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Rapid and quantitative assessment of bridge damage immediately after a disaster is critical for effective emergency
response and early recovery. In this study, a method was developed to apply the YOLOv8 segmentation model to aerial
imagery for detecting and classifying bridges based on the presence or absence of damage and to estimate bridge
length and width from the detected regions to evaluate changes in shape dimensions. The results confirmed that for
undamaged bridges, both bridge length and width could be estimated with high accuracy. In contrast, for damaged
bridges, debris accumulation and inundation often resulted in only partial detection of the bridge, leading to a tend-
ency for dimensional underestimation, particularly in the bridge length direction. Furthermore, it was confirmed that
damage caused changes in the relative scaling relationship between bridge length and width, disrupting the original
balance between these dimensions. These findings indicate that the observed dimensional shrinkage is not merely an
estimation error but a quantitative characteristic of damage itself. This suggests that analysing changes in shape dimen-
sions is a potentially effective method for detecting the presence of bridge damage.

Keywords: disaster/engineering bridges/UN SDG 9: Industry, innovation and infrastructure industry/UN SDG 11: Sustainable cities
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1. Introduction

Natural disasters such as earthquakes, tsunamis, and floods occur
frequently around the world, causing damage to and functional
disruptions of social infrastructure. In particular, damage to trans-
portation infrastructure, including bridges and roads, significantly
hinders rapid recovery and reconstruction efforts in disaster-
affected areas. Therefore, promptly assessing the damage status of
such infrastructure is critically important. Early assessment and
evaluation of disaster damage enable prioritisation necessary for
efficiently conducting emergency response and recovery activities,
thereby contributing to the prevention of secondary disasters and
the acceleration of recovery and reconstruction.

In recent years, many studies have been conducted to assess wide-
area disaster-affected conditions, including bridges, roads, and
entire urban areas, by applying deep learning techniques to satellite
imagery, aerial photography, and unmanned aerial vehicle-captured
images. Regarding damage detection for large-scale natural disas-
ters, studies such as the detection of landslides using aerial imagery
(Kubo et al., 2022) and the mapping of landslides and floods (Lang
et al., 2024; Opara et al., 2024) have demonstrated the effectiveness

of combining aerial imagery and deep learning techniques for wide-
area disaster assessment. Many studies have also addressed building
damage detection. For example, Miyamoto and Yamamoto (2020)
detected buildings and identified the damage status using optical
satellite imagery based on building information obtained from a
geographic information system database. Furthermore, Bai et al.
(2020) and Gholami ef al. (2022) estimated building damage loca-
tions and classified damage levels based on pre- and post-disaster
satellite imagery, while Alisjahbana et al. (2024) developed a dam-
age detection model integrating building segmentation and damage
classification. Regarding road infrastructure, Zhao et al. (2022)
extracted and evaluated damaged road areas based on the tracking,
learning, and detector framework using high-resolution post-
disaster aerial imagery, and Ahmad et al. (2019) detected passable
roads after floods based on satellite imagery and social media data.
For bridges, Shukla ef al. (2024) proposed a method for detecting
changes in bridges using pre- and post-disaster satellite imagery,
Liu ef al. (2021) performed collapsed bridge detection by applying
multiple regression models to change features derived from syn-
thetic aperture radar (SAR) imagery, and Kopiika et al. (2025) per-
formed damage detection and classification at the bridge component
level by utilising SAR and high-resolution imagery.
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These studies demonstrate that combining remote sensing technol-
ogies with deep learning methods is effective for the rapid assess-
ment and evaluation of wide-area disaster effects, including
damage to urban and transportation infrastructure. However, most
previous studies have primarily focused on identifying the damage
status of structures such as bridges, and methods for quantitatively
evaluating damage conditions in relation to shape dimensions
have not yet been sufficiently established. In this study, a segmen-
tation approach is applied to aerial imagery to detect bridges
according to their damage status, and for each detected bridge, the
bridge length and width are calculated. The objective is to develop
a new method for quantitatively assessing the disaster-affected
conditions of bridges based on their shape dimensions.

