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Abstract

Deep learning-based road crack segmentation can achieve high benchmark performance
on public datasets, but its reliability in UAV-acquired field imagery remains uncertain
because real road scenes contain various crack-like non-crack features. This study assessed
the field transferability of a public-dataset-trained crack segmentation model using UAV-
acquired road images. Nine semantic segmentation model configurations were trained
and compared using integrated public crack datasets, and U-Net++ with a ResNet50
backbone was selected for UAV field application. After confidence-based data refinement
and training data augmentation, the final model achieved precision, recall, Dice, and IoU
values of 0.802, 0.787, 0.794, and 0.659, respectively, on the public validation dataset. Field
evaluation was conducted on 148 UAV images and manually corrected UAV ground-
truth patches generated from non-overlapping 8 x 8 image grids. The total UAV field
evaluation produced precision, recall, Dice, and IoU values of 0.856, 0.806, 0.830, and 0.710,
respectively. Major errors were associated with crack-like non-crack factors, including lane
markings, manholes, repaired boundaries, shadows, surface contamination, and reflections.
Threshold sensitivity analysis indicated that approximately 0.4-0.5 was a practical operating
range under the tested UAV conditions. These results show that idealized public-dataset
evaluation can overestimate real-world UAV performance and that field transferability
evaluation is essential for reliable UAV-based pavement inspection.

Keywords: UAV imagery; road crack segmentation; deep learning; field transferability;
domain gap; pavement inspection

1. Introduction

Road pavement is continuously exposed to vehicle loading, weathering, material aging,
and repeated thermal expansion and contraction, which gradually induce surface distress
such as cracks, raveling, settlement, and potholes. Among these distress types, pavement
cracks are one of the most common early-stage indicators of pavement deterioration. If
cracks are not detected and repaired in a timely manner, they can propagate and provide
pathways for water and debris infiltration, which may weaken pavement layers and
accelerate premature deterioration [1-3]. Therefore, continuous pavement monitoring
and early crack management are important for supporting maintenance planning and
preventing minor surface defects from progressing into more serious pavement distress [4].
In this context, the objective and efficient identification of crack locations, continuity,
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and spatial distributions can provide essential information for pavement maintenance
decision-making.

Conventional pavement condition surveys are commonly conducted using vehicle-
based inspections, manual visual inspections, and field measurements of crack width and
depth [5,6]. Although these approaches allow inspectors to directly observe pavement
conditions, they require considerable time and labor when applied repeatedly over large
road networks. In addition, inspection results may vary depending on the experience and
judgment of individual surveyors, making it difficult to record crack locations and shapes
in a consistent and reproducible manner. To overcome these limitations, many studies have
explored automated road crack detection using image data and computer vision techniques.
Earlier image-processing-based approaches, such as thresholding, edge detection, and
morphological processing, can extract crack patterns from pavement images, but their
performance is often sensitive to illumination changes, shadows, noise, and complex
pavement textures.

Deep learning-based semantic segmentation models are useful for pavement crack
detection because they can identify crack regions at the pixel level and describe the geome-
try, continuity, and spatial distribution of cracks [7]. However, benchmark performance on
public crack datasets does not necessarily guarantee comparable performance in real-world
field imagery. Many public road crack datasets contain cropped or crack-centered road-
surface images in which crack regions are relatively clear, whereas crack-like non-crack
factors are limited. In contrast, Unmanned Aerial Vehicle (UAV)-acquired road images
contain broader road-surface contexts, illumination variations, shadows, lane markings,
repaired pavement boundaries, manholes, surface contamination, and other non-crack
linear objects. These field-specific factors can produce visual patterns similar to cracks and
may cause false-positive (FP) and false-negative (FN) detections [8-10]. This difference
creates a domain gap between public crack datasets and UAV-acquired field imagery, where
models trained under idealized or crack-centered conditions may not maintain the same
level of performance in practical road inspection scenarios.

Motivated by this domain gap, this study aims to evaluate the field transferability of
a crack segmentation model trained using public crack datasets when applied to real-world
UAV imagery. Rather than simply reporting benchmark accuracy under idealized dataset
conditions, this study investigates whether a model trained on public crack datasets can
maintain practical detection performance in UAV-acquired road-surface images.

To achieve this objective, nine candidate semantic segmentation model configurations
were trained and compared using integrated public crack datasets. The effect of training
data augmentation was evaluated by comparing models trained with and without aug-
mentation under the same validation conditions. A separate confidence-based filtering
experiment was then conducted on the selected model to evaluate the effect of reliable
sample selection. The trained model was finally applied to UAV images acquired from
actual campus roads and parking areas for field transferability evaluation. Supplementary
quantitative evaluation was conducted using manually corrected UAYV field ground truth
(GT) patch subsets, and major error factors were examined under real road-surface condi-
tions. Threshold sensitivity was also analyzed because threshold selection can affect crack
thickness, connectivity, and noise detection [11,12].

The main contributions of this study are as follows:

(1) the domain gap between public crack datasets and UAV-acquired road imagery was
explicitly evaluated for road crack segmentation;

(2) the effects of training data augmentation and confidence-based filtering were sepa-
rately assessed under controlled public dataset validation conditions; and
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(3) UAV field performance and major FP/FN factors caused by crack-like non-crack
road-surface features were analyzed using UAV images and manually corrected field
GT patches.

2. Materials and Methods
2.1. Overall Study Workflow

The overall workflow of this study is shown in Figure 1. The workflow consists of
four main stages: public crack dataset preparation, model comparison with and with-

out data augmentation, confidence-based filtering of the selected model, and UAV field
application for transferability evaluation.

Public Crack Dataset Modsl Comparison Confidence-based filtering UAV Field Application
Preparation P of the Selected Maodel Transferability Evaluation
Integrated Public Semantic Segmentation N | Tile-based Inference on
Crack Datasets ] Maodel Configurations Select Final Model UAV Images
Preserve Image-Mask Compare with / without Apply Confidence-based Generate Crack Maps,
Pairs Data Augmentation Filtering Masks, Overlays
Train/Validation/Test | | _ Compare Filtered vs |~
Split Evaluate Performance Unfiltered Results Evaluate Transferability

Figure 1. Overall workflow of model development, UAYV field inference, and field transferability evaluation.

First, integrated public crack datasets were prepared for supervised model training
and evaluation. Image-mask pairs were preserved during dataset construction, and the
dataset was divided into training and validation subsets. UAV-acquired images were not
used for model training but only for field application and transferability evaluation.

Second, nine candidate semantic segmentation model configurations were trained and
compared under the same public dataset conditions. To evaluate the effect of training data
augmentation, each model was trained with and without data augmentation. The results
were used to assess model performance and the contribution of data augmentation.

