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Abstract

Rapid post-disaster building damage assessment requires recognizing explicit structural
failures and interpreting implicit situational cues in visually complex scenes. Whereas
conventional automated methods are often confined to detecting explicit damage pat-
terns, human perception naturally integrates both types of information into a holistic risk
judgment. This study presents an exploratory investigation into the neural signatures
underlying this integrated judgment process using electroencephalography. A modified
paradigm was employed to probe the cognitive dynamics of risk evaluation in participants
with civil engineering backgrounds. Although participants were instructed only to identify
damaged buildings without explicit severity grading, event-related potential analysis re-
vealed systematic, graded neural responses that scaled with damage severity. This suggests
that the brain encodes damage-related information not as a binary state but as a continuous
spectrum of perceived risk, implicitly processing severity, even in the absence of explicit
instructions. Furthermore, single-trial analysis demonstrated that time-domain features
contain robust discriminative information, verifying the feasibility of decoding these latent
judgments from brain activity. These findings provide a physiological basis for developing
future cognition-informed algorithms and human-in-the-loop frameworks, bridging the
semantic gap to enhance the reliability of automated disaster assessment.

Keywords: rapid damage assessment; electroencephalography; post-disaster building
damage; risk perception; holistic risk judgment; human-in-the-loop

1. Introduction
In the immediate aftermath of natural hazards, rapid building damage assessment is a

race against time, requiring assessors to extract critical safety information from complex
and often chaotic visual environments [1–3]. Unlike controlled structural health monitoring,
post-disaster assessment fundamentally relies on interpreting fragmented visual evidence
to judge structural safety and potential habitability [3–5]. In these scenarios, the visual field
is rarely composed of clean, isolated structural components. Instead, it is cluttered with
debris, occlusions, and ambiguous environmental signals. Consequently, decision-making
is not merely a retrieval of predefined damage rules, but a dynamic cognitive process of
holistic risk appraisal under high uncertainty.

Current assessment workflows, typically conducted by experts interpreting remote
sensing imagery, rely heavily on identifying explicit structural failures (such as collapsed
roofs, fragmented walls, or scattered debris) that can be directly mapped to damage
grades [6,7]. Whereas advances in computer vision (CV) have automated the detection of
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these visual patterns, such algorithms typically operate within a closed semantic system,
confined to features that are explicitly defined in visual terms [8–14]. Consequently, they
often struggle to capture the implicit situational cues that characterize complex disaster
scenarios [15–18]. In real-world assessments, a building may appear structurally intact but
be perceived as high-risk through subtle environmental anomalies: emergency cordons
isolating a block, chaotic traffic patterns indicating functional paralysis, piles of relief sup-
plies suggesting evacuation, or abnormal crowd gatherings hinting at instability (Figure 1).
These cues bear no direct structural resemblance to conventional “damage” indicators but
nonetheless convey critical contextual information about risk. Human assessors utilizing
domain-relevant cognitive schemas (formed through education or experience) naturally
integrate these implicit cues with explicit evidence to form a holistic risk judgment, travers-
ing the semantic gap that currently challenges automated frameworks. This implicit risk
perception contributes to the resilience and reliability of post-disaster decision-making, yet
remains largely unquantified.

Figure 1. The semantic gap in post-disaster building damage inspection.

Human visual perception exhibits remarkable efficiency and robustness in complex
environments, allowing observers to extract salient information and generate meaningful
judgments within a few hundred milliseconds [19–21]. Importantly, such judgments
extend beyond low-level feature detection to reflect higher-order evaluative processes
associated with attention allocation and decision-related appraisal. Cognitive neuroscience
research demonstrates that these internal evaluations are accompanied by measurable
neural responses, suggesting that human judgment under uncertainty can be indirectly
deciphered through neural signals. Electroencephalography (EEG), particularly event-
related potentials (ERPs), offers a non-invasive and temporally precise means of capturing
these rapid cognitive processes [22–27]. However, a significant gap remains in applying
EEG to disaster assessment. Whereas EEG-based paradigms have been successfully applied
to remote sensing tasks, existing studies have largely focused on binary target detection
(e.g., identifying the presence of an object) rather than the graded evaluation of risk levels
that is essential for structural safety [28–34]. Moreover, most prior work relies on static or
deterministic feature extraction, often overlooking the complex, multi-component neural
responses across time and frequency domains evoked by the inherent uncertainty of
visual evaluation [35,36]. Consequently, the neural mechanisms underlying human risk
perception remain underexplored, particularly in application-driven scenarios.