2. Methods

2.1
In this study, a deep learning model from the YOLO (You Only

Bridge segmentation model

Look Once) series, capable of addressing a wide range of image
recognition tasks such as object detection and segmentation, is uti-
lised to segment damaged and undamaged bridges from aerial
imagery. For the segmentation, the segmentation model of
YOLOVS (Figure 1), released in January 2023 (Ultralytics, 2025),
is adopted. YOLOVS is designed based on the framework of the
YOLO series, primarily YOLOVS, but incorporates enhancements
such as improvements to the backbone architecture and loss

functions, as well as the introduction of an anchor-free structure,
achieving a balance between accuracy and inference speed.
Furthermore, YOLOv8 maintains compatibility with previous ver-
sions of the YOLO series, allowing for easy switching between
different versions, which is important from an implementation
standpoint.

YOLOVS has three key technical characteristics. First, by intro-
ducing an anchor-free structure, the output space is simplified,
allowing the model to directly regress the centre coordinates and
size of the target object. In contrast to conventional anchor-based
structures, which predict the offsets from multiple predefined
anchor boxes placed on feature maps, the anchor-free approach
directly predicts the centre coordinates of objects and simultane-
ously estimates their size information, such as width and length, at
those locations. For each grid cell, the following output vector is
generated:

where (¥, ) represent the centre coordinates of the object, (W, fz)
denote its width and length, ¢ is the class probability, and m is a
coefficient vector for mask generation. This structure suppresses
the generation of unnecessary candidate boxes, thereby improving
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Figure 1. The network architecture of the YOLOv8 segmentation model is presented, including key components such as the backbone and

mask prediction branch (created with reference to Wang et al. (2024))
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computational efficiency and generalisation performance, and
demonstrates high performance, particularly when applied to small
datasets and real-world environments (Ge et al., 2021).

Second, in YOLOvS, the main component of the backbone has
been changed from the C3 module to the C2f module (Figure 2).
While C3 was based on repeated residual blocks following the
design of ResNet, C2f adopts the design philosophy of DenseNet.
It reduces the number of bottleneck layers by utilising skip con-
nections and enhances feature reuse and gradient propagation effi-
ciency through the splitting and merging of feature maps, resulting
in a simpler and more efficient architecture (Sun et al., 2024;
Wang et al., 2024).

Third, the segmentation model of YOLOVS adopts a prototype-
based structure for mask prediction. This structure is based on the
method introduced in YOLACT (Bolya et al., 2019) and enables a
significant reduction in computational cost and inference time
compared with conventional approaches that individually generate
dedicated masks for each instance.

In YOLOVS, segmentation is performed using an instance segmen-
tation approach, which partitions each object into pixel-level
regions, and a multi-head structure is employed to output a corre-
sponding mask for each detected object. The loss function adopts
an integrated form that includes multiple components related to
position, size, class, and mask and is defined as follows:

2. ['total = j-box : ['CIOU + /lcls : ['cls + j-mask : £mask

where Ly is the total loss of the model, Lcou is the CloU
(Complete Intersection over Union) loss for bounding box regres-
sion, L is the classification loss, and Ly, is the mask loss. By
appropriately setting the weights Aoy, Acls, and Amask for each loss

component, the overall training balance can be effectively adjusted
(Zheng et al., 2019).

In this study, many bridges exhibit complex shapes and often have
unclear boundaries with debris caused by earthquakes, tsunamis,
and other disasters. Furthermore, the shape dimensions, such as
bridge length and width, may vary depending on the damage sta-
tus. To accurately capture such shape information and analyse its
relationship with the damage status, it is necessary to perform
pixel-level region extraction rather than relying solely on bound-
ing boxes. Therefore, this study adopts the YOLOv8 segmentation
model to enable the quantification of bridge attributes and to
improve the accuracy of damage assessment.

2.2  Bridge shape calculation model

Based on the segmentation results of bridges obtained using
YOLOVS, the shape dimensions of bridges are determined through
three processes: (i) redefinition of segmentation areas, (i7) reclassi-
fication of segmentation area classes, and (ii7) calculation of
bridge shape dimensions.

(i) Redefinition of segmentation areas

The segmentation results may contain connection regions linking
adjacent bridges or duplicate detections of the same bridge, and it
is necessary to remove these artefacts. To address this, a binary
mask of the same size as the input image is created, assigning a
value of 1 to pixels corresponding to bridge regions and 0 to the
background. A morphological operation is applied to the mask,
specifically performing two rounds of opening operations to
properly separate binarised regions and smooth their shapes.
Subsequently, external contours are extracted from the morpholog-
ically processed mask, and spatially adjacent or partially overlap-
ping regions are merged into single regions. This process enables
the removal of noise and the elimination of duplicate detections
from the segmentation results.
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Figure 2. The structures of the C2f and C3 modules are illustrated (created with reference to Wang et al. (2024)). Compared with the C3
module used in YOLOV5, the C2f module adopted in YOLOv8 achieves greater simplicity and computational efficiency
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(i) Reclassification of segmentation area classes

