C0 NoChange no_update_required

3 RUL_CV_C1 Grade C1 Low 0.18 ≤ Ii < 0.32 C1 MinorDamage needs_additional_evidence

3 RUL_CV_C2 Grade C2 Moderate 0.32 ≤ Ii < 0.55 C2 MinorDamage needs_additional_evidence

3 RUL_CV_C3 Grade C3 High 0.55 ≤ Ii < 0.78 C3 MajorDamage needs_manual_review

3 RUL_CV_C4 Grade C4 Severe 0.78 ≤ Ii ≤ 1.00 C4 SevereDamage needs_manual_review

4 RUL_UPDATE_CONF Assessment Reliability
Update Gate

RUL_CV_C4 satisfied∧
0.80 ≤ AOA ≤ 1.00 C4 SevereDamage ready_to_update
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Simultaneous perturbation of all four boundaries was evaluated through 5000 Monte
Carlo realizations:

τ
(r)
j = τj(1 + δ

(r)
j ), (18)

where δ
(r)
j was independently sampled within either ±5% or ±10% of the corresponding

baseline threshold. Mean exact grade agreement was 96.7% and 93.0%, with QWK values
of 0.991 and 0.980, respectively. Agreement for the combined C3–C4 group remained 98.7%
and 97.6%. Sensitivity to small variations in the continuous evidence index was evaluated
independently as

Ii
i = clip(Ii + εi, 0, 1), (19)

with the perturbation term defined as

εi ∼ U (−d, d), d ∈ {0.01, 0.02} (20)

For perturbation ranges of ±0.01 and ±0.02, 5000 realizations were generated. Exact
grade agreement was 98.2% and 95.5%, with QWK values of 0.995 and 0.987, respectively.
C3–C4 group agreement remained 99.3% and 98.9%, respectively.

The two surface-evidence override thresholds Si = 0.10 and Si = 0.90 were also indepen-
dently perturbed by ±5% and ±10%. Exact agreement ranged from 98.67% to 100.00%, with
QWK values from 0.9963 to 1.0000, and no assessment unit shifted by two or more grades.

Stability was evaluated using exact grade agreement, QWK, the proportion of assess-
ment units shifting by two or more grades, and the agreement for the combined C3–C4
group. The principal results are summarized in Table 6.

Table 6. Sensitivity of categorical damage grade assignments to perturbations in the decision bound-
aries and continuous evidence index.

Sensitivity Test Perturbation Exact Grade
Agreement QWK ≥2-Grade Shift C3–C4 Group

Agreement

Decision boundaries ±5% 96.7% 0.991 0.0% 98.7%

Decision boundaries ±10% 93.0% 0.980 0.0% 97.6%

Continuous index Ii ±0.01 98.2% 0.995 0.0% 99.3%

Continuous index Ii ±0.02 95.5% 0.987 0.0% 98.9%

Overall, the categorical assignments were relatively stable under the tested pertur-
bations, with changes largely limited to assessment units located near the corresponding
decision boundaries. These results indicate local robustness of the case-study-specific rule
configuration and should not be interpreted as evidence that the selected thresholds are
universally optimal or transferable to other disasters, sensors, or assessment workflows.
The assessment-level reliability thresholds of 0.50 and 0.80 were not included because they
control reliability and update readiness states rather than the C0–C4 grade boundaries.

3.3.3. Hybrid Database Construction

To validate the effectiveness of the proposed model, a hybrid database was constructed
using the damage assessment results described in Section 3.3.1. The implementation
was carried out using two database systems. The model entities listed in Table 2 were
implemented as a relational-spatial database in PostGIS, whereas the relationships defined
in Table 3 were implemented as a graph database in Neo4j. This structure was adopted to
support both the direct retrieval of damage assessment results and the semantic tracing of
the assessment process through graph relationships.
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In the PostGIS database, disaster information, damage assessment records, including
damage evidence, damage index, damage result, and assessment rules, and inferred change
events were stored as relational tables according to the entity definitions presented in
Table 2. Buildings and building components were stored with their geometries and attribute
information, as they represent the spatial objects which are assessment targets. Each table
was designed with a unique identifier. Through these identifiers, damage assessment
information, including building- and component-level damage results, can be directly
retrieved from the spatial database and visualized with the corresponding spatial objects.