Motivated by these gaps, this study adopts a perception-driven perspective to decipher
the neural signatures of human risk perception during rapid post-disaster image assessment.
A realistic visual inspection task was designed for participants with civil engineering
backgrounds. By analyzing averaged and single-trial neural signals, this study aims
to provide empirical evidence that damage-related perceptual judgment constitutes a
salient, quantifiable cognitive process. Beyond demonstrating feasibility, these findings
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aim to provide a physiological reference for the development of future cognition-informed
algorithms and human-in-the-loop frameworks, thereby helping to bridge the semantic
gap and enhance the reliability of automated disaster assessment.

2. Methodology
2.1. Experiments and Data Acquisition
2.1.1. Participants and Equipment

Seventeen healthy volunteers (Sub ID 01~17) were recruited for the experiment. All
participants were postgraduate students from the College of Civil Engineering at Tongji
University. This specific demographic was intentionally selected to ensure a homogeneous
cohort with a shared disciplinary background and foundational domain knowledge in
structural engineering. It should be noted that while these participants possessed relevant
academic knowledge, they were not professional damage assessment experts, as they lacked
formal field experience in post-disaster reconnaissance or remote-sensing-based visual
inspection. The utilization of this domain-informed but non-expert cohort was a deliberate
methodological choice. It allowed us to establish a tightly controlled experimental baseline
by minimizing severe confounding variables, such as heterogeneous field experience,
varying risk thresholds, and highly individualized inspection routines, that seasoned
professionals typically introduce to early-stage laboratory studies. Furthermore, none of
the participants had prior experience with EEG experiments. They were aged between 23
and 25 years, all right-handed, and had normal or corrected-to-normal vision. The study
protocol was approved by the Ethics Committee for Science and Technology of Tongji
University (approval number: tjdxsr086), and written informed consent was obtained from
all participants. After data quality screening (see Section 3.1), 14 participants (gender ratio
1:1) were retained for the final analysis.

As shown in Figure 2, continuous EEG data were acquired using a portable wireless
64-channel system (NeuSen W64, Neuracle Technology Co., Ltd., Changzhou, China) at a
sampling rate of 1000 Hz. Of the 64 channels, 59 were used as EEG electrodes, while the
remaining channels (ECG, HEOR, HEOL, VEOU, and VEOL) served as auxiliary recordings.
Electrode placement followed the international 10–20 system. Visual stimuli were presented
on a 16-inch laptop display (2560 × 1600 pixels, 240 Hz refresh rate), which also controlled
stimulus presentation and data logging. An additional external monitor was used for real-
time visualization of EEG signals to ensure recording quality throughout the experiment.

 

Figure 2. Real photos of the experimental scene and overview of data collection.
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2.1.2. Stimulus and Task

Remote sensing images were obtained from the Land Information New Zealand
Data Service under the project “Christchurch Post-Earthquake 0.1 m Urban Aerial Photos
(24 February 2011)”. Based on the spatial distribution of building damage in the 2011
Christchurch earthquake, 130 ortho-rectified RGB images with a spatial resolution of 0.1 m
were selected and cropped to 512 × 512 pixels as visual stimuli (Figure 3a). As this study
represents a first-step exploratory investigation, our primary methodological priority was
to ensure strict internal validity before expanding to external validity. Therefore, all stimuli
were intentionally derived from a single post-earthquake orthophoto release to minimize
event-irrelevant heterogeneity in low-level visual properties.

 

Figure 3. Experimental design and stimulus preparation paradigm. (a) Construction of experimental
stimuli. (b) Acquisition of EEG data. (c) Design of experimental paradigm. (d) Assignment of
classification tasks.

Images containing damaged buildings constituted a small proportion of the original
dataset, naturally satisfying the probability imbalance required by the oddball paradigm.
For experimental control, target stimuli (images containing damaged buildings) were
manually selected to comprise 10% of the total image pool. Crucially, the final stimulus set
was carefully screened to rigorously satisfy multiple constraints simultaneously: clear nadir-
view visibility, absolute exclusion of stitching or distortion artifacts that could mislead
visual processing, and reliable damage labeling from an overhead perspective. The formal
experiment consisted of 15 randomized blocks, each containing 100 images (10 target
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images and 90 non-target images), yielding a total of 1500 trials. The sampled scenes
covered central urban, industrial, and residential areas within the study region, providing
a necessary degree of contextual variety while preserving dataset homogeneity. All images
were normalized for brightness and contrast to further reduce the influence of low-level
visual confounds, ensuring that the observed neural differences could be confidently
attributed to the cognitive process of damage-related appraisal.

During the experiment, participants were seated approximately 60 cm from the display
(visual angle ≈ 6.56◦), while EEG signals were continuously recorded (Figures 2 and 3b).
Visual stimuli were presented using a custom PsychoPy script (Figure 3c). Each image was
displayed for 750 ms, followed by a jittered inter-stimulus interval (ISI) of 1000~1500 ms
to reduce expectancy effects [37]. A fixation cross (“+”) was shown prior to each image
sequence to guide attention.

