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Abstract

One of the important issues in automating infrastructure maintenance is ac-
curate and timely pavement distress detection. In this study, an efficient
pavement distress classification model is proposed based on the hypothesis
that self-supervised pre-training with the Joint Embedded Predictive Ar-
chitecture (JEPA) can learn more abstract features as opposed to standard
YOLOv11 methods. The proposed model specifically investigates the effec-
tiveness of Global Average Pooling (GAP) in comparison with Class Token
(CLS) as the standard approach. The proposed model is tested on stan-
dard dataset with high resolutions as well as in the target domain. The
experimental evaluations on standard dataset showed the effectiveness of the
proposed architecture of JEPA(GAP) with an F1-score of 99.50%, which is
considerably better than the standard method in the detection of complex
alligator cracks. The proposed model’s adaptability is also examined through
experimental evaluations involving real-world datasets of 640 weather cam-
era images with large domain gaps. By utilizing a Partial Freezing Strategy
in JEPA, the model has shown a vast improvement in terms of F1-score of
73.68% on alligator cracks compared to YOLOv11’s 50.00% with an improve-
ment of over 23%. The results validate that JEPA self-supervised learning
coupled with effective aggregation of spatial features is far more effective
in forming a sound base for generalization and adaptability in noisy real-
world settings than the previous approaches in developing intelligent pave-
ment management systems.
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1. Introduction

Pavement condition and performance play a critical role in transporta-
tion safety, serviceability, and long-term sustainability. Common distress
types such as linear cracking, alligator cracking, potholes, and raveling de-
grade ride quality and structural integrity, accelerate pavement deterioration,
and increase accident risk as well as maintenance costs [25]. Conventional
pavement management systems (PMS), which rely largely on manual visual
inspections or specialized survey vehicles, are labor-intensive, costly, and sub-
ject to operator bias [25, 32]. These limitations have driven a growing shift
toward automated, data-driven approaches capable of delivering scalable and
consistent pavement condition assessment.

Early attempts at automation were primarily based on unsupervised im-
age analysis techniques, including clustering, thresholding, and rule-based
morphological post-processing. While such approaches demonstrated initial
feasibility, for example, unsupervised segmentation pipelines based on K-
means clustering combined with Otsu thresholding and morphological post-
processing achieved moderate precision and recall, they proved sensitive to
noise, illumination variation, and surface texture [29]. As a result, their
robustness was insufficient for large-scale, real-world deployment.

The rapid development of deep learning has fundamentally transformed
automated pavement distress analysis. Supervised convolutional neural net-
works (CNNs), particularly object detection frameworks such as Faster R-
CNN and the YOLO family, have enabled accurate and near real-time de-
tection of pavement defects under complex imaging conditions [8, 23, 33].
Despite recent architectural refinements, many supervised deep learning ap-
proaches, including YOLO-based and CNN-based models, still suffer from
heavy annotation requirements and limited robustness under diverse imag-
ing conditions [10, 36].

These challenges have motivated increasing interest in SSL for visual rep-
resentation learning from unlabeled data [7, 18]. More recently, predictive
self-supervised frameworks such as JEPA have emerged as promising alter-
natives to contrastive and reconstruction-based approaches [3]. By learning
to predict latent representations across views without explicit pixel recon-
struction or negative samples, JEPA offers a potentially more semantic and
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label-efficient learning paradigm. While JEPA has demonstrated strong per-
formance on natural image benchmarks, its applicability to pavement im-
agery and infrastructure condition assessment remains largely unexplored.

The availability of benchmark datasets has further shaped progress in this
field. The RDD2022 dataset provided geographically diverse annotations for
cracks and potholes, facilitating comparative evaluation of supervised models
[1]. More recently, the Attain dataset (2025) expanded the scale and diversity
of labeled pavement distress imagery, reporting strong performance of YOLO-
based baselines in multi-class settings [34]. Nevertheless, even large-scale
datasets continue to exhibit class imbalance, environmental bias, and regional
constraints, reinforcing the need for approaches that can effectively leverage
unlabeled data [1, 34].

