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Abstract

Automated assessment of road marking condition is essential for data-driven pavement maintenance, yet existing

methods either rely on large annotated datasets or lack interpretable degradation grading. This paper proposes a

training-free framework that quantifies road marking deterioration through three physics-informed indicators: the

Luminance Loss Index (LLI), which captures intensity attenuation; the Crack Index (CI), which measures surface fracturing;

and the Spalling Area Ratio (SAR), which reflects structural loss relative to the original marking geometry. The three

indicators are fused into a composite degradation score S via weighted linear combination, and a grid search procedure

optimises the fusion weights and classification thresholds to assign each marking segment to one of three condition

grades (Normal, Minor Damaged, or Damaged) without requiring annotated training data. Evaluated on a dataset of

1,672 line segment instances under 5-fold cross-validation, the proposed method achieves an accuracy of 0.7111 ±

0.0265 and a macro-F1 of 0.7175 ± 0.0247, outperforming an Otsu thresholding baseline by 7.7 percentage points on

both metrics. Ablation experiments confirm that SAR provides the strongest discriminative signal, while CI improves

Damaged class recall by 6.6 percentage points over the best two-indicator combination (LLI+SAR), reducing the risk of

overlooking severely degraded markings. The framework requires no deep learning infrastructure and produces

interpretable condition grades suitable for operational road safety management in scenarios where large annotated

datasets are unavailable.
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Keywords: road marking inspection, surface defect assessment, image processing, interpretable framework, intelligent infrastructure
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Introduction

Road markings serve as a fundamental component of traffic management infrastructure, providing critical visual

guidance for vehicle navigation, lane discipline, and pedestrian safety [1,2]. Prolonged exposure to traffic loading,

ultraviolet radiation, and mechanical abrasion causes progressive deterioration of marking materials, which is commonly

reflected in reduced visibility, retroreflectivity loss, and surface degradation [3,4]. Failure to detect and remediate such

defects in a timely manner may increase traffic risk, particularly under low-visibility conditions such as nighttime driving

or adverse weather [5,6]. Systematic and accurate condition assessment of road markings has therefore become an

increasingly important component of road asset management and maintenance programs [7,8].

1, 2,
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Traditional inspection relies predominantly on manual field surveys, in which trained inspectors evaluate marking quality

against standardized criteria [9,10]. While interpretable, these methods are labor-intensive, time-consuming, and subject

to inter-rater variability, making large-scale or high-frequency monitoring impractical [11-13]. Instrument-based

methods, including mobile retroreflectometers, offer greater objectivity but require specialized equipment and

controlled measurement conditions, limiting deployment to periodic rather than continuous monitoring [14].

Digital image processing has opened new avenues for automated assessment. Early computer vision approaches applied

global thresholding techniques such as Otsu binarization to estimate degradation based on darkened pixel ratios [15,16].

While computationally efficient, these methods treat luminance as the sole condition indicator and are unable to

distinguish between different defect types or capture structural damage independently. Their sensitivity to illumination

variation, shadow interference, and pavement color diversity further limits reliability in real-world deployment [17,18].

More recently, deep learning methods, particularly convolutional neural networks and encoder-decoder architectures

such as U-Net, have demonstrated strong performance in pavement defect segmentation tasks [19,20]. However, their

adoption in road marking assessment remains constrained by three practical limitations. Supervised models require large

annotated datasets that are costly to compile for road marking defects, which exhibit high intra-class variability and

imbalanced class distributions [21,22]. Trained models also show limited generalizability to new road environments or

camera configurations without retraining [23]. Furthermore, the computational demands of deep network inference are

incompatible with lightweight inspection systems commonly used in routine maintenance operations [24]. These

constraints motivate the development of assessment frameworks that achieve reliable performance without dependence

on large-scale training data or high-performance computing infrastructure.

This study proposes a training-free, physics-informed road marking condition assessment framework based on the fusion

of three complementary defect indicators: the Luminance Loss Index (LLI), the Crack Index (CI), and the Spalling Area

Ratio (SAR). Each indicator targets a distinct physical failure mode. LLI quantifies luminance degradation through relative

intensity reduction within the marking region. CI characterizes structural cracking through morphological analysis of

elongated dark edge components. SAR estimates coating spallation extent by computing the proportion of surface

discontinuity within the marking region. The three indicators are normalized and fused into a composite deterioration

score through weighted linear combination, with parameters jointly optimized to maximize multi-class classification

performance. The framework requires no neural network training, operates on standard RGB imagery, and produces

condition grades directly interpretable within existing road maintenance classification systems. The proposed approach

offers a practical and deployable solution for routine road marking inspection in data-scarce maintenance environments.