Under nadir-view remote sensing conditions, earthquake-induced building damage
primarily manifests as surrounding debris and roof collapse or deformation. To exam-
ine neural responses associated with different damage conditions, building images were
annotated according to a four-level damage scheme inspired by the Joint Damage Scale
used in the xBD dataset [9]: intact, minor damaged, major damaged, and collapsed. When
multiple damage levels were present in a single image, the label was assigned based on
the most severe damage observed. Each damage category contained an equal number of
target samples. In addition to this primary categorization, three derived label groupings
(one three-class and two binary schemes) were defined for subsequent analysis (Figure 3d).
Crucially, participants were completely blind to these internal categorizations.

Participants were only instructed to silently count the number of images containing
damaged buildings in each block and report their estimate afterward. This silent count-
ing task served as an orthogonal behavioral proxy for damage-related risk perception,
intentionally omitting explicit severity-grading requirements. This passive design served
two critical neurophysiological purposes. First, under rapid serial visual presentation,
requiring a trial-wise forced-choice manual rating would introduce massive decisional,
response-mapping, and motor execution components (e.g., motor-related cortical poten-
tials). These motor artifacts are known to severely overlap with and contaminate the exact
stimulus-locked ERP time windows that are utilized for cognitive interpretation. Second,
it explicitly minimized top-down task bias, as explicit categorization demands can fun-
damentally alter late evaluative ERP components, often competing with spontaneous or
implicit forms of processing for shared neural resources. By utilizing this passive design, we
were able to rigorously test whether damage-related severity is nonetheless spontaneously
and implicitly encoded in human neural activity during rapid visual inspection. A short
practice session preceded the formal experiment to familiarize participants with the task
and presentation pace.

2.2. EEG Processing and Analysis
2.2.1. Data Preprocessing

Raw EEG recordings were preprocessed in EEGLAB following a standard pipeline [38].
As illustrated in Figure 4, the main steps were: exclude auxiliary channels and retain
59 EEG channels; apply 0.1 Hz high-pass, 30 Hz low-pass, and 48~52 Hz notch filter
to remove drifts, high-frequency noise, and power line interference; segment data into
epochs from −1 to 2 s relative to stimulus onset and baseline-correct using the −1~0 s
interval; detect and interpolate bad channels using spherical interpolation; re-reference
to the common average; run independent component analysis (ICA) [39] and remove
components classified as ocular/muscular artifacts; and reject remaining epochs exceeding
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±100 µV. These preprocessing choices balance artifact suppression and signal preservation
for single-trial ERP analysis and were applied consistently across all subjects.

Figure 4. Data preprocessing procedures.

2.2.2. Feature Extraction

To identify neural correlates of perceived damage, features were extracted using a data-
driven approach. Rather than assuming fixed time windows, point-wise statistical tests
were conducted to identify temporal intervals exhibiting significant modulation by damage
severity. For each of the 59 electrodes, point-wise paired t-tests (α = 0.05) were conducted
along the temporal dimension (−1 to 2 s) to compare ERP responses across conditions. In
the four-category damage labeling task, six (C2

4) pair-wise condition comparisons were
performed at each electrode, yielding a p-value at every time point. To adopt a conservative
criterion in this multi-comparison setting, the maximum p-value across the six comparisons
was retained at each time point. Time points were considered potentially discriminative
only if this maximum p-value was below the significance threshold. To further control
the risk of false positives arising from multiple comparisons [40], false discovery rate
(FDR) correction was applied using the Benjamini–Hochberg procedure (q = 0.05) [40,41].
The resulting statistically significant temporal segments were retained as time-domain
ERP features.

In addition to time-domain ERP features, complementary spectral–temporal infor-
mation was extracted using time–frequency analysis. Preprocessed EEG signals were
transformed via short-time Fourier transform using a 0.2 s Hanning window, followed by
fast Fourier transform, yielding time–frequency representations that capture transient oscil-
latory dynamics associated with visual processing. Statistically significant time–frequency
segments were identified in parallel with the time-domain features and included in subse-
quent analyses.

2.2.3. Single-Trial Classification

To assess whether the identified neural features contained discriminative information
at the single-trial level, we employed a classical machine learning classifier as a conservative
feasibility baseline. A support vector machine (SVM) with a radial basis function kernel
was deliberately selected for this neurocognitive proof-of-concept. The present paradigm
involves a high-dimensional, relatively small-sample EEG classification task, a scenario
where SVM-based approaches continue to demonstrate robust generalization capabilities
without the extreme overfitting risks often associated with more complex models. The
primary epistemological purpose of this step was therefore to rigorously test whether the
statistically identified, physiologically interpretable EEG features carried sufficient intrinsic
discriminative information for single-trial decoding. Crucially, the interpretability of our

https://doi.org/10.3390/buildings16061237

https://doi.org/10.3390/buildings16061237


Buildings 2026, 16, 1237 7 of 19

framework originates from these explicitly defined neurophysiological inputs rather than
the classifier itself. Employing a classical baseline allowed us to transparently validate the
discriminability of these specific features without conflating them with the hidden repre-
sentational complexity of opaque end-to-end models. Thus, SVM was strictly deployed to
establish a methodologically conservative and physiologically transparent baseline, before
future systematic comparison with more expressive deep learning architectures.