In the Neo4j database, 12 of 13 labeled relationships defined in Table 3 were instantiated.
The revises relationship had no instance in the constructed database because no reassessment
was included. The graph was designed to represent the semantic paths required to explain
how each damage result was derived. Specifically, the graph structure enables the tracing of
the damage index and assessment rule used to determine a given damage result, as well as
the damage evidence from which the corresponding index was computed. In addition, the
explicit relationships among buildings, building components, damage results, and inferred
change events were constructed to ensure the explainability of assessment results.

Consequently, 12 relational tables were generated in the PostGIS database with spa-
tial indices. In the Neo4j database, the instances of 12 entity types were constructed as
2510 nodes, and 6999 relationships were generated according to the predefined relationship
types. Data ingestion into PostGIS required 0.058 s, while the construction of 2510 nodes
and 6999 relationships in Neo4j required 1.416 s. The resulting database sizes were approxi-
mately 1.14 MB for the implemented PostGIS model, including the supporting reference
tables, and 2.24 MB for the Neo4j database store. The hybrid database based on the pro-
posed data model was implemented to support both spatial retrieval of damage assessment
results and explanation queries based on graph traversal.

4. Case Study
4.1. Competency Questions for Explainable Assessment

The competency questions (CQs) were used to validate whether the proposed model
can retrieve and return information required for explainable disaster damage assessment.
Specifically, the CQ-based validation evaluates the retrievability and completeness of the
traceable rule-based explanations supported by the proposed data model. Defining a set
of CQs is an important step in data modeling, and the resulting questions can also be
used to evaluate the schema derived from the modeling process [28]. In this study, we
designed six different CQs from the intended information requirements of the proposed
assessment workflow and hybrid data model to validate three aspects of the data model,
as shown in Table 7. Table 8 presents success criteria and validation scope for each CQ.
First, we examined whether the hybrid database constructed based on the proposed data
model appropriately reflects the workflow of building damage assessment in the disaster
domain. In disaster damage assessment, once data for the target area are provided as
input, damage evidence observed from the data is generated, and assessment indices are
calculated through combinations of such evidence. By applying appropriate rules to the
damage assessment evidence and indices, assessment results are derived, and building
change events are inferred from these results. CQ1 and CQ2 examine whether damage
assessment information and logic can be properly retrieved along this flow.

Next, CQ3 and CQ4 were designed to validate the explainability requirement, which
constitutes the core contribution of the proposed data model. This is directly related to the
necessity of the proposed data model. Rather than simply presenting assessment results
as numerical index values, these CQs examine whether it is possible to generate human-
interpretable explanations of which index and which rule were used to derive a specific
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damage assessment result, how that result led to the inference of a change event, and from
which evidence a specific index was derived.

Table 7. Design of competency questions.

No Validation Dimension Representative CQ Query Type

1 Reference assessment flow What is the current damage result of a specific
building component? Table query

2 Reference assessment flow What change event and update readiness status
were inferred from a specific damage result? Multi-hop graph traversal

3 Explainability, Provenance
Which damage index and evidence support a

specific damage result, and from which
assessment inputs were the evidence derived?

Multi-hop graph traversal

4 Explainability, Rule
traceability

Which assessment rule was applied to derive a
specific damage result? Multi-hop graph traversal

5 Spatial retrieval
Where are building components with current

severe-damage results located, and which
damage results are associated with them?

Spatial query and map
visualization

6 spatial–graph integration

For a selected damaged component on the map,
what current result, damage index, evidence and

assessment inputs, applied rule, and change
event explain its assessment?

Hybrid cross-database
query

Table 8. Success criteria and validation scope for the competency questions.

CQ Success Criteria Validation Scope

CQ1 Exactly one current result per component. All 225 building components

CQ2 Exactly one inferred change event and update
readiness status per result. All 225 damage results

CQ3 Complete result–index–evidence–input provenance. All 225 damage results

CQ4 Complete result–rule–condition–action traceability. All 225 damage results

CQ5 Complete spatial retrieval of current C4 results. All 16 current C4 damage results

CQ6 Complete and consistent cross-database explanation linking a
selected component to all associated assessment information. All 225 component–result pairs

Finally, we aimed to verify the suitability of the hybrid database implementation
and the intended use of the proposed data model, thereby confirming the validity of
the integrated use of a relational-spatial database and a graph database. CQ5 and CQ6
were designed to validate the integrated use of PostGIS and Neo4j databases for spatially
retrieving and semantically interpreting assessment results. Specifically, they examine
whether geometry-based spatial queries can be performed at the building-component
level in PostGIS and whether assessment results can be retrieved at the object level. In
addition, they examine whether Neo4j can support multi-hop explainability across the
evidence–index–rule–result–change path.