Based on the damage status of pixels contained within each rede-
fined segmentation area, a new class label is assigned. In the seg-
mentation results, there are cases where, due to the influence of
debris and other factors, only a portion of a bridge is classified as
damaged while the rest is classified as undamaged. In such cases,
inconsistent class assignments occur within a single bridge, which
reduces the reliability of the classification. Therefore, in this study,
undamaged bridges are assigned an ID of 0, and damaged bridges
are assigned an ID of 1. The class label for each segmentation area
is determined based on a thresholding process using the ratio r
between the number of pixels with class ID 1, Ny, and the total
number of pixels in the area, Ny, calculated as:

N

3. r=
M total

The class label C is assigned according to the following rule:

lifr > 1
4. C= { 0 otherwise

where 7 is a predefined threshold, set to 0.1 in this study. This
threshold is set to a low value to prioritise detection sensitivity.
For the purpose of rapid disaster assessment, this value was cho-
sen to ensure that a bridge is classified as damaged even if only a
small portion is identified as such, thereby minimising the risk of
overlooking compromised structures. This process also serves to
suppress local misclassifications, ensuring that a single class is
consistently assigned to each redefined segmentation area.

(iii)  Calculation of bridge shape dimensions

For each bridge region whose class and fine-grained shape have
been redefined, shape dimensions are calculated. A minimum
bounding rectangle is applied to the bridge region, and among the
four edges of the resulting rectangle, the distance between the
centre points of the two longer edges is defined as the bridge
length 4, while the distance between the centre points of the two
shorter edges is defined as the bridge width w.

3. Bridge segmentation

3.1 Model configuration and training parameters

In this study, a pretrained YOLOv8x segmentation model from the
YOLOVS series is adopted for the purpose of bridge segmentation
and damage status classification. The optimiser is Adam, with an
initial learning rate of 0.002, a batch size of 16, and 2000 training
epochs. All training images are resized to 600 x 600 pixels before
being input to the model. Other parameters and data augmentation
settings follow those of the original model. Under these settings,
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training was conducted, and the loss function reached its minimum
at epoch 1968. The model weights at that point were adopted for
validation.

3.2 Datasets

The data used for training and validation consist of bridge images
collected from aerial imagery captured shortly after the 2024 Noto
Peninsula Earthquake and the 2011 off the Pacific coast of Tohoku
Earthquake (Figure 3). In this study, the classification of ‘dam-
aged’ primarily refers to bridges that have suffered severe visual
alterations, such as structural collapse, washout, or significant
debris accumulation on the deck, as observed in the aftermath of
the earthquakes and tsunamis. The training data include images
containing both damaged and undamaged bridges from both earth-
quakes. The images from the 2024 Noto Peninsula Earthquake are
480 x 640 pixels, and those from the 2011 off the Pacific coast of
Tohoku Earthquake are 480 x 600 pixels. Since the number of
damaged bridges in the entire training dataset is limited, data aug-
mentation was applied specifically to images containing damaged
bridges from the 2011 off the Pacific coast of Tohoku Earthquake,
which include a relatively higher number of damaged instances.
For each original image, five augmentation operations were per-
formed individually, including horizontal flipping, vertical flip-
ping, and rotations of 90°, 180°, and 270°, resulting in five
additional images. Including the original, each image yielded a
total of six images. This procedure was applied to all such
damaged-bridge images, thereby increasing the amount of training
data by a factor of six. For validation, images captured in different
regions during the 2011 off the Pacific coast of Tohoku
Earthquake, which were not used in training, were employed. The
validation images are 480 x 600 pixels, but all images, both for
training and validation — are resized to 600 % 600 pixels before
being input to the model. The composition of the dataset used in
this study is summarised in Table 1.

3.3 Results of segmentation

This section presents the segmentation results for damaged and
undamaged bridges. It is important to note that the visualisations
in Figures 4-8 show the raw model output, which can include mul-
tiple, overlapping detections for a single object, as illustrated in
Figure 4(c). In contrast, all subsequent quantitative analyses,
including the accuracy evaluation in Section 3.4 and the shape
estimation in Section 4, are based on the final, processed results
after applying the reclassification method from Section 2.2. In
these figures, red regions denote bridges classified as damaged,
while blue regions denote those classified as undamaged.