Third, the final model was selected based on model comparison results, validation per-
formance, training stability, and suitability for thin and discontinuous crack segmentation.
For the selected model, confidence-based filtering was conducted to evaluate the effect
of retaining high-confidence image—mask pairs. This effect was assessed by comparing
models trained with and without filtering under the same validation conditions.

Finally, the selected model was applied to UAV-acquired road-surface images using
patch-level processing based on a non-overlapping 8 x 8 grid to generate crack probability
maps, predicted binary masks, and overlay images. Field transferability was evaluated us-
ing manually corrected UAV field ground-truth (GT) patches and expert visual assessment,
including threshold sensitivity and major FP/FN error factor analysis under real-world
UAV conditions.

2.2. Study Materials and UAV Image Acquisition

The research materials consisted of public crack segmentation datasets and UAV-
acquired road surface images. The public datasets were used for model training, candidate
model comparison, and benchmark validation. The UAV-acquired images were used to
evaluate field transferability under real-world road surface conditions.

For model development, ten open-source crack segmentation datasets or subsets were
used. These datasets were selected to include road pavement cracks, supplementary crack
patterns from concrete or wall-like surfaces, and hard-negative non-crack samples. A brief
description of each dataset is provided below.
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The crack and non-crack public dataset was constructed from ten publicly avail-
able datasets to improve crack-pattern diversity and background generalization. Specifi-
cally, pavement crack samples were collected from Crack500 (3363 pairs), CrackTree200
(206 pairs), DeepCrack (521 pairs), Aidonchuk/Sylvie Chambon (185 pairs), GAPs384
(509 pairs), and the CrackForest Dataset (118 pairs), covering various asphalt textures,
crack widths, and irregular crack structures. In addition, Rissbilder for Florian (3822 pairs),
Volker (990 pairs), and Eugen Muller (55 pairs), which mainly contain concrete or wall-like
surface cracks, were included to enhance thin-crack and background-texture diversity.
Finally, 1411 non-crack samples were used as hard-negative data to reduce false crack
detections. In total, 11,180 samples were used in this study. Representative examples of
each dataset are shown in Figure 2a—j [13-22].

© 0

Figure 2. Representative examples of public crack datasets and UAV field imagery used in this study:
(a) Crack500; (b) CrackTree200; (c) DeepCrack; (d) Sylvie Chambon; (e) GAPs384; (f) CrackForest
Dataset; (g) Rissbilder for Florian; (h) Volker; (i) Eugen Muller; (j) Noncrack; (k) UAV field image;
(1) Predicted binary mask for UAV field image.

https:/ /doi.org/10.3390/app16146975


https://doi.org/10.3390/app16146975

Appl. Sci. 2026, 16, 6975

50f23

Figure 2 shows representative examples of the public crack datasets and UAV field
imagery used in this study. Figure 2a—j presents examples from the public datasets used
for model development. For most public crack datasets, each panel shows an exam-
ple image and its corresponding binary mask, whereas the Noncrack dataset contains
non-crack surface samples. Figure 2k 1 shows a representative UAV field image and its
corresponding predicted binary mask, which illustrates the type of field imagery used for
transferability evaluation.

For field transferability evaluation, UAV images were acquired from campus roads
and parking areas at Pukyong National University. The survey area included internal
campus roads where pedestrians and vehicles coexist, as well as various crack-like non-
crack features such as lane markings, pavement joints, manholes, repaired pavement traces,
shadows, surface contamination, and specular reflections. Therefore, the site provided
practical field conditions for evaluating model behavior under crack-like non-crack road-
surface features.

The UAV survey sections were selected to ensure that the road surface and cracks
were clearly identifiable. Areas excessively occluded by trees, facilities, or vehicles were
excluded or minimized. UAV image acquisition was conducted between 11:00 and 13:00 to
maintain comparable solar illumination conditions while still including different shadow
and cloud-cover conditions.

A DJI Mavic 2 Pro (DJI, Shenzhen, China) was used for UAV image acquisition. Im-
ages were acquired in a near-nadir viewing geometry, with the camera angle set close to
90° relative to the ground surface to minimize geometric distortion. UAV image acqui-
sition was conducted over three survey dates under different illumination, cloud-cover,
flight-altitude, and ground sampling distance conditions. Two surveys were conducted
under clear-sky conditions with cloud-cover values of 1 and 2, whereas one survey was
conducted under mostly cloudy conditions with a cloud-cover value of 7. Flight altitude
and ground sampling distance ranged from 4.54 to 9.91 m and from 0.97 to 2.16 mm/ pixel,
respectively. From these acquisition campaigns, 148 road-surface images were selected for
field inference and quantitative patch-level evaluation, including 50, 48, and 50 images
from 14, 16, and 23 March, respectively. These images were selected to cover different road
sections, shadow conditions, spatial resolutions, and crack-like non-crack surface features.
The detailed acquisition and image-use conditions are summarized in Table 1.

Table 1. UAV image acquisition conditions under different illumination, weather, altitude, and ground
sampling distance settings.

No. of No. of

Date Start Time End Time Alsggti(r)es:d Pl}{z‘igs AltiFtllii;i}e:t(m) ( m?nS/pD1 X) Weather Visibility gl)olee(:
14 March 11:12:08 11:58:47 130 50 9.91 216 Clear oer 2
1621\(/)[2“‘5':}‘ 11:18:56 11:55:05 76 48 5.10 1.14 i‘fgjgz 17.8 km 7
2321\6[§6rCh 11:22:53 12:09:11 147 50 454 0.97 Clear 2(())‘131 1

2.3. Candidate Segmentation Models

To effectively detect irregular, narrow, and discontinuous road cracks in UAV im-
agery, nine semantic segmentation model configurations were selected as candidate models.
The candidate models included DeepLabV3+, U-Net, U-Net++, Swin-Unet, SegNet, Deep-
Crack19, and MFPA-Net. For DeepLabV3+ and U-Net++, both ResNet50 and ResNet101
backbones were applied to examine the effect of feature extraction capacity on crack seg-
mentation performance [23].
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The U-Net family was included because its encoder—decoder architecture and skip
connections are effective for restoring spatial information in thin and discontinuous crack
regions [24]. U-Net++ was considered suitable for this task because its nested dense
skip connections reduce the semantic gap between encoder and decoder features, thereby
improving the reconstruction of fine crack structures [25]. DeepLabV3+ was included to
evaluate the effect of multi-scale contextual feature extraction using atrous convolution
and atrous spatial pyramid pooling (ASPP), which can improve segmentation performance
by capturing contextual information at multiple receptive-field scales [26]. SegNet was
included as a representative encoder-decoder model that restores spatial information
using pooling indices from the encoder during upsampling [27]. Swin-Unet was adopted to
examine the applicability of a transformer-based U-shaped architecture capable of capturing
global contextual information [28]. DeepCrack19 and MFPA-Net were included to compare
crack-specific architectures designed for thin linear object detection and multi-scale feature
representation [29].