4.2. Query Results

For each CQ, the natural language query was first automatically converted into SQL
and Cypher queries using an LLM (GPT-5.5). The LLM was used only as an auxiliary
query-drafting tool and was not a component of the proposed framework. The generated
queries were then manually reviewed and executed to return the corresponding results. The
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final SQL and Cypher queries used in the CQ validation are provided in the Supplementary
Materials. The query execution results are summarized in Table 9. Execution times are
reported as the median of ten measured runs after three warm-up runs, with database
connection time excluded. For CQ6, the execution time represents the end-to-end retrieval
from the PostGIS lookup to the corresponding Neo4j explanation.

For CQ1 and CQ2, it was confirmed that the required information could be appro-
priately retrieved according to the damage assessment flow. CQ1, which corresponds to
a simple table retrieval query, properly returned the damage assessment result of Roof-
Damage with damage grade C2 for the input component COMP_BLD_000000_roof. In
CQ2, the inferred change event derived from a specific assessment result was successfully
returned by querying the [InferredChangeEvent–inferred_by -> DamageResult] path in
the Neo4j database. From the damage assessment result RES_BLD_000001, a building
change event corresponding to RoofCollapseCandidate was inferred, and the result further
indicated that manual review is required before any downstream database-update decision.
CQ1 confirmed that the proposed data model can directly retrieve damage assessment
information at the spatial object level, while CQ2 showed that the proposed model can
appropriately link the final damage assessment result to a potential post-disaster change
event and additionally provide information related to database updating.

In CQ3 and CQ4, the supporting evidence and decision rules associated with a damage
assessment result were traced and returned according to the queries as shown in Figure 3. For
the RES_BLD_000001, graph traversal returned the related damage index and the six evidence
elements used to compute that index (Figure 3a). In addition, it was possible to retrieve that
the damage grade C4 was derived from the High Surface-Evidence Override rule (Figure 3b).

 
(a) (b) 

Figure 3. Graph traversal results for (a) CQ3 and (b) CQ4.

As shown in Table 10, by defining an appropriate natural language pattern and
using the returned values, an explanation of the assessment result could be generated; the
generated explanation also included an IF–THEN expression for the rule. For example, the
explanation pattern for CQ4 was formulated as follows: The damage assessment result
{result_id} was derived from the assessment rule {rule_name}. The rule was reconstructed
as an IF–THEN expression: IF {rule_condition} THEN {rule_action}. In other words, CQ3
and CQ4 confirmed that the proposed model can explicitly represent the evidence–index–
result path through the separately defined semantic relationship graph. They also showed
that the model can support intuitively understandable explanations by retrieving and
reconstructing the rule-based logic used to derive the assessment result.
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Table 9. Summary of competency question results.

CQ Query Environment Result and Execution Time (ms) Representative Parameter Representative Result Summary

CQ1 PostGIS 225/225 passed;
0.096

component_id =
COMP_BLD_000000_roof

damage type = RoofDamage;
damage grade = C2

CQ2 Neo4j 225/225 passed;
2.573 result_id = RES_BLD_000001 change type = RoofCollapseCandidate;

update readiness = needs_manual_review

CQ3 Neo4j 225/225 passed;
2.985 result_id = RES_BLD_000001 Result RES_BLD_000001 was traced to its damage index, six

supporting evidence records, and their source assessment inputs.

CQ4 Neo4j 225/225 passed;
3.688 result_id = RES_BLD_000001 Result RES_BLD_000001 was traced to the applied rule

RUL_EXC_ABO, including its condition and action.

CQ5 PostGIS 16/16 passed;
0.179 Damage-grade = C4 16 severely damaged building component(s) were retrieved and

joined with geometries for map visualization.

CQ6 PostGIS + Neo4j 225/225 passed;
3.806

component_id =
COMP_BLD_000020_roof

Result RES_BLD_000020 was retrieved with its building geometry
in PostGIS and linked graph explanation in Neo4j, including Ii,
supporting evidence, applied rule, and inferred change event.
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Table 10. Generated explanations for CQ3 and CQ4.