Materials And Methods

Overview of the assessment framework

The proposed framework processes road marking images through six sequential stages to produce a standardized

condition grade. First, raw RGB images are acquired from field inspection, with each image containing one or more

annotated marking regions defined by polygon segmentation masks. Second, each marking region undergoes image

preprocessing, including median filtering for noise suppression and perspective transformation for geometric correction,

to ensure that subsequent feature measurements are not confounded by imaging artifacts or viewpoint distortion. Third,

three defect indicators are independently extracted from each preprocessed region: the LLI quantifies brightness

degradation, the CI characterizes structural cracking, and the SAR measures coating loss extent. Fourth, the three raw

indicator values are normalized against optimized reference values and fused into a single composite deterioration score

S through weighted linear combination. Fifth, the normalization reference values, fusion weights, and classification

thresholds are jointly optimized on the training partition of each cross-validation fold by maximizing macro-averaged F1-

score through grid search. Finally, each marking region is assigned a condition grade (Normal, Minor Damaged, or

Damaged) by comparing its composite score S against two optimized thresholds. The following sections describe each

stage in detail.
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Image preprocessing

Raw inspection images frequently contain impulsive (salt-and-pepper) noise introduced by sensor characteristics and

surface texture irregularities, which can interfere with edge detection and pixel-level intensity measurements in

subsequent processing stages. To mitigate this, a median filter with a 5 × 5 kernel is applied to each input image prior to

feature extraction. Median filtering effectively suppresses this noise while preserving edge sharpness, making it

preferable to Gaussian smoothing for this application [25-27]. The filtered image is then converted to grayscale to reduce

computational complexity and to provide a luminance representation suitable for all three defect indicators.

Perspective distortion is a common artifact in road surface imagery acquired from vehicle-mounted or handheld

cameras, where oblique viewing angles cause geometric deformation of the marking region and introduce systematic

errors in area-based measurements [28]. Perspective transformation is applied to the grayscale image prior to feature

extraction, correcting this distortion by mapping the marking region to a frontal orthographic view using a homographic

transformation estimated from the boundary coordinates of the marking polygon [29,30]. This step ensures that pixel

area ratios computed in SAR and crack density estimates in CI correspond accurately to physical surfae proportions. In the

present experiments, the dataset images had been geometrically normalised during annotation, and perspective

transformation was therefore not applied. The step is nonetheless described here for completeness, as it would be

required when deploying the framework on uncorrected field imagery.

Defect feature extraction

Road marking deterioration manifests through three physically distinct failure modes: luminance degradation due to

pigment fading, structural cracking due to material fracture, and surface spallation due to coating delamination. Each

failure mode is captured by a dedicated indicator, and the three indicators are designed to target physically distinct

degradation phenomena, ensuring that their fusion provides complementary rather than redundant information.

Luminance loss detection

As road marking paint ages, photooxidation and abrasion progressively deplete the reflective pigment and glass bead

content of the coating surface, resulting in a measurable reduction in the mean luminance of the marking region [31].

The LLI quantifies this degradation by comparing the mean pixel intensity of the marking region against an upper

reference value derived from the brightest pixels within the same region. LLI is defined as:

where  is the 95th percentile grayscale intensity within the marking polygon, used as an intra-region upper

reference approximating the luminance of the least attenuated surface area, and  is the mean grayscale intensity

of all pixels within the polygon. By using an intra-region reference rather than a fixed absolute threshold, the formulation

is robust to global illumination variation and camera exposure differences across images. A value of LLI = 0  indicates

uniform luminance with no detectable degradation, while values approaching 1 indicate severe and widespread

brightness reduction. To ensure numerical stability, pixels with  are assigned LLI = 0 to avoid division instability

in near-black regions. The resulting values are additionally clipped to the unit interval to prevent negative outputs caused

by measurement noise.

Crack detection

Surface cracking represents a structurally distinct failure mode in which the marking coating fractures along linear

trajectories under mechanical stress and thermal cycling [32]. Unlike luminance degradation, which affects the marking

surface uniformly, cracks manifest as narrow elongated dark features embedded within an otherwise intact coating.

Neither LLI nor SAR is sensitive to this pattern: LLI responds to mean brightness reduction rather than localized linear

features, and SAR requires closed edge contours enclosing filled regions and is therefore insensitive to isolated linear

edge fragments that do not form enclosed boundaries. CI is therefore introduced as a dedicated indicator for structural

cracking.
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CI is computed through a three-stage procedure. First, Canny edge detection is applied to the preprocessed grayscale

image using adaptive thresholds derived from the Otsu binarization value  of the image, with the low and high

thresholds set to  and , respectively. The detected edges are masked to retain only those falling

within the marking polygon. Following edge detection, a morphological closing operation with a 3 × 3 kernel is applied

to connect short discontinuities within crack edges. Second, connected component analysis is performed on the

resulting binary edge map, and each component is evaluated against three criteria to determine whether it corresponds

to a genuine crack: the component area must be no less than 30 pixels, the aspect ratio of its bounding box must be no

less than 2.5, and the mean grayscale intensity of the component must be lower than 90% of the marking region mean or

lower than an absolute threshold of 160, which was determined empirically based on the grayscale intensity distribution

of the dataset. These criteria jointly enforce the elongated morphology and relative darkness characteristic of surface

cracks while suppressing false detections from pavement texture and marking boundary edges. Third, the total area of all

accepted crack components  is divided by the total marking polygon area  to yield CI:

where  is the cumulative pixel area of all connected components satisfying the crack criteria, and  is the total

pixel area of the marking polygon. Higher values of CI indicate greater surface crack density within the marking region,

while a value of CI = 0 indicates no detectable cracking.

Spalling area detection

The SAR quantifies the proportion of a road marking's surface area that has undergone large-scale coating detachment.

Unlike LLI, which captures overall luminance attenuation, or CI, which targets fine linear cracks, SAR is specifically

designed to detect macro-scale spalling, which represents the most structurally severe form of road marking

degradation.

SAR is computed through a four-stage morphological pipeline applied within the segmented marking region :

Stage 1 - Adaptive edge detection: Canny edge detection is applied to the grayscale image with thresholds derived from

the Otsu binarization value  of the marking region:

Using region-adaptive thresholds, rather than global fixed values, ensures consistent sensitivity across images with

varying overall brightness. The lower thresholds relative to those used in CI reflect the larger spatial scale of spalled

regions, which produce broader and more diffuse edge responses than fine linear cracks.

Stage 2 - Dilation: The resulting binary edge map is dilated with a 5 × 5 rectangular structuring element over two

iterations. The 5 × 5 kernel size was selected to bridge gaps of up to two pixels between adjacent edge fragments while

avoiding excessive merging of spatially distinct spalled regions. This step prevents a single large spall from being

fragmented into multiple disconnected components.

Stage 3 - Morphological closing: A closing operation with the same kernel fills small holes within edge-enclosed regions,

consolidating the detected spall boundaries into compact, filled blobs that approximate the true spatial extent of each

spalled patch.

Stage 4 - Area ratio computation: Let  denote the binary edge map after the dilation and closing operations described

in Stages 2 and 3. The processed binary map is masked to the marking polygon , and SAR is defined as the fraction of

mask pixels classified as spalled:
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Unlike LLI, which quantifies the overall reduction in reflective intensity across the marking surface, SAR operates on the

structural geometry of the surface by detecting closed edge contours that enclose spalled patches. This edge-based

formulation makes SAR sensitive to the spatial pattern of coating detachment rather than its photometric consequence,

ensuring that SAR captures structural degradation aspects that are complementary to the photometric signal of LLI and

the linear fracture patterns detected by CI.

Visual illustration of defect indicators

To illustrate the detection capability of the three proposed indicators, Figure 1 presents a representative road marking

sample alongside the corresponding detection results for LLI, CI, and SAR. The sample shown is a severely degraded

marking exhibiting multiple co-occurring damage types. This sample was selected to simultaneously illustrate all three

detection mechanisms; in practice, individual indicators respond selectively according to the dominant failure mode

present.

FIGURE 1: Illustration of the original road-marking sample (a) along with three defect indicators on road marking

sample: (b) LLI, (c) CI, and (d) SAR

CI, Crack Index; LLI, Luminance Loss Index; SAR, Spalling Area Ratio

 

 

Figure 1(b) shows the pixel-level luminance deviation map used to visualise LLI, in which pixels whose intensity falls

significantly below the 95th-percentile reference value are rendered in orange, illustrating the spatial distribution of

brightness attenuation across the marking surface. Figure 1(c) shows the CI result, in which Canny-detected edge

segments satisfying the elongation and darkness criteria are rendered in red, tracing the fine linear fractures distributed

along the marking surface. Figure 1(d) presents the SAR result, in which the morphologically processed edge map

captures closed contours enclosing spalled patches, highlighted in green. Unlike LLI, which measures overall luminance

attenuation, SAR detects the spatial extent of discrete regions where the coating has physically separated from the

substrate, leaving structurally missing patches regardless of their absolute brightness.
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Although all three indicators respond to the same severely damaged sample, their spatial distributions are visually

distinct: LLI captures diffuse global luminance attenuation, CI traces the fine linear crack network, and SAR localises

discrete coating detachment patches through closed edge contours.

Indicator normalization and weighted fusion

Since LLI, CI, and SAR operate on different numerical scales, direct summation would bias the composite score toward the

indicator with the largest absolute magnitude. Each indicator is therefore normalized by a reference value   and

clipped to the unit interval:

Each reference value  defines the saturation threshold for its corresponding indicator: any raw value exceeding 

is treated as equivalent to the most severe degradation state and mapped to 1. The reference values , , and

 are not set manually but are optimized jointly with the weighting coefficients through the grid search procedure

described in the following section.

The three normalized indicators are then combined into a single composite score S through a weighted linear fusion:

where , , , and . The composite score S serves as a unified measure of road marking

degradation: a value approaching zero indicates a well-maintained marking with minimal detectable damage, while a

value approaching one indicates severe degradation across multiple damage dimensions. The weighted formulation

allows the relative contribution of each indicator to be calibrated to its discriminative capacity on the target dataset,

rather than treating all three dimensions as equally informative. The optimal weighting reflects the relative discriminative

contribution of each indicator, which is determined empirically through the parameter optimization procedure rather

than assumed a priori.

Parameter optimization and condition grade classification

The composite score S depends on three sets of parameters: the reference values , , and  used for

normalization; the fusion weights , , and ; and the classification thresholds  (the boundary between Normal

and Minor Damaged) and  (the boundary between Minor Damaged and Damaged). Rather than setting these

parameters manually, they are determined jointly through a grid search conducted on the training partition of each

cross-validation fold, with Macro-F1 score as the optimization objective.

The search proceeds in two stages. In the first stage, a coarse grid is constructed by enumerating candidate values for

each reference value and each weight pair , with  determined implicitly by the unit-sum

constraint. Candidate values for each reference value are drawn from a predefined range covering the observed

distribution of each raw indicator, and weights are sampled from a uniform grid over the simplex

. For each parameter combination, the composite score S  is computed for all

training samples, and the classification thresholds  and  are selected by exhaustive search over all candidate

threshold pairs drawn from the sorted score values of the training samples, subject to the constraint . In the

second stage, a fine-grained threshold search is applied around the coarse optimum to refine  and  at higher
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resolution. This two-stage design reduces the computational cost of the joint parameter search while achieving threshold

precision comparable to a full fine-grained enumeration. The combination yielding the highest Macro-F1 on the training

partition is retained as the parameter set for that fold.

A road marking is assigned to one of three condition grades based on the following rules, where  is

enforced throughout the search:

: Normal

: Minor Damaged

: Damaged

This classification scheme ensures that grade boundaries are learned from data rather than prescribed by domain

heuristics, while remaining fully interpretable as threshold comparisons on a physically meaningful continuous score.

Evaluation metrics

Classification performance is evaluated using overall accuracy, Macro-F1 score, and per-class precision, recall, and F1

score. Overall accuracy measures the proportion of correctly classified samples across all three condition grades. Per-class

precision and recall quantify, respectively, the fraction of predicted positives that are true positives and the fraction of

true positives that are retrieved, for each grade individually. The per-class F1 score is the harmonic mean of precision and

recall, providing a balanced measure that is sensitive to both false positives and false negatives within each class.

Macro-F1 is adopted as the primary performance metric, computed as the unweighted mean of per-class F1 scores:

where  denotes the F1 score of class c  as defined above. This formulation treats each condition grade equally

regardless of its frequency in the dataset, which is preferable to Micro-F1 in the presence of class imbalance. Micro-F1

aggregates contributions proportionally to class size and therefore tends to be dominated by the majority class,

potentially concealing poor performance on minority classes such as Minor Damaged.

A confusion matrix is additionally reported to provide a complete picture of inter-class misclassification patterns,

including the most safety-critical error type of predicting Damaged markings as Normal, which would result in severely

deteriorated markings being left without maintenance intervention.

All metrics are reported as mean ± standard deviation computed across five stratified cross-validation folds. Stratification

ensures that the class distribution within each fold reflects that of the full dataset, preventing folds from being

dominated by a single condition grade. This ensures that performance estimates are not dependent on a single data

partition and that the variability of the method across different training and test splits is made explicit.

Dataset and experimental setup

The dataset used in this study is the Road-marking Computer Vision Model, publicly available via Roboflow Universe [33].

The original dataset contains 3,360 images across three splits (train: 2,488; valid: 581; test: 291), with instance-level

polygon segmentation annotations stored in YOLOv8 format, assigned to five condition categories: Normal_line,

Minor_Damaged_line, Damaged_line, Faded_line, and Damaged_Arrow. The images consist of overhead daytime

photographs of white road markings captured from a top-down perspective, and have been pre-processed with

perspective correction prior to release, so the rectification step is not applied in these experiments. This pre-processing

step is a characteristic of the dataset rather than a requirement of the proposed method; in deployment scenarios where

perspective correction has not been applied, this step would need to be performed prior to indicator extraction.

How to cite this article:
Jiang X (June 11, 2026) Automatic Assessment of Road Marking Surface Defects Using Computer Vision. Cureus J Comput
Sci 3 : es44389-026-00117-8. DOI https://doi.org/10.7759/s44389-026-00117-8 Page 7 of 16

Automatic Assessment of Road Marking Surface Defects Using Computer Vision

javascript:void(0)


This study focuses exclusively on straight-line marking instances and retains three condition grades: Normal_line,

Minor_Damaged_line, and Damaged_line. Faded_line annotations are excluded because fading represents a luminance

attenuation phenomenon that is subsumed by the LLI indicator, and these instances can be accommodated within the

Normal or Minor Damaged grades depending on the degree of attenuation. Damaged_Arrow instances are excluded as

their irregular geometry introduces confounding shape-related edge responses that are not representative of linear

marking degradation. After filtering, the working dataset comprises 1,672 annotated straight-line instances, distributed

across three condition grades, as reported in Table 1.

Condition Grade Instances Proportion

Normal 601 35.9%

Minor Damaged 657 39.3%

Damaged 414 24.8%

Total 1,672 100%

TABLE 1: Dataset composition and class distribution of straight-line marking instances used in this study

All experiments are conducted under a stratified 5-fold cross-validation protocol (implemented using scikit-learn's

StratifiedKFold), which ensures that the class distribution within each training and test fold mirrors that of the full dataset.

Parameter optimization follows the grid search procedure described above and is performed independently on each

training fold to prevent any leakage of test-set information into the parameter selection process. Performance metrics are

reported as mean ± standard deviation aggregated across the five test folds.

Results And Discussion

This section presents the experimental results and discussion in four parts. First, the discriminative capacity of the three

proposed indicators is examined through a feature separability analysis. Second, an ablation study evaluates the

contribution of each indicator combination to overall classification performance. Third, the proposed method is

compared against a traditional Otsu thresholding baseline, and the design choice of using three indicators over two is

justified from a safety-oriented perspective. Finally, the distribution of composite scores and the validity of the learned

classification thresholds are analyzed.

Feature separability analysis

Before evaluating the full classification pipeline, the discriminative capacity of each individual indicator is examined by

analyzing its statistical distribution across the three condition grades. Figure 2 shows the box plots of LLI, CI, and SAR for

Normal, Minor Damaged, and Damaged marking instances.
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FIGURE 2: Box plots of (a) LLI, (b) CI, and (c) SAR across three road-marking condition grades

SAR exhibits the strongest class separability among the three indicators. The mean SAR values increase monotonically

from 0.258 (Normal) to 0.452 (Minor Damaged) and 0.806 (Damaged), with minimal overlap between the Normal and

Damaged distributions. This sharp gradient reflects the structural nature of spalling: as coating detachment progresses,

an increasing fraction of the marking surface is replaced by dark voids, producing a consistently large spalling area ratio

in severely degraded samples.

LLI also shows a clear monotonic trend, with mean values of 0.030, 0.059, and 0.151 for Normal, Minor Damaged, and

Damaged grades, respectively. The separation between Normal and Damaged is substantial, though the Minor Damaged

distribution overlaps with both adjacent grades, indicating that luminance attenuation alone is insufficient to reliably

distinguish early-stage degradation from well-maintained markings.

CI presents the weakest separability, with mean values of 0.026, 0.040, and 0.050 across the three grades. The inter-class

differences are small relative to within-class variance, particularly for the Damaged grade where the standard deviation

(0.057) exceeds the mean (0.050). This behaviour is physically consistent: in severely damaged markings, large-scale

coating detachment eliminates the continuous surface that would otherwise produce elongated crack edges, causing CI

to respond weakly precisely where damage is most severe. Despite its limited individual discriminative power, CI provides

information that is largely orthogonal to SAR and LLI, and its contribution to separating Normal from Minor Damaged

instances motivates its inclusion in the multi-indicator fusion.

The optimized parameter values across all five folds are reported in Table 2. The fusion weights remain entirely stable (

, , and ) across all folds, confirming that the grid search consistently identifies SAR as the

dominant contributor, consistent with its superior separability observed in Figure 2.
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Fold RLLI RCI RSAR w1 w2 w3 nth mth

1 0.26 0.38 0.29 0.2 0.2 0.6 0.6043 0.7087

2 0.1 0.38 0.29 0.2 0.2 0.6 0.6517 0.7926

3 0.18 0.32 0.29 0.2 0.2 0.6 0.6353 0.7429

4 0.26 0.38 0.29 0.2 0.2 0.6 0.6158 0.7083

5 0.26 0.38 0.29 0.2 0.2 0.6 0.6222 0.7125

Mean 0.212 0.368 0.29 0.2 0.2 0.6 0.6259 0.733

TABLE 2: Optimized parameter values across five cross-validation folds

Composite score S distribution and threshold analysis

The composite score S is computed for each instance using the mean optimized parameters reported in Table 2, and fold-

specific parameters are used during the actual classification evaluation. The per-grade statistics of S are summarised in

Table 3.

Condition Grade Mean S Std S

Normal 0.543 0.089

Minor Damaged 0.647 0.069

Damaged 0.739 0.053

TABLE 3: Composite score S statistics by condition grade

The distributions exhibit a clear monotonic ordering across the three grades, confirming that the weighted fusion of LLI,

CI, and SAR produces a well-ordered and interpretable composite degradation signal. The Normal-Minor Damaged mean

gap (0.104) is comparable in magnitude to the Minor Damaged-Damaged gap (0.092), but the substantially larger within-

class standard deviation of Normal ( ) relative to Damaged ( ) indicates that classification errors are

expected to concentrate at the Normal-Minor Damaged boundary rather than the Minor Damaged-Damaged boundary.

This distributional spread is an inherent property of gradual pavement marking degradation, where the transition from

intact to lightly worn is continuous rather than discrete.
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The grid search optimization yields mean thresholds of  and  across the five

folds (Table 2), partitioning the S axis into three contiguous decision regions corresponding to Normal ( ), Minor

Damaged ( ), and Damaged ( ). The cross-fold standard deviations of  ( ) and  (

) are small relative to the inter-class score separation, indicating that the decision boundaries are insensitive to

the specific training partition and that the composite score S generalises consistently across different subsets of the

dataset.

Ablation study on feature combinations

With the composite score S and its decision boundaries established in the preceding section, an ablation study is

conducted to evaluate the individual and combined contributions of the three indicators. Seven feature combinations

and one traditional baseline are compared under the same 5-fold cross-validation protocol: three single-indicator

methods (LLI, CI, SAR), three two-indicator combinations (LLI+CI, LLI+SAR, CI+SAR), the proposed three-indicator

combination (LLI+CI+SAR), and an Otsu thresholding baseline for reference. The complete results are reported in Table 4,

and the performance profiles and aggregated confusion matrix for the proposed method are shown in Figure 3.

Method Accuracy Macro-F1 F1-Normal F1-Minor F1-Damaged

Baseline (Otsu) 0.6340±0.034 0.6404±0.033 0.6781±0.039 0.5025±0.065 0.7405±0.016

LLI only 0.6304±0.017 0.6446±0.015 0.6064±0.038 0.5793±0.032 0.7480±0.016

CI only 0.5401±0.021 0.5123±0.025 0.6029±0.017 0.4954±0.039 0.4387±0.052

SAR only 0.5120±0.015 0.4693±0.016 0.7386±0.039 0.1096±0.017 0.5597±0.009

LLI + CI 0.6286±0.015 0.6446±0.013 0.6179±0.032 0.5604±0.020 0.7554±0.015

LLI + SAR 0.7249±0.024 0.7290±0.020 0.7830±0.038 0.6702±0.031 0.7338±0.018

CI + SAR 0.6453±0.025 0.6155±0.023 0.7745±0.029 0.6258±0.033 0.4462±0.052

LLI+CI+SAR

(Proposed)

0.7111±0.027 0.7175±0.025 0.7629±0.029 0.6448±0.034 0.7448±0.016

TABLE 4: Ablation study results: performance of eight feature combinations under five-fold cross-validation (mean ± SD)

CI, Crack Index; LLI, Luminance Loss Index; SAR, Spalling Area Ratio
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FIGURE 3: Ablation study results: (a) performance across feature combinations and (b) aggregated confusion matrix

CI, Crack Index; LLI, Luminance Loss Index; SAR, Spalling Area Ratio

Among single-indicator methods, LLI alone achieves the highest Macro-F1, outperforming CI  and SAR. The poor

performance of SAR alone is primarily attributable to its near-zero. Although SAR separates Normal from Damaged

effectively, it provides almost no signal for identifying Minor Damaged instances, confirming that a single structural

indicator is insufficient for three-class discrimination.

Among two-indicator combinations, LLI+SAR achieves the highest overall performance with Accuracy and Macro-F1,

substantially outperforming all single-indicator methods. Adding CI to form the proposed LLI+CI+SAR combination

slightly reduces overall Accuracy and Macro-F1 relative to LLI+SAR, but improves by 1.1 percentage points and, more

importantly, raises Damaged recall from 0.683  to 0.749, reducing the rate at which severely degraded markings are

missed. This trade-off is discussed further in the following section from a safety-oriented perspective.

The aggregated confusion matrix in Figure 3(b) reveals that out of 414 Damaged instances, only 4 are misclassified as

Normal, representing the most safety-critical error type. The majority of misclassifications occur at the Normal-Minor

Damaged boundary (153 Normal instances predicted as Minor Damaged; 118 Minor Damaged predicted as Normal),

reflecting the inherently subtle visual differences between intact and lightly worn markings, which remain the primary

source of misclassification even in the full three-indicator system.

Comparison with existing methods

Comparison With Baseline (Otsu Thresholding)

The proposed method is first compared against the Otsu thresholding baseline, which applies a single globally optimized

intensity threshold to segment road markings without any composite indicator fusion. As reported in Table 4, the

proposed LLI+CI+SAR method achieves an Accuracy of 0.7111 ± 0.0265 and a Macro-F1 of 0.7175 ± 0.0247, compared to

0.6340 ± 0.0336  and 0.6404 ± 0.0326  for the baseline, representing improvements of 7.7 percentage points in both

metrics.

The most pronounced gains appear in F1-Minor, where the proposed method improves from 0.5025 ± 0.0648 to 0.6448 ±

0.0336, and F1-Normal (from 0.6781 to 0.7629). The baseline's weakness on Minor Damaged instances is attributable to its

reliance on a single global intensity threshold, which cannot capture the multi-dimensional degradation signals, namely

luminance attenuation, surface cracking, and coating detachment, that distinguish lightly worn markings from intact

ones. The proposed method integrates all three complementary cues through weighted fusion, enabling more robust

discrimination across all degradation grades.

How to cite this article:
Jiang X (June 11, 2026) Automatic Assessment of Road Marking Surface Defects Using Computer Vision. Cureus J Comput
Sci 3 : es44389-026-00117-8. DOI https://doi.org/10.7759/s44389-026-00117-8 Page 12 of 16

Automatic Assessment of Road Marking Surface Defects Using Computer Vision

https://assets.cureusjournals.com/artifacts/upload/figure/file/63407/lightbox_3e1c8cf0630911f1a416df39d33f87f0-Figure-3-ablation.png
https://assets.cureusjournals.com/artifacts/upload/figure/file/63407/lightbox_3e1c8cf0630911f1a416df39d33f87f0-Figure-3-ablation.png
javascript:void(0)
javascript:void(0)


For the safety-critical Damaged class, the improvement is comparatively modest, as severely degraded markings tend to

exhibit unambiguous low-intensity responses that even a simple threshold can detect reliably. The proposed method

maintains comparable fold stability, indicating that the additional indicators do not introduce instability in the Damaged

class. Overall, the results confirm that composite indicator fusion provides consistent gains over single-threshold

approaches, particularly for the intermediate degradation grade that is most difficult to classify and most prevalent

within the dataset.

Safety-oriented justification for three-indicator fusion

Among all feature combinations evaluated in the ablation study, LLI+SAR achieves the highest overall Accuracy and

Macro-F1, making it the strongest two-indicator baseline. The proposed LLI+CI+SAR method records slightly lower values

on both overall metrics, a difference that warrants closer examination from a safety perspective.

