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Abstract: Road surface abrasions significantly contribute to vehicle collisions and
mechanical failures worldwide. Traditional machine learning-based methods for
road damage detection typically rely heavily on extensive manual annotations,
making them costly, labour-intensive, and inefficient. To address this challenge,
this paper proposes a label-efficient image processing framework based on self-
supervised representation learning for road damage classification. Our approach
integrates contrastive learning with a regularized redundancy reduction method,
enabling the extraction of rich, discriminative features directly from unlabelled
data. Contrastive learning separates positive and negative samples to learn ro-
bust feature representations, while a cross-correlation loss maximizes information
content by minimizing redundancy. Regularization through variance and covari-
ance loss terms ensures feature diversity and prevents informational collapse in
the learned representations. Extensive evaluations in both in-domain and cross-
domain scenarios demonstrate that our proposed method achieves superior perfor-
mance compared to supervised techniques, even when trained with substantially
fewer labelled samples. Thus, this work provides an effective, economical, and
scalable solution to the critical challenges faced in automated road maintenance.
The downstream task considered in this study is multi-class classification of road
damage categories rather than binary damaged-versus-undamaged road detection.
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1. Introduction

The roadway system is a cornerstone of national transportation infrastructure,
playing a critical role in economic growth and public safety. Effective road main-
tenance is essential for ensuring community safety, optimizing transportation effi-
ciency, and minimizing economic impacts. Without proactive management, road
surface anomalies such as potholes and cracks. Failure to promptly detect and
repair these defects can lead to severe vehicle accidents, substantial property dam-
age, increased fuel consumption, and considerable economic losses. Indeed, subop-
timal road conditions globally result in significant financial and human costs. For
instance, in 2022, various nations allocated billions of euros toward road infras-
tructure repairs driven by inadequate maintenance practices [13]. In the United
States alone, motorists incurred approximately $15 billion in vehicle repair costs
due to poor road conditions [7,24]. According to the World Health Organization
(WHO), road traffic accidents claim approximately 1.19 million lives annually and
cause injuries in between 20 to 50 million individuals, many resulting in permanent
disabilities. Such incidents remain the leading cause of death for individuals aged
5-29, with annual fatalities expected to rise to 2.4 million by 2030, making road
traffic the fifth leading cause of death globally [23,30,31].

Despite advancements in road infrastructure technology, traditional road in-
spection methods predominantly rely on manual inspection processes. These meth-
ods are inherently slow, labour-intensive, subjective, and prone to human error, sig-
nificantly delaying defect detection and repair. Consequently, they contribute to
increased maintenance costs and compromise public safety. Recent advancements
in machine learning offer promising opportunities for automating road damage
detection, potentially enhancing operational efficiency, reducing costs, and improv-
ing road safety. Nevertheless, contemporary supervised machine learning methods
require substantial amounts of annotated data, the collection of which remains
expensive and laborious, thereby limiting their widespread implementation.

To bridge this critical gap, we propose a novel self-supervised learning frame-
work specifically designed for efficient road damage classification. Self-supervised
learning techniques generate pseudo-labels directly from unlabelled data, enabling
effective representation learning without requiring extensive manual annotations
[27]. Typically, this process involves two phases: a pretext task, where models
learn meaningful representations from pseudo-labeled data, and a downstream task,
where these representations are fine-tuned for specific classification objectives. No-
table approaches in self-supervised learning include contrastive learning methods
such as SimCLR [9], MoCo [18], and redundancy reduction techniques like Barlow
Twins [32] and VICReg [5]. While contrastive learning focuses on differentiating
similar from dissimilar data pairs to create robust feature embeddings, redundancy
reduction emphasizes the maximization of information by minimizing redundant
features within the learned representations.

In this work, we focus on label-efficient classification of road damage categories
using benchmark datasets containing annotated damaged-road samples. The em-
ployed datasets do not include a separate no-damage or clear-road class. Therefore,
the present study does not address binary damaged-versus-undamaged road detec-
tion, but rather classification among damage categories. This scope is particularly
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relevant whether self-supervised pretraining can improve downstream category-
level discrimination and cross-domain transfer under limited-label settings.

1.1 Contributions

This study introduces an innovative regularized redundancy reduction contrastive
learning framework that synergistically combines the strengths of contrastive learn-
ing and redundancy reduction strategies. Specifically, our approach uses contrastive
learning to differentiate between positive and negative samples, complemented by
a cross-correlation loss to minimize redundancy and enhance information content.
Regularization techniques, including variance and covariance loss terms, further
enrich the learned representations by preventing norm collapse and ensuring infor-
mational diversity. The primary contributions of this research include:

1. Proposing a novel self-supervised regularized redundancy reduction contrastive
learning framework, significantly reducing the dependence on labelled data
and enabling cost-effective and scalable solutions for automated road damage
classification.

2. Utilizing contrastive learning at the core of the methodology to produce ro-
bust, generalizable feature representations from unlabelled datasets, substan-
tially lowering annotation requirements.

3. Introducing a cross-correlation loss function to optimize the correlation struc-
ture within embeddings, encouraging high intra-dimensional correlations while
minimizing inter-dimensional redundancy.

4. Implementing variance and covariance regularization strategies to prevent
norm and informational collapse, thereby ensuring the richness and diversity
of learned feature representations.

5. Demonstrating superior performance over existing supervised and state-of-
the-art approaches, even when trained on significantly reduced labelled datasets
(20% or 50%).

6. Establishing strong domain adaptability by successfully evaluating the pro-
posed method in cross-domain contexts, highlighting its capacity for robust
knowledge transfer across distinct datasets.