These candidate models were selected to compare different segmentation architectures
under the same public dataset training and validation conditions before the final model
was applied to UAV field imagery.

2.4. Dataset Preprocessing, Training, and Refinement

In total, 11,180 image—-mask pairs were integrated from the ten public datasets. Be-
cause the datasets had different original image resolutions, all image-mask pairs were
standardized to a target size of 448 x 448 pixels before model training. Image resizing
was performed using bilinear interpolation, while binary mask resizing was performed
using nearest-neighbor interpolation to preserve binary label values. After resizing, the im-
ages were converted into tensor format, and pixel values were scaled from the original
0-255 range to the 0-1 range.

The integrated public dataset was randomly divided into training and validation
subsets at an approximate ratio of 8:2, resulting in 8944 image—mask pairs for training and
2236 image—mask pairs for validation. The split was performed at the image-mask pair
level using a fixed random seed of 42 while preserving each image and its corresponding
mask as a pair. The same training and validation subsets were used for all candidate
model comparisons.

To evaluate the effect of training data augmentation, each candidate model was
trained under two conditions: without augmentation and with augmentation. In the
without-augmentation condition, only resizing and normalization were applied to the
training images. In the augmentation condition, additional geometric and photometric
transformations were applied to the public training subset. These included conventional
geometric augmentation, ShiftScaleRotate, RandomShadow, RandomGamma, GaussNoise,
JpegCompression, and CoarseDropout [30]. These transformations were used to improve
robustness to variations in crack orientation, scale, illumination, image noise, compression
artifacts, and partial occlusion. For the validation subset, only resizing and normalization
were applied to ensure a consistent performance comparison.

To ensure a fair comparison among candidate models, all models were trained using
the same training subset and evaluated using the same validation subset. The input
image size was fixed at 448 x 448 pixels, and the same preprocessing and evaluation
procedures were applied to all candidate models. The Adam optimizer was used for
candidate model comparison, with an initial learning rate of 1 x 1073 and a weight
decay of 5 x 107 [31]. A CosineAnnealingLR scheduler was applied to promote stable
convergence during training.
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After candidate model comparison, the selected model was used for confidence-
based dataset refinement. The model was applied to the public training subset, and the
maximum prediction probability was calculated for each image. Image—-mask pairs with
a maximum prediction probability of 0.8 or higher were retained as confidence-filtered
training samples. As a result, 3596 image—mask pairs were selected for final retraining.
The validation subset was not used for confidence-based filtering and was kept unchanged
for performance evaluation.

For final retraining, the selected model was trained using the confidence-filtered
training samples under the hyperparameter settings summarized in Table 2. The model
was trained for 100 epochs using the AdamW optimizer [32] and binary cross-entropy with
logits loss. A CosineAnnealingLR scheduler was used with a minimum learning rate of
1 x 10~°. All model training and UAV inference experiments were conducted on an Ubuntu
22.04 workstation using Python 3.10.18, PyTorch 2.4.0, CUDA 12.1, and four NVIDIA RTX
4080 GPUs. Final retraining used PyTorch DistributedDataParallel with a batch size of
16 per GPU and mixed-precision training. The final weights were selected based on
validation IoU and convergence stability. The final retrained model was subsequently
applied to UAV-acquired road-surface images for field transferability evaluation.

Table 2. Hyperparameters used for confidence-filtered final model retraining.

Parameter Value Parameter Value
Train/Validation 8:2 random split Epochs 100
Model U-Net++ ResNet50  Initial learning rate 1x 1073
Optimizer AdamW Weight decay 1x107*
Loss function BCEWithLogitsLoss Batch size 16/GPU

2.5. UAV Field Inference and GT Patch Construction

The final U-Net++ model with a ResNet50 backbone was applied to the UAV-acquired
road-surface images to evaluate field transferability under real-world conditions. Because
the original UAV images had a high resolution of 5472 x 3648 pixels, each UAV image
was divided into a non-overlapping 8 x 8 grid for patch-level processing and evalua-
tion. This procedure generated 64 patches per UAV image, and each patch had a size of
684 x 456 pixels. The patch-based approach was used to preserve local crack details while
allowing high-resolution UAV images to be processed and inspected at a manageable scale.

For each UAV patch, the trained model generated a crack probability map, where each
pixel value represented the predicted probability of belonging to a crack region. Predicted
binary crack masks were produced by applying threshold values to the probability map.
Overlay images were generated by superimposing the predicted binary masks on the
corresponding UAV image patches.

In this study, model-generated binary masks are referred to as predicted binary masks
and were not treated as ground truth unless manually corrected. From the 148 UAV images,
the 8 x 8 patch construction procedure generated 9472 candidate patches. Among these
candidate patches, 316 UAV patches were randomly selected using a fixed random seed to
construct a manually corrected field GT subset.

The selected random subset included diverse field-condition categories, such as clear
cracks, fine or low-contrast cracks, lane markings, shadows, surface contamination, re-
paired pavement boundaries, manholes, specular reflections, and hard-negative non-crack
regions. Model-generated binary masks were used only as initial annotation candidates.
Each candidate mask was manually corrected by visual inspection of the corresponding
original UAV patch. All corrections were made by referring to the original UAV image
patches rather than relying solely on the predicted masks. FP regions caused by non-crack
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objects were removed, and missed crack regions were manually added. The final cor-
rected masks were used as manually corrected field GT reference masks for supplementary
quantitative evaluation.

During quantitative field evaluation, the model predictions for the selected UAV patches
were compared with the manually corrected GT masks for pixel-wise metric calculation.

2.6. Evaluation Strategy and Metrics

The evaluation strategy consisted of four complementary parts: public dataset bench-
mark evaluation, confidence-based filtering evaluation, supplementary quantitative field
evaluation using manually corrected UAV GT patches, and expert visual assessment for
threshold sensitivity and error factor analysis.

First, candidate segmentation models were evaluated using the public dataset vali-
dation subset. This evaluation established benchmark performance under comparatively
idealized dataset conditions and was used for model comparison. To assess the effect of
training data augmentation, models trained with and without augmentation were evaluated
under the same validation conditions.

Second, the effect of confidence-based filtering was evaluated using the selected
model. The model trained with the original training subset and the model retrained with
the confidence-filtered subset were compared using the same public validation subset. This
evaluation was conducted to examine whether retaining high-confidence image-mask pairs
improved validation performance under controlled public dataset conditions.