CQ Generated Explanation

CQ3

The damage assessment result RES_BLD_000001 for building
BLD_000001 was classified as RoofDamage with damage grade C4. The

damage index Ii = 1.0. was computed from the following evidence:
Surface evidences Hi = 1, Gi = 0, Si = 1; Optical evidences Opost

i = 0.516;
∆Oi = 0.513; Oi = 0.265. The surface evidence was derived from the

post-event surface input (UAV-derived DSM), Opost
i from the post-event

optical input (UAV orthomosaic), and ∆Oi and Oi from both the
pre-event optical input (NAIP aerial orthophoto) and the post-event

optical input (UAV orthomosaic).

CQ4

The damage assessment result RES_BLD_000001, classified as
RoofDamage with damage grade C4, was derived from the assessment

rule High Surface-Evidence Override (RUL_EXC_ABO). The rule was
reconstructed as an IF–THEN expression: IF 0.9 ≤ Si ≤ 1.0 THEN

damage_grade = C4 AND change_type = RoofCollapseCandidate AND
update_readiness = needs_manual_review. For this result, Si = 1.0,

satisfying the rule condition.

Figure 4 shows the visual explanation for RES_BLD_000001 by linking the input
observations and the evidence records used in the generated graph-based explanation.
Figure 4a,b shows the pre-event NAIP orthophoto and post-disaster UAV orthomosaic used
for optical evidence extraction, while Figure 4c shows the post-disaster relative surface-
height data used for surface-evidence extraction. The building footprint represents the
pre-event object boundary, and slight apparent boundary offsets may remain because the
pre- and post-disaster datasets differ in spatial resolution and imaging conditions, especially
for small buildings. Therefore, the dashed inner evidence region was used as the spatial
support for evidence extraction to reduce boundary effects and residual misregistration.
The surface and optical evidence values visualized in Figure 4d are identical to those
returned by the graph query and used in the generated explanation. This consistency
indicates that the query-derived explanation properly reflects the evidence extracted from
the input data and that the proposed model can support traceable interpretation from input
observations to damage assessment results.

In CQ5, the spatial locations of buildings classified into the most severe-damage
grade were retrieved, and the query results were visualized on a map. As shown in
Figure 5a, 16 records classified as C4 were successfully returned. Using the geometries
returned together with the query results, the building shapes were visualized at their correct
locations on the map while preserving their geometries. This result demonstrates that the
proposed model can directly retrieve spatial objects associated with assessment results and
represent their spatial distribution using the stored geometries and coordinates. Figure 5b
shows that the retrieved buildings exhibit clear visual evidence of severe roof damage, such
as roof-surface loss, exposed structural elements, and debris within the building footprints.
This result demonstrates that the hybrid query can retrieve severe-damage cases at the
study-area scale while maintaining a direct link to object-level visual evidence.

In CQ6, for the specific damage assessment result RES_BLD_000020, the related
building geometry and centroid coordinates were returned through a PostGIS spatial query,
while an explanation graph composed of six semantic relationships was returned through
Neo4j graph traversal. RES_BLD_000020 was returned as the assessment result for building
BLD_000020 and component COMP_BLD_000020_roof. The spatial visualization generated
using the returned centroid coordinates and geometry is shown in Figure 6.
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(a) (b) 

  
(c) (d) 

Figure 4. Visual explanation for RES_BLD_000001: (a) pre-event NAIP orthophoto, (b) post-disaster
UAV orthomosaic, (c) post-disaster relative surface-height data, and (d) evidence records supporting
the roof-damage evidence index.

  
(a) (b) 

Figure 5. C4 damage results retrieved using CQ5: (a) spatial distribution map and (b) object-level
image crops showing the corresponding building footprints and internal evidence regions.
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Figure 6. Query result for CQ6 retrieved from the hybrid databases.

The Neo4j query result showed that the corresponding result was assigned damage
grade C0. It was also confirmed that this result was derived by applying the Grade C0
Baseline rule to the damage index value computed from six evidence elements. In addition,
the inferred change event derived from this result was NoChange, indicating that no update
was required. The result of CQ6 confirmed that the hybrid database constructed based on
the proposed model can support the spatial information of a specific building, its damage
assessment information, and graph-based semantic explanation of the assessment result in
an integrated manner.