Figure 4 shows the segmentation results for damaged bridges,
while Figure 5 shows those for undamaged bridges. In all cases,
regardless of bridge length, width, or damage status, the bridges
were generally segmented accurately. Among Figures 4(a)-4(c),
Figure 4(b) is particularly notable in that, despite the presence of
many houses, vehicles, and debris accumulated on the bridge
deck, the entire bridge was correctly segmented as damaged.
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{d)

Figure 3. Examples of bridge data used for training and validation. The top row shows the original aerial images, and the bottom row presents
the corresponding ground truth. In the annotations, red indicates damaged bridges and blue indicates undamaged bridges

Table 1. Summary of datasets used for training and validation

Purpose Disaster name
Training The 2024 Noto Peninsula Earthquake

The 2011 off the Pacific Coast of Tohoku Earthquake
Validation The 2011 off the Pacific Coast of Tohoku Earthquake

Number of images Undamaged bridge Damaged bridge
2692 5437 34
587* 272 468
67 34 41

The table lists the number of damaged and undamaged bridge images contained in aerial imagery captured during the 2024 Noto Peninsula Earthquake and the 2011 off

the Pacific Coast of Tohoku Earthquake

*A total of 73 images of damaged bridges from the 2011 off the Pacific coast of Tohoku Earthquake were augmented sixfold. The asterisked values indicate the number

of images after augmentation

Figure 4(c) illustrates a case where the model produced highly
overlapping detections for a single bridge with conflicting clas-
sifications. The reclassification process described in Section 2.2
is applied to resolve such ambiguities. In this specific example,
the union of all detected pixels constituted a total arca of 16 844

pixels. Within this area, 16 773 pixels were classified as
‘undamaged’ and 16 799 pixels were classified as ‘damaged’,
confirming a near-complete overlap. The damage ratio r is cal-
culated using the ‘damaged’ pixel count, yielding approxi-
mately 0.9973. As this value significantly exceeds the threshold
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(k)

Figure 4. Segmentation results for damaged bridges. Even in the presence of debris or structural damage, damaged bridges were generally
segmented appropriately
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(b)

Figure 5. Segmentation results for undamaged bridges. Undamaged bridges were accurately detected regardless of their size
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7= 0.1, the bridge region was correctly unified and assigned a
final ‘damaged’ classification. In addition to the results for
damaged bridges, Figure 5 presents examples of undamaged
bridge segmentation. Figures 5(a) and 5(c) show long bridges,
while Figure 5(b) shows a short bridge. In all cases, the entire
bridge was appropriately segmented, indicating that the model
demonstrates high segmentation performance regardless of
bridge size.

Figures 6 and 7 show examples in which partial detection or
missed detection occurred for damaged bridges. In particular, as
shown in Figure 6, when a large amount of debris is present on the
bridge deck or on the water surface near the bridge, or as shown in
Figure 7, when part of the bridge has collapsed or the deck is
obscured due to flooding, a decline in segmentation performance
was observed. However, in cases where debris accumulation or
flooding is limited, as in Figures 6(a), 6(b), 7(b), and 7(c), the
damaged bridges can still be successfully detected. These observa-
tions suggest that the proposed method is effective for estimating
the locations and number of damaged bridges.

Finally, Figure 8 presents examples of false detection for undam-
aged bridges. In Figures 6(a) and 6(b), not only are undamaged
bridges mistakenly detected as damaged, but surrounding areas
that are not part of a bridge are also misclassified as bridges.
Similarly, in Figures 8(c), a road segment that is not actually a
bridge is incorrectly identified as a bridge. These false detections
may be attributed to the presence of bridges in the training data
whose shapes and surrounding environments resemble those of
ordinary roads.

Despite some cases of reduced accuracy and false detection, the
results show that, for most bridges, either the entire structure or a
substantial portion was appropriately detected regardless of dam-
age status, suggesting the effectiveness of the proposed method.

3.4 Evaluation of segmentation results

The segmentation accuracy for bridges was evaluated based
on accuracy, precision, recall, and Fl-score, as defined in
Equations 5-8. In this evaluation, the ‘Damaged bridge’ class
(Class 1) was defined as the positive class, and the ‘Undamaged
bridge’ class (Class 0) as the negative class. Based on these def-
initions, the terms TP, TN, FP, and FN in the equations denote
true positive, true negative, false positive, and false negative,
respectively. The values of these metrics for each class are
shown in Table 2.