Time-domain and time–frequency features were evaluated separately and in combina-
tion. For each participant, class balance was ensured by random undersampling, and all
features were standardized using z-score normalization. Model performance was evaluated
using ten-fold cross-validation, and results were summarized using accuracy (Acc), F1
score (F1), and area under the receiver operating characteristic curve (AUC).

3. Results
3.1. Task Feasibility and Behavioral Consistency

To verify that the experimental task was intuitive and could be reliably completed
without formal expert training, behavioral performance was examined prior to the EEG
analysis. Two summary indices were used for this purpose: M1, the mean reported number
of damaged-building images per block, and M2, the mean absolute deviation between the
reported count and the ground truth count of 10. Most participants adapted to the task
within three practice blocks, indicating rapid familiarization with the task instructions
and presentation pace. After initial data quality screening, three participants (Sub ID
03/06/09) were excluded due to excessive motion artifacts or unstable electrode contact.
Consequently, EEG recordings from 14 participants were retained for the final analysis.
Table 1 summarizes the behavioral feedback data and the EEG epoch retention rates (all
>90% after artifact rejection) for these retained participants. Across the retained participants,
M1 averaged 10.1, closely matching the ground truth, whereas M2 averaged 0.6, indicating
low variability and stable task performance across blocks. These behavioral results confirm
that participants could reliably execute the damage detection task, thereby providing a
sound, well-controlled behavioral basis for the subsequent EEG analyses.

Table 1. Behavioral feedback summary for the retained participants.

Sub ID M1 M2 Retention Rate Sub ID M1 M2 Retention Rate

01 9.7 0.5 93% 11 10.3 1.0 99.5%
02 10.3 0.4 97% 12 10.2 0.5 90.9%
04 9.2 1.1 97.5% 13 10.1 0.3 99.7%
05 11.1 1.3 94.7% 14 10.7 0.7 99.7%
07 9.5 0.6 99.1% 15 10.2 0.3 99.5%
08 10.8 0.9 92.0% 16 9.9 0.5 100.0%
10 9.9 0.3 99.7% 17 9.5 0.5 98.5%

3.2. Neural Correlates of Damage-Related Risk Perception

To examine whether post-disaster building damage elicits systematic neural responses,
ERPs were analyzed across different damage conditions. Representative time-domain and
time–frequency results are shown in Figures 5 and 6.

At the parietal electrode Pz, ERP waveforms revealed clear differences across damage
categories (Figure 5a). Statistical comparison indicated that responses to “Minor Damaged”
and “Major Damaged” buildings did not differ significantly, whereas both differed from
the “Intact” and “Collapsed” conditions. This lack of differentiation between intermediate
levels suggests that under the strict temporal constraints of rapid visual inspection, the
neural system may default to a coarse-grained categorization strategy rather than fine-
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grained grading. Accordingly, these two intermediate categories were merged into a unified
“Damaged” group for subsequent analyses, yielding a three-level condition structure
(Intact/Damaged/Collapsed) (Figure 5b).

   
(a) (b) (c) 

(d) 

Figure 5. Time-domain ERP responses to varying levels of building damage at Pz. (a) Four-class com-
parison. (b) Three-class comparison and the corresponding paired-sample t-test results. (c) Significant
time-domain feature segments identified after multiple comparisons correction. (d) Topographical
distributions of the representative late time-domain responses across categories.

Specifically, two prominent ERP components were observed: an N2 component at
approximately 290 ms and a later P3 component spanning roughly 350~750 ms. While
N2 amplitudes primarily differentiated intact from damaged buildings, the P3 component
exhibited a graded amplitude increase corresponding to damage severity (Intact < Damaged
< Collapsed). Damaged and collapsed buildings elicited significantly stronger and more
sustained neural responses than intact structures, particularly within the late positive time
windows associated with evaluative processing. After FDR correction, two statistically
significant time-domain segments were identified at Pz (365~383 ms and 448~666 ms;
Figure 5c). Figure 5d further illustrates that the strongest activity within these late windows
was concentrated over parietal–occipital regions.