The remainder of the paper is structured as follows: Section 2 reviews exist-
ing literature on road damage classification methodologies. Section 3 presents a
detailed description of the proposed framework. Section 4 introduces the datasets
used in this research. Section 5 discusses the experimental setup and the compre-
hensive analysis of the obtained results. Finally, Section 6 concludes the paper
with a summary of the findings and directions for future research.
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2. Related Work

Recent advancements in machine learning and deep learning have significantly im-
proved automated road damage detection. Broadly, these methods can be cate-
gorized into three main approaches: traditional machine learning (ML), custom-
designed convolutional neural networks (CNN), and pre-trained network-based
methods. Although these methods show promising results, they have limitations,
such as high dependence on labelled datasets, insufficient generalizability, and sub-
optimal performance across domains. Our research addresses these critical issues.

2.1 Traditional Machine Learning-Based Approaches

Traditional ML techniques primarily utilize manually crafted features and clas-
sifiers for road anomaly detection. Zhang et al. [15] employed a support vec-
tor machine (SVM) [19] to classify road cracks into multiple categories using a
self-curated dataset comprising 250 images. Egaji et al. [14] evaluated various
ML algorithms-including naive Bayes, k-nearest neighbour (KNN), logistic regres-
sion, SVM, and random forest tree for pothole detection, relying on their collected
dataset. Similarly, Carlos et al. [8] developed a pothole and speed bump detec-
tion method employing SVM and random forest classifiers on smartphone-based
collected data. Furthermore, Bhatlawande et al. [6] proposed a comprehensive
framework to classify various road irregularities, assessing several classifiers (SVM,
KNN, naive Bayes, logistic regression, and random forest), ultimately identifying
random forest as the most reliable classifier for pothole detection.

2.2 Custom CNN-Based Methods

Custom-designed CNN architecture has demonstrated substantial effectiveness in
road damage detection tasks. Patra et al. [28] introduced a CNN-based pothole
detection system trained on a dataset of 3,424 real-world images, successfully de-
ploying their model on an Android application scenario. Chu et al. [11] presented
a CNN-based model trained on a dataset collected from the roads of Lahore, effec-
tively identifying cracks. Zhang et al. [33] further advanced CNN approaches by
customizing a ConvNext-based model consisting of 55 layers, achieving high accu-
racy in classifying road cracks using a dataset comprising 1,600 grayscale images.

2.3 Pretrained Networks-Based Methods

Leveraging pre-trained deep learning architectures has become popular due to their
robust performance and reduced training effort. Aparna et al. [3] proposed a
ResNet-based pothole detection framework utilizing thermal imagery, demonstrat-
ing effectiveness under challenging environmental conditions. Li et al. [26] employed
an EfficientNet architecture to detect potholes on the MegaDepth and ConTrack
datasets, showcasing notable efficiency and accuracy. Additionally, Cinar et al. [12]
utilized a DenseNet121 [21] based model for the pothole detection task; however,
their testing was performed on a very small dataset (67 images). Li et al. [25]
used a self-collected dataset covering six types of road distresses, including pot-
holes, cracks, and depressions. They compared the performance of ResNet-50 [17],
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ResNet-34, VGG-19 and VGG-16 [29] models on the dataset, where the ResNet-50
achieved the best results for both binary and multi-class classification tasks. Jana
et al. [22] introduced a pothole detection approach based on merging data from
self-acquisition and ‘road-traversing knowledge’ datasets to improve detection ac-
curacy. They utilize seven pre-trained networks named ResNet-50 [17], ResNet-34,
VGG-19 and VGG-16 [29], InceptionV3, DenseNet121, Xception [10], SEResNet-50
(squeeze and excitation ResNet) [20], EfficientNet-B3 [1] out of which DenseNet121,
Xception, SEResNet-50 performed well. Gupta et al. [16] achieved excellent per-
formance on multiple damage classes by applying a ResNet-based algorithm to the
road damage 2020 (RDD2020) [4]. Ahmad et al. [2] classified pavement classes with
MobileNet v2, ResNet50, and ResNet18; datasets were collected from the internet
and taken with images of Pakistani roads.

2.4 Research Gaps

Despite promising developments, existing road damage detection methods encounter
significant limitations, namely heavy reliance on extensive labelled datasets, in-
adequate performance, and limited generalization across different datasets. To
overcome these constraints, this study introduces a label-efficient, self-supervised
representation learning framework for road damage classification. The proposed
methodology employs a novel regularized redundancy reduction contrastive learn-
ing framework, effectively generating high-quality, semantically rich representations
from unlabeled images. This strategy significantly reduces the reliance on exten-
sive labelled data, leading to robust performance even with limited annotations.
Moreover, comprehensive cross-domain evaluations were conducted on two bench-
mark datasets — “Road crack classification” and “Road defects images” to validate
the enhanced generalization capabilities and superior performance of the proposed
model. Consequently, this approach not only substantially reduces data annotation
costs but also provides a practical, scalable, and efficient solution for automated
road damage assessment in real-world applications.