Third, a supplementary quantitative field evaluation was conducted using the manu-
ally corrected UAV field GT patch subset. The predictions for the selected UAV patches
were compared with the manually corrected GT masks on a pixel-by-pixel basis. True-
positive (TP), false-positive (FP), false-negative (FN), and true-negative (TN) pixels were
aggregated across all annotated field patches. Based on these aggregated values, accuracy,
precision, recall, Dice similarity coefficient (DSC), and intersection over union (IoU) were
calculated. This field patch evaluation was used to provide supplementary quantitative
evidence under UAV field conditions and was not intended to replace full-scale annotation
of all 148 UAV images.

Fourth, expert visual assessment was conducted to examine practical interpretability
under real-world UAV conditions. Five evaluators assessed threshold sensitivity using
two visual criteria: crack thickness and crack connectivity. Inter-rater reliability among the
five evaluators was assessed using the intraclass correlation coefficient (ICC). Because the
evaluator scores were continuous 0-10 ratings and the final visual score was calculated
from the mean score of five evaluators, a two-way random-effects absolute-agreement
model, ICC(2,k), was used [33]. ICC values were calculated separately for crack thickness,
crack connectivity, and the integrated score. Crack thickness was evaluated by determining
whether the predicted cracks were excessively thick or too thin compared with the visible
crack morphology. Crack connectivity was evaluated by determining whether the natural
flow and continuity of cracks were preserved. Threshold values from 0.1 to 0.9 were applied
at intervals of 0.1. The threshold scores were used to identify a practical threshold range
under the tested UAV conditions.

For the final UAV detection results, expert visual assessment was also used to record
major FP and FN factors. This expert visual assessment was used to evaluate practical
field interpretability and error tendencies, but it was not treated as a substitute for a dense
pixel-level ground-truth-based accuracy assessment. The evaluation metrics used in this
study are defined in Equations (1)—(5):

TP+ TN

A P—
Ay = TP FP+ EN + TN

(1)
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where TP, FP, FN, and TN denote true-positive, false-positive, false-negative, and true-
negative pixels, respectively. Accuracy represents the proportion of correctly classified
pixels among all pixels. Precision indicates the proportion of predicted crack pixels that
are actual crack pixels, whereas recall indicates the proportion of actual crack pixels that
are correctly detected. DSC and IoU evaluate the spatial overlap between the predicted
crack regions and the ground-truth crack regions. Accuracy was used as an auxiliary
metric because crack segmentation involves a strong class imbalance between crack and
background pixels.

3. Results
3.1. Model Comparison and Final Model Performance

The candidate segmentation models were first evaluated under public dataset condi-
tions to establish benchmark performance before field transferability testing. The evaluation
was conducted using the integrated open-source crack datasets described in Section 2.2.
Because these datasets mainly consisted of cropped or crack-centered pavement images
in which crack regions were relatively clear, the validation results in this section were
interpreted as benchmark performance under comparatively idealized dataset conditions.
Table 3 summarizes the performance of the nine candidate segmentation model configura-
tions trained with and without data augmentation. The training time represents the total
time required to train each model configuration for 35 epochs and is reported in minutes.

Overall, the effect of data augmentation was model-dependent. Data augmentation did
not consistently improve the public validation metrics, and several non-augmented models
achieved higher DSC and IoU values than their augmented counterparts. Therefore, data
augmentation was not interpreted as a universally beneficial factor for public validation
performance in this study.

The best overlap-based performance on the public validation dataset was obtained by
the non-augmented DeepLabV3+ models, particularly the ResNet50 backbone. However,
the U-Net++ models showed comparable overlap-based performance and generally higher
recall. This distinction was important because UAV-based crack inspection is intended to
support field screening, where missed crack regions can be more problematic than limited
over-detection. Thus, model selection was not based only on the highest DSC or IoU values.

DeepCrack19 and MFPA-Net without augmentation showed high precision but ex-
tremely low recall and overlap-based scores. These results indicate overly sparse crack
predictions rather than balanced segmentation performance. Therefore, high precision
alone was not considered sufficient for model selection, especially in a crack-screening
application where failure to detect crack pixels can reduce practical usefulness.

Training time and validation stability were also considered. The U-Net++ ResNet50
model required less training time than U-Net++ ResNet101 while maintaining comparable
segmentation performance. In addition, the validation recall curve was examined because
recall stability is important for reducing missed crack regions during field screening.
Figure 3 compares the training and validation recall curves of U-Net++ models with
ResNet50 and ResNet101 backbones under the augmented training condition.
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Table 3. Performance comparison of segmentation models on the public dataset.
Model Augmentation Precision Recall DSC IoU :l"rammg
Time (min)
No 1.000 0.110 0.110 0.110 260
DeepCrack1? Yes 1.000 0.110 0.110 0.110 272
DeepLabV3+ No 0.683 0.773 0.688 0.559 72
(ResNet50) Yes 0.636 0.709 0.601 0.477 73
DeepLabV3+ No 0.667 0.781 0.680 0.552 87
(ResNet101) Yes 0.553 0.797 0.595 0.463 90
No 0.823 0.111 0.111 0.111 108
MFPA-Net Yes 0.513 0.823 0.566 0.433 109
SeoNet No 0.589 0.802 0.619 0.488 67
& Yes 0.568 0.755 0.586 0.453 68
U-Net No 0.653 0.805 0.672 0.543 63
“Ne Yes 0.547 0.772 0.565 0.432 76
Swin-Unet No 0.462 0.764 0.512 0.380 77
win-tne Yes 0.395 0.687 0.419 0.300 79
U-Net++ No 0.635 0.842 0.680 0.551 104
(ResNet50) Yes 0.558 0.800 0.594 0.462 102
U-Net++ No 0.646 0.820 0.677 0.549 124
(ResNet101) Yes 0.519 0.801 0.564 0.434 127
1.0 = Training 1.0 1 —— Training
Validation —— Validation
\ \ Ao
081 \ AA~ 1 \_"‘_’\,r”j My VAY, w“.‘ U' / VW ‘ \f / \\rl‘\"\f:“
_ 0.6 4 _ 0.6 1 v
0.4 0.41
0.2 4 0.2 4
0.0 T T T 0.0
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch
(a) (b)

Figure 3. Training and validation recall curves of U-Net++ models with ResNet50 and ResNet101
backbones: (a) U-Net++ with ResNet50; (b) U-Net++ with ResNet101.

As shown in Figure 3, the U-Net++ ResNet101 model showed a high recall value,
but its validation recall curve showed relatively larger fluctuations during the later training
stage. In contrast, the U-Net++ ResNet50 model showed more stable validation behavior
while maintaining high recall. Considering recall, overlap-based performance, training
time, and validation stability together, U-Net++ with a ResNet50 backbone was selected
as the final model architecture. This selection is consistent with previous crack segmen-
tation studies reporting that U-Net-based encoder-decoder architectures are effective for
extracting thin and irregular crack structures because skip connections help preserve spatial
details during decoder reconstruction [34,35].