To further capture complementary neural signatures, time–frequency analysis was
performed using short-time Fourier transform (STFT). Figure 6a shows the averaged
time-domain signals for the three-class comparison at occipital sites (e.g., Oz), serving as
the basis for spectral decomposition, while Figure 6b presents the corresponding time–
frequency representations obtained by the STFT. To systematically quantify these oscillatory
dynamics, a Boolean monotonic trend mask across categories was extracted to highlight
regions showing consistent severity-related variation (Figure 6c). Parallel pair-wise paired-
sample t-tests were then applied in the time–frequency domain (Figure 6d). Intersecting
the monotonic trend regions with statistically significant regions yielded candidate time–
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frequency features (Figure 6e). Finally, FDR correction retained a distinct Alpha-band
feature at 175~203 ms and 8~9 Hz (Figure 6f). Because this feature did not temporally
overlap with the significant time-domain segments at the same channel, it represents a
distinct, parallel neural signature of damage perception. Figure 6g maps the topographical
distribution of this extracted Alpha-band feature across the three categories.

Figure 6. Time–frequency ERP responses to varying levels of building damage at Oz. (a) Time-
domain signals in the three-class task. (b) Time–frequency representations obtained by the STFT.
(c) Monotonic trend consistency mask across the three categories. (d) Pair-wise paired-sample t-
tests among the three categories. (e) Intersection of the trend consistency and significance regions.
(f) Statistically significant time–frequency feature retained after multiple comparisons correction.
(g) Topographical distributions of the extracted Alpha-band feature across categories.

Across all 59 channels, 12 time-domain and 7 time–frequency feature segments were
identified. As detailed in Table 2, significant discriminative features were predominantly
distributed over parietal and occipital regions, with a marked concentration in the left
hemisphere. Time-domain features were distributed across frontal, central, parietal, and
occipital regions, whereas time–frequency features were primarily localized to parietal-
occipital electrodes within Delta (1~4 Hz)-, Theta (4~8 Hz)-, and Alpha (8~13 Hz)-bands.
These spatiotemporal results collectively indicate that damage-related appraisal under
rapid inspection engages coordinated posterior visual–evaluative processing rather than a
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single local effect. Their cognitive interpretation and potential interrelationships are further
discussed in Section 4.1.

Table 2. Significant features after t-test and FDR.

Time-Domain Time–Frequency Domain
Channel Time Window Channel Time Window Frequency Window Frequency Band

FC1 439~466 ms
PO5

220~283 ms 4~7 Hz Theta

CP1
389~422 ms 261~282 ms 1~4 Hz Delta
580~651 ms Oz 175~203 ms 8~9 Hz Alpha
657~673 ms

O1

186~207 ms 8~9 Hz Alpha

Pz
365~383 ms 191~206 ms 7~8 Hz Theta
448~666 ms 240~279 ms 4~6 Hz Theta

P3
249~268 ms 256~279 ms 1~4 Hz Delta

392~431 ms

436~764 ms

Oz 411~449 ms

O1 418~450 ms

O2 418~440 ms Topographical distribution of significant electrodes

3.3. Single-Trial Evidence for Perceptual Discriminability

To determine whether the group-level neural signatures identified in Section 3.2 were
also informative at the single-trial level, classification was performed separately for each
retained participant using subject-specific SVM models and ten-fold cross-validation. The
resulting performance values were then averaged across participants. For comparison,
classifiers were also trained on EEG segments unrelated to post-stimulus processing, namely
a prestimulus time-domain segment (−50~0 ms at Pz) and a prestimulus high-frequency
segment (−50~0 ms, 10~15 Hz at Pz) serving as the time–frequency baseline. As expected,
these irrelevant segments yielded chance-level performance across all tasks, confirming
that the subsequent performance gains genuinely reflected task-relevant neural information
rather than bias within the evaluation framework.

Figure 7 summarizes the classification results across feature domains and combination
sizes. For time-domain features (Figure 7a), performance improved steadily as statistically
significant segments were combined, indicating that distinct temporal windows contributed
complementary discriminative information. The best performance was obtained with six
features in the three-class task (F1 = 0.481, Acc = 0.500, AUC = 0.688), seven features in
Binary-A (intact vs. damaged; F1 = 0.731, Acc = 0.734, AUC = 0.793), and five features in
Binary-B (intact vs. collapsed; F1 = 0.753, Acc = 0.761, AUC = 0.827). In contrast, time–
frequency features (Figure 7b) peaked earlier and at consistently lower levels, with gains
saturating after only two or three features and then tending to plateau or decline. This
pattern indicates that while oscillatory features carry discriminative information, their
incremental contribution is less scalable and more redundant than that of time-domain
ERP features. Across both domains, the two binary tasks outperformed the three-class task,
with Binary-B demonstrating the highest discriminability.
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(a) 

 
(b) 

Figure 7. Single-trial classification performance metrics across feature domains. (a) Results of
time-domain features and their combinations. (b) Results of time–frequency features and their
combinations. A downward-pointing arrow (“↓”) at the top of a bar indicates a decline in the
corresponding metric compared to the previous feature count.