Figure 7 shows the visual explanation for RES_BLD_000020 by linking the input obser-
vations and the evidence records returned by the hybrid query. As shown in Figure 7a–c,
the target roof component within the building footprint shows no obvious roof-surface
loss or collapse, although debris and damaged materials are visible in the surrounding
area. This visual interpretation is consistent with the low surface and optical evidence
values shown in Figure 7d. The evidence values presented in Figure 7d are identical to
those included in the generated graph-based explanation. This consistency indicates that
the query results reflect the evidence extracted from the input observations and that the
proposed model can support traceable interpretation from object-level observations to
damage assessment results.

Beyond the representative examples, each CQ was also evaluated over its full valida-
tion scope, including all 225 building components and all 16 current C4 results for CQ5.
All cases satisfied the predefined success criteria, as shown in the Result and Execution Time
column in Table 9. In addition to the CQ-based validation, four controlled edge-case tests
were conducted to examine the proposed model under exceptional conditions. First, a
missing-evidence case was simulated by temporarily removing one evidence record, and
the provenance completeness check correctly detected the incomplete evidence path. Also,
a multiple-rule-match case was tested using input values that simultaneously satisfied three
rules; the High Surface-Evidence Override rule was selected according to the predefined rule
priority. An out-of-range index value that satisfied no rule condition was introduced, and
the model correctly identified the absence of a matching rule without assigning an arbitrary
result. Finally, a repeated-assessment case was simulated by creating a new assessment and
result for an existing component. The previous result was retained as historical information,
only the new result remained current. During this test, the existing current DamageResult
in PostGIS was closed by setting its valid_to value, and the new DamageResult was stored
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as the current result within a single transaction. Correspondingly, the temporal state of
the previous DamageResult was updated and a new DamageResult node was created in
Neo4j, thereby maintaining synchronization between the two databases at the application
level. Since the new result was explicitly treated as a reassessment, the revision history was
additionally represented through the revises relationship.

  
(a) (b) 

  
(c) (d) 

Figure 7. Visual explanation for RES_BLD_000020. (a) Pre-event NAIP orthophoto, (b) post-disaster
UAV orthomosaic, (c) post-disaster relative surface-height data, and (d) evidence records supporting
the roof-damage evidence index.

5. Discussion
The proposed data model preserves the intermediate information used to derive a

categorical damage result rather than storing only the final grade. In the present implemen-
tation, surface and optical evidence are represented separately, integrated into a continuous
evidence index, and interpreted through explicit decision rules. This separation allows
individual evidence variables to participate directly in the decision layer when required
and enables the basis of an assigned grade to be reconstructed through the relationships
among observations, evidence, index values, and applied rules.

The C0–C4 categories should be interpreted as evidence-based roof-damage grades
for the present assessment workflow rather than as universal physical damage classes.
The baseline boundaries were derived from the empirical distribution of the continuous
evidence index using Jenks natural breaks, while extreme surface-evidence conditions were
represented separately as explicit rule conditions. Sensitivity analysis showed that the
categorical assignments remained relatively stable under the tested variations in the index-
based boundaries and continuous evidence values. However, this local stability does not
imply transferability of the numerical thresholds to other disasters, sensors, or assessment
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workflows; these thresholds should be treated as case-specific decision parameters that
may require re-estimation or adjustment.

Building footprints were manually delineated to provide a consistent spatial reference
and to avoid introducing additional segmentation uncertainty into the present evaluation.
In operational applications, existing building-footprint databases or automated extrac-
tion methods may instead be used, although temporal mismatch, positional errors, and
boundary inaccuracies can propagate into object-level evidence extraction. Because the pre-
disaster footprint is retained as the spatial reference, evidence can still be extracted when
the post-disaster roof boundary becomes visually indistinct. The inner evidence region
reduces boundary contamination and residual misregistration, but attribution uncertainty
may remain when debris from adjacent structures enters the target region. The quantitative
effects of automated segmentation errors were not evaluated and remain to be examined in
future operational implementations.

The pre- and post-disaster optical observations also differ in acquisition date, platform,
spatial resolution, and imaging conditions. The present workflow therefore uses object-
level optical comparison rather than direct pixel-to-pixel differencing and combines optical
information with surface evidence. Nevertheless, non-disaster changes occurring between
acquisition dates, such as roof renovation or recoating, cannot be completely excluded. The
data-model structure itself is not tied to a specific sensor or UAV platform, but the evidence,
index, and rule configuration must correspond to the observations actually available. The
present case-study configuration requires both surface and optical evidence and should
not be applied unchanged when a required evidence source is unavailable; as defined in
Section 2.1, missing evidence is not represented by assigning a zero value. Alternative
observation configurations remain to be evaluated.