Although the non-augmented models generally achieved better public validation
DSC and IoU values, the final UAV application model was trained using the augmented
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setting. This choice was not made because augmentation improved public validation
performance. Rather, augmentation was retained as a field-robustness-oriented training
setting to expose the selected model to broader geometric and photometric variations before
UAV field inference. Because UAYV field imagery contains more diverse acquisition and
surface conditions than cropped public validation images, the augmented model was used
for the final field application stage.

After selecting the U-Net++ ResNet50 architecture, confidence-based filtering was
applied to the public training subset. Image-mask pairs with a prediction confidence of
0.8 or higher were retained, resulting in 3596 confidence-filtered training samples. Unlike
Table 3, which reports the 35-epoch candidate model comparison results, Table 4 reports
the performance of the selected U-Net++ ResNet50 architecture retrained under the final
training setting for 100 epochs, with and without confidence-based filtering.

Table 4. Effect of confidence-based filtering on the selected U-Net++ ResNet50 model under the final
100-epoch training setting using the public validation dataset.

Model Confidence Filtering Precision Recall DSC IoU
U-Net++ ResNet50 No 0.581 0.809 0.630 0.494
U-Net++ ResNet50 Yes, >0.8 0.802 0.787 0.794 0.659

As summarized in Table 4, confidence-based filtering improved precision, DSC,
and IoU compared with the unfiltered augmented baseline, while recall slightly decreased.
This indicates that the filtering process made the model more conservative but improved
the spatial agreement of predicted crack regions with the validation masks. This trade-off is
consistent with reliable-sample selection strategies in noisy-label learning, where reducing
the influence of ambiguous or noisy samples can improve model robustness but may
also reduce exposure to difficult samples [36]. Therefore, confidence-based filtering was
interpreted as a refinement step that improved prediction reliability and overlap-based
performance at the cost of a slight decrease in recall. The final confidence-filtered U-Net++
ResNet50 model was subsequently applied to the UAV field images.

3.2. UAV Field Inference and Supplementary Quantitative Patch Evaluation

The final U-Net++ model with a ResNet50 backbone was applied to 148 UAV images
acquired from campus roads and parking areas. Unlike the public training and validation
datasets, the UAV images contained various real-world road-surface factors, including lane
markings, manholes, repaired pavement boundaries, shadows, surface discoloration or
contamination, surface texture variations, and specular reflections. These factors visually
resembled crack regions in some cases and therefore provided challenging field conditions
for evaluating crack segmentation transferability.

As described in Section 2.5, UAV field inference was conducted using non-overlapping
8 x 8 patch-level processing. Figure 4 shows an example of the UAV-based inference result.
The model detected major crack patterns with moderate or high visual contrast, and the
overlay image confirmed that crack-prone regions could be identified in UAV-acquired road
images. However, some non-crack regions were also detected as crack regions, and some
fine or low-contrast cracks were not clearly extracted. These results indicate that the final
model retained crack detection capability under UAV field conditions, but its predictions
were affected by field-specific crack-like non-crack features.
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Figure 4. Example of UAV-based road crack detection results: (a) Original UAV image; (b) Predicted

binary mask; (c¢) Overlay image; (d) Crack probability map.

In addition, the inference speed of the final U-Net++ ResNet50 model was measured
using the 684 x 456 UAV patches used in the field evaluation. The model required an aver-
age of 84.31 ms per patch, corresponding to 11.86 patches/s. Considering that each original
UAV image was divided into 64 non-overlapping patches, the estimated inference time
was approximately 5.40 s per 5472 x 3648 UAV image.

To supplement the qualitative field interpretation, a quantitative patch-level evalua-
tion was conducted using manually corrected UAV field GT reference masks. As described
in Section 2.5, the UAV images were divided into 684 x 456 pixel patches, and 316 UAV
patches were randomly selected from 9472 candidate patches using a fixed random seed.
The selected patches included both crack-dominant regions and crack-like non-crack condi-
tions, such as lane markings, shadows, manholes, repaired pavement boundaries, specular
reflections, surface discoloration or contamination, and no-crack regions. Each selected
patch contained 311,904 pixels, and the predicted mask and manually corrected GT mask
were compared on a pixel-by-pixel basis. The proportions of TP, FP, FN, and TN pixels
were calculated for each field-condition category.

Table 5 summarizes the pixel-wise confusion matrix results by field-condition category.
The TN ratio was high in all categories, indicating that background pixels occupied a large
proportion of the UAV field patches. Therefore, accuracy and other background-dominated
measures should be interpreted carefully because high background classification perfor-
mance does not necessarily indicate high crack segmentation performance. The Total
row was calculated from the aggregated TP, FP, FN, and TN pixels across all 316 UAV
field patches.
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Table 5. Pixel-wise confusion matrix analysis between GT masks and predicted masks for UAV field
patches. (Unit: %).

Category No. of Patches TP FP FN TN

Fine Crack 81 258 0.18 0.26 9698

No Crack 36 0.00 0.02 0.00 99.98
Cutting/Repaving Boundary 34 3.04 053 0.83 95.60
Specular Reflection 35 261 044 159 9535

Shadow 35 379 033 055 9533
Manhole 32 3.60 035 082 9522
Surface Discoloration or Contamination 35 478 215 098 9210
Paint 28 6.00 0.69 190 91.41
Total 316 312 053 0.75 95.60

Table 6 summarizes the category-wise quantitative evaluation results for the UAV
field patches. Because the No Crack category did not contain GT crack pixels, crack-class
metrics such as P, R, DSC, and IoU were not separately reported for this category. The Total
row was calculated using the aggregated pixel-wise TP, FP, FN, and TN values across all
316 UAV field patches. Although the accuracy values were high across the categories, these
values should be interpreted carefully because the UAV field patches contained a large
proportion of background pixels. Therefore, P, R, DSC, and IoU were considered more
informative than accuracy for evaluating crack segmentation performance.

Table 6. Quantitative evaluation results by UAV field patch category.

Category Accuracy P R DSC IoU

Fine Crack 0.996 0.936 0.909 0.922 0.855
Cutting/Repaving Boundary 0.991 0.920 0.873 0.896 0.812
Specular Reflection 0.988 0.911 0.815 0.860 0.754

Shadow 0.986 0.851 0.786 0.817 0.691

Manhole 0.980 0.855 0.621 0.719 0.562

Surface Discoloration or Contamination 0.974 0.897 0.760 0.822 0.698
Paint 0.969 0.690 0.830 0.754 0.605

Total 0.987 0.856 0.806 0.830 0.710

The Fine Crack category showed the highest overall segmentation performance among
the field-condition categories. This result indicates that visually distinguishable crack
regions could be segmented effectively under the selected UAYV field patch conditions.
However, the Total performance was lower than the Fine Crack category alone, show-
ing that the inclusion of crack-like non-crack field conditions reduced the overall field
evaluation results.

Among the crack-like non-crack categories, Paint showed the lowest precision. This
indicates that lane-marking paint and degraded painted regions tended to generate false-
positive responses because their linear shapes, high local contrast, and irregular boundaries
were visually similar to crack patterns. In contrast, Manhole showed the lowest recall,
DSC, and IoU. This suggests that crack regions around manhole boundaries were more
likely to be missed or fragmented, likely because circular manhole edges, local shadows,
and boundary textures interfered with the continuity of crack predictions.

The Surface Discoloration or Contamination category showed a relatively high FP pro-
portion in the confusion matrix results, indicating that local stains, discoloration, and con-
taminated pavement textures can also induce crack-like responses. These results confirm
that real-world UAV imagery contains multiple non-crack surface features that can either
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mimic crack patterns or obscure actual cracks. Therefore, evaluation using only clear
crack or crack-dominant patches can overestimate field performance, whereas the inclu-
sion of realistic crack-like non-crack conditions provides a more field-oriented estimate of
UAV transferability.

3.3. Threshold Sensitivity Under Real-World Conditions

The model output was generated as a probability map, and a threshold was required
to convert the probability map into a binary crack mask. To examine threshold sensitivity
under real-world UAV conditions, nine candidate threshold values from 0.1 to 0.9 were
applied at intervals of 0.1.

Figure 5 shows the predicted binary mask results generated under each threshold
condition. At lower threshold values, such as 0.1 and 0.2, crack regions were detected more
broadly, and crack connectivity was relatively well preserved. However, non-crack regions,
including pavement texture, shadows, and parts of lane markings, were also detected
as crack regions. At higher threshold values, such as 0.8 and 0.9, FP noise was reduced,
but some fine or low-contrast crack segments were removed, and crack connectivity became
weaker. These results indicate that threshold selection directly affects the balance between
crack continuity and FP suppression.

(f)

(h)

Figure 5. Predicted binary mask results according to threshold values from 0.1 to 0.9: (a) Thresh-
old 0.1; (b) Threshold 0.2; (c) Threshold 0.3; (d) Threshold 0.4; (e) Threshold 0.5; (f) Threshold 0.6;
(g) Threshold 0.7; (h) Threshold 0.8; (i) Threshold 0.9.

To support threshold selection from a practical visual interpretation perspective,
five evaluators assessed the threshold results using two criteria: crack thickness and crack
connectivity. Crack thickness was evaluated by determining whether the predicted cracks
were excessively thick or too thin compared with the visible crack morphology in the
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original UAV image. Crack connectivity was evaluated by determining whether the natural
flow and continuity of cracks were preserved. Each criterion was scored on a 0-10 scale,
where a higher score indicated better visual suitability.

As shown in Table 7, the crack thickness evaluation showed high scores in the threshold
range of 0.5-0.6. Threshold 0.5 recorded the highest mean score of 7.76, and threshold
0.6 showed a similar mean score of 7.75. This result indicates that the predicted crack
thickness was visually most appropriate in this threshold range. At lower threshold values,
crack regions tended to be excessively expanded, whereas at higher threshold values, crack
regions became too thin or partially disconnected.

Table 7. Evaluator scores for crack thickness and connectivity according to threshold values. (Thi:
Thickness, Con: Connectivity).

hreshold Evaluator A Evaluator B Evaluator C Evaluator D Evaluator E Mean
Thresho Thi Con Thi Con Thi Con Thi Con Thi Con Thi Con
0.1 2.21 5.44 1.88 5.45 0.83 6.44 2.77 5.11 2.17 588 197 5.66
0.2 347 7.41 3.30 7.85 1.88 6.60 3.99 711 3.21 7.30 317 7.25
0.3 5.04 8.17 512 8.34 2.92 6.17 5.28 8.27 4.59 781 459 775
0.4 6.91 7.58 6.92 7.30 4.40 5.40 7.03 7.69 6.46 756 634 711
0.5 8.21 6.00 8.15 5.89 5.88 4.26 8.43 6.14 8.13 6.06 776 5.67
0.6 7.94 4.21 8.06 412 6.85 3.41 7.75 4.48 8.13 426 775 410
0.7 6.13 3.17 6.34 3.03 6.32 2.48 5.59 3.21 6.59 313 619 3.00
0.8 4.02 2.02 4.10 2.01 4.90 1.66 3.16 2.03 4.73 200 418 194
0.9 1.06 1.00 1.14 1.00 3.26 0.83 1.01 1.01 1.00 1.00 149 097
The crack connectivity evaluation showed high scores in the threshold range of 0.3-0.4.
Threshold 0.3 recorded the highest mean connectivity score of 7.75, followed by threshold
0.4 with a mean score of 7.11. The mean connectivity score decreased after threshold 0.5,
indicating that low-confidence crack pixels were increasingly removed as the threshold
increased. This result shows that higher threshold values can suppress FP responses but
may also weaken the continuity of fine or low-contrast cracks.
The integrated evaluation results are shown in Table 8. The integrated score was
calculated by averaging the crack thickness and crack connectivity scores. Thresholds of
0.4 and 0.5 recorded the highest integrated mean scores, both with a value of 6.72. This
result indicates that the threshold range of 0.4-0.5 provided the most balanced visual result
between crack thickness and crack connectivity.
Table 8. Integrated evaluator scores for crack thickness and connectivity according to threshold values.
Threshold Evaluator A Evaluator B Evaluator C Evaluator D Evaluator E Mean
0.1 3.83 3.67 3.63 3.94 4.02 3.82
0.2 5.44 5.57 4.24 5.55 5.25 5.21
0.3 6.60 6.73 4.54 6.77 6.20 6.17
0.4 7.24 7.11 4.90 7.36 7.01 6.72
0.5 711 7.02 5.07 7.29 7.10 6.72
0.6 6.08 6.09 513 6.11 6.20 5.92
0.7 4.65 4.69 4.40 4.40 4.86 4.60
0.8 3.02 3.06 3.28 2.60 3.37 3.07
0.9 1.03 1.07 2.04 1.01 1.00 1.23
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To assess the consistency of the evaluator scores, inter-rater reliability was calcu-
lated using ICC(2,k). The ICC(2,k) values for crack thickness, crack connectivity, and the
integrated score were 0.975, 0.988, and 0.976, respectively. These values indicate ex-
cellent agreement among the five evaluators and support the consistency of the visual
threshold assessment.

Based on the integrated visual assessment, the threshold range of approximately
0.4-0.5 was regarded as a practical operating range that balanced crack thickness and
crack connectivity. For subsequent UAV visualization and error-factor analysis, a threshold
of 0.416 was used as the selected operating threshold within this practical range. This
value should not be interpreted as a universal or fully optimized threshold for road crack
segmentation. Instead, it should be understood as a field-dependent operating threshold in-
fluenced by UAV image resolution, pavement surface condition, model output distribution,
and visual interpretation criteria.

Therefore, the threshold analysis in this study was used to examine sensitivity and
practical interpretability under the tested UAV conditions, rather than to establish a gen-
erally applicable calibration value. The practical meaning and limitations of threshold
sensitivity are further discussed in Section 4.3.

3.4. Error Factor Analysis Under Real-World UAV Conditions

The selected operating threshold of 0.416 was applied to the 148 UAV-acquired images
to generate the final predicted binary masks and overlay images. Based on these results,
qualitative field evaluation and error factor analysis were conducted to identify major error
factors under real-world UAV conditions.

In the best case, the main crack morphology and connectivity were preserved, and FP
regions were relatively limited. In the worst case, FP and FN detections occurred due to
complex road-surface conditions, including manhole boundaries, lane markings, repaired
or repaved pavement boundaries, shadows, and surface texture variations. These results
show that the final UAV detection performance was strongly affected by crack-like non-
crack features present in real-world road imagery.

For the final qualitative evaluation, a six-level rating criterion was applied to the
148 UAV-acquired images. Grade 1 was assigned to results in which crack thickness
and connectivity were stably maintained with minimal FP and FN regions. For results
rated grade 2 or lower, penalty factors were recorded. When multiple penalty factors
occurred simultaneously in a single image, the contribution weights were divided among
the relevant factors.

Table 9 summarizes the frequency and ranking of the major penalty factors observed
in the final UAV detection results. Fine crack-like texture, FP and paint-related FP were
the most frequent error factors, followed by shadow-induced FP, surface discoloration or
contamination FP, cutting or repaving boundary FP, and manhole boundary FP. Specular
reflection and object-induced FP occurred less frequently. These results indicate that the
major error factors were not random noise but were strongly associated with specific
crack-like non-crack surface features.

The penalty factor analysis showed that thin linear textures, degraded lane markings,
manhole boundaries, repaired or repaved pavement boundaries, shadow boundaries,
and surface contamination often produced visual patterns similar to cracks. These features
generated FP detections because they shared crack-like characteristics, such as narrow linear
shapes, dark intensity patterns, strong local contrast, or irregular boundaries. In addition,
some fine or low-contrast cracks were partially missed when their visual contrast was weak
or when their morphology was affected by surrounding surface conditions.
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Table 9. Frequency and ranking of penalty factors in the final detection results using the selected

operating threshold.
Penalty Factor Frequency Mean Rank Mean Final Rank
Fine Crack FP 211 3.00 2.61
Paint FP 137 2.77 2.28
Shadow FP 78 3.65 2.07
Surface Discoloration/Contamination FP 72 271 1.93
Cutting/Repaving Boundary FP 66 3.18 2.32
Manhole FP 59 3.42 2.03
Crack FP 16 2.81 2.28
Specular Reflection FP 12 3.50 2.50
Object FP 2 2.00 1.50

Figure 6 presents representative examples of major FP factors observed in the UAV
detection results. The examples show that non-crack features with thin linear shapes,
strong local contrast, irregular boundaries, or dark intensity patterns were sometimes
classified as crack regions. These results confirm that real-world UAV imagery contains
various crack-like non-crack features that can reduce field detection reliability, even when
the model shows acceptable benchmark performance on public crack datasets.

@

Figure 6. Representative examples of major False Positive (FP) factors observed in UAV detection re-
sults: (a) Fine Crack FP at the manhole boundaries; (b) Paint FP at the lane-marking paint; (c) Shadow
FP in Shadow; (d) Surface Discoloration/Contamination FP.
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4. Discussion
4.1. Benchmark Performance and UAV Field Transferability

Public datasets remain useful for model development, but the present results show that
benchmark performance should not be equated with field performance. The final U-Net++
ResNet50 model achieved P = 0.802, R = 0.787, and IoU = 0.659 on public validation data,
indicating that it learned public-dataset crack patterns. However, UAV field predictions
were degraded by crack-like non-crack features.

The key contrast appeared when field categories were separated. The Fine Crack
category produced high P/R/DSC values of 0.936/0.909/0.922, which were comparable to
previous CrackForest-based studies reporting high values above 0.91 [15,34,37,38].

After field-specific non-crack elements were included, the total P/R/DSC decreased
to 0.856/0.806/0.830. Paint and Manhole categories were especially problematic. This con-
firms the main finding of this study: evaluation on ideal or crack-only data can overestimate
real-world UAV performance.

This discrepancy reflects the domain gap between public crack datasets and UAV im-
agery. Public datasets are often cropped or crack-centered with limited distractors, whereas
UAYV scenes include broader context, illumination variation, lane markings, shadows, con-
tamination, repaired boundaries, manholes, specular reflections, and complex pavement
textures that either mimic cracks or obscure actual cracks.

These findings agree with recent UAV pavement studies showing that cross-domain,
cross-resolution, stitching, occlusion, illumination, and acquisition-condition differences
can strongly affect crack segmentation in field applications [8,10]. Thus, field transferability
testing is essential before deploying public-dataset-trained models.

4.2. Error Mechanisms Caused by Crack-like Non-Crack Features

The error factor analysis showed that many FP detections were caused by crack-like
non-crack objects and surface conditions. Fine crack-like textures, lane-marking or paint
regions, shadows, surface discoloration or contamination, repaired pavement boundaries,
manhole boundaries, and specular reflections were identified as major penalty factors.
These results suggest that the model responded strongly to visual features such as thin
linear shapes, dark boundaries, local contrast changes, and irregular surface patterns.

This behavior indicates that the model may have learned low-level visual characteris-
tics associated with cracks rather than fully distinguishing the semantic difference between
cracks and non-crack road objects. For example, lane markings, repaired pavement bound-
aries, manhole edges, shadows, and surface contamination can all produce linear, curved,
dark, or high-contrast patterns similar to cracks. As a result, these non-crack features were
sometimes classified as crack regions.

FN cases can also be explained by similar mechanisms. Fine cracks, low-contrast
cracks, cracks in shadowed areas, and cracks affected by specular reflection were sometimes
missed because their visual contrast was weak or their morphology was partially obscured.
This suggests that field errors are not caused only by model architecture but also by the
mismatch between training data characteristics and real-world road-surface conditions.
Previous studies have also noted that cracks are often narrow, discontinuous, and easily
confused with pavement texture, shadows, stains, lane markings, or repaired surfaces,
making field-level crack segmentation more difficult than benchmark validation [6,10].