Because the time-domain combinations provided the strongest and most stable results,
the error structure was further examined using the optimal time-domain models (Figure 8).
In the three-class task (Figure 8a), recall values were 0.65 for “Intact”, 0.35 for “Damaged”,
and 0.50 for “Collapsed”. The dominant error mode was mutual confusion between
the two non-intact categories: 34% of “Damaged” trials were predicted as “Collapsed”,
and 32% of “Collapsed” trials were predicted as “Damaged”. Although “Damaged” and
“Collapsed” are clearly distinct engineering states, they can share partially overlapping
nadir-view visual cues (such as scattered debris and partial roof deformation) under rapid
remote sensing inspection, especially because the pooled “Damaged” category contains
heterogeneous intermediate cases. This pattern aligns with the neural evidence reported in
Section 3.2, indicating that while the presence of damage is reliably detected, discriminating
the precise severity grade remains challenging. Crucially, by comparison, misclassification
as “Intact” was lower but still non-negligible, amounting to 31% for “Damaged” and 19%
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for “Collapsed”. In the binary tasks, performance became markedly more stable. In Binary-
A (Figure 8b), 77% of “Intact” and 70% of “Damaged” trials were correctly classified. In
Binary-B (Figure 8c), the corresponding correct classification rates were 78% for “Intact” and
74% for “Collapsed”. These results collectively indicate that the presence of damage was
detected much more reliably than its precise severity grade under rapid visual inspection.

   
(a) (b) (c) 

Figure 8. Confusion matrices under the optimal time-domain feature combinations. (a) Three-class
(6 features). (b) Binary-A (7 features). (c) Binary-B (5 features).

To further evaluate inter-individual variability, classification was repeated using only
the single most discriminative feature from each domain (Figure 9), namely the late time-
domain feature at Pz (448~666 ms) and the time–frequency feature at O1 (256~279 ms,
1~4 Hz). The time-domain feature produced comparatively compact cross-subject distribu-
tions across all three tasks, indicating a relatively stable neural template for damage-related
appraisal. The time–frequency feature, by contrast, showed broader distributions and
larger tails, suggesting that its discriminability depended more strongly on individual
strategy, signal quality, or cortical dynamics. Notably, a single spectral feature sometimes
achieved slightly higher median values than the single time-domain feature, particularly
in the three-class and Binary-A tasks. However, this advantage was not consistent across
participants and disappeared once multiple features were combined (Figure 7). Taken
together, these results suggest that oscillatory features can be highly informative for certain
individuals, whereas late time-domain ERPs provide the more reliable basis for generalized
single-trial decoding. These results are further discussed in Section 4.2.

Figure 9. Distribution of classification performance for optimal single features. Box and violin plots,
with black dots indicating the mean values.
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4. Discussion
4.1. Cognitive Mechanisms

The discriminative EEG features identified in this study provide neurophysiological
evidence for the holistic risk appraisal process during rapid post-disaster building assess-
ment. Unlike automated algorithms that isolate explicit damage features, the observed
neural spatiotemporal organization suggests that the human brain engages a continuous
cognitive cascade to interpret visually ambiguous and incomplete information embedded
in complex post-disaster scenes.

1. Risk appraisal relies on parietal–occipital processing that supports fine-grained struc-
tural interpretation, rather than simple object-level damage detection. The parietal–
occipital dominance observed in the discriminative feature distribution aligns with
the cognitive demand for detailed visual analysis and spatial attention [42–47]. In
post-disaster imagery, intact and damaged buildings often share similar global ap-
pearances, while information that is relevant to potential risk is conveyed through
localized, indirect, or context-dependent visual cues. Under such conditions, percep-
tual judgment relies less on global pattern recognition and more on the fine-grained
interpretation of local anomalies, thereby transcending simple object detection. The
engagement of posterior networks reflects the detailed scrutiny and semantic integra-
tion of these ambiguous cues, while the additional fronto-parietal activation suggests
goal-directed cognitive regulation, confirming that participants were actively evaluat-
ing the structural implications of visual evidence rather than merely detecting salient
features [48,49].