3. Proposed Approach

We propose a self-supervised representation learning approach for learning image
representations for road damage classification, integrating regularized redundancy
reduction with contrastive learning. This approach minimizes redundant informa-
tion in the learned representations while maximizing their informational content.
By leveraging contrastive learning, which distinguishes between similar and dissim-
ilar data points, our approach effectively learns consistent image representations
from unlabelled data. Additionally, our approach calculates the cross-correlation
matrix between image embeddings of augmented views processed by twin networks
and adjusts it to approximate the identity matrix. This process ensures that fea-
tures learned from augmented views are similar while reducing redundancy among
embedding dimensions. To further refine the learning process, we incorporate two
regularization terms into the loss function: variance and covariance. The variance
term maintains the variance along each dimension of the embedded vectors above
a certain threshold, preventing norm collapse. The covariance term, on the other
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Fig. 1 Owverview of the proposed self-supervised road damage classification
framework combining contrastive learning, redundancy reduction, and variance-
covariance regularization.
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hand, serves to decorrelate different embedding dimensions, preventing informa-
tional collapse—meaning that each feature dimension will encode its own separate
useful information. In essence, contrastive learning enables models to acquire ro-
bust image representations irrespective of input variations, while redundancy re-
duction and regularization terms ensure these features are both informative and
non-redundant. In short, we propose this approach where contrastive learning is
combined with redundancy reduction and stable regularization. Fig. 1 represents
the proposed approach for road damage classification.

The proposed approach consists of a two-phase training framework, which is
illustrated in Fig. 1. The first phase, referred to as the pretext task, is dedicated
to learning robust representations using a self-supervised representation learning
approach. It allows the model to learn representations of the data without the need
for labelled annotations. In the second phase, called the downstream task, learned
representations are utilized to classify road-wise damage efficiently. Both phases
are described in detail in the following sections.

3.1 Pretext Task

In the first instance of an unsupervised “pretext” phase, the model is trained solely
on unlabelled data and processes the data to reproduce meaningful image represen-
tations. To do this, we utilize many data augmentations (resizing, horizontal and
vertical flips, jittering, greyscale, gaussian blurring and affine) that produce two
different versions of the same image. In this stage, we use a pre-trained ResNet-50
backbone and a projection head (consisting of two fully connected layers) to project
input images to a latent embedding space. Such representations significantly com-
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press vital visual knowledge, setting up a proper abstract basis for the subsequent
task. We then use these learned embeddings in the next phase of supervised fine-
tuning, where we perform road damage classification. As a result, fewer annotated
samples are needed to obtain high performance, lowering the effort and resource
consumption of labelling.

Our loss function combines four components: contrastive loss [9], cross-correlation
loss [32], variance loss [5], and covariance loss [5] to make sure the model learns
both discriminative and regularized representations. By optimizing these compo-
nents jointly, the model achieves a strong generalization ability for future tasks.
We define the overall loss function as in Eq. (1):

Ltotal(Za Z/) :)\1 . Lcont(Z; Z/) + )\2 . Lcross(Za Z/)

1
+>\3'Lvar(sz/)+)\4'LCOV(Z7Z/)' ( )

We set A\ =1, Ao = 1, A3 = 25 and A4 = 1, for the values of our experiments,
as suggested by literature [5,9,32]. The first loss term, the contrastive loss, induces
the model to minimize the distance between the matching (positive) samples and
maximize the distance between the dissimilar (negative) samples from each other
in the embedding space. It is defined as Eq. (2):

exp (sim(‘lz—i,zJ') )

Leont(Z,Z") = —log (2)

iy Lui exp(sim(zi21,/7))

In this loss function, sim(z;, z;) is the cosine similarity between the two em-
beddings z; and z;. Furthermore, the loss computes the negative logarithm of the
exponential ratio of the similarity between positive pairs to the similarity between
all pairs 7 is the temperature parameter, and 2n is the number of augmented
samples in total (two for each original image) where the indicator function 1;.; ex-
cludes ¢ from the denominator. The second loss term, i.e., cross-correlation loss [9],
correlates the representations of multiple augmented views from the same image.
It is formulated in Eq. (3):

Lcross(Z7 Z/) = Z(l - zz + A Z Z C (3)
i jFEL

Here, C' denotes the cross-correlation matrix of the embeddings from the aug-
mented views. The first component (},(1—C;;)?) promotes the diagonal entries of
C' to be equal to the identity matrix while 37, >>.; CZ-QJ- penalizes off-diagonal cor-
relations. A is a hyperparameter that controls the trade-off between the two terms
of the loss function. The value of A has been set to A = 5 - 1072, as mentioned in
the literature [32].

The third loss term, i.e., variance regularization term, ensures that each embed-
ding dimension has at least some variability, preventing features from collapsing
along a single dimension. For a batch of embeddings, let 27 represents all values of
the jth dimension in the batch. The loss is defined as Eq. (4):

Lyar(Z,2') = ;Zj: ( ,’y—std( Uar(zj)—|—6>), (4)
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where
d is the dimensionality of the embedding vectors.
27 represents all values of the jth dimension across the batch Z.
~ is the target standard deviation (which can be set to be 1).

std| v/var(z3) + ¢ | is the regularized standard deviation.

This loss term encourages the variance of embeddings along each dimension to
be at least . It ensures that only dimensions where the standard deviation is less
than + contribute to the loss. If the standard deviation is already above -, the
term becomes zero, and no penalty is applied [5].

The covariance loss encourages statistical independence among different em-
bedding dimensions to prevent informational collapse. We compute the covariance
matrix C(Z) of the embedding Z as in Eq. (5):

n

C2)=—7 3 (5-7) (= %), (5)
where
1 n
z= E Zzi.

i=1

The covariance loss focuses on the off-diagonal elements of C(Z) as in Eq. (6):

1
Leov(Z, Z/) = d Z[C<Z)]?}j’ (6)
i#£]j

where n is the number of samples in the batch, and [C(Z)]; ; is the i, jth entry of
covariance matrix. By minimizing these off-diagonal elements, the different features
in a representation remain uncorrelated, thereby preventing informational collapse.
During the pretext stage, all available images are used in an unlabeled manner

for representation learning, irrespective of their downstream category labels.