The key distinction lies in the Damaged class, where false negatives carry the greatest operational consequence. The

proposed method achieves a Damaged Recall of 0.7490 ± 0.0512, compared to 0.6834 ± 0.0371  for LLI+SAR, a gain of

+6.6 percentage points. This improvement means that the proposed method correctly identifies substantially more

severely degraded markings that would otherwise be overlooked by LLI+SAR. The corresponding F1-Damaged improves

from 0.7338 to 0.7448, confirming that the recall gain outweighs the associated precision reduction on the F1 metric.

The trade-off is a moderate reduction in Damaged Precision, indicating that CI introduces some false positives for the

Damaged class. This is consistent with CI's relatively low inter-class separability. The crack detection indicator occasionally

assigns elevated degradation scores to markings with surface texture patterns that resemble crack edges, leading to

marginal over-prediction of the Damaged grade. In road marking maintenance, however, a false positive that triggers an

unnecessary inspection incurs far lower cost than a false negative that allows a severely degraded marking to remain

unaddressed. The recall-oriented improvement conferred by CI therefore justifies its inclusion in the final fusion model,

even at the cost of a modest reduction in overall Accuracy and Macro-F1.

 Limitations and generalizability

The proposed method is designed for scenarios where annotated training data are unavailable, relying solely on physics-

informed indicators and parameter optimisation on the available labelled data through cross-validation. While this

design choice enables deployment in data-scarce contexts, it also defines the boundary conditions under which the

method has been validated. The current dataset consists primarily of images acquired under normal daylight

illumination, and the performance of the composite score S under adverse conditions such as night-time imaging,

rainfall, and cast shadow has not been evaluated. In such conditions, the luminance-based indicator LLI and the crack-

based indicator CI are particularly susceptible to systematic bias, as ambient light variations directly affect pixel intensity

and edge contrast distributions. Future work should assess the robustness of the proposed indicators under diverse

lighting and weather conditions, and consider incorporating illumination normalisation as a preprocessing step.

The method is not directly compared against deep learning-based approaches in this study, as standard supervised

methods typically require substantially larger annotated datasets than are assumed available in the target deployment

scenario. This is an intentional scope constraint rather than an oversight: the proposed framework is positioned as a

training-free alternative for authorities and operators who lack the resources to collect and annotate large-scale datasets.

Nevertheless, a systematic comparison with supervised methods on a larger, multi-source dataset would be valuable to

quantify the performance gap and identify the conditions under which the additional cost of data annotation is justified.

The current validation is based on a single dataset collected from one geographic region and road network, which limits

the assessment of cross-scenario generalisation. Variations in road marking materials, paint types, and pavement surface

textures across different regions may affect the absolute values of LLI, CI, and SAR, potentially requiring recalibration of

the fusion weights and classification thresholds. Although the cross-fold stability of the optimised parameters in Table 2

suggests that the learned parameters are robust to data partitioning within this dataset, external validation on

independent datasets from different regions and road types remains an important direction for future work.
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Conclusions

This paper presents a training-free framework for automated road marking condition assessment that integrates three

complementary physics-informed indicators: LLI, CI, and SAR. The three indicators are fused into a single composite

degradation score S through a weighted linear combination, and a grid search optimisation procedure determines the

fusion weights and classification thresholds that partition S into three condition grades, namely Normal, Minor Damaged,

and Damaged, without requiring large-scale annotated training data, relying only on the available labelled samples for

parameter optimisation.

Under 5-fold cross-validation on a dataset of 1,672 line segment instances, the proposed method achieves an overall

Accuracy of 0.7111 ± 0.0265 and a Macro-F1 of 0.7175 ± 0.0247, representing improvements of 7.7 percentage points

over the Otsu thresholding baseline on both metrics. Ablation experiments confirm that all three indicators contribute to

classification performance: SAR provides the strongest individual discriminative signal, while CI confers a targeted

improvement in Damaged class recall, reducing the rate at which severely degraded markings are overlooked. The

optimised fusion weights and thresholds remain stable across folds, indicating that the learned parameters are robust to

data partitioning within the evaluated dataset. The proposed framework requires no deep learning infrastructure,

requiring only a modest labelled dataset for parameter optimisation rather than large-scale annotation, and no

specialised hardware beyond a standard road survey camera, making it suitable for lightweight deployment in routine

pavement inspection workflows. The condition grades produced are directly interpretable in terms of maintenance

priority, supporting evidence-based prioritisation of road marking maintenance interventions. Future work will focus on

extending validation to multi-source datasets covering diverse road marking types, pavement materials, and imaging

conditions, as well as exploring adaptive indicator weighting strategies that can accommodate scene-specific variations

without manual recalibration.
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