2. Damage severity is encoded in late-stage neural responses as a continuous risk rep-
resentation, rather than a binary classification outcome. While early components
(<200 ms) are commonly associated with initial sensory encoding, the dominant dis-
criminative effects emerged in later time windows (>200 ms), reflecting extended
post-perceptual evaluation [50]. Rather than reflecting visual saliency alone, the
prolonged P3 activity observed in damage conditions is interpreted as increased eval-
uative demand, as participants integrate incomplete or indirect visual cues to form
intuitive inferences about potential hazards. In this sense, damage perception in the
present task does not correspond to a simple binary decision, but to an iterative judg-
ment process in which visual evidence is progressively weighed against perceived
structural risk. Crucially, the graded P3 amplitude mirrors a continuous spectrum of
perceived severity, indicating that the human brain represents damage-related risk in
an analog, severity-dependent manner rather than as a discrete label.

3. Multi-frequency oscillatory dynamics reflect coordinated cognitive processing for
risk appraisal in visually complex scenarios. The modulation of occipital Alpha ac-
tivity is commonly linked to selective attention and the suppression of irrelevant
information [51], supporting focused processing of ambiguous, risk-relevant visual
cues. Theta-band activity reflects working-memory engagement and cognitive con-
trol, likely associated with the comparison between observed structures and internal
representations of intact buildings [51,52]. Delta-band involvement, often associated
with decision-making and signal detection, suggests that images depicting severe
structural damage may trigger sustained risk-related appraisal and context updating
beyond purely local visual analysis [53]. Together, these oscillatory patterns indi-
cate that rapid damage assessment engages attentional, mnemonic, and evaluative
processes in an integrated manner to support reliable judgment under time pressure.
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4.2. Single-Trial Interpretation

Unlike conventional EEG target detection paradigms that rely on simplified or well-
defined stimuli [28,30,36], the present experiment employed realistic post-disaster remote
sensing imagery characterized by heterogeneous content, subtle inter-class differences,
and inherently ambiguous visual cues. Under these naturalistic conditions, the single-trial
classification results substantiate the feasibility of externalizing this implicit risk judgment
in real time. These findings complement the cognitive interpretations in Section 4.1 and
reinforce the potential role of EEG as a window into latent human knowledge that is
currently inaccessible to standard CV metrics.

1. Time-domain ERP features provide the most robust and scalable basis for single-trial
risk decoding. The comparative analysis of feature domains reveals a critical engi-
neering insight: time-domain ERP features offer superior robustness and scalability
compared to oscillatory markers. While spectral features capture individual cogni-
tive strategies, the stability of time-locked responses (e.g., the P3 timing) suggests a
shared neural template for risk evaluation across observers. This finding is pivotal
for developing generalized cognition-informed tools, as it implies that the temporal
structure and magnitude of neural responses provide a stable physiological reference
for calibrating automated assessment models.

2. Misclassification is concentrated in intermediate damage states, reflecting intrinsic
perceptual ambiguity rather than noise. The observed asymmetry in perceptual er-
rors, where confusion primarily occurred between damage categories while intact
buildings remained distinct, reflects a fundamental characteristic of human judgment
under uncertainty. Since participants detected damage as a proxy for perceived risk
rather than performing fine-grained grading, the differentiation between damaged
and collapsed structures relied on spontaneous inference. The “Damaged” category
inherently includes diverse and partially conflicting cues (e.g., limited roof deforma-
tion without global collapse), increasing perceptual ambiguity. From this perspective,
the reduced discriminability for intermediate damage states should not be viewed
merely as noise, but as a neural signature of uncertainty processing. This highlights
that ambiguity is an intrinsic component of human risk perception, offering a poten-
tial “soft label” for training automated systems to better handle borderline cases in
realistic disaster scenes.

3. Inter-individual variability necessitates adaptive human-in-the-loop assessment rather
than full automation. The successful decoding using standard SVM classifiers es-
tablishes a conservative baseline for feasibility. It proves that discriminative risk
information is accessible without relying on “black-box” deep learning models, pre-
serving the interpretability of the neural features. The substantial inter-individual
variability observed reflects differences in perceptual strategies and prior experience,
which are common sources of human error in visual inspection. Rather than being
treated solely as a limitation, such variability represents a defining characteristic of
human risk perception, underscoring the necessity of adaptive human-in-the-loop
frameworks that can accommodate personalized cognitive baselines to mitigate hu-
man error when integrating human judgment with automated analysis.