3.2 Downstream Task

Section 3.2 focuses on taking a network, i.e., ResNet50, that has already been
trained in a self-supervised manner using a pretext task and adapting it to perform
a supervised downstream classification task—in this case, classifying images of
road damage. After the model has learned generic and useful features during the
pretext phase, it is adapted for the specific classification problem by replacing
the projection head with a new prediction head consisting of two fully connected
layers. This simple architectural adjustment, coupled with fine-tuning, allows the
model to leverage the previously learned representations and rapidly achieve high
performance on the downstream classification task, even with a smaller labelled
dataset.

During the pretext task, two augmented views of the same input image are
passed through two identical encoder branches with shared weights. These twin
branches are used only to compute the self-supervised objective. After pretraining,
a single encoder initialized with the learned weights is retained for the downstream
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task. The projection head during pretraining is discarded and replaced with a
task-specific classifier composed of two fully connected layers.

The pretext stage is fully self-supervised and does not use class labels. Class
labels are used only in the downstream stage. In the fine-tuning setting, the pre-
trained encoder and classifier are jointly optimized using labelled training images.
In the feature extraction setting, the pretrained encoder is frozen and only the
classifier is trained using labelled training images.

The pseudocode for the proposed approach is shown as Algorithm 1.

Algorithm 1 Pseudocode (PyTorch style).

# Training loop
for epoch in range(no_epoch): do
loss = 0.0
for data in train_dataloader: do
# Extract two different augmentations and pass both augmentations
to get projections
x_i, x_j = extract_views_from(data)
z_i = model(x_i)
z_j = model(xj)
# Contrastive Loss
sim_matrix = torch.matmul(z., z_j.T)
labels = torch.arange(z_i.size(0)).cuda()
cont_loss = F.cross_entropy (sim_matrix / self.temperature, labels)
Imbda = 5e-3
bs = z_i.size(0)
emb = z_i.size(1)
z_iNorm = (z. - z-i.mean(0)) / z-i.std(0)
z_jNorm = (z_j - z_j.mean(0)) / z_j.std(0)
# Cross Correlation Loss
crossCorMat = (z_iNorm.T z_jNorm) / bs
# Extract on-diagonal and off-diagonal elements from the
cross-correlation matrix
on_diag = torch.diagonal(crossCorMat).add_(-1).pow_(2).sum()
n, m = crossCorMat.shape
off_diagonal = crossCorMat.flatten()[:-1].view(n - 1, n + 1)[:, 1:].Hatten()
off_diag = off_diagonal.pow_(2).sum/()
cross_corr_loss = on_diag + Ilmbda * off_diag
# Variance Loss
X = 2 - zi.mean(dim=0)
y = z.j - z_j.mean(dim=0)
var_x = torch.sqrt(x.var(dim=0) + 0.0001)
var_y = torch.sqrt(y.var(dim=0) 4+ 0.0001)
var_loss = torch.mean(F.relu(1 - varx)) / 2
+ torch.mean(F.relu(1 - var_y)) / 2
# Covariance loss
covx = (x.T x) / (bs- 1) # Covariance matrix for z_i
covy = (v.T y) / (bs - 1) # Covariance matrix for z_j
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cov_loss = get_off_diagonal(cov_x).pow_(2).sum().div(emb)
+ get_off_diagonal(cov_y).pow_(2).sum(). div(emb)
# Combined loss and optimizer
Imbdal=1, Imbda2=1, lmbda3=25, Imbdad4=1
combined_loss = Imbdal * cont_loss + lmbda2 * cross_corr_loss
+ lmbda3 * cov_loss + lmbdad * var_loss
optimizer.zero_grad()
combined _loss.backward()
optimizer.step()
end for
end for

4. Dataset Description

In this subsection, we briefly describe the road damage datasets used in this work.
Their main characteristics are summarized in Tab. I.

Total Train Test No. of

Dataset . . .

images images images classes
Road crack classification 1600 1280 320 4
Road defects images 400 320 80 4

Tab. I Dataset details.

Details for each of these datasets are presented below:

1) Road crack classification dataset! [33]: Open-source dataset for training and
testing road crack classifiers. The dataset, which was cropped from the DSPS
(Data Science for Pavement Symposium) dataset published by the Federal
Highway Administration (FHWA), contains four scenarios of road cracks:
block, longitudinal, alligator and transverse. Moreover, as it offers a wide
range of categorization, this dataset is often used to benchmark deep learning
and computer vision models for various road crack analysis tasks.

2) Road defects images dataset?: The dataset, obtained utilizing mobile cam-
eras, is intended for creating computer vision models that can be employed for
detecting defects in infrastructure like roads, bridges, and buildings automat-
ically. It consists of 400 images 100 each for cracks, potholes, patches and
surface defects—taken in different light and environmental scenarios. The
core of this streamlines laborious manual inspections and improves accuracy,
efficiency, and cost in the maintenance and safety of infrastructure.

It should be noted that both benchmark datasets used in this study contain
labelled categories of road damage and do not include a separate “no-damage” or

Thttps://github.com/tjboise/RCCD/tree/main/crackdata
%https://www.kaggle.com/datasets/patelmihir/road-defects-nonaugmented?select=
Surface_Defects

68


https://github.com/tjboise/RCCD/tree/main/crackdata
https://www.kaggle.com/datasets/patelmihir/road-defects-nonaugmented?select=Surface_Defects
https://www.kaggle.com/datasets/patelmihir/road-defects-nonaugmented?select=Surface_Defects

Agrawal D.V., Gupta V., Krishna C.R.: Cross-Domain Road Damage Classification. ..