TP + TN

5. A -
COUTaY = TP TN + FP + FN
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6 Recall = P
' " TP +FN
7 Precision = TP
' " TP +FP

2 x (Precision x Recall)

8. Fl1-— =
seore Precision + Recall

For Class 0, which corresponds to undamaged bridges, the accu-
racy is 0.9748, indicating a low overall classification error. The
high accuracy is a consequence of the pixel imbalance between
the foreground representing bridges and the larger background
area. This value is inflated by the vast number of true negative
pixels from the correctly classified background. In contrast, preci-
sion and recall are not influenced by true negatives, thus providing
a more focused assessment of performance on the foreground
bridge classes. The recall is 0.5126 and the precision is 0.4706,
meaning that more than half of the regions classified as undam-
aged bridges are actually undamaged. However, the relatively low
precision suggests that some misclassifications are present. Since
the recall value exceeds the precision value, it can be inferred that
most undamaged bridges are successfully detected, although some
classification errors may still be included. For Class 1, correspond-
ing to damaged bridges, the recall is relatively low at 0.3558, indi-
cating that some damaged bridges were not successfully detected.
However, the precision is comparatively high at 0.5688, suggest-
ing that most regions classified as damaged bridges are indeed
damaged. This implies that false detections are relatively limited
in the damaged class and that the detected information maintains a
certain level of reliability. As discussed in the previous section,
segmentation becomes difficult in areas where debris has accumu-
lated on the bridge deck, flooding is present, or parts of the bridge
have collapsed. Nevertheless, in portions where the bridge shape
remains clearly visible, damaged bridges are detected appropri-
ately. This indicates that the model has the potential to serve as an
effective tool for prioritising the detection of affected areas during
a disaster. Based on these results, the model demonstrates the
capability to detect and classify both damaged and undamaged
bridge regions with at least a moderate level of accuracy. In situa-
tions where it is necessary to assess the condition of a large num-
ber of bridges in a short time during a disaster, the proposed
method may serve as an effective means of rapid and efficient vis-
ual support.

4. Estimation of bridge shape

Using the method described in Section 2.2, the bridge length
and width were estimated for both damaged and undamaged
bridges based on the ground truth and segmentation results
from the validation data. The comparison results are shown in
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(k)

Figure 6. Segmentation results for damaged bridges were partially detected due to debris accumulation. In cases where large amounts of
debris extend beyond the bridge deck or float on the surrounding water surface, parts of the bridge may not be detected
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(b)

Figure 7. Segmentation results for damaged bridges with detection failures caused by flooding or structural collapse. When parts of a bridge
become unobservable due to inundation or the loss of structural components, those regions may not be detected
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(b)

Figure 8. Examples of false detections involving undamaged bridges. These include cases where undamaged bridges were misclassified as
damaged, or road segments were incorrectly detected as undamaged bridges
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Table 2. Detection and classification accuracy for each class

Class Accuracy Precision Recall F1-score

Class 0 (Undamaged 0.9748 0.4706  0.5126  0.4907
bridge)

Class 1 (Damaged 0.9596 0.5688 0.3558 0.4378
bridge)

The YOLOv8 segmentation model was evaluated for undamaged bridges
(Class 0) and damaged bridges (Class 1). For each class, accuracy, precision,
recall, and F1-score were calculated to quantitatively assess the model's
performance

Figures 9(a) and 9(b), and the visualised relationship between
bridge length and width for damaged and undamaged bridges is
presented in Figures 9(c) and 9(d), respectively.
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In the width estimation results for undamaged bridges shown in
Figure 9(a), there is little difference between the ground truth and
the estimated values, indicating that the bridge widths were esti-
mated with high accuracy in most cases. As described in the previ-
ous chapter, since the bridges were correctly detected in their
entirety, the estimated values closely match the ground truth,
resulting in low estimation error.

In contrast, the width estimation results for damaged bridges
(Figure 9(b)) show slightly greater variation compared with those
for undamaged bridges. This can be attributed to the partial
detection of bridge regions due to factors such as debris accumu-
lation and inundation, leading to an underestimation of the bridge
width. However, in many cases, the detection range in the width
direction remains largely preserved, and thus the impact on
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Figure 9. Scatter plots showing the relationship between ground truth and estimated values of bridge length and width for damaged and undamaged
bridges. For undamaged bridges, the estimated dimensions closely match the ground truth, indicating high estimation accuracy. In contrast, for damaged
bridges, the estimated bridge length tends to be underestimated, suggesting that reduced detection coverage due to damage affects the accuracy of
dimensional estimation: (a) width of undamaged bridges; (b) width of damaged bridges; (c) length of undamaged bridges; (d) length of damaged bridges
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dimensional estimation is limited. As a result, the width of dam-
aged bridges is still estimated with high accuracy in many
instances.