Field reconnaissance records were matched to 80 of the 225 assessment units and
included both overall building damage and roof-component observations. The roof-related
fields were used to construct the roof-focused reference for the assessment-level evaluation
reported in Section 3.3.1, whereas the overall building rating may also reflect damage to
components not observable from the roof-oriented aerial assessment. Importantly, the field
observations were not used to determine or calibrate the Jenks-based C0–C4 boundaries.
The resulting assessment-level reliability information should therefore be distinguished
from object-level validation: the existence of a matched field record does not by itself
establish the correctness of the corresponding C0–C4 grade or inferred change.

Finally, the present case study empirically demonstrates the proposed structure only
for hurricane-induced roof damage, and the implementation does not explicitly define
vertical boundaries among roof, facade, and lower-floor components. The current evidence
variables, index formulation, and numerical thresholds should therefore not be assumed
to generalize directly to other components or disaster types. For a different assessment
workflow, the core entity and relationship structure can be retained and instantiated
according to the target component, available observations, and assessment procedure.

6. Conclusions
In this study, an evidence-aware data model was proposed to make the post-disaster

building damage assessment flow reusable and to manage assessment results as traceable
information. For damage assessment results to be practically used for post-disaster change
inference, spatial database updating, and other applications, it is necessary to go beyond
storing assessment results simply as numerical values or final grades. Instead, the evidence,
indicators, rules, and results generated during the assessment process should be connected
within a single structured workflow. In this respect, this study formalized the process by
which damage assessment results are derived and the logic by which they are interpreted,
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and implemented the model as a hybrid-structured database combining a spatial database
and a graph database.

The proposed model was designed based on a component-level roof-damage assess-
ment workflow using optical imagery and post-disaster surface-height data. Not only the
surface- and optical-derived evidence, but also the damage indices calculated from combi-
nations of evidence were defined as explicit entities. Furthermore, the model encompasses
the final assessment results as well as the decision rules used to derive those results. In
addition, the proposed data model was implemented as a hybrid database consisting of
a PostGIS database and a Neo4j graph database, so that spatial object management and
multi-hop relationship tracing could be supported in a complementary manner.

The validity of the proposed model was evaluated through six CQs derived from
various requirements. The results confirmed that the proposed model can support the
object-level retrieval of damage results, inference of change events caused by those results,
and tracing of the explanation path of assessment results that connects damage evidence,
damage indices, and assessment rules. In addition, through spatial queries, the geometries
and attributes of damaged buildings could be retrieved and visualized on a map. It was
also demonstrated that the spatial information of a specific building, its damage assessment
result and evidence, and the inferred change event could be connected within a single
traceable structure.

In addition, the sensitivity analysis showed that the case-study categorical assignments
remained largely stable under moderate perturbations of the principal decision boundaries
and continuous evidence values.

This study does not aim to develop a new damage assessment framework or to im-
prove the performance of automated damage-detection algorithms. Instead, it focuses on
structuring relevant information with reference to a predefined workflow and managing it
in a traceable manner. In the present implementation, the damage evidence and indices
were defined based on optical imagery and post-disaster surface-height data. When ap-
plying the model to other disaster types, sensor configurations, or damage patterns, the
definitions of evidence indicators, damage indices, and rule thresholds should therefore
be re-examined and adjusted. Future research needs to extend the model so that it can
accommodate various observation data, damage indices, and assessment rules, and to
verify its operational applicability by linking it with actual damage assessment systems
or spatial database updating workflows. Although the proposed data model was de-
signed for extensibility, the present implementation and case-study evaluation are limited
to hurricane-induced roof damage. Therefore, its applicability to other disaster types,
building components, and damage patterns should be evaluated in future studies.

The proposed hybrid database approach may cause additional operational complexity
compared to a single-store architecture. Although we evaluated case-study-scale data
ingestion time, graph construction time, database size, and end-to-end query latency, these
measurements should not be interpreted as a production-scale operational evaluation. Key
operational issues, including consistent updates across the two databases, synchronization
latency, and separate backup strategies, remain to be addressed in future work.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ijgi15090414/s1, S1: Schema Definition; S2: SQL and Cypher
Queries for CQ 1-6.
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