“clear-road” class. Specifically, the Road crack classification dataset comprises four
crack categories, while the Road defects images dataset contains four defect cate-
gories: cracks, potholes, patches, and surface defects. Therefore, the downstream
task in this work is formulated as multi-class road damage classification among
damaged-road categories rather than binary damaged-versus-undamaged road de-
tection. Consequently, the proposed framework is not evaluated for distinguishing
healthy road surface from damaged ones.

5. Experimentation Details

This section discusses the design and implementation of experiments to verify the
proposed method for road damage classification. Two independent databases are
the Road crack classification dataset and the Road defects images dataset. We
implement it in Python using the open-source PyTorch library and run it on a
workstation with NVIDIA GeForce RTX 4090 GPU (24 GB memory). The training
process is split into two stages.

The model is trained in two stages; in the first phase (pretext), it is trained on
unlabeled data using the proposed approach. In the second (downstream) phase, we
evaluate the learned representations using labelled data. We explore two primary
methods of evaluation:

1. Fine-tuning: We train both the backbone (encoder) and the prediction head
(two fully connected layers) on labelled data.

2. Feature Extraction: The backbone is left frozen, and only the prediction head
(two fully connected layers) is trained on the labelled data. In doing so, we
emphasize the advantages of learning flexible, reusable representations in a
self-supervised manner rather than optimizing the full network from scratch.

We measure performance under varying annotation scenarios using 100%, 50% and
20% of the available labelled samples. When applying the entire dataset (100%),
we train using 128 batch size, while for the 50% and 20%, the batch size is reduced
to 8 as the number of remaining images in the dataset are less.

We adopt three primary experimental settings to assess our approach thor-
oughly:

Experiment 1 Evaluation of the proposed approach on the Road crack classifi-
cation dataset (within-dataset evaluation): The pretext training and downstream
task are performed on the Road crack classification dataset. The model is first
trained in a self-supervised way, and the downstream task (classification) is per-
formed on the same dataset using both evaluation methods (fine-tuning and feature
extraction).

Experiment 2 Evaluation of the proposed approach on the Road defect images
dataset (within-dataset evaluation): The pretext and downstream training phases
are both conducted using the Road defect images dataset. Initially, the model
undergoes self-supervised training, followed by evaluation on the same dataset using
two distinct approaches: fine-tuning and feature extraction.
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Experiment 3 Generalization across datasets: In this experiment, the model
is pre-trained (self-supervised) on one dataset and fine-tuned on another dataset
(downstream) and vice-versa. This configuration tests the model’s capacity to
transfer knowledge learned from road damage data of various types and distribu-
tions.

5.1 Hyperparameter Optimization

Throughout these experiments, extensive tuning of hyperparameters was carried
out, involving testing multiple values. After thorough experimentation, the best-
performing configurations were finalized for the experiment. The hyperparameter
and augmentation settings for the experiments are given in Tab. II.

Parameters Pretext task Downstream task
Batch size 128 128 (100% data),
8 (20% and 50% data)
Optimization aleorithm Adaptive moment Stochastic gradient
P 8 estimation (ADAM) descent (SGD)
Initial learning rate 0.000001 0.001
Regularization 0.001 0.0005
Horizontal flip probability 0.5 0.5
Grayscale transformation 0.2 0.2
Blur kernel size [21,21] [21,21]
Gaussian blur intensity 0.5 0.5

Tab. II Hyperparameter & its values.

As shown in Tab. I, a few hyperparameters are kept the same for both the
pretext and downstream phases, whereas others are tuned to fulfil the specific
demands of each task.

A five-fold cross-validation is used for each experiment. The dataset is randomly
divided into five subsets, with each subset being taken as the test fold in turn and
the other four used for training and validation. These performance metrics — ac-
curacy, precision, recall, and F1-score are logged for every loop of iterations. They
are then averaged and constitute a thorough analysis of the generalizability and
robustness of the model across diverse segments of the data. Such a systematic
framework allows for consistent performance analysis of the approach for differ-
ent scenarios in terms of training settings, data availability and combinations of
datasets, providing important information about the practical applicability and
flexibility of the proposed method.

In each fold, one subset is treated as the held-out test set, while the remaining
subsets are used for training and validation. The reported accuracy, precision,
recall, and F1-score values in Sections 5.2-5.4 correspond to test-fold performance
averaged across the five folds. Since both benchmark datasets contain only damage-
category labels, all experiments reported in Section 5.2-5.4 evaluate multi-class
classification performance among road damage categories.
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5.2 Experiment 1
Pretext and Downstream on Road Crack Classification Dataset

This section delves into the details of Experiment 1, which involves performing
both the pretext and target tasks on the Road crack classification dataset. Dur-
ing pretext, the proposed approach learned representation using the proposed loss
function while the downstream task focuses on the classification of road damage.

Experiment 1.1 — Fine-tuning: Tab. III shows the fine-tuning results for dif-
ferent percentages on the Road crack classification dataset. Fine-tuning involves
training the entire network during the downstream task.

E Data used Accuracy  Precision Recall F1-score
Xp' (%) (%) (%) (%) (%)
1.1.1 100 97.38 97.36 97.37 97.36
1.1.2 50 96.18 96.28 96.17 96.27
1.1.3 20 90.00 90.27 90.10 89.69

Tab. III Ezp. 1.1 - Fine-tuning results on the Road crack classification dataset.