In the bridge length estimation for undamaged bridges (Figure 9(c)),
there is little difference between the ground truth and the estimated
values, and the estimation error is small for most bridges. However,
for a subset of bridges with actual lengths around 20 m, the estimated
lengths are occasionally overestimated to be 40—60 m. This overesti-
mation is considered to be due to the similarity in shape between the
bridges and adjacent roads, which caused portions of the road to be
incorrectly detected as part of the bridge.

In the bridge length estimation for damaged bridges (Figure 9(d)),
as noted in the previous chapter, there are several cases in which
parts of a bridge are covered by debris, submerged, or washed
away due to the damage. In such cases, those regions are not
detected as part of the bridge, resulting in an underestimation of
the actual bridge length. Figure 9(d) clearly shows that this con-
tributes significantly to the underestimation of bridge length.

To evaluate the reproducibility of dimensional relationships, an
analysis was conducted focusing on the correlation between bridge
length and width. As shown in Figure 10, for undamaged bridges,
the distribution trends of the ground truth and the detection results
were consistent, and no significant differences were observed in
the slope and intercept of the regression lines. This indicates not
only that the entire bridges were accurately detected but also that
the inherent structural relationship between bridge length and
width was successfully reproduced in the estimation results.
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Figure 10. Scatter plot showing the relationship between bridge
length and width for undamaged bridges, based on both ground
truth and detection results. The two sets show a high degree of
correlation, and the similarity in regression slope and intercept
indicates that the structural dimensional relationship is accurately
preserved
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Figure 11. Scatter plot showing the relationship between bridge
length and width for damaged bridges, based on both ground truth
and detection results. The regression line for the detection results tends
to have a steeper slope and smaller intercept than that of the ground
truth, suggesting that partial detection due to damage alters the
dimensional relationship. This implies that damage can affect the
relative scale of bridge dimensions

In contrast, for damaged bridges, Figure 11 shows that the regres-
sion lines derived from the detection results tended to have larger
slopes and smaller intercepts compared with those from the
ground truth. This trend is considered to be due to partial detection
of bridges caused by damage, especially leading to the underestimation
of dimensions in the length direction. In other words, damage not
only caused overall dimensional shrinkage but also altered the
relative scaling between bridge length and width, indicating that
the impact of damage was reflected in the interdimensional
relationship.

These findings reveal that the shrinkage tendency caused by dam-
age is not merely an estimation error but rather a dimensional
characteristic specific to damaged bridges. The goal of this analy-
sis was to evaluate the utility of such dimensional changes as a
damage indicator, where the required accuracy is defined by the
ability to capture this statistical trend rather than by absolute
measurements. The capability to identify this change in the dimen-
sional pattern demonstrates that the method meets the necessary
accuracy to detect the presence of damage based on shape
analysis.

5. Conclusion

In this study, a method was developed to detect bridges from aerial
imagery using deep learning, classify them according to the pres-
ence or absence of damage, and estimate their shape dimensions.
Validation results confirmed that for undamaged bridges, both
bridge length and width could be estimated with high accuracy,
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showing a high degree of consistency with the ground truth. In
contrast, for damaged bridges, the detection of the entire bridge
was often difficult due to factors such as debris accumulation,
inundation, and bridge collapse, leading to a tendency for
dimensions, particularly bridge length, to be underestimated.
Furthermore, focusing on the relationship between bridge length
and width, it was found that while the distribution trends between the
ground truth and detection results were consistent for undamaged
bridges, damaged bridges exhibited biases in the slope and intercept
of the regression lines. These biases reflect the dimensional shrinkage
tendency resulting from partial missed detections. This dimensional
shrinkage tendency observed in damaged bridges is considered not
merely as an estimation error but as a structural feature associated
with damage, suggesting its potential utility as an auxiliary indicator
for detecting the presence of damage.

In the future, we aim to develop models capable of accommodating a
wider variety of disaster types and bridge structures, while also utilis-
ing satellite imagery with geospatial information to estimate the distri-
bution of damaged bridges over large areas. In addition, we plan to
establish advanced damage estimation methods by integrating damage
information from the surrounding environments of the target bridges.
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