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ABSTRACT

Accurate crosswalk inventories are critical for supporting pedestrian and wheelchair-user safety and accessi-
bility. Inclusion of detailed pavement marking data further enhances crosswalk condition assessment, lifecycle
planning, and data-driven asset management. This study introduces a unified deep-learning-based artificial in-
telligence framework for large-scale crosswalk localization and condition assessment using high-resolution aerial
imagery. The framework employs an innovative two-stage approach. The first stage is an oriented bounding box
(OBB) module, which is an anchor-free detector designed to localize crosswalks at arbitrary orientations,
providing highly accurate spatial positioning. This is followed by a segmentation stage, which incorporates a
novel multi-scale attention (MSA) module. The MSA module is crucial for extracting pixel-level details of
pavement markings, which are essential for subsequent crosswalk condition analysis. The outputs from both
stages are then fed into a condition-assessment pipeline to calculate a normalized condition ratio. This ratio
effectively quantifies crosswalk pavement marking degradation, offering a standardized metric across diverse
crosswalk types. The efficacy of the proposed two-stage approach is rigorously validated on extensive and diverse
datasets sourced from Massachusetts, Florida, and Washington. Performance metrics demonstrate superior ca-
pabilities of the proposed framework: the OBB detector achieved a mean average precision of 0.893 across
intersection over union (IoU) thresholds from 0.50 to 0.95, and the segmentation model attained a mean
intersection over union (mlIoU) of 0.925. These results consistently outperform existing state-of-the-art baselines.
Ultimately, the proposed framework successfully generates accurate, geographic information system (GIS)-ready
vector crosswalk inventories, establishing a highly scalable and automated solution for advanced transportation
infrastructure monitoring and proactive maintenance planning.

1. Introduction

et al., 2024; Han, 2025; Kong et al., 2022; Kortli et al., 2022; Li et al.,
2024; Lu et al.,, 2024; Ning et al., 2022; Tiimen and Ergen, 2020;

Crosswalks are critical transportation assets that support pedestrian
and wheelchair-user safety and accessibility (Al-haideri et al., 2025;
Bian et al., 2020; Pantangi et al., 2021). A scalable and up-to-date
crosswalk inventory is essential for safety analysis, asset management,
and planning applications. However, traditional crosswalk inventory
construction largely relies on manual efforts, including field surveys and
manual mapping, which are time-consuming, labor-intensive, and
difficult to scale across large geographic areas (Hosseini et al., 2023).

Recent advances in convolutional neural networks (CNNs), espe-
cially in object detection and semantic segmentation, have made auto-
mated extraction of transportation assets increasingly feasible (Guo
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Wang and Chen, 2024; Xiao et al., 2020; Yan et al., 2024; Zhang et al.,
2022), offering a promising alternative for large-scale and cost-effective
crosswalk inventory generation.

Existing studies have explored multiple imaging sources. Ground-
level imagery, such as Google Street View (GSV) or dash-cam videos,
provides rich visual details but suffers from limited spatial coverage,
inconsistent perspectives, and unreliable geolocation (Kaufmann et al.,
2018; Xing et al., 2019), making it ineffective for constructing consis-
tent, city- or state-wide crosswalk inventories suitable for geographic
information system (GIS) integration. Satellite imagery offers wide
coverage and georeferencing capabilities. However, its typical spatial
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resolution (30-50 cm per pixel) is insufficient for reliably capturing
fine-grained pavement markings such as crosswalk bars, especially
under occlusion, shadowing, or degradation (Luttrell et al., 2024).

High-resolution aerial orthoimagery provides a promising alterna-
tive by offering both sufficient spatial detail (e.g., 3-6 inch resolution)
and accurate georeferencing. This makes it particularly suitable for
large-scale, GIS-ready crosswalk inventory generation. Despite this po-
tential, research leveraging aerial imagery for crosswalk detection and
observable condition assessment remains limited.

From a methodological perspective, several challenges persist. First,
most existing crosswalk detectors rely on horizontal bounding boxes
(HBBs), which are inadequate for representing arbitrarily oriented
crosswalks and often include irrelevant pavement markings (e.g., stop
bars, lane lines, or shadows), thereby reducing localization accuracy and
affecting downstream analysis. Second, existing approaches either focus
on coarse localization or classification-based condition labeling (Bui
et al, 2026; Xie et al., 2023; Yi et al., 2021), without capturing
pixel-level degradation patterns necessary for fine-grained condition
assessment. Third, semantic segmentation applied directly to full aerial
images remains challenging due to small target size, visual similarity to
other pavement markings, and complex backgrounds, often leading to
missed detections or false positives (Cao et al., 2021; Leventi et al., 2025;
Rosa et al., 2024). While Tile2Net (Hosseini et al., 2023) does demon-
strate the feasibility of segmenting crosswalks from aerial images, it
neither aims to recover bar-level detail nor evaluate crosswalk
conditions.

To sum up, the growing demand for scalable crosswalk inventories,
advances in deep learning, and the increasing availability of high-
resolution aerial imagery make automated crosswalk inventory con-
struction both necessary and technically feasible. However, existing
methods remain insufficient to support accurate, cost-effective, and
scalable crosswalk inventory construction.

To this end, this study proposes CrosswalkNet (XNet), a unified deep-
learning framework for large-scale crosswalk localization and visible
condition assessment using high-resolution aerial imagery. The frame-
work integrates crosswalk localization and pixel-level representation
within a unified pipeline, where crosswalk regions are first identified
and then refined to fine-grained visible marking patterns. The resulting
outputs are further incorporated into a geospatially aligned workflow to
derive an image-based indicator for crosswalk condition assessment.
The major contributions of the current study are summarized as follows.

(1) This study presents a framework for automated crosswalk in-
ventory construction from high-resolution aerial imagery, which
can be used to extract crosswalk geometries and fine-grained
visible marking patterns across diverse roadway environments.
This study establishes a condition-assessment pipeline that de-
rives an image-based indicator of marking condition, which can
be used for large-scale screening and prioritization of crosswalk
maintenance and inspection.

(2

—

The remainder of this paper is organized as follows. Section 2 re-
views related work on crosswalk inventory construction, oriented
bounding box (OBB) detection, and semantic segmentation. Section 3
describes the dataset. Section 4 presents the proposed methodology,
including crosswalk localization, segmentation, and condition assess-
ment. Section 5 reports performance results, along with GIS-based in-
ventory construction and condition assessment outcomes. Section 6
concludes the paper and discusses future research directions.

2. Related work
2.1. Crosswalk inventory construction

Crosswalk inventory construction has been addressed through a va-
riety of data sources and methodological approaches, reflecting
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differences in data availability, spatial scale, and application re-
quirements. Existing studies can be broadly grouped into several
categories.

Traditional approaches rely on manual data collection, including
field surveys and visual interpretation of aerial imagery. These methods
typically involve human annotation of crosswalk locations and attri-
butes, sometimes combined with on-site verification (Hosseini et al.,
2023). While they can produce accurate and reliable datasets, their
high labor cost and limited scalability make them difficult to apply
across large regions. For instance, Moran (2022) manually reviewed
satellite imagery to classify the presence and condition of crosswalks at
approximately 6400 intersections in San Francisco, a process that
required about 90 h of effort by a single researcher. Crowd-sourced
platforms such as OpenStreetMap have also been used to create and
update crosswalk inventories (Berriel et al., 2017; Moran and Laefer,
2026). However, the available crosswalk information is often incom-
plete, outdated, and inconsistent across regions, limiting its reliability
for large-scale applications.

With the increasing availability of high-resolution remote sensing
data, Light Detection and Ranging (LiDAR)-based approaches have
emerged as a promising solution for automatically extracting crosswalk
features by leveraging both the geometric and radiometric properties of
point clouds (Esmoris et al., 2023; Fern and Diaz-vilari, 2025; Riveiro
et al, 2015). Specifically, Esmoris et al. (2023) propose two
LiDAR-based algorithms to characterize multiple crosswalk attributes,
such as paint quality and painted area, based on 48 detected zebra
crossings. While their work demonstrates the capability of LIDAR data to
generate detailed and accurate attributes, such approaches remain
difficult to scale to large-area crosswalk inventory construction due to
limitations in data availability, acquisition cost, and processing
complexity.

As discussed earlier, computer vision techniques have been widely
adopted for crosswalk detection and mapping, largely due to the
increasing availability of street-level, satellite, and aerial imagery.
Ground-level imagery has been the most commonly used data source in
prior studies (e.g., Haselhoff and Kummert, 2010; Kaya et al., 2023;
Malbog, 2019; Murali and Coughlan, 2013; Tian et al., 2021; T{imen and
Ergen, 2020; Zhai et al., 2015; Zhang et al., 2022), as it provides rich
visual details for detecting crosswalk markings. However, its limited
spatial coverage and inconsistent geolocation hinder its application to
large-scale inventory construction.

Satellite imagery has also been explored in previous research (e.g.,
Brki¢ et al., 2023; Shin and Choi, 2025; Verma and Ukkusuri, 2024;
Wijnands et al., 2021; Xu et al., 2023), as it offers broader geographic
coverage. Nevertheless, its relatively coarse spatial resolution often
limits its ability to reliably capture fine-grained pavement markings. In
contrast, high-resolution aerial orthoimagery has emerged as a prom-
ising data source by balancing spatial detail and geographic coverage,
enabling more consistent large-scale crosswalk mapping. However,
several challenges remain, including efficient crosswalk localization,
robust assessment of marking condition from aerial imagery, and
effective integration of such information into scalable crosswalk in-
ventory systems.

Currently, few studies provide unified frameworks that simulta-
neously support both large-scale inventory construction and condition
assessment. Moreover, achieving consistent performance across large
geographic areas remains challenging due to variations in image quality,
occlusion, and complex background conditions. These limitations
highlight the need for advanced approaches that can fully leverage high-
resolution aerial imagery to enable scalable and reliable crosswalk in-
ventory construction.

2.2. OBB detection

Object detection is a fundamental task in computer vision that in-
volves locating objects in an image and identifying their categories.
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Since the rise of deep learning, the field has progressed rapidly, forming
two major families of approaches: two-stage and one-stage detectors.
Representative two-stage frameworks include Region-based Convolu-
tional Neural Network (R-CNN) (Girshick et al., 2014), Spatial Pyramid
Pooling Networks (SPPNet) (He et al., 2015), Fast R-CNN (Girshick,
2015), Mask R-CNN (He et al., 2017), and Feature Pyramid Networks
(FPN) (Lin et al., 2017), while one-stage detectors emphasize real-time
performance and include models such as You Only Look Once (YOLO)
(Redmon et al., 2016), Single Shot MultiBox Detector (SSD) (Liu et al.,
2016), and Single-Shot Refinement Detector (RefineDet) (Zhang et al.,
2018).

Traditional detectors typically predict HBBs. However, when objects
exhibit arbitrary sizes, elongated shapes, or large variations in orienta-
tion, HBBs often enclose large amounts of irrelevant background, which
degrades detection accuracy. This limitation is especially pronounced in
high-resolution remote sensing imagery, where objects such as ships,
vehicles, and buildings frequently appear at diverse orientations and
may be densely distributed (Wang et al., 2025; Wen et al., 2023).
Motivated by these challenges, oriented object detection has emerged as
an important research direction.

Early oriented detectors extend horizontal box frameworks by
introducing rotational data augmentation, directional anchors, or
rotation-aligned feature extraction. Representative anchor-based
methods include the Rotation-Invariant CNN (RICNN) (Cheng et al.,
2016), Rotated Region Proposal Networks (R2PN) (Zhang et al.,
2018), Region of Interest (Rol) Transformer (Ding et al., 2018), and
Single-Shot Alignment Network (S2A-Net) (Han et al., 2022). Although
these approaches achieve strong accuracy, they rely heavily on manu-
ally designed anchors, making them sensitive to hyperparameter choices
and computationally expensive when handling multiple scales and an-
gles (Wen et al., 2023). These drawbacks have created a clear need for
more flexible and lightweight solutions, especially for high-resolution
scenes where object orientations vary continuously.

To overcome these limitations, recent research has shifted toward
anchor-free oriented detection to simplify model design, remove the
burden of handcrafted anchor engineering, and achieve better general-
ization across complex object geometries. A notable trend is the adop-
tion of polar coordinate representations, where object geometry is
described using radial distances and angular deviations, offering a more
natural way to model orientation. For example, Liu et al. (2021) intro-
duce the center-boundary dual attention network (CBDA-Net), which
leverages dual attention to highlight discriminative features of rotating
objects while suppressing background noise. Zhou et al. (2020) propose
an anchor-free polar remote sensing object detector (P-RSDet), where
arbitrary-oriented object detection can be achieved by predicting the
center point and regressing one polar radius and two polar angles. Yi
et al. (2021) design box boundary-aware vectors (BBAVectors), repre-
senting each oriented box using four boundary-aware vectors extending
from the center to its quadrantal edges. Zhang et al. (2022) further
develop a dense anchor-free rotated object detector (DARDet), which
directly predicts five parameters of an OBB at each foreground pixel in a
dense anchor-free manner. Li et al. (2026) propose the geometry-aware
detector (GADet), which combines adaptive convolution,
rotation-sensitive attention, and pruning to achieve a strong
accuracy-efficiency balance.

These anchor-free designs converge on a common goal to reduce
architectural complexity while preserving or improving detection
accuracy.

Building upon these insights, this paper follows this anchor-free
paradigm and further adapts it to the specific requirements of the
crosswalk detection task. By leveraging orientation-aware design
choices, the aim is to retain the efficiency of one-stage detectors while
achieving robust performance under diverse crosswalk orientations.
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2.3. Semantic segmentation

Semantic segmentation assigns a semantic label to every pixel of an
image and has advanced significantly with the development of deep
convolutional neural networks. Early approaches such as Fully Con-
volutional Networks (FCN) (Long et al., 2015) enable end-to-end dense
prediction but rely on low-resolution feature maps, often resulting in
coarse boundaries and limited spatial detail. This limitation is particu-
larly critical for tasks involving thin and elongated structures.

To improve spatial localization, encoder-decoder architectures such
as U-Net (Ronneberger et al., 2015) introduce skip connections to
recover high-resolution features. While effective in preserving spatial
details, these models primarily rely on local feature aggregation and
may struggle to capture long-range contextual dependencies, especially
in complex scenes with repetitive patterns. Subsequent methods such as
Pyramid Scene Parsing Network (PSPNet) (Zhao et al., 2017) and the
DeepLab series (Chen et al., 2017a, 2017b, 2018) address this issue by
incorporating multi-scale context through pyramid pooling and atrous
convolution. However, although these approaches improve global
context modeling, they are still designed for generic segmentation tasks
and do not explicitly exploit structural priors of target objects.

Recent advances further explore transformer-based and high-
resolution architectures. Models such as SegFormer (Xie et al., 2021)
and Swin-UNet (Cao et al., 2022) leverage transformer-based encoders
to capture long-range global context, while Mask2Former (Cheng et al.,
2022) introduces a unified framework using masked attention mecha-
nisms. Despite their strengths, these approaches primarily prioritize
dense feature representation and global modeling. This focus may be
suboptimal for detecting crosswalk markings in aerial imagery, where
targets appear as small-scale, repetitive patterns that are frequently
obscured by shadows or environmental noise.

To mitigate these limitations, attention mechanisms offer a prom-
ising solution by selectively emphasizing informative regions while
suppressing irrelevant features. General-purpose modules such as Con-
volutional Block Attention Module (CBAM) (Woo et al., 2018) and Dual
Attention Networks (DANet) (Fu et al., 2019) have already demon-
strated significant improvements in feature discriminability. Building on
these foundations, recent studies in crack detection have also proven
that integrating attention can enhance the model's performance under
challenging scenarios (Li et al., 2024; Sun et al., 2022; Zhu et al., 2024,
2025). For instance, OUR-Net (Li et al., 2024) pioneers a
multi-frequency feature modeling approach to simultaneously capture
global structures and fine-grained details, effectively improving the
detection of cracks with varying widths. Zhu et al. (2024) propose
RHACrackNet, which integrates hybrid attention and residual structures
to further refine feature representation, achieving a favorable balance
between accuracy and computational efficiency. Pushing this efficiency
further, AutoCrackNet (Zhu et al., 2025) utilizes neural architecture
search to automatically design lightweight models, demonstrating the
potential of combining efficient architectures with attention
mechanisms.

Despite the success of these models in capturing fine structures at
close range, their performance remains underexplored when tran-
sitioning to aerial platforms. Aerial crosswalk segmentation is uniquely
characterized by reduced spatial resolution, sub-optimal target scales,
and potential environmental interference from shadows or complex
backgrounds. To date, few studies have investigated whether the
architectural advantages of attention-based models can be effectively
leveraged to resolve the repetitive, small-scale patterns of crosswalk bars
under these constraints. Consequently, evaluating the efficacy of these
mechanisms in the aerial domain serves as a primary objective of the
current research.

3. Data

For model training and validation, high-resolution orthorectified
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aerial imagery is utilized. Compared to raw aerial imagery, which is
affected by sensor orientation, platform instability, and geometric dis-
tortions, orthorectified imagery is corrected to provide uniform scale
and accurate georeferencing, enabling direct transformation between
image and geographic coordinates (Hosseini et al., 2023).

In recent years, high-resolution orthoimagery has become increas-
ingly accessible. In the United States, the U.S. Geological Survey (USGS)
provides nationwide coverage, and many states routinely acquire aerial
imagery. The aerial imagery used for training in this study is obtained
from multiple state and regional datasets, including Massachusetts,
Florida, and Washington. Each image contains approximately 100
million pixels (10,000x10,000), with a ground sampling distance of 6
inches (15 cm) per pixel. This spatial resolution is sufficient to capture
fine-scale details, enabling reliable identification of small features such
as pedestrian crosswalks.

Two categories of crosswalks were defined in this study: (1) zebra/
continental/ladder crosswalks (hereafter “stripe”), characterized by
broad white stripes and grouped together due to their visual similarity
and common usage; and (2) two-parallel-line crosswalks (hereafter
“parallel”), consisting of two solid boundary lines with or without
painted infill. Since both variants share the same geometric structure,
they were consolidated into a single annotation class. Representative
examples of the two types are illustrated in Fig. 1.

The annotation process is conducted in two stages. First, a subset of
aerial images (10,000x10,000 pixels) is manually labeled by trained
research assistants to create a seed dataset. An initial detection model is
then trained on this dataset and applied to additional images to generate
preliminary annotations. All the annotations are subsequently verified
and corrected through manual inspection by two domain experts to
ensure consistency. In addition, a bounding box rectification strategy is
applied to refine annotation quality and improve geometric accuracy.

Note that due to the large spatial resolution of the original aerial
images (10,000x10,000 pixels), a pre-processing strategy is applied to
generate smaller tiles suitable for deep learning. Each image is divided
into 1024x1024 patches using a sliding-window approach with an
overlap of 276 pixels. This procedure produces manageable image seg-
ments that can be processed individually by the model, while preserving
contextual information across patch boundaries, which is particularly
beneficial for detecting features that span multiple tiles. Following
annotation and tiling, the dataset is partitioned into a training set of
18,879 tiles (80%) and a test set of 4740 tiles (20%), as shown in
Table 1.

4. Methodology

The proposed XNet framework consists of two modules: an oriented
bounding box detection module (XNet-OBB) and a semantic segmenta-
tion module (XNet-Seg). As shown in Fig. 2, the input aerial images
(10,000 x 10,000) are first partitioned into smaller tiles of size 1024 x
1024 with an overlap of 276 pixels to facilitate efficient processing. The
XNet-OBB module is then applied to accurately localize crosswalk in-
stances, generating oriented bounding boxes that define regions of in-
terest for subsequent analysis. Based on these detected regions, the
corresponding image patches are extracted and fed into the XNet-Seg
module, which performs pixel-level inference to segment crosswalk

Continental
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markings and distinguishes between intact and degraded areas.

The segmentation results within each detected OBB are subsequently
used to generate GIS-compatible layers and to compute a condition
ratio, defined as the proportion of valid crosswalk pixels relative to the
total OBB area. This ratio serves as an image-based indicator of marking
visibility and completeness. It should be noted that this indicator reflects
only the visible condition of crosswalk markings in aerial imagery and
does not capture physical factors such as retroreflectivity, material
thickness, skid resistance, paint aging, or nighttime visibility. Therefore,
the proposed framework is intended as an efficient large-scale screening
tool to identify potentially degraded crosswalk markings and support
subsequent detailed inspection or multi-sensor evaluation.

4.1. XNet-OBB

The OBB stage follows a standard object detection pipeline consisting
of three key modules: (1) a backbone network for multi-scale feature
extraction, (2) a neck module for hierarchical feature fusion, and (3) a
detection head for OBB prediction. The subsequent sections provide
detailed descriptions of each module, along with the employed loss
functions and evaluation metrics.

4.1.1. Framework

4.1.1.1. Backbone for multi-scale feature extraction. The backbone
transforms input aerial tiles (1024 x 1024 x 3) into hierarchical feature
representations through a sequence of lightweight convolutional and
residual-attention blocks. It begins with a stem convolution for rapid
spatial downsampling, followed by multiple C3K2 blocks for early-stage
feature extraction, a Spatial Pyramid Pooling-Fast (SPPF) module for
multi-scale receptive field aggregation, and a final C2PSA block for
global context enhancement. Fig. 3 presents the network structure of the
C3K2, C2PSA, and SPPF.

In the shallow and mid-level stages, the C3K2 blocks employ cross-
stage residual connections with depthwise separable convolutions to
efficiently capture edge and texture details while maintaining low
computational cost. The SPPF module aggregates multi-scale context by
performing parallel pooling operations with different receptive field
sizes, enhancing the network's ability to encode global spatial de-
pendencies. Finally, the C2PSA block integrates Cross-Stage Partial
(CSP) connections with Parallel Spatial Attention (PSA) to jointly model
spatial and channel dependencies, thereby improving feature discrimi-
nability for small or occluded crosswalks.

A generic residual transformation within a backbone block can be
formulated as:

Y = @(x) + BN(DWConvs,3(6(BN(Convs,.3(x))))) M

where ¢(-) denotes the SiLU activation function. The operator @(-) is
implemented as an identity mapping when input and output channel
dimensions match, or as a 1 x1 convolution followed by batch
normalization when dimensionality alignment is required during
channel expansion or downsampling.

4.1.1.2. Neck for multi-scale feature fusion. Given that crosswalks may

Fig. 1. Examples of crosswalks from the dataset.
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Table 1
Image (1024x1024) count and instance distribution of the dataset.
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appear at varying scales in aerial imagery, the neck is designed to ach-
ieve robust cross-scale feature integration by combining a Feature Pyr-
amid Network (FPN) with a Path Aggregation Network (PAN).

The FPN introduces a top-down pathway, where deep semantic
features are progressively upsampled and concatenated with higher-
resolution features from shallower layers, enriching low-level repre-
sentations with contextual information. Conversely, the PAN adds a
bottom-up pathway that passes fine-grained spatial details upward,
enhancing localization precision and geometric consistency.

At each fusion stage, feature maps from adjacent levels (with strides
8, 16, and 32) are merged through channel concatenation and refined by
lightweight C3K2 fusion blocks, which employ depthwise convolutions
and residual shortcuts to reduce redundancy and maintain computa-
tional efficiency.

This bidirectional feature aggregation process can be expressed as:

{P3,P4,Ps} = {y5(C3 ® Up(Cy)),y4(Cs ® Up(Cs)),ws(Cs)} (2)

where C3, C4 and Cs are the feature maps extracted from the backbone at
strides 8, 16, and 32, respectively; @ represents channel concatenation,
and y;( ) (i= 3,4, 5) are C3K2 fusion modules that refine the combined
features through residual attention and depthwise separable convolu-
tion.

As a result, the neck produces semantically rich and spatially precise
multi-scale features (Ps, P4, Ps), which are subsequently passed to the
detection head for OBB regression and classification.

4.1.1.3. Detection head with anchor-free oriented bounding boxes. Cross-
walks in aerial imagery typically appear as elongated rectangular pat-
terns that may be arbitrarily rotated according to road orientation.
Representing such objects with conventional horizontal bounding boxes
(HBBs) introduces excessive background, lowers intersection-over-
union (IoU) under oblique angles, and increases conflicts during non-
maximum suppression (NMS). To overcome these limitations, the pro-
posed framework adopts oriented bounding boxes (OBBs) to explicitly
encode object rotation. Each OBB is parameterized as (Cx7 Cy,w,h, 0),
where (Cx7 Cy) denotes the box center, w and h represent its width and
height, and 6 is the orientation angle.

The detection head transforms the multi-scale feature maps (Ps, P4,
Ps) from the neck into OBB predictions. Each detection layer corre-
sponds to a specific stride (8, 16, and 32), enabling the model to detect
crosswalks of varying sizes with a balance between fine localization and
high-level semantic precision. At each grid location (m,n) of a feature
map with stride s, the regression branch predicts a parameter vector:

t= (e, by, b, th, ty) (3)

These parameters are decoded into an oriented bounding box as:

Cr=5x (m+o0(ty)) “4)
Cy=sx (n+o(t)) )
w=s x e (6)
h=s x e* 7
0=1x0o(ty) ,g (8)

where o( -) is the sigmoid function.
To ensure a unique and consistent representation, two post-
processing steps are applied. First, canonicalization enforces w > h:

T
(w.h0) = (h,w,6)+§),lfw<h ©)
(w, h, ), otherwise

Subsequently, the angle is normalized into the interval [—g, g) :
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b3 z
0:<<0+§)modn>—§ (10)

In parallel, the classification branch outputs the foreground proba-
bility p for each grid cell.

4.1.1.4. Model configurations. The baseline model architecture is pre-
sented in Table 2. To explore the trade-off between accuracy and effi-
ciency, five model configurations with varying channel width scales are
evaluated in this study, as summarized in Table 3. Specifically, two
scaling dimensions are considered, including depth scaling and width
scaling. Depth scaling determines the number of repeated blocks within
each stage, which controls the network depth and thus affects the model
capacity and the level of feature abstraction. Width scaling, on the other
hand, controls the number of channels in each layer, thereby adjusting
the feature dimensionality and computational cost.

4.1.2. Loss function design

Accurate crosswalk detection requires simultaneously addressing
three challenges: (1) handling the severe imbalance between back-
ground and crosswalk samples, (2) distinguishing crosswalks from
visually similar linear road markings under occlusion or illumination
changes, and (3) capturing the orientation of crosswalk stripes relative
to the roadway axis.

To this end, a multi-task loss is adopted in the current study, which
integrates object-class prediction (L), rotated-box regression (L,or_pox),
and distribution focal refinement (Lgq). The overall objective is formu-
lated as:

Lopy = ActsLets + ApoxLrot—box+AdaLan 11)

where A, Apox and Aqp represent the weighting factors.
For L, a binary cross-entropy (BCE) loss on sigmoid-activated logits
is employed for each class (stripe, parallel):

Lgs= —

1 N 2

N 2 ; [yi.k log pix + (1 7yi,k)log (1 7p,-'k)] 12)
where p;x € [0,1] represents the predicted probability that candidate
location i belongs to class k, y;x € [0,1] is the corresponding ground-

truth label, and N is the total number of training instances.

Table 2
Original model architecture of XNet-OBB.

Section Stage  Module Output size

Backbone 0 Stem Conv (stride = 2) 512 x 512 x 64
1 Conv (stride = 2) —»P2 256 x 256 x 128
2 C3K2 256 x 256 x 256
3 Conv (stride = 2) -P3 128 x 128 x 256
4 C3K2 128 x 128 x 512
5 Conv (stride = 2) -P4 64 x 64 x 512
6 C3K2 64 x 64 x 512
7 Conv (stride = 2) -P5 32 x 32 x 1024
8 C3K2 32 x 32 x 1024
9 SPPF 32 x 32 x 1024
10 C2PSA 32 x 32 x 1024

Neck 11- Top-down: Upsample (P5) + Concat 64 x 64 x 512
13 (P4) + C3K2 —P4'
14- Top-down: Upsample (P4') + Concat 128 x 128 x 256
16 (P3) + C3K2 —»P3'
17- Bottom-up: Downsample (P3) + 64 x 64 x 512
19 Concat (P4) + C3K2 —»P4"
20- Bottom-up: Downsample (P4") + 32 x 32 x 1024
22 Concat (P5) + C3K2 —P5'

Head 23 Anchor-free OBB head (Detect (P3/, 128 x 128 x 71

P4, P5) (P3)
64 x 64 x 71 (P4")
32 x 32 x 71 (P5)
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Table 3
Model configuration of XNet-OBB.
Model Scale Scale Backbone Neck channels
(Depth) (Width) channels
XNet-OBB- 0.5 0.25 [16, 32, 64, 128, [128, 64, 128,
XSmall 256] 256]
XNet-OBB- 0.5 0.50 [32, 64, 128, 256, [256, 128,
Small 512] 256, 512]
XNet-OBB- 0.5 1.00 [64, 128, 256, [512, 256,
Medium 512, 512] 512, 512]
XNet-OBB- 1.0 1.00 [64, 128, 256, [512, 256,
Large 512, 512] 512, 512]
XNet-OBB- 1.0 1.50 [96, 192, 384, [768, 384,
XLarge 768, 768] 768, 768]

For the rotated-box regression loss L, pox, @ rotated IoU loss is
employed to directly reflect the spatial overlap between predicted and
ground-truth quadrilaterals:

AbND")

where A(-) denotes polygon area, and b, b" are predicted and ground-
truth oriented boxes. The regression loss is then expressed as:

Lrot—box =1- IOUR(by b*) (14)

which penalizes positional, scale, and angular misalignments jointly.
Lgn is utilized to further refine the predicted edge distances by
modeling them as discrete probability distributions:

1 M
Lyp= =77 > dnlogrm (15)
m=1

where g, denotes the ground-truth distribution of edge distances and ry,
is the predicted probability across M (=16 in this study) discrete bins.

4.1.3. Evaluation metrics

To comprehensively evaluate the detection performance of XNet-
OBB, multiple quantitative metrics are employed to measure the
model's capability in distinguishing crosswalks from background clutter.
These include Precision (Pr), Recall (Re), and mean Average Precision
(mAP) under different IoU thresholds.

The Precision (Pr) and Recall (Re) are defined as:

TP,
= b+ (16)
P,
_ TP 1
Re= 1+ N, an

where TPy, FP, and FNy represent the number of true positives, false
positives, and false negatives, respectively. Precision measures the
reliability of predictions (the fraction of detected crosswalks that are
correct), while recall reflects completeness (the fraction of ground-truth
crosswalks that are successfully detected).

As for the mAP, which is obtained by averaging Average Precision
(AP), two widely used variants are adopted in the current study:

mAPs, = APYU=3 (18)
1 9 IoU=0.5+0.05t
MAPsy_gs=-— Y AP 1
50-95 10 ; ) ( 9)

where APPU=" represents the AP of class k at IoU threshold .
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4.2. XNet-Seg

Following the OBB-based detection stage, the XNet-Seg module re-
fines crosswalk analysis through pixel-level segmentation and condition
assessment. Each detected crosswalk region is cropped according to its
OBB, while all areas beyond the OBB are masked to remove irrelevant
background. Building on this localized input, the segmentation stage
employs a semantic segmentation framework that transforms detection-
level geometry into interpretable condition indicators, forming the basis
for quantitative analysis of crosswalk wear and degradation. The
following sections describe the segmentation framework, loss functions,
evaluation metrics, and the derivation of the normalized condition ratio
used for crosswalk condition assessment.

4.2.1. Framework

An end-to-end segmentation framework is established consisting of
an encoder and a decoder. The encoder extracts multi-level contextual
features using a ResNet-50 backbone augmented with Atrous Spatial
Pyramid Pooling (ASPP) to enlarge the receptive field and capture scale-
invariant context. The decoder progressively restores spatial resolution
and refines boundary details through low-level feature fusion. To further
enhance feature discrimination, a Multi-Scale Attention (MSA) module
is embedded in the decoder to adaptively recalibrate multi-scale feature
responses across both channel and spatial dimensions.

4.2.1.1. Encoder network and ASPP module. Convolutional encoders are
known to lose spatial detail because repeated pooling and striding
reduce feature resolution. While deeper layers capture high-level se-
mantics beneficial for classification, the loss of fine-grained localization
can hinder precise segmentation. To mitigate this, the proposed frame-
work employs a ResNet-50 backbone with modified strides: the last two
convolutional stages (layers 3 and 4) are replaced by dilated convolu-
tions, enlarging the receptive field without increasing parameters.

To capture multi-scale contextual information, an ASPP module is
applied to the high-level feature map. It comprises parallel atrous con-
volutions with dilation rates of 12, 24, and 36, together with a global
average-pooling branch. The outputs of these branches are concatenated
and projected to a 256-channel feature space, effectively aggregating
context from multiple receptive fields.

Formally, the output y(i) of a convolution operation with a kernel
size of J is defined as:

Y =" x(i+r-j)w) (20)

where y(i) denotes the output feature value at spatial position i, x(i +r -f)
represents the input feature value at an offset determined by the dilation
rate r and kernel index j; w(j) is the kernel weight at index j, and J is the
total size of the convolution kernel, and r denotes the dilation rate,
which controls the spacing between kernel elements in a dilated
convolution.

4.2.1.2. Decoder and MSA module. The architecture of the decoder and
the MSA module is shown in Fig. 4. Following the ASPP stage, the high-
level feature map is upsampled and fused with the low-level encoder
feature from layer 1 to recover spatial precision. Before fusion, the low-
level feature is reduced to 48 channels using a 1x1 convolution and
batch normalization to balance scale differences. The concatenated
tensor is refined through two successive 3x3 convolutional blocks with
ReLU activation and a 0.1 dropout rate. This step restores structural
details lost during encoding, improving crosswalk boundary complete-
ness and overall segmentation accuracy.

The decoder further incorporates an MSA module to dynamically
recalibrate feature responses across both channel and spatial di-
mensions. Unlike fixed-weight fusion strategies that simply sum up or
concatenate multi-scale features, the MSA adaptively emphasizes
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Fig. 4. The architecture of the decoder and MSA.

informative regions and suppresses background noise through self-

attention within a single feature map. The module consists of two
complementary branches: channel attention and spatial attention. The
channel attention branch applies adaptive average pooling at three
scales (1, 2, 4) followed by shared multi-layer perceptrons (MLPs) to

N
23 Yubn t+ €
n=1

Lpice = 1- (24)

N N
;Pﬁ'i‘z

=1

Yite

generate scale-aware channel weights, enabling the network to

strengthen discriminative feature channels. The spatial attention branch
utilizes depthwise dilated convolutions with dilation rates of 1, 2, and 4
to capture contextual dependencies and texture variations over multiple

spatial extents.

The attention responses from all scales are aggregated and applied

through a residual gating formulation:

X=Xo (1 + 6<Z (f00+£"x))

deD

)

where X is the fused decoder output and X is the refined feature map;

(21)

where Apcg and Ap;. represent the weight factors of the BCE and dice loss
(both of which are set as 1 for the current study); p, and y, represent the
predicted and ground-truth probabilities for pixel n, and ¢ can ensure the
loss function stability by avoiding the numerical issue of dividing by 0. N
denotes the total number of pixels.

Similar to XNet-OBB, the Precision (Pr) and Recall (Re) are used to
evaluate the performance of the segmentation model; besides, mean
Intersection-over-Union (mloU) and mean Dice coefficient (mDice) are
reported over the crosswalk and background classes:

D = (1,2, 4) represents the set of spatial scales used in the MSA module;

féd) (X) and fl()d)(X) are the channel- and spatial-attention responses

computed at scale d.

4.2.2. Loss function and metrics

In the crosswalk segmentation task, pixels from the background and
the crosswalks are significantly imbalanced. Imbalanced datasets can

1 TP, TP,
mloU =~ 25
°“=3 (TPC FP. +FN, | TP, + FP, +FNb> 25
1 27P, 27P,
mDice =5 (ZTPC FP, + FN, | 2TP, 1 FP, + FNb) (26)

where ¢ and b denote the crosswalk and background classes, respec-
tively. TP, FP and FN represent the number of true positives, false pos-
itives, and false negatives for each class.

cause instability in training a well-established, generative, and

discriminative model (Sun et al., 2022). To address this problem and
improve the dice coefficient performance, a composite loss function
including both weighted binary cross-entropy (BCE) and dice loss is used

in the current study:

4.2.3. Condition assessment

The condition of each detected crosswalk is estimated using an
image-based indicator derived from the proportion of visible pavement
markings within its OBB. After the OBB-based detection and segmen-
tation stages, the segmented stripe regions are spatially intersected with

Lsegmentation = AceLcE + AbiceLpice (22) the corresponding crosswalk polygons to isolate valid marking pixels.
) The total segmented area inside each OBB (A) and the OBB's geometric
with area (Aqp) are computed in a projected coordinate system. The raw
1N condition ratio (RCR) of the s-th crosswalk, RCRy;, is then defined as the
Lgcg= — N Z [Yn log pn + (1 —yn)log(1 — pn)] (23) fraction of the segmented area within the OBB:
n=1

RCR, = st
obb.s

27)

To ensure fair comparison across structurally distinct crosswalk
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types, a per-class normalization strategy is adopted. Since parallel
crosswalks inherently contain less painted areas within their OBBs than
stripe types, their RCRs are naturally lower even under intact conditions.
As a result, applying global normalization would introduce systematic
bias in condition-level interpretation across different crosswalk types.
To address this issue, a normalized condition ratio (NCR) is proposed
using per-class min-max scaling:

RCRY — min (RCRé"))
e

NCR¥ = (28)
®)\ _ mi (k)

max (RCRY") — min (RCRY")

where NCRSU‘) represents the NCR of the s-th crosswalk in class k, and €
denotes all samples of that class.

5. Results and discussion
5.1. OBB detection

5.1.1. Model performance

All training and evaluation experiments are conducted on a high-
performance workstation equipped with an AMD Ryzen Threadripper
PRO 7985WX CPU (64 cores, 128 threads), 64 GB of RAM, and two
NVIDIA RTX PRO 6000 Blackwell GPUs with 95 GB of memory each. All
models are trained for 100 epochs with a batch size of 4 on a single GPU.
The model is optimized using stochastic gradient descent (SGD) with an
initial learning rate of 0.01, momentum of 0.937, and a weight decay of
0.0005. A warm-up strategy is applied during the first three epochs to
stabilize the training process. The loss weights are set as Acs = 0.5,
Abox = 7.5, Mg = 1.5. Evaluation is performed on a single GPU using an
IoU threshold of 0.7 for oriented bounding box assessment. All models
are evaluated under identical hardware and experimental settings to
ensure fair and consistent comparison. Tables 4 and 5 summarize the
accuracy and efficiency performance of the proposed XNet-OBB models
of different scales on the test set.

All model variants achieve strong detection performance, with
mAPs consistently exceeding 0.970. Even the lightweight XSmall model
reaches mAPs( of 0.970 with precision/recall of 0.945/0.935, indicating
that the proposed architecture maintains high discriminative capability
at low model capacity. As the model scales from XSmall to XLarge, ac-
curacy improves gradually, particularly under the stricter metric mAPs5.
o5 (from 0.836 to 0.893). However, the performance gain becomes
marginal beyond the Medium configuration (from 0.871 to 0.893),
suggesting diminishing returns as model complexity increases.

From an efficiency perspective, the scaling behavior is clear and
consistent. The inference time increases from 5.096 ms (196.235 FPS)
for XSmall to 16.492 ms (60.632 FPS) for XLarge, while the computa-
tional cost (FLOPs) and peak GPU memory consumption increase

Table 4
Accuracy performance comparison of different XNet-OBB models.
Model Category Precision Recall mAPsq mAPs50.05
XNet-OBB-XSmall All 0.945 0.935 0.970 0.836
Stripe 0.966 0.969 0.990 0.851
Parallel 0.924 0.901 0.950 0.822
XNet-OBB-Small All 0.966 0.939 0.976 0.854
Stripe 0.980 0.973 0.992 0.869
Parallel 0.952 0.905 0.960 0.840
XNet-OBB-Medium All 0.972 0.944 0.981 0.871
Stripe 0.981 0.975 0.993 0.881
Parallel 0.962 0.913 0.969 0.860
XNet-OBB-Large All 0.973 0.949 0.979 0.871
Stripe 0.980 0.975 0.993 0.883
Parallel 0.966 0.923 0.965 0.860
XNet-OBB-XLarge All 0.970 0.955 0.980 0.893
Stripe 0.980 0.982 0.993 0.904
Parallel 0.960 0.928 0.967 0.882
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Table 5

Efficiency performance comparison of different XNet-OBB models.
Model Inference time FPSt FLOPs Params PeakMem

(ms)} @)1 () (MB)}

XSmall 5.096 196.235 16.792 2.654 103.489
Small 5.594 178.761 57.050 9.700 178.266
Medium 6.723 148.736 182.634 20.880 317.041
Large 8.763 114.111 231.092 26.129 369.162
XLarge 16.492 60.632 518.934 58.738 605.881

*This indicates the inference time per 1024x1024 image.

substantially from 16.792 G to 518.934 G and from 103.489 MB to
605.881 MB, respectively. This indicates that larger models impose
substantially higher computational and memory demands.

Across all configurations, stripe crosswalks consistently achieve
higher accuracy than parallel ones. Specifically, at the XLarge scale,
stripe crosswalks reach precision/recall of 0.980/0.982 compared to
0.960/0.928 for parallel types. This difference is likely due to the more
distinctive geometric structure and denser visual patterns of stripe
crosswalks, whereas parallel markings are sparser and more sensitive to
occlusion, glare, and degradation. Despite this, the performance on
parallel crosswalks remains strong, particularly in larger models, con-
firming that the OBB-based representation effectively captures orienta-
tion and spatial layout.

Overall, the XNet-OBB family demonstrates a clear accuracy-
efficiency trade-off. While larger models achieve slightly higher detec-
tion accuracy, lightweight and medium configurations retain compara-
ble performance with significantly lower computational cost and faster
inference speed. This scalability highlights the flexibility of the proposed
framework, allowing practitioners to select an appropriate model
variant based on application requirements, ranging from high-
throughput large-scale mapping to resource-constrained real-time
deployment.

5.1.2. Model comparison and ablation study

Table 6 compares XNet-OBB-XLarge with several state-of-the-art
oriented object detection models. Among all methods, XNet-OBB-
XLarge achieves the best overall detection performance. Compared
with representative two-stage and rotation-aware detectors such as
Oriented R-CNN and ReDet, the proposed model shows clear improve-
ments in both localization accuracy and robustness under stricter eval-
uation metrics. Although ReDet achieves competitive performance in
mAPs5p (0.978), it remains inferior to XNet-OBB-XLarge with lower
mAPsp.95 (0.861), indicating that the proposed architecture is more
effective in capturing complex geometric and orientation patterns of
crosswalks.

From an efficiency perspective, different models exhibit distinct
trade-offs. ReDet achieves relatively high inference speed (95.093 FPS)
and low FLOPs (54.360 G), but at the cost of reduced accuracy. BBA-
Vectors is computationally heavy, with the highest FLOPs (578.493 G)
and parameter size (72.421 M), while also delivering the lowest detec-
tion accuracy (mAPsg.g5 = 0.818), indicating poor efficiency in terms of
both accuracy and resource usage. XNet-OBB-XLarge achieves the
highest accuracy but requires higher computational resources.

Table 7 presents an ablation study on XNet-OBB-XLarge, examining
the effects of loss weighting factors and different training data config-
urations. For the loss weighting factors, the baseline configuration
(Aets = 0.5, Apox = 7.5, Mg = 1.5) achieves the best overall balance be-
tween precision, recall, and detection accuracy. Increasing Aqs or
decreasing Ap,x tends to improve precision but leads to a noticeable drop
in recall, suggesting that excessive emphasis on classification may sup-
press positive detections. In terms of detection metrics, mAPs, remains
relatively insensitive to variations in loss weighting factors, indicating
stable object detection capability across different configurations. In
contrast, mAPs.g5 is more sensitive to the balance between localization
and classification. Specifically, when the ratio of Ap.y to Acs becomes
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Table 6
Comparison between XNet-OBB-XLarge and other state-of-the-art OBB models.
Model Precision Recall mAPs5q mAPs5g.95 FPST FLOPs(G)|) Params(M)|
Oriented R-CNN 0.925 0.919 0.945 0.821 86.886 198.530 41.352
S%A-Net 0.962 0.933 0.972 0.850 92.161 196.310 38.765
ReDet 0.967 0.942 0.978 0.861 95.093 54.360 31.573
BBAVectors 0.921 0.916 0.940 0.818 46.153 578.493 72.421
XNet-OBB 0.970 0.955 0.980 0.893 60.632 518.934 58.738
appearances under varying occlusion, wear, and environmental
Table. 7 conditions.
Ablation study of XNet-OBB-XLarge. Parking lots are identified as an additional challenge due to the
Precision Recall mAPso mAPs0.95 presence of various markings, such as no-parking hash lines, lane di-
loss weighting factors (Acis, Abox, Ad) viders, and directional arrows, some of which visually resemble pedes-
(0.25,7.5, 1.5) 0.967 0.974 0.980 0.893 trian crosswalks. These similarities can lead to misclassifications;
(0.5,7.5,1.5) " 0.970 0.955 0.980 0.893 however, as shown in Fig. 7, XNet is able to successfully differentiate
1.0,7.5,1.5) 0.973 0.948 0.980 0.890 . - - .
05, 5.0, 1.5) 0.976 0.947 0.980 0.892 crosswalks from other pavement markings, ensuring high detection ac-
(0.5, 10.0, 1.5) 0.968 0.952 0.979 0.890 curacy even in COIl’lpleX environments.
(0.5, 7.5, 0.5) 0.967 0.950 0.979 0.888 To evaluate the model's generalization capability, it is tested on
(0.5, 7.5, 2.5) 0.968 0.955 0.982 0.894 unseen datasets from other states, including Maine, New Hampshire,
Training Set and Virginia, which are not included in the training or validation sets.
MA 0.966 0.943 0.976 0.876 2025 Massachusetts aerial imagery is also used while the model is
FL 0.954 0.937 0.970 0.854 trained on 2023 Massachusetts aerial imagery. Preliminary results
MA + FL 0.970 0.948 0-979 0.887 (Figs. 8 and 9) indicate that the model performs well across most sce-
MA + FL + WA 0.970 0.955 0.980 0.893

@ Baseline configuration.

larger, mAPsg.95 tends to decrease, implying that overemphasizing
bounding box regression may negatively affect precise localization
under stricter evaluation criteria.

To investigate the cross-state generalization capability of the model,
this study conducts an ablation analysis using different training datasets
while maintaining the same test set, as shown in Table 1. In addition to
the original training dataset that combines data from Massachusetts
(MA), Florida (FL), and Washington (WA), three comparison settings are
considered, i.e., MA, FL, and MA + FL.

As shown in Table 7, models trained on a single state exhibit limited
generalization capability. For example, training on MA achieves rela-
tively strong performance (mAP5p = 0.976, mAP5(.95 = 0.876), whereas
training on FL results in lower accuracy (mAPsg = 0.970, mAPs.
o5 = 0.854), likely due to differences in data distribution and the
dominance of MA samples in the overall dataset.

The MA + FL configuration increases mAPs to 0.979 and mAPsg g5
to 0.887, demonstrating enhanced robustness through exposure to more
diverse training samples. Further incorporating WA data (MA + FL +
WA) leads to the best overall performance (mAPs5y, = 0.980,
mAPsg g5 = 0.893), indicating that cross-state training improves model
generalization across heterogeneous environments, while the marginal
gains are diminishing as the dataset increases.

5.1.3. Demonstration of OBB detection

Fig. 5 illustrates examples of OBB detections based on the XLarge
model, featuring both stripe and parallel types of crosswalks. To
enhance clarity and detail, the images are selectively cropped to closely
focus on the crosswalk areas. Notably, the model effectively detects
crosswalks located in shadowed areas, such as those cast by buildings,
and accurately identifies crosswalks adjacent to no parking hash mark-
ings. The model demonstrates versatility by accurately detecting cross-
walks of varying orientations and lengths across diverse environmental
settings, further illustrating its robustness and adaptability to complex
urban landscapes.

As illustrated in Fig. 6, crosswalks are detected under challenging
conditions, including building shadows, partial occlusions from trees,
and faded markings. This performance is supported by a large and
diverse training dataset that covers a wide range of crosswalk

10

narios. However, failures occur in cases where crosswalks are
completely obscured by shadows. Fig. 9 presents an example of such a
case. This limitation suggests that the model robustness could be further
improved by incorporating additional data sources or multi-year aerial
imagery when generating crosswalk inventory.

5.2. Semantic segmentation

5.2.1. Overall model comparison

All segmentation models are trained for 100 epochs with a batch size
of 2 on the same hardware platform as the OBB experiments, using a
single GPU. During the training process, all the models adopt the
AdamW optimizer with an initial learning rate of 0.0001, and a weight
decay of 0.01. All evaluations are conducted on the same GPU, and
identical hardware and experimental settings are maintained across all
models to ensure fair and consistent comparison.

Table 8 presents a comprehensive comparison between the proposed
XNet-Seg and several state-of-the-art segmentation models on the vali-
dation set. Among all compared methods, XNet-Seg achieves the best
overall performance, reaching an mIoU of 0.925 and an mDice score of
0.960, while maintaining a well-balanced precision (0.962) and recall
(0.957). This suggests that the proposed framework is able to simulta-
neously achieve accurate boundary localization and complete region
coverage.

In contrast, the baseline CNN achieves the highest inference speed
(200.905 FPS) and the smallest model size (0.186M parameters),
demonstrating strong computational efficiency. However, it yields the
lowest segmentation accuracy (mloU = 0.864, mDice = 0.922),
reflecting the limitations of shallow architectures in capturing multi-
scale contextual information. PSPNet and U-Net increase mloU to
approximately 0.915-0.918, probably benefiting from pyramid pooling
and skip connections that enhance global context and spatial detail re-
covery, albeit at the cost of reduced inference speed. DeepLabv3 and
DeepLabv3+ achieve slightly higher accuracy (mloU = 0.918 and
0.920), demonstrating the effectiveness of atrous convolutions, though
they require substantially higher computational cost (>650 GFLOPs).

More advanced architectures further illustrate the trade-off between
accuracy and efficiency. HRNet maintains relatively strong performance
with moderate computational cost, benefiting from high-resolution
feature representations. Swin-Unet achieves competitive recall (0.958)
but does not significantly outperform other models in overall accuracy.
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Fig. 6. Examples of crosswalks detected in shaded, occluded conditions, or with faded markings.

Transformer-based models exhibit distinct characteristics, i.e., Seg- Mask2Former shows limited performance gains (mIoU = 0.908) despite
Former achieves the lowest computational cost (27.074 GFLOPs) and its more complex design and lower inference speed (13.811 FPS), sug-
relatively high FPS, but sacrifices accuracy (mloU = 0.903), while gesting that general-purpose architectures may not fully capture the
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Fig. 8. Examples of detections on image data from other states (top: Maine; middle: New Hampshire; bottom: Virginia).

task-specific structural patterns of crosswalks.

Compared with all baseline and state-of-the-art models, XNet-Seg
achieves a favorable balance between accuracy and efficiency. While
its computational cost (732.675 GFLOPs) is comparable to other high-
performing CNN-based models, it maintains a relatively high inference
speed (78.510 FPS), significantly outperforming transformer-based
methods in efficiency. Although the absolute accuracy gains are mod-
erate, the improvements are consistent across all evaluation metrics,
indicating the robustness of the proposed design. In particular, the MSA
mechanism enhances the model's ability to capture fine-grained stripe
patterns while preserving global structural consistency. This leads to
improved performance under challenging conditions such as partial
occlusion, marking degradation, and varying illumination, making
XNet-Seg more suitable for large-scale, real-world deployment
scenarios.

Figs. 10 and 11 present segmentation results for representative stripe
and parallel crosswalk examples, where each column shows the input
image, ground truth, and predictions from different models. For stripe
crosswalks, the CNN baseline exhibits the weakest performance, pro-
ducing blurred or merged stripe patterns, missing segments, and intro-
ducing false positives by confusing background elements such as
sidewalks or shaded regions with crosswalk markings. Its predictions
further degrade under shadow or illumination variations. PSPNet and U-
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Net improve the overall shape reconstruction under clean backgrounds
but tend to under-segment when visually similar markings are present,
failing to fully recover stripe continuity. DeepLabv3 and DeepLabv3+
show more stable behavior, benefiting from stronger contextual
modeling, yet they still miss stripe elements near boundaries or in low-
contrast regions. HRNet preserves spatial resolution more effectively
and produces sharper structures, but can still be distracted by repetitive
background patterns. Transformer-based models such as SegFormer and
Mask2Former demonstrate improved global context understanding and
generally produce smoother and more coherent predictions; however,
they occasionally oversmooth fine-grained stripe details or fail to pre-
serve precise spacing between adjacent bars, especially when the stripes
are narrow or partially occluded.

In contrast, XNet-Seg produces predictions that are consistently
closer to the ground truth across varying conditions. It successfully re-
covers nearly all stripe elements even in cluttered backgrounds, while
maintaining accurate spacing, orientation, and structural continuity.
The model also preserves sharper boundaries under challenging condi-
tions such as shadows, illumination changes, and rotation.

For parallel crosswalks, a similar trend is observed. The CNN base-
line again performs the worst, frequently introducing false positives and
failing to accurately delineate bar structures. PSPNet and U-Net provide
more stable predictions but may still confuse adjacent linear features.
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Fig. 9. Examples of failure cases on image data (blue box: FN; red box: TP). (For interpretation of the references to colour in this figure legend, the reader is referred

to the Web version of this article.)

Table 8

Performance comparison of different segmentation models.
Model Pr Re mloU mbDice FPSt FLOPs(G)| Params(M)|
CNN 0.927 0.917 0.864 0.922 200.905 50.835 0.186
PSP-Net 0.961 0.947 0.915 0.954 95.902 435.137 11.134
U-Net 0.961 0.949 0.918 0.955 63.702 772.792 31.038
DeepLabv3 0.959 0.952 0.918 0.956 88.441 656.476 39.634
DeepLabv3+ 0.955 0.952 0.920 0.957 81.504 730.421 40.413
Mask2Former 0.959 0.940 0.908 0.949 13.811 237.231 44.954
HRNet 0.950 0.951 0.910 0.951 68.685 99.564 6.562
SegFormer 0.936 0.957 0.903 0.947 76.276 27.074 3.715
Swin-Unet 0.951 0.958 0.917 0.955 50.366 133.008 25.904
XNet-Seg 0.962 0.957 0.925 0.960 78.510 732.675 40.420

DeepLabv3 series and HRNet achieve reliable segmentation of the main
bar structures, while SegFormer and Mask2Former further improve
robustness to background complexity through global attention mecha-
nisms. Nevertheless, these transformer-based models can occasionally
produce slightly diffused boundaries or minor misalignment in bar
edges. In comparison, XNet-Seg maintains clearer boundaries and more
precise geometric consistency, particularly in complex scenes or under
partial occlusion, leading to the most visually accurate and stable seg-
mentation results among all evaluated methods.

5.2.2. Multi-factor ablation study

To further investigate the contributions of different components, a
multi-factor ablation study is conducted by independently varying the
attention mechanism, backbone architecture, and dataset, while keep-
ing other components fixed.

As shown in Table 9, the performance differences among the atten-
tion modules are relatively small, with all methods achieving similar
accuracy (mloU around 0.923-0.925 and mDice around 0.958-0.960).
However, the proposed MSA demonstrates superior efficiency,
achieving the highest inference speed (78.510 FPS) while maintaining
comparable computational cost (732.675 GFLOPs) and parameter size
(40.420M). This indicates that MSA provides a more favorable accuracy-
efficiency trade-off compared to other attention modules, making it
more suitable for practical deployment.

For the backbone architecture, replacing ResNet50 with ResNet101
only leads to a slight improvement in segmentation accuracy (e.g.,
Recall from 0.957 to 0.963, mloU from 0.925 to 0.926). However, this
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marginal gain comes at a substantial computational cost, with FLOPs
increasing significantly from 732.675G to 1045.998G and FPS dropping
noticeably from 78.510 to 48.576. This reflects a typical trade-off in
deep learning models, indicating that deeper architectures may offer
better representational capacity but reduce inference efficiency.

Besides, this study also examines the impact of training data by
comparing full images with OBB-based blocks. The results show that
using full images leads to a drop in accuracy (mloU = 0.910,
mDice = 0.949), whereas training on OBB-based blocks achieves higher
performance (mloU = 0.925, mDice = 0.960). Moreover, using OBB-
based blocks can accelerate the segmentation process, with the FPS
increasing from 77.468 to 78.510. These results highlight the effec-
tiveness of the proposed region-focused training strategy. By removing
large amounts of irrelevant background and focusing on crosswalk re-
gions, the model is able to learn more discriminative features and alle-
viate class imbalance.

5.3. GIS inventory construction and condition assessment

5.3.1. Model inference and GIS inventory construction

As discussed in the previous section, XNet-OBB-XLarge and XNet-Seg
achieve the best performance for crosswalk detection and segmentation,
respectively. Therefore, large-scale inference is conducted on a Massa-
chusetts statewide dataset consisting of 10,218 high-resolution aerial
images, each with a spatial resolution of 10,000x10,000 pixels.

All experiments are performed on the same hardware platform used
for model training, equipped with an AMD Ryzen Threadripper PRO
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Fig. 10. Segmentation results of the proposed XNet-Seg and other methods on stripe crosswalks.
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Table 9
Multi-factor ablation study of XNet-Seg.
Pr Re mloU mDice FPSt FLOPs(G)| Params(M)|

Attention
CBAM 0.959 0.958 0.925 0.960 77.695 732.873 40.430
DANet 0.957 0.960 0.925 0.958 76.020 741.540 40.626
ECA 0.958 0.957 0.925 0.959 78.150 732.866 40.425
SKNet 0.957 0.956 0.923 0.959 75.063 879.623 42.667
MSA 0.962 0.957 0.925 0.960 78.510 732.675 40.420
Backbone
ResNet50 0.962 0.957 0.925 0.960 78.510 732.675 40.420
ResNet101 0.958 0.963 0.926 0.960 48.576 1045.998 59.462
Dataset
Full image 0.959 0.943 0.910 0.949 77.468 732.675 40.420
OBB blocks 0.962 0.957 0.925 0.960 78.510 732.675 40.420

7985WX CPU (64 cores, 128 threads). The PyTorch implementation is
executed on a single NVIDIA RTX PRO 6000 Blackwell GPU with 95 GB
memory. The total inference time for processing the entire dataset is
approximately 15.4 h, corresponding to a throughput of about 664 im-
ages per hour (each of size 10,000x10,000). The peak GPU memory
allocation is around 2.9 GB, corresponding to approximately 3% of the
total available GPU memory. This indicates that the framework main-
tains low memory overhead despite the extremely high image resolu-
tion. These results demonstrate that the proposed framework is capable
of handling large-scale, high-resolution aerial imagery with practical
computational efficiency.

The efficiency gain of the proposed two-stage framework mainly
stems from a detection-guided processing strategy. Specifically, the OBB
detection stage is first applied to all images, while the more computa-
tionally intensive segmentation stage is selectively performed only on
regions of interest associated with detected crosswalks. In practice, only
3,928 out of the 10,218 images proceed to the segmentation stage, as a
large portion of the dataset corresponds to rural, forested, or moun-
tainous areas where no crosswalks are present. To further quantify this
benefit, a comparative experiment is performed without detection-
guided filtering, where segmentation is applied to all images. In this
case, the total inference time increases to approximately 27.3 h,
compared to 15.4 h with the proposed pipeline, corresponding to about
a 77.27% increase in computational cost.

In addition, a GIS inventory is constructed by transforming the
raster-based detection and segmentation outputs into vector-based GIS
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layers containing over 100,000 crosswalks (as shown in Fig. 12). Spe-
cifically, the predicted oriented bounding boxes are first converted from
image coordinates to geographic coordinates using the georeferencing
information of the aerial imagery and then represented as polygon
features. Meanwhile, the segmentation results are used to identify valid
marking pixels within each detected OBB, from which the image-based
condition assessment indicators are computed. The entire pipeline is
implemented using Python-based geospatial processing libraries,
including GDAL, rasterio, and geopandas, enabling efficient large-scale
processing and seamless integration with standard GIS platforms.

5.3.2. Comparison of RCR and NCR

Figs. 13 and 14 illustrate the large-scale distribution of the RCRs
computed using the procedure described in Section 4.2.3. To evaluate
the robustness of the condition-estimation framework under realistic
conditions, forty 10,000x10,000 aerial images are randomly selected
from two mapping zones in Massachusetts. Twenty images are drawn
from the western region covered by NAD 1983 UTM Zone 18N (Fig. 13),
and another twenty from the adjacent region covered by NAD 1983 UTM
Zone 19N (Fig. 14). Each aerial image contains more than one hundred
crosswalks, offering substantial variation in pavement conditions, illu-
mination, background clutter, and marking degradation that commonly
occur across the state.

It can be observed that across both Zone 18N and Zone 19N, stripe
crosswalks consistently exhibit greater variability in RCRs, as reflected
by wider violin shapes and more dispersed scatter points. This pattern

Fig. 12. Statewide crosswalk inventory in Massachusetts with representative local examples.
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Fig. 13. RCR results for examples from western Massachusetts.
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Fig. 14. RCR results for examples from eastern Massachusetts.
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arises from the structural complexity of stripe crosswalks. Several im-
ages (such as 18TXM990755 in Figs. 13 and 19TCG255920 in Fig. 14)
display stripe-crosswalk distributions with two or more distinct peaks,
reflecting the simultaneous presence of both highly preserved and
severely degraded markings.

With regard to the parallel crosswalks, they tend to display narrower
and more concentrated RCR distributions, typically forming shorter box
plots and compact violin shapes. One plausible explanation for this
stability lies in their simpler geometric structure, as each parallel
crosswalk contains only two long bars. This indicates that even for intact
markings, the RCRs of parallel crosswalks are systematically lower than
those of stripe crosswalks, because the 2 bars occupy a smaller propor-
tion of the OBB area than the dense stripe patterns. As shown in Figs. 13
and 14, the RCRs of parallel crosswalks (red distributions) usually fall
within a relatively tight band (often between 0.15 and 0.30). In contrast,
the stripe crosswalks (green distributions) occupy a much wider range of
RCRs in almost every subplot. Many images show dense clusters of stripe
ratios (approximately 0.30-0.60), along with extended tails that capture
degraded or partially faded stripes. As further illustrated in Fig. 15, the
difference in RCRs is evident even when the markings are visually intact.
In the Zone 18 example (18TYM020650), the stripe crosswalk located in
a parking lot yields an RCR of approximately 0.562, reflecting the dense
coverage of its multiple bars within the OBB. In contrast, the adjacent
parallel crosswalk in the same aerial image remains at a much lower
RCR of about 0.291, despite being clearly preserved with minimal
fading. A similar pattern also appears in the Zone 19 example
(19TCG315965). That is, the intact stripe crosswalk produces an RCR of
roughly 0.578, whereas the intact parallel crosswalk remains around
0.292. These paired examples confirm that the lower RCRs of parallel
crosswalks do not necessarily indicate poorer condition; instead, they
arise from the intrinsic geometric composition of the pattern, where two
long bars occupy a substantially smaller portion of the bounding box
than the dense stripe arrangement.

These geometric differences further highlight the necessity of
applying within-class ratio normalization (as described in Section 4.2.3)
in condition assessment. Without such normalization, the RCRs of stripe
and parallel crosswalks are not directly comparable, since their baseline
values are driven by distinct fill ratios rather than actual deterioration
levels. Standardizing each crosswalk type ensures that the resulting
condition measures remain comparable and are not biased by these
intrinsic differences in marking geometry and coverage.

Fig. 16 presents a side-by-side comparison of the RCR distributions
and NCR distributions. After the normalization, the condition ratios for
both stripe and parallel crosswalks fall within similar numerical ranges,
and their central tendencies become more closely aligned. Specifically,
the maximum condition ratio for parallel crosswalks increases from
approximately 0.4 (RCR) to above 0.9 (NCR), and the differences in
mean values between the 18 Zone (western Massachusetts) and the 19
Zone (eastern Massachusetts) are substantially reduced. This shift in-
dicates that normalization effectively removes geometry-driven dispar-
ities and places both crosswalk types onto a common interpretative
scale. Consequently, well-preserved parallel crosswalks are no longer

1STYM020650 =

(a)
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penalized by their naturally low fill ratio, and severely faded stripe
crosswalks are no longer overshadowed by the higher baseline inherent
to their geometry.

5.3.3. Practical implications of NCR

To support practical condition assessment, a data-driven classifica-
tion scheme is established based on manually labeled crosswalk samples.
Specifically, for both stripe and parallel crosswalk types, 400 samples
are manually annotated for three condition levels, including good, me-
dium, and poor, resulting in a total of 2400 labeled samples.

The annotation criteria are defined based on visual inspection:
“good” corresponds to crosswalk markings with no visible wear, “me-
dium” indicates slight degradation, and “poor” represents severe dete-
rioration or near disappearance of markings. Representative examples of
each category are illustrated in Figs. 17 and 18 for stripe and parallel
crosswalks, respectively.

To derive objective and reproducible classification thresholds, a
data-driven approach based on Gaussian Mixture Modeling (GMM) is
adopted (Scikit-learn developers, n.d.). For each crosswalk type, the
NCR values are modeled as a mixture of three Gaussian components,
corresponding to the latent condition levels. To ensure a fair evaluation
and avoid information leakage, the labeled samples are randomly
divided into training and validation subsets using an 80/20 split with
stratification by condition labels. The GMM is fitted exclusively on the
training subset, and the thresholds separating adjacent condition levels
are determined as the midpoints between the sorted component means.
The NCR distribution of the three condition levels and the determined
thresholds are shown in Fig. 19. For stripe crosswalks, the thresholds for
different condition levels are determined as: poor (NCR<0.196), me-
dium (0.196<NCR<0.454), good (NCR>0.454). For parallel crosswalks,
the corresponding thresholds are: poor (NCR<0.156), medium
(0.156<NCR<0.332), good (NCR>0.332).

The learned thresholds are then applied to classify the held-out
validation samples. Specifically, each sample is assigned to a condition
level (poor, medium, or good) based on its NCR value relative to the two
thresholds. The predicted labels are compared against the manually
assigned ground truth labels using standard classification metrics,
including precision, recall, and F1-score, and the results are shown in
Table 10. It can be observed that the proposed method achieves
consistently high accuracy across all condition levels, with precision,
recall, and F1-scores generally exceeding 0.95. This indicates that the
GMM-derived thresholds effectively capture the underlying distribution
of NCR values and align well with the manually assigned condition
labels.

Among the three condition levels, the classification performance for
the “good” and “poor” categories is particularly strong, with F1-scores
reaching up to 0.981. This can be attributed to the clear separation of
their NCR distributions, as observed in Fig. 19. In contrast, the “me-
dium” category exhibits slightly lower performance, with F1-scores
around 0.94-0.96. This is expected, as moderate samples lie in the
transitional region between good and poor conditions, leading to partial
overlap in NCR values and increased classification ambiguity.

19TCG31596S

(b)

Fig. 15. Examples from aerial images: (a) 18TYM020650 and (b) 19TCG315965.
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Fig. 17. Examples of condition GT for the stripe crosswalks: (a) good, (b) medium and (c) poor.

(b) (c)

Fig. 18. Examples of condition GT for the parallel crosswalks: (a) good, (b) medium and (c) poor.
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Fig. 19. Distribution of NCR across condition levels with GMM-derived thresholds (training set).

Table 11 further presents an ablation study comparing RCR and NCR. imbalance with low recall for “Good” (0.450) and weak performance in
While RCR achieves high precision in certain classes, it shows clear the “Medium” category. In contrast, NCR delivers consistently high and
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Table 10
Performance of the proposed threshold on the validation set (NCR).
Precision Recall F1
Good Medium Poor Good Medium Poor Good Medium Poor
All 0.969 0.956 0.987 0.981 0.956 0.975 0.975 0.956 0.981
Stripe 1.000 0.941 0.987 0.963 0.988 0.975 0.981 0.963 0.981
Parallel 0.941 0.974 0.987 1.000 0.925 0.975 0.970 0.949 0.981
Table 11
Ablation study of RCR and NCR.
Precision Recall F1
Good Medium Poor Good Medium Poor Good Medium Poor
NCR 0.969 0.956 0.987 0.981 0.956 0.975 0.975 0.956 0.981
RCR 1.000 0.567 0.780 0.450 0.719 1.000 0.621 0.634 0.877

balanced performance across all classes, demonstrating its superiority
for robust condition assessment.

Building upon the above findings, the proposed framework provides
a practical reference for real-world applications. For example, the
derived NCR thresholds and corresponding condition categories can
support large-scale screening of crosswalk visible conditions. In partic-
ular, crosswalks classified as poor or exhibiting lower NCR values can be
efficiently identified for further inspection and prioritized maintenance.
This enables scalable, consistent, and cost-effective decision-making for
transportation agencies.

Despite the promising results, it should be noted that the condition
assessment proposed in this study should be interpreted as an image-
based indicator of marking visibility rather than a comprehensive
physical measure of crosswalk condition. In particular, it does not cap-
ture factors such as retroreflectivity, material properties, or nighttime
visibility. This limitation primarily stems from the difficulty of acquiring
large-scale, consistently collected field-level condition data, which is
often labor-intensive, costly, and challenging to standardize at a state-
wide level. Nevertheless, the increasing availability of high-resolution
sensing technologies, such as LiDAR, provides new opportunities for
integrating multi-source data into crosswalk condition assessment. In
future work, the proposed framework can be extended by combining
aerial imagery with LiDAR data to enable more comprehensive valida-
tion of the proposed indicator and to enrich the assessment with addi-
tional physical attributes. Such integration is expected to further
improve both the reliability and the multidimensionality of crosswalk
condition evaluation.

6. Conclusions

To support large-scale crosswalk inventory creation and fine-grained
condition assessment from high-resolution aerial imagery, this study
develops XNet, a two-stage detection and segmentation framework
which integrates an anchor-free OBB detector with a tailored segmen-
tation model.

Trained on aerial imagery from Massachusetts, Washington, and
Florida, the proposed OBB detection network effectively captures the
geometric complexity of crosswalks by modeling their orientations and
elongated structures across diverse roadway environments. Among all
model variants, XNet-OBB-XLarge achieves the strongest overall per-
formance, with a precision of 0.970, a recall of 0.955, and an mAPs._g5 of
0.893, demonstrating robust localization under varying illumination,
shadows, and complex pavement backgrounds. The proposed XNet-Seg
outperforms the current state-of-the-art models with the highest mIoU
and mDice scores (0.925 and 0.960). Building on these outputs, an
image-based condition-assessment pipeline is introduced to quantify
crosswalk deterioration, forming an integrated system capable of auto-
mated, GIS-ready crosswalk mapping and condition evaluation at scale.
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In addition to its strong empirical performance, the study contributes
a cohesive framework that links detection, segmentation, and quanti-
tative condition assessment within a single workflow, providing a
practical and scalable solution for transportation agencies seeking to
modernize crosswalk inventories. The GIS-ready outputs produced by
XNet can directly support safety analysis, maintenance prioritization,
and accessibility evaluations. Nonetheless, it should be noted that the
proposed condition indicator should be interpreted as an image-based
proxy rather than a comprehensive physical assessment. Accordingly,
the framework is intended as an efficient large-scale screening tool to
identify potentially degraded crosswalk markings and support subse-
quent inspection or multi-sensor evaluation. In practical applications,
the proposed system can support crosswalk inventory updates and
facilitate maintenance planning by providing network-level screening
results. It also offers a scalable foundation for integrating additional
sensing modalities or temporal data for more comprehensive condition
monitoring in future work.

Some limitations should be noted. The current framework relies on
high-resolution aerial imagery and focuses specifically on crosswalks,
which may limit its applicability in regions with limited data availability
or in broader asset management contexts. In addition, the reliability of
the condition indicator is inherently dependent on segmentation per-
formance, and missed or partially detected markings may lead to un-
derestimation of crosswalk condition in certain cases. Future research
will extend the framework to additional pedestrian infrastructure ele-
ments and incorporate self-supervised or domain-adaptive learning
strategies to enhance robustness across diverse geographic and seasonal
conditions. Advancing the method toward temporally aware condition
tracking may further enable long-term monitoring and predictive
maintenance of pedestrian facilities.
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