Finally, it is essential to position this proposed EEG framework relative to existing
automated CV algorithms. We acknowledge that large-scale benchmarks (e.g., the xBD
dataset) have enabled rapid and substantial advances in image-based building damage as-
sessment. However, a strict head-to-head quantitative benchmark (e.g., directly comparing
F1/Acc/AUC) between the present EEG protocol and standard CV detectors would be
methodologically incongruous. Conventional automated algorithms infer physical damage
directly from explicitly defined image pixels. In contrast, our classifier is designed to

https://doi.org/10.3390/buildings16061237

https://doi.org/10.3390/buildings16061237


Buildings 2026, 16, 1237 15 of 19

decode latent, holistic human evaluative states from neural activity. Despite their high
throughput, the recent literature documents several persistent challenges for CV models
in complex, real-world disaster settings. These include severe performance degradation
under domain shifts, under-representation of specific disaster types, and continuing diffi-
culty in capturing the implicit contextual information required for fine-grained damage
discrimination [7,54,55]. From this perspective, the value of the proposed EEG framework
is fundamentally complementary rather than competitive. It identifies and quantifies a
vital source of information that current CV models do not explicitly encode: the human
observer’s latent risk judgment when dealing with visually ambiguous or borderline cases.
Ultimately, the two approaches target different but highly synergistic variables, position-
ing this cognition-informed EEG method as a physiological complement within future
human-in-the-loop disaster assessment architectures.

4.3. Limitations and Future Work

While this study provides foundational neurophysiological evidence for implicit risk
appraisal, its exploratory nature entails certain limitations that define the trajectory for
future research.

First, to prioritize internal validity and isolate the core cognitive hypotheses from
severe confounding variables, we utilized a tightly controlled, single-event image dataset
and a domain-informed but non-expert participant cohort. Although this design effectively
minimized event-irrelevant visual heterogeneity and idiosyncratic expert biases, it restricts
the immediate external validity. Future studies must validate whether the identified neural
signatures remain stable across multi-event, cross-region datasets (e.g., incorporating floods
and hurricanes). Furthermore, rigorous comparative analyses involving professional dam-
age assessment experts, ideally utilizing synchronized EEG and eye-tracking to map spatial
attention priors, are necessary to quantify how professional field experience modulates
these cognitive strategies.

Second, methodologically, this study prioritized physiological interpretability over
algorithmic maximization. The implementation of a silent counting task and a conservative
SVM baseline successfully captured spontaneous neural evaluations while preventing
motor artifacts and attribution ambiguity. However, this entails that the current framework
does not represent an optimally scaled engineering solution, nor does it fully validate
explicit fine-grained severity grading. A systematic progression toward more expressive
deep learning architectures (e.g., EEGNet [56]) and asymmetric multimodal integration
is a critical next step. In such future frameworks, imagery would remain the primary
operational modality, whereas EEG could provide auxiliary cognitive supervision (e.g.,
serving as “soft labels” or confidence weights) to calibrate image-based algorithms for
ambiguous cases.

Ultimately, these current boundaries outline a clear roadmap toward a staged, human-
in-the-loop decision-support architecture. In practical deployment, high-throughput auto-
mated computer vision models will remain responsible for broad-area screening. Cases
characterized by low algorithmic confidence or conflicting visual cues will then be escalated
for cognition-augmented human review. Within this workflow, the neurophysiological
markers identified in this study will serve as a physiological basis to quantify uncertainty-
sensitive human appraisal. By addressing practical challenges such as cross-subject calibra-
tion and wearable hardware optimization, future research can successfully transition these
neurocognitive insights into robust, operational disaster assessment workflows.
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5. Conclusions
This study investigated the neural signatures of rapid damage-related appraisal during

post-disaster building inspection under visually complex remote sensing conditions. The
experimental results revealed that damage-related information was systematically reflected
in measurable EEG signatures, even when observers were not explicitly instructed to rate
damage severity. In the time-domain, the most prominent discriminative activity was ob-
served at Pz, where two significant windows (365~383 ms and 448~666 ms) were identified
after FDR correction. Here, the late positive component (P3) showed the clearest mono-
tonic differentiation across different damage conditions. In the time–frequency domain,
a distinct occipital Alpha-band feature (175~203 ms at 8~9 Hz) provided complementary
evidence that rapid damage appraisal engages not only late evaluative processing but also
early attention-related modulation. At the single-trial level, time-domain features showed
more robust and scalable performance for decoding these latent evaluative judgments than
time–frequency features. Utilizing optimal combinations of time-domain features achieved
strong discriminative performance, with peak average AUC values reaching 0.83 in binary
classification tasks, while also demonstrating lower cross-subject variability than the best
spectral features. This supports the feasibility of decoding certain aspects of latent human
evaluative processing from high-dimensional neural data.

At the same time, these findings should be interpreted within the boundaries of the
present proof-of-concept design, which utilized a tightly controlled single-event image
pool, a domain-informed but non-expert cohort, an orthogonal counting task, and a con-
servative SVM baseline. Accordingly, these results provide neurophysiological evidence
for implicit and relatively coarse-grained damage-related appraisal, rather than acting as
a fully operational or fine-grained rating system. The practical contribution of this work
is therefore to establish a measurable human cognitive baseline that may inform future
multimodal, uncertainty-aware, human-in-the-loop frameworks for disaster assessment.
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CV Computer vision
EEG Electroencephalography
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STFT Short-time Fourier transform
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