When the model is trained on the complete dataset, the accuracy of the model
is excellent, 97.38%. Interestingly, using only 50% of the labelled data, the accu-
racy still can reach 96.18%. Remarkably, it achieves a high accuracy of 90% with
just 20% of the labelled data remaining, showcasing a significant reduction in the
reliance on large-scale annotation. This behaviour holds for the other metrics of
evaluation (precision, recall, Fl-score), confirming the strength and label efficiency
of the proposed framework. Fig. 2a presents the confusion matrix on 100% data,
detailing the true positives, false positives, false negatives, and true negatives for
each crack type.
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Fig. 2 (a) Confusion matriz on Road crack classification dataset; (b) ROC curve
on Road crack classification dataset.
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The confusion matrix in Fig. 2a shows how well the model distinguishes among
alligator, block, longitudinal, and transverse cracks. The corresponding ROC
curves are shown in Fig. 2b, which also demonstrates that the model showed reliable
discriminative performance.

Experiment 1.2 — Feature Extraction: In this case, the encoder portion of the
network is frozen, and only fully connected layers are trained for the downstream
(classification) task. The results are summarized in Tab. IV.

B Data used Accuracy  Precision Recall F1-score
Xp' (%) (%) (%) (%) (%)
1.2.1 100 84.00 83.67 84.01 83.73
1.2.2 50 81.38 80.66 81.37 80.67
1.2.3 20 78.12 77.63 78.12 75.83
Tab. IV FExp. 1.2 — Feature extraction results on the Road crack classification
dataset.

Tab. IV shows that by using the full dataset; the proposed approach achieves
84% accuracy and similar values for precision, recall and Fl-score without ever
training the encoder for a classification task. For 50% of the data, it achieved
81% accuracy and similar values for precision, recall, and F1-score. This approach
achieve a very promising performance of over 75% across all metrics, even with just
20% of the data being labelled, which reinforces the idea that the representations
learned are highly generalizable and informative. Figs. 3a & 3b offer more details,
where Fig. 3a shows the confusion matrix on complete data for several crack types
& Fig. 3b shows the corresponding ROC curve.
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Fig. 3 (a) Confusion matriz on Road crack classification dataset; (b) ROC curve
on Road crack classification dataset.
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5.3 Experiment 2
Pretext and Downstream on Road Defects Images Dataset

In this section, we illustrate the performance of the proposed method on the Road
defects images dataset. In the downstream phase, similar to the past experiment,
we compare two training schemes: fine-tuning, where the trained network is sub-
sequently trained end to end, and feature extraction, where only fully connected
layers are trained and the encoder is frozen. We further evaluate label efficiency
for this approach using subsets of the dataset, including 100%, 50%, and 20% of
the available annotations.

Experiment 2.1 — Fine-tuning: Tab. V presents the fine-tuning results ob-
tained using the proposed approach for the road defect images dataset.

Ex Data used Accuracy  Precision Recall F1-score
P (%) (%) (%) (%) (%)
2.1.1 100 98.00 98.03 98.01 97.99
2.1.2 50 97.50 97.61 97.50 97.62
2.1.3 20 95.60 95.15 95.00 94.99

Tab. V Ezp. 2.1 — Fine-tuning results on Road defects images dataset.

The model obtained an accuracy of 98% and similar values of precision, recall
and F1-score on complete data. It achieves an accuracy of 97.5% even on half of the
data and an accuracy of 95.6% with only one-fifth of the labelled data, which is quite
impressive. Fig. 4a showcases the confusion matrix summarizing the classification
outcomes, highlighting the true positives, false positives, false negatives, and true
negatives for each road damage category, namely cracks, potholes, patches, and
surface defects, as predicted by the model.
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Fig. 4 (a) Confusion matriz on Road defects images dataset (b) ROC curve on
Road defects images dataset.
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Additionally, Fig. 4b illustrates the ROC curves, which indicate commendable
performance.

Experiment 2.2 — Feature Extraction: The feature extraction results using
the proposed approach on the Road defects images dataset in terms of accuracy,
precision, recall, and F1-score are shown in Tab. VI.

E Data used Accuracy  Precision Recall F1-score
Xp' (%) (%) (%) (%) (%)

2.2.1 100 83.25 83.14 83.25 83.12

2.2.2 50 70.00 70.50 70.00 69.68

Tab. VI Exp 2.2 — Feature extraction results on Road defects images dataset.

For the feature extraction scenario, the model accuracy is at 83% using the
whole dataset, as is the precision, recall and Fl-score. With half of the data, the
model gives us satisfactory results without the need to retrain the encoder. How-
ever, when using a 20% split, the remaining dataset is too small, leaving only 16
images for validation. Thus, this experiment is not conducted as it has gener-
ated random and meaningless results. The above results suggest that the learned
representations are sufficiently rich to yield satisfactory classification performance,
albeit with limited resources. Fig. 5a (confusion matrix) and Fig. 5b (ROC curve)
show the classification quality per defect category, further proving the effectiveness
of the learned representations on full data.

Overall, Experiment 2 shows that the proposed method achieves high perfor-
mance and significant robustness in less training data in both full fine-tuning and
feature extraction modes. This stability in performance across different availability
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Fig. 5 (a) Confusion matriz on Road defects images dataset; (b) ROC curve on
Road defects images dataset.
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scenarios emphasizes the approach’s suitability for practical settings, where access
to annotated data might be restricted.

5.4 Experiment 3
Cross-Domain Evaluation

Experiment 3 investigates the cross-domain knowledge transfer capabilities of the
proposed approach, specifically examining whether features learned during pretext
tasks can generalize effectively to different downstream tasks.

Experiment 3.1 — Fine-tuning in Cross-domain Settings: In Experiment
3.1, two cross-domain fine-tuning scenarios were explored as described below.

e Exp 3.1.1: Pre-trained on Road defects images, fine-tuned on Road crack
classification.

e Exp 3.1.2: Pre-trained on Road defects classification, fine-tuned on Road
defects images.

The results of these experiments, summarized in Tab. VII, demonstrate signif-
icant transferability of learned representations.

B Pretext Downstream  Accuracy Precision Recall Fl-score
*p- dataset dataset (%) (%) (%) (%)
311 Roaddefects  Road crack g ) 97.15 9713 97.10
images classification
312 Roadcrack  Road defects ) 4, 8209 8150  80.80
classification images

Tab. VII Ezp. 3.1 — Fine-tuning results in cross-domain settings.

Notably, the model achieved over 97% accuracy when transferring from Road
defects images to Road crack classification. Conversely, transferring from Road
crack classification using the Road defects images dataset in the pretext and fine-
tuning the Road crack classification to Road defects yielded a solid accuracy of
81.5%.

Experiment 3.2 — Feature Extraction in Cross-Domain Settings: FExper-
iment 3.2 evaluated feature extraction without retraining the encoder to test the
robustness of learned representations across domains. Tab. VIII summarizes these
findings.

Under the feature extraction settings, it can reach an accuracy of 68.31% in
transferring from Road defects images to Road crack classification and 58.75% in
the opposite direction (from Road crack classification to Road defects images),
respectively. Although their values are lower than those obtained from fine-tuning,
they are still much higher than the random accuracy of 25% that we would expect
for a four-class classification problem.
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Ex Pretext Downstream  Accuracy Precision Recall Fl-score
b dataset dataset (%) (%) (%) (%)
31 Roaddefects - Road crack g 3 6731  68.31  67.52
images classification
322  Roadcrack  Road defects g o 5790  58.75  55.86
classification images

Tab. VIII Ezp. 3.2 — Feature extraction results in cross-domain settings.

5.5 Ablation Study

In this work, contrastive learning was performed using NT-Xent loss and redun-
dancy reduction learning was performed using Barlow Twins loss. To further en-
hance the learned image representations, we incorporated regularization through
a variance loss term to prevent norm collapse and a covariance loss term to mini-
mize redundancy across dimensions and avert informational collapse. We evaluated
the individual performance of contrastive and redundancy reduction methods and
their combination, as well as the proposed approach on the Road crack classifi-
cation dataset and Road defects images dataset using key performance metrics.
Tab. IX shows the results of these comparisons across both datasets:

The results indicate that standalone contrastive learning and redundancy re-
duction exhibit good performance individually. However, combining contrastive
and redundancy reduction significantly enhances results, demonstrating their com-
plementary nature. Adding variance or covariance to this combination yields minor
gain, and neither outperforms the combined baseline. The proposed approach links
all of the components—contrastive, redundancy reduction, variance, and covariance

Approach Accuracy  Precision  Recall F1-score
PP (%) (%) (%) (%)
Road crack classification dataset
Contrastive 97.06 97.05 97.06 97.04
Redundancy reduction 96.25 96.28 96.26 96.20
Cont + Red_Reduc 97.19 97.19 97.19 97.19
Cont + Red_Reduc + Variance 96.69 96.68 96.68 96.67
Cont + Red_Reduc + Covariance 96.75 96.78 96.76 96.75
Proposed approach 97.38 97.36 97.37 97.36
Road defects images dataset
Contrastive 95.00 95.29 95.01 94.85
Redundancy reduction 96.75 96.74 96.78 96.77
Cont + Red_Reduc 97.00 97.06 97.01 96.97
Cont + Red_Reduc 4+ Variance 97.50 97.53 97.51 97.48
Cont + Red_Reduc + Covariance 97.25 97.30 97.26 97.24
Proposed approach 98.00 98.03 98.01 97.99

Tab. IX Comparison across different approaches on both datasets.
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— inside one loss. As a combination of each, it outweighs in strength and achieves
the overall best performance on all metrics, potentially leveraging the strengths of
all approaches on both datasets.

5.6 Qualitative Analysis

To provide some qualitative insight alongside the quantitative results, we evaluated
the proposed approach using class activation maps (CAM), which show which areas
of an image are most salient to the model when making its predictions. CAMs
provide visibility into an internal black-box mechanism of the model and can be
useful for checking the quality of the learned features. Figs. 6 and 7 presents a
few samples of class activation maps with their corresponding original images from
both datasets.

Fig. 7 Sample CAMs on Road defects images dataset.

The class activation maps illustrate that the model successfully locates areas
corresponding to road damage, as shown in Figs. 6 and 7. Such visualizations vali-
date that the model learns meaningful features and focuses its attention on sufficient
areas required for classification. When applied to various images, the highlighted
regions were found to align well with expectations, reinforcing confidence in the
model’s performance.
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5.7 Comparative Analysis

In this section, we compare the proposed self-supervised learning-based approach
with both fully supervised and state-of-the-art road damage classification methods.
We start by benchmarking our approach with a standard supervised learning base-
line over a range of data availability. We then compare our approach to previously
reported solutions in the literature.

Comparision with Supervised Learning-Based Approach on Road De-
fects Images Dataset

In the supervised learning experiment, we directly performed the downstream task
and used the labelled data for training. We compare our approach with the super-
vised learning one on the Road defects images dataset in Tab. X.

Approach Data used Accuracy Precision Recall F1-score
pp (%) (%) (%) (%) (%)
100 89.25 89.40 89.24 89.22
Supervised 50 73.50 73.82 73.48 73.02
20 62.50 62.12 62.51 61.57
SSL-based 100 98.00 98.03 98.01 97.99
Proposed 50 97.50 97.61 97.50 97.62
Approach 20 95.60 95.15 95.00 94.99
Improvement 100 8.75 8.63 8.77 8.77
over 50 24.00 23.79 24.02 24.60
supervised 20 33.10 33.03 32.49 33.42

Tab. X Comparison with supervised learning approach on the Road defects images
dataset.

The experimental results in Tab. X show that our SSL-based approach outper-
forms the supervised learning method for the Road defects images dataset. It is
clear that in terms of improved accuracy, on the native data level across all us-
age levels, the SSL-based approach performs much better than another approach,
where we gained an improvement of 8.75% in accuracy with the complete dataset,
24% with half of a dataset, 33.1% with just 20% of the dataset. Similarly, all the
other metrics, including precision, recall, and F1-score, also demonstrated signifi-
cant improvements. These results highlight the efficiency and robust nature of the
SSL-based approach, particularly in scenarios with limited labelled data, making
it a scalable and cost-effective solution for road damage classification task.

Comparision with Supervised Learning and Prior-Art on Road Crack
Classification Dataset

In our approach, we found only one prior work addressing road damage using the
Road crack classification dataset. Tab. XI presents a comparison of the proposed
SSL-based approach with the supervised learning and prior-art on the Road crack
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classification dataset. This comparison highlights the significant advancements
achieved by our method in terms of accuracy, precision, recall, and F1-score.

Approach Data used Accuracy Precision Recall F1-score
PP (%) (%) (%) (%) (%)
100 77.50 77.29 77.50 76.65
Supervised 50 65.75 66.01 65.76 65.33
20 53.12 55.91 53.12 53.11
Zhang et al. [33] 100 85.70 85.80 82.90 83.40

(prior-art)

- 4 100 97.38 97.36 97.37 97.36
N Oi)s;(?h 50 96.38 95.28 95.17 95.27
PP 20 90.00 90.27 90.01 89.69
The imorovement 100 19.88 20.07 19.87 20.71
over thepsu o 50 30.63 29.27 29.41 29.94
v perv 20 36.88 34.36 36.89 36.58
The imbrovement 100 11.68 11.56 14.47 13.96
T 50 10.68 9.48 15.07 11.87
v p 20 4.30 4.47 7.11 6.29

Tab. XTI Comparison with prior-art on the Road crack classification dataset.

The findings outlined in Tab. XI demonstrate the clear superiority of the novel
SSL-based approach over traditional supervised learning mechanisms for classifying
road cracks. With full utilization of the data, the SSL-based approach achieved
a sizable improvement of 19.88% accuracy. Utilizing half of the data, we still
saw that the SSL approach far outperforms the supervised approach by 30.63%
accuracy. Perhaps most impressive was the SSL-based approach prowess, even
when restricted to just one-fifth of the information, with an accuracy improvement
of 36.88%. Similarly, all the other metrics, including precision, recall, and F1-score,
also demonstrated significant improvements.

Moreover, it can be seen that the improvements obtained by the proposed SSL-
based approach over the prior-art on the Road crack classification dataset are
substantial. When using the entire set of data, the proposed approach delivers an
11.68% improvement in accuracy from the prior art. Likewise, precision, recall, and
Fl-score are significantly improved by 11.56%, 14.47%, and 13.96%, respectively.
These results show that leveraging all data using the proposed approach is capable
of achieving state-of-the-art performance. With half of the data, the proposed
approach achieves a 10.68% higher accuracy than the prior-art, with precision,
recall, and Fl-score being 9.48%, 15.07%, and 11.87% higher than the prior-art.
With only 20% of the data used, the proposed approach is 4.3% higher than the
accuracy obtained by the prior art and consistently improves precision, recall, and
F1-score.

These results demonstrate that the proposed SSL-based approach consistently
outperforms supervised learning and prior-art methods, particularly under limited-
label settings. The findings also indicate that the learned representations transfer
effectively across datasets, highlighting the robustness of the proposed framework.
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A limitation of the present study is that the employed benchmark datasets do not
contain undamaged or clear-road images as a separate class. Therefore, the pro-
posed framework should be interpreted as a multi-class road damage classification
system rather than a binary damaged-versus-undamaged detector.

6. Conclusion

Automatic analysis of road damage is important for efficient infrastructure mainte-
nance and public safety. In this work, we proposed a self-supervised learning-based
approach that reduces dependence on large annotated datasets, which remain a
major limitation of conventional supervised methods. The proposed regularized
redundancy-reduction contrastive learning framework combines the strengths of
contrastive learning and redundancy reduction to learn robust, informative, and
non-redundant feature representations. The inclusion of variance and covariance
regularization further improves representation stability and prevents collapse. Ex-
perimental results on two benchmark datasets, under both in-domain and cross-
domain settings, demonstrate that the proposed approach consistently outperforms
fully supervised counterparts, especially under limited-label conditions. Notably,
the model trained with only 20% of the labelled data achieves superior performance
compared with supervised and prior-art methods trained on the full dataset. Class
activation maps further show that the learned representations are interpretable
and focus on the most relevant damaged regions. A limitation of the present study
is that the employed benchmark datasets do not include a separate no-damage
or clear-road class. Therefore, the current work should be interpreted as multi-
class road damage classification among damaged-road categories rather than bi-
nary damaged-versus-undamaged detection. Future work will extend the proposed
framework to include undamaged road scenes, road damage segmentation, and
real-time deployment in practical road inspection scenarios.
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