The category-wise quantitative results also support this interpretation. The Fine Crack
category showed a high DSC of 0.922, whereas categories containing visually similar
non-crack structures showed lower performance. In particular, Paint showed the lowest
precision, and Manhole showed the lowest recall, DSC, and IoU. This result indicates
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that improving field robustness requires not only better crack extraction but also stronger
discrimination between actual cracks and crack-like non-crack objects.

These findings suggest that future training datasets for UAV-based crack segmentation
should include not only clear crack images but also diverse hard-negative samples, such
as lane markings, manholes, repaired pavement boundaries, shadows, contamination,
and specular reflections. This is consistent with previous comparative studies showing
that the performance of semantic segmentation models can vary depending on crack
morphology, image conditions, and evaluation metrics [39]. Therefore, field-oriented
validation datasets are essential for evaluating whether models can distinguish actual
cracks from visually similar non-crack road-surface features.

4.3. Practical Meaning of Threshold Sensitivity

The threshold sensitivity analysis demonstrated that the final crack detection re-
sult strongly depends on the threshold used to convert the crack probability map into
a predicted binary mask. Lower thresholds preserved crack connectivity by including
low-confidence crack pixels, but they also increased FP detections. In contrast, higher
thresholds reduced noise and over-detection, but they removed fine or low-contrast crack
segments and weakened crack connectivity.

In this study, crack thickness and crack connectivity showed different preferred thresh-
old ranges. The crack thickness evaluation produced higher scores at thresholds of 0.5-0.6,
whereas the crack connectivity evaluation produced higher scores at thresholds of 0.3-0.4.
The integrated evaluation showed that thresholds of 0.4-0.5 provided the most balanced
results. This range provided a practical balance between suppressing over-detection and
preserving crack continuity.

However, the selected operating threshold of 0.416 should not be interpreted as
a universal or fully optimized threshold for road crack segmentation. It was used as
an operating value within the practical threshold range of 0.4-0.5 identified under the
tested UAV conditions. This value can be influenced by UAV image resolution, flight
conditions, pavement characteristics, model output distribution, and evaluator criteria.
When the model is applied to other roads, flight altitudes, camera systems, pavement
materials, seasons, or illumination conditions, the appropriate threshold may change.
Therefore, threshold selection should be treated as a field-dependent sensitivity issue rather
than as a fixed post-processing parameter.

This result also indicates that practical crack interpretation depends on the inspection
objective. If the goal is to avoid missing fine cracks, a lower threshold may be useful
because it preserves crack connectivity. If the goal is to reduce false alarms and minimize
manual review, a higher threshold may be more appropriate. Therefore, UAV-based
crack segmentation should allow adjustable threshold settings according to the intended
maintenance or inspection purpose. Previous studies have also reported that thresholding
can significantly affect crack extraction, noise suppression, and the separation of crack
regions from background pavement areas in image-based crack detection [11,12].

4.4. Implications for UAV-Based Road Crack Inspection

The results of this study suggest that UAV-based crack segmentation can be useful
for rapidly screening road-surface conditions over a relatively wide area. The final model
was able to identify major crack-prone regions in UAV-acquired road images, and the
overlay results provided interpretable visual outputs that can support field inspection.
However, the results also show that fully automatic crack interpretation remains challeng-
ing under real-world UAV conditions because crack-like non-crack features can generate
FP detections.
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From a practical perspective, the model output should be interpreted as a decision-
support layer rather than as a fully automated final diagnosis. Predicted binary masks
and overlay images can help inspectors identify crack-prone regions efficiently, but human
verification remains important when crack-like surface features, such as degraded lane
markings, repaired pavement traces, manholes, shadows, or surface contamination, are
present. Therefore, a human-in-the-loop inspection framework may be appropriate for
UAV-based pavement monitoring, in which the model first highlights potential crack
regions and inspectors then verify whether the detected regions correspond to actual
cracks or crack-like non-crack objects. This approach can reduce manual inspection effort
while maintaining reliability in complex field environments. UAV-based road damage
studies have also emphasized the need to connect automated detection results with field
verification and maintenance decision-making processes [40,41].

In addition, the results show that field-oriented evaluation should include both quan-
titative patch-level accuracy assessment and qualitative error factor analysis. Quantitative
metrics provide objective evidence of segmentation performance, whereas error factor
analysis reveals why the model fails under specific field conditions. Combining these
two approaches is important for understanding not only how accurately a model performs,
but also how reliably it can be used in practical UAV-based road inspection workflows.

These findings indicate that practical UAV-based crack inspection should com-
bine quantitative model outputs with human verification. Future systems should fur-
ther integrate field-oriented hard-negative training, targeted post-processing, adjustable
thresholding, and human-in-the-loop review to improve reliability under complex road-
surface conditions.

5. Conclusions

This study evaluated the field transferability of a public-dataset-trained road crack
segmentation model using UAV-acquired road imagery. A U-Net++ model with a ResNet50
encoder backbone was selected through candidate model comparison and was further
trained using confidence-based dataset refinement and training data augmentation. The fi-
nal confidence-filtered model achieved P, R, DSC, and IoU values of 0.802, 0.787, 0.794,
and 0.659, respectively, on the public validation dataset. The model was then applied to
high-resolution UAV road-surface images using patch-level processing based on a non-
overlapping 8 x 8 grid.

The UAV field results showed that visually distinguishable cracks could be segmented
effectively, whereas crack-like non-crack factors reduced overall field reliability. In particu-
lar, lane-marking paint, manhole boundaries, repaired pavement traces, shadows, surface
contamination, and specular reflections caused FP and FN detections. These results confirm
that real-world UAV imagery contains field-specific distractors that are limited in many
public crack datasets.

Threshold sensitivity analysis showed that the balance between crack connectivity
and FP suppression strongly depends on the operating threshold. Under the tested UAV
conditions, the threshold range of approximately 0.4-0.5 provided a practical visual balance
between crack thickness and crack connectivity. The selected threshold of 0.416 was used
only as an operating value within this range and should not be interpreted as a universal
or fully optimized threshold.

Several limitations remain. The UAV images were acquired from a single campus site,
and dense pixel-level GT masks were not constructed for all 148 UAV images. Instead,
a supplementary quantitative evaluation was conducted using a manually corrected UAV
field GT patch subset. Further validation is required under different road types, pavement
materials, flight altitudes, camera systems, seasons, and illumination conditions. Future
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work should expand UAV field datasets, include more hard-negative samples, and develop
post-processing and human-in-the-loop verification strategies to reduce FP detections
caused by crack-like non-crack objects.
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