2. General Concept

JEPA represents a predictive latent self-supervised learning paradigm
that fundamentally departs from pixel-level reconstruction and contrastive
learning approaches [3]. Rather than reconstructing raw image content or en-
forcing explicit pairwise separation between samples, JEPA learns to predict
the latent representation of a target view from a given context view using
asymmetric encoders and a dedicated predictor network.

This design is motivated by the insight that high-level semantic under-
standing does not require explicit pixel reconstruction. By operating en-
tirely in latent space, JEPA encourages the model to focus on abstract,
task-relevant features while suppressing sensitivity to low-level appearance
variations. In contrast to contrastive frameworks, JEPA eliminates the need
for negative samples and reduces dependence on heavy data augmentation,
while architectural asymmetry implicitly prevents representation collapse [3].

Recent JEPA variants, including I-JEPA and C-JEPA, have demonstrated
competitive performance on large-scale visual benchmarks, producing stable
and diverse representations suitable for downstream tasks. Theoretical anal-
ysis further suggests that JEPA implicitly incorporates regularization effects
comparable to contrastive learning, while remaining computationally efficient
[27].

From an application perspective, predictive latent modeling is well aligned
with visual inspection tasks characterized by structural patterns and limited
pixel-level discriminability, such as pavement crack analysis. Crack patterns
are characterized more by their geometric continuity and relational structure
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than by precise pixel intensities. Latent prediction enables the model to
capture such structural regularities without being constrained by pixel-wise
reconstruction accuracy. Moreover, JEPA naturally supports learning from
large volumes of unlabeled imagery, significantly reducing reliance on costly
manual crack annotation and making it suitable for large-scale infrastructure
monitoring scenarios.

2.1. Addressing Spatial Uncertainty with Stochastic Positional Modeling
A key extension of the JEPA framework is the introduction of stochastic

positional embeddings, as proposed in Predicting Masked Tokens in Stochas-
tic Locations [5]. Unlike deterministic positional encoding, stochastic posi-
tional embeddings JEPA (StoP-JEPA) models spatial uncertainty by sam-
pling token positions during training, thereby relaxing rigid spatial assump-
tions.

This mechanism is highly relevant for pavement crack imagery. Crack
locations are inherently unpredictable, and their spatial configuration may
vary significantly even within images captured from the same road segment.
By explicitly accounting for positional uncertainty, StoP-JEPA enables the
model to learn representations that are more tolerant to spatial variation
and partial observability.Furthermore, stochastic positional modeling miti-
gates the sensitivity of masked prediction to exact token placement, which is
a known limitation of traditional masked image modeling approaches. This
property aligns well with the irregular and fragmented nature of crack pat-
terns and supports more stable representation learning under real-world con-
ditions.

3. Literature Review

3.1. Non-YOLO supervised deep learning methods for pavement distress anal-
ysis

Supervised deep learning approaches dominate automated pavement eval-
uation and are commonly formulated as image or patch classification, object
detection, or semantic segmentation tasks [13, 23, 36]. Two-stage detectors
such as Faster R-CNN provide accurate localization and geometry estimation
but are often limited by inference latency in real-time applications [23]. In
parallel, customized CNN architectures have been proposed for crack clas-
sification and segmentation, occasionally outperforming general-purpose de-
tectors under constrained conditions [6]. However, these approaches remain
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heavily dependent on labeled data and often exhibit limited robustness under
varying data conditions.

3.2. YOLO-based approaches for pavement distress analysis
Single-stage YOLO architectures are widely adopted baselines for pave-

ment distress analysis due to their favorable balance between accuracy and
computational efficiency [15, 26]. Early applications of YOLOv3 and YOLOv4
demonstrated performance comparable to two-stage detectors with signifi-
cantly reduced inference time [15, 26]. Subsequent variants introduced ar-
chitectural refinements to address domain-specific challenges. Models such
as YOLOv7-RDD reduce inference time while maintaining competitive ac-
curacy [30], whereas YOLO-RAPD improves detection through multilayer
feature fusion and enhanced feature extraction, and YOLO-RD increases
sensitivity to small-scale and fine cracks via wavelet transform convolution
[39, 40].

Despite these refinements, YOLO-based methods continue to rely heavily
on large annotated datasets and remain sensitive to variations in pavement
appearance and imaging conditions [10, 42]. Although recent variants have
improved robustness under challenging scenarios such as UAV-based inspec-
tion and adverse weather [12, 31, 38, 41, 43], annotation dependency and con-
sistent performance across diverse data conditions remain open challenges.

3.3. Self-supervised learning in computer vision and pavement evaluation
Self-supervised learning seeks to learn meaningful representations from

unlabeled data by defining surrogate training objectives [16]. In computer
vision, SSL has been shown to reduce annotation requirements while im-
proving robustness and transferability across tasks and acquisition settings
[16, 35]. In the context of pavement engineering, SSL-based approaches have
demonstrated improved crack segmentation performance and enhanced re-
silience to illumination variations and surface heterogeneity [9, 35].

Contrastive learning methods such as SimCLR and MoCo maximize agree-
ment between different augmented views of the same image while enforcing
separation from other samples [7, 18]. Although effective, these methods
typically require large batch sizes or memory banks, increasing computa-
tional cost. Alternative strategies, including momentum encoders and non-
contrastive approaches, have alleviated some of these constraints; however,
they still incur substantial computational and training overhead, which can
limit their practicality for large-scale infrastructure monitoring [14, 20, 22].
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Masked image modeling (MIM) approaches, including MAE and its ex-
tensions, reconstruct masked image regions to learn transferable features
[4, 17, 44]. While effective in capturing local structure, MIM-based meth-
ods may be less discriminative at the semantic level, motivating hybrid ap-
proaches that combine reconstruction and contrastive objectives [2, 19].

3.4. Joint Embedding Predictive Architecture
JEPA constitutes a class of predictive self-supervised methods that have

recently gained attention as alternatives to contrastive and reconstruction-
based frameworks [3, 28]. Initial studies demonstrated that JEPA can achieve
competitive representation quality on large-scale vision benchmarks while re-
ducing reliance on negative samples and heavy data augmentation. Subse-
quent work, including I-JEPA and C-JEPA, further analyzed the empirical
performance and theoretical properties of predictive latent modeling, estab-
lishing connections to contrastive regularization [3, 27].

Subsequent variants have extended JEPA to convolutional backbones and
non-image modalities, including CNN-JEPA and T-JEPA [21, 37]. The in-
troduction of StoP-JEPA further enhanced JEPA-based masked modeling
by addressing spatial uncertainty in visual data [5]. Although JEPA has
shown promise in non-natural image domains such as SAR imagery [24], its
potential for pavement condition assessment has not yet been systematically
investigated.

Despite progress in supervised pavement distress analysis, existing ap-
proaches face high annotation costs and limited robustness to variations
in pavement appearance and acquisition conditions. While SSL methods
have begun to address these challenges, most prior work has focused on con-
trastive or reconstruction-based paradigms, and predictive latent models such
as JEPA remain largely unexplored in pavement-related applications.

4. Objective and Scope

Pavement crack analysis is formulated in this study as an image-level
classification task. The scope encompasses not only performance evaluation
on standard high-resolution datasets but extends critically to assessing do-
main adaptability in real-world surveillance scenarios. Specifically, the study
targets the challenging domain of fixed weather camera imagery, which intro-
duces significant domain gaps characterized by low resolution, heterogeneous
viewpoints, and environmental noise.
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Motivated by the limitations of standard supervised models to generalize in
such noisy environments, this work explores the feasibility of Joint Embedded
Predictive Architecture for pavement distress classification. A core objective
is, therefore, to find the best feature aggregation mechanism that serves this
particular task; hence, this study will systematically investigate the effec-
tiveness of GAP against the traditional Class Token approach. Performance
is stringently benchmarked against a state-of-the-art YOLOv11 supervised
baseline to quantify gains in robustness and transferability.
The main contributions are summarized as follows:

• Development of a pavement distress classification framework leveraging
a self-supervised JEPA-based encoder.

• A systematic investigation into feature aggregation strategies within
the JEPA framework, proposing an enhanced architecture capable of
capturing intricate structural dependencies in pavement imagery more
effectively than standard token-based approaches.

• Development of an appropriate benchmarking protocol that assesses
the applicability of the learned features in the target domains, as well
as realizing the fine-tuning strategy for handling domain transition in
realistic surveillance conditions.

• A comprehensive comparative analysis quantifying the superior robust-
ness of proposed model against state-of-the-art completely supervised
baseline (YOLOv11), specifically in scenarios characterizing low reso-
lution and high environmental noise.

5. Methodology

In this section, the proposed methodological paradigm for pavement dis-
tress image classification will be outlined. Notably, the proposed strategy
establishes itself on the basis of a self-supervised paradigm which relies on
the application of JEPA methodology for the extraction of semantic cues on
pavement distress images. This paradigm will follow clearly defined stages,
beginning initially with the detailing of the proposed architectural design,
taking particular notice of an ablation experiment analyzing the applica-
bility of either GAP or CLS approaches for semantic feature extraction as
applicable for tasks revolving around texture classification. Secondly, it will
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elaborate on the complete training procedure, as well as the implementation
of a partial freezing strategy to adapt the pre-trained encoder to the target
domain through supervised downstream training.

5.1. Data preparation and preprocessing
The data used in this study consist of 2000 high dimension images with

dimensions of 1868×4000 pixels divided equally into two sets, 1000 images for
linear cracks and 1000 images for alligator cracks. of this number of data for
each group, 800 were used for training, 100 for validation, and 100 for test-
ing. The images were all taken under standard conditions at the same angle
and distance for minimizing variability due to perspective and scale(standard
dataset). Also, in the preprocessing, the size of the input images was changed
to the standard size of the JEPA model, which is 224×224, and the pixel val-
ues were normalized using the mean and standard deviation of the ImageNet
dataset. A second dataset was also obtained for domain adaptation experi-
ments from roadside weather cameras. Differently from the common dataset,
these wide-angle photos comprised noticeable environmental noises and non-
pavement regions. To counter this challenge, a cropping step was applied
to deliberately identify and remove regions of great irrelevance to pavement
classification namely, background regions outside road surfaces. After ex-
tracting these photos, they were also subjected to similar processing steps as
those for the standard dataset rescaling to a resolution of 224 × 224 pixels
and image normalization.

5.2. JEPA model architecture and pre-training process
Joint-Embedding Predictive Architecture captures high-level semantic

features of pavement distress without requiring labor-intensive pixel-level an-
notations. We integrated the StoP-JEPA variant into our framework. Stan-
dard JEPA architectures assume deterministic spatial relationships. This
assumption does not hold for pavement cracks. Irregular boundaries and am-
biguous edges introduce inherent spatial uncertainty. StoP-JEPA addresses
this limitation by introducing stochasticity into positional embeddings. The
model learns robust structural representations. It avoids overfitting to precise
high-frequency spatial details.

5.2.1. JEPA Architecture: Components and Pretraining Objective
Figure 1 shows the JEPA framework which will provide the encoder com-

ponent in our proposed pipeline, as will be explained later.It has three main
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parts, a Context Encoder fθ, a Target Encoder f ′
θ′ , and a Predictor gϕ. First,

the input image gets divided into non-overlapping patches. A masking strat-
egy picks a context block x (visible patches) and a target block y (patches
whose embeddings are to be predicted). The context encoder fθ produces
a latent representation from the context (sx = fθ(x)). The target encoder
fθ′ does the same for the target view (sy = fθ′(y)). A known problem is
representation collapse, where encoders output trivial, constant features. To
stop this, the target encoder’s weights θ′ aren’t trained with gradient de-
scent. They’re updated using an Exponential Moving Average (EMA) of the
context encoder’s weights θ:

θ′ ← τθ′ + (1− τ)θ (1)

where τ ∈ [0, 1) is a momentum coefficient, which usually increases on a
schedule during training.In a conventional I-JEPA, the predictor is determin-
istic. It takes the context representation sx and a target position mask py to
predict the target embedding ŝy = gϕ(sx, py). The objective is to minimize
the prediction error in the latent space without reconstructing raw pixels.
The standard loss function measures the distance between the predicted and
actual target representations:

Lstd =
1

M

M∑
i=1

∥gϕ(sx[i], py[i])− sy[i]∥22 (2)

where M is the batch size.
While the standard deterministic approach is effective for semantic seg-

mentation of large objects, it faces challenges when the masked region con-
tent involves high uncertainty, such as the exact trajectory of a fine pavement
crack. To address this, we integrate a stochastic predictor (StoP-JEPA) into
the framework. Unlike the standard fixed positional embeddings, our pre-
dictor gϕ utilizes stochastic positional embeddings where the masked patch
position is modeled as a distribution. This allows the network to predict the
target representation based on both the context sx and a stochastic latent
variable z:

ŝy = gϕ(sx, z) (3)

The stochastic nature of this encourages the model to learn robust, high-level
semantic features, rather than overfitting particular high-frequency details.
Our particular pre-training objective thus minimizes distance in this stochas-
tic space. Furthermore, to enhance robustness against outliers in pavement
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data, we employ the Smooth L1 Loss instead of the traditional L2 distance.
The final loss function is defined as:

L =
1

M

M∑
i=1

SmoothL1(ŝy[i], sy[i]) =
1

M

M∑
i=1

SmoothL1(gϕ(sx[i]; z[i]), sy[i])

(4)
Minimizing this objective enables the context encoder and predictor to effec-
tively capture the structural semantics of pavement distress.

Figure 1: Schematic illustration of the proposed self-supervised pre-training framework
integrating StoP-JEPA.

5.2.2. Implementation Details
The proposed model has been developed using the PyTorch library. The

input images were resized to 224× 224 and divided into 16× 16 tokens. The
multi-block masking method was used for the selection of the context and
target blocks. The model has been trained using the AdamW optimizer.
The weight decay regularization has been applied during the training. The
learning rate has been implemented according to the WarmupCosineDecay
method. The learning rate was increased linearly during the warmup phase.
Then the cosine decay function has been applied. In order to prevent the
problem of gradient explosion and promote smooth convergence of the train-
ing, the gradient clipping function was used for the backpropagation of the
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encoder parameters. In addition, to stabilize the update of the target en-
coder, the momentum coefficient (τ) for the EMA update rule was adopted
to follow the linear schedule from 0.996 to 1.0. The pre-training stage in-
volved 100 epochs with a batch size of 64. Lastly, the obtained context
encoder fθ was fixed and used as the feature extractor for the classification
task.

5.3. Feature Aggregation and Classification Head Architecture
In particular, we have adapted the pre-trained JEPA encoder to the spe-

cific task of pavement crack classification by introducing a dedicated clas-
sification head: with it, the latent representations obtained by the encoder
are mapped to the target class probabilities. The architecture of this down-
stream adaptation module consists of the following keystone elements: a
feature aggregation mechanism and a projection head.

5.3.1. Feature Aggregation Strategies
For finding the appropriate mechanism to transfer the learned features

from the JEPA encoder to the downstream task of classification, we imple-
mented two separate techniques for aggregating the extracted features from
the sequence of embedding patches generated by the JEPA context encoder
into a global representation for classification. The architectural overview
and the distinction between these two adaptation approaches are visually
illustrated in Figure 2.

Strategy I: Class Token ([CLS]) Adaptation.

The first strategy involves the standard Vision Transformer fine-tuning pro-
cess. In this scenario, we add a learnable [CLS] token to the input sequence
in the encoder. The purpose of this token, that interacts with the embeds of
patches by self-attention layers, is to model the global information. During
the fine-tuning process, the final hidden representation of this token from the
last layer L (z(L)CLS) is used for classification:

y = W · BatchNorm(z
(L)
CLS) + b (5)

Since this token is introduced only during the fine-tuning stage (as it is absent
in JEPA pre-training), this strategy places an additional burden on the model
to establish the attention-based aggregation mechanism from scratch.
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Strategy II: Global Average Pooling (GAP).

The second strategy utilizes the spatial feature maps obtained from the pre-
trained backbone. Pavement distress features, such as alligator cracking,
usually distribute across the entire image instead of concentrating in limited
areas. Global average pooling (GAP) is applied for this reason. The global
representation forms through computation of the arithmetic mean over all
patch embeddings from the final encoder layer:

zglobal =
1

N

N∑
i=1

z
(L)
i (6)

The vector proceeds through batch normalization and a linear projection
layer. This method depends on the pre-trained patch embeddings. Initial-
ization of additional tokens becomes unnecessary.

Figure 2: Overview of the [CLS] token and GAP strategies for downstream classification.

5.3.2. Fine-tuning and Optimization Strategy
Training high-capacity Transformer-based models calls for unique opti-

mization approaches based on the source and target domains. In our imple-
mentation, the task required a two-step optimization approach in validating
the encoder’s ability in the source domain first, followed by its adaptation to
the road weather cameras target domain.
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Phase I: Validation on Clean Source Data (Two-Stage Fine-tuning).

First, to preliminarily verify the quality of the representations learned by the
JEPA backbone, we fine-tuned the model on the classification task using the
same dataset as that used during the pre-training. As these images had clear
features according to the pre-training distribution, we adopted a two-stage
optimization Strategy with high rigor over 100 epochs to strive for the best
performance. In stage one (Epochs 1–15), the encoder was frozen to serve
as a fixed feature extractor. Only the classification head was trained with a
learning rate of η = 1 × 10−3 to allow the classifier boundaries to adapt to
the feature space without degrading the backbone weights. In second stage
(Epochs 16–100), the encoder was unfrozen, and the entire model was fine-
tuned in an end-to-end manner. A discriminative learning rate was applied,
where the encoder was updated with a lower rate (η = 1× 10−5) to preserve
pre-trained knowledge, while the head continued to refine using the labeled
data.

Phase II: Adaptation to New Domain Data (Partial Freezing Strategy).

To assess the adaptability of the model to the real-world application of in-
frastructure monitoring, we moved on to the target domain, which was a set
of images taken by road weather cameras[11]. The goal was to adapt the
pre-trained model to predict pavement conditions in the new domain, which
is quite different from the source domain. The set of data specifically tai-
lored for this task was divided into 448 samples for training, 96 samples for
validation, and 96 samples for testing. Due to the small size of the dataset
and the large domain shift, the Fine-tuning Strategy, which was used in the
previous phase, was likely to suffer from overfitting and catastrophic forget-
ting.This problem was remedied through the implementation of the Partial
Freezing Strategy. We conjecture that early Vision Transformer layers focus
on domain-independent geometric information such as edges and gradient
directions that are domain transferable across road weather cameras images,
and that higher layers have learned high-level semantic representations that
need adaptation.

On this assumption, we froze the first 10 blocks of the ViT encoder. This
made it mandatory for the model to utilize the robust structural information
that was extracted during JEPA pre-training. As such, only the last 2 blocks
of the ViT encoder, along with the projection head, were made trainable.
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For optimization, we utilized the AdamW optimizer with weight decay at 0.1.
To ensure equilibrium in model adaptation, we utilized differential learning
rates. A conservative value of 5 × 10−5 was used for training the trainable
layers in the ViT encoder to ensure that existing knowledge was not lost.
On the other hand, an aggressive value of 1× 10−3 was utilized to train the
classification head. The training of the model was intended to be performed
to a maximum of 35 epochs. A checkpoint solution was implemented in the
model to save the weights of the maximum validation accuracy.

5.4. Benchmarking with YOLO
To analyze the efficiency of the proposed solution against the existing best

solutions available today, the performance of the end model was compared
to that of a standard YOLO model. To do this, the actual labels were
assigned to all images from the dataset using the Roboflow platform. Then
the YOLO11 Medium classification model (YOLO11m-cls) was used to train
on the same dataset for 100 epochs to notice the outcome of the two solutions.

5.5. Model Performance evaluation criteria
Accordingly, precision, recall, and the F-1 score were given for each class

separately in this study, providing a detailed view of the performance of each
model. Precision estimates the exactitude in the positive predictions, and it
refers to the ratio of true positive samples to the total number of positive
predictions. It is calculated as:

Precision =
TP

TP + FP
(7)

Where TP , FP , and FN represent the number of True Positives, False
Positives, and False Negatives, respectively.

Recall, or sensitivity, refers to the model’s ability to identify all relevant
instances within a dataset. It is defined as the ratio of true positive samples
to the total number of actual positive samples :

Recall =
TP

TP + FN
(8)

The F1-score is the harmonic mean of precision and recall, providing a sin-
gle metric that balances both concerns, especially in cases of uneven class
distribution. It is calculated using the following equation:
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F1-Score = 2× Precision× Recall
Precision + Recall

(9)

5.6. Model Adaptability to Real-World Surveillance Data
To evaluate the performance of the model on data close to reality and not

standard photos taken with the same distance and resolution, the existing
data from road weather cameras in Finland was used. About 640 pavement
crack images were collected, including 320 linear cracks and 320 alligator
cracks. These images are a subset of the weather cameras in Finland, which
are specific to roads. Therefore, the specific pavement distress areas in these
cameras were cropped uniformly to remove cars, bridges, and other irrelevant
items in these images and to focus on the pavement cracks. All images were
prepared with a resolution of 240 × 240 and were used for training and testing
in the jepa and yolo models.

6. Results and Analysis

6.1. Training Stability and Convergence Analysis
Prior to describing the quantitive metrics of the classification accuracy,

there is a need to examine the training dynamics to ensure the validity of the
training phase. The training and validation loss for the baseline YOLOv11
model can be seen in Figure 3, while the training dynamics for the proposed
JEPA-based architecture can be observed from Figure 4.
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Figure 3: Training dynamics of the YOLOv11 baseline.

It is seen from Figure 3 that the YOLOv11 baseline has noticeable volatil-
ity or high-frequency oscillation. Although Model Checkpointing mechanisms
usually select the best model regarding the optimal metric, such as highest
accuracy or lowest loss, this stochastic behavior creates concerns that the
selected checkpoint could correspond to a transient spike rather than a sta-
ble optimum. For example, high accuracy in one epoch could be followed by
a significant drop in the next, as depicted by the fluctuations. As a result,
the model’s reliability on unseen data may turn out to be lower compared
to some model with a smoother trajectory. This rugged optimization land-
scape notwithstanding, the general trend confirms that, eventually, the model
learned generalizable features without suffering from overfitting.
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Figure 4: Training dynamics of the JEPA model.

Contrary to this, the JEPA model (Figure 4) exhibits a very smooth and
monotonic convergence behavior. One of the very interesting aspects of this
convergence behavior is the sharp fall in the loss function in the initial epochs.
This suggests that the transfer learning efficiency is very high, implying that
the self-supervised pre-training has already identified a feature space very
close to the target task, thus reducing any semantic gaps. Moreover, since
the training and validation losses remain very close, constant in value, and
very small in magnitude, it is very evident that the JEPA model is also very
insensitive to the data. Moreover, in contrast to the baseline method, the
JEPA method exhibits a very smooth convergence behavior, ensuring that
the final performance represents a deterministic training result.

The root cause of the observed disparity in training stability can be traced
to the gap in training paradigms. First, the YOLOv11 model is trained in an
end-to-end supervised manner, in which the backbone has to learn low-level
feature representations and high-level class discriminators simultaneously.
This usually leads to conflicts in gradient updates and eventual optimization
instability while handling complex crack patterns. In contrast, the proposed
JEPA-based approach enjoys a two-stage learning strategy. First, the encoder
is pre-trained in a self-supervised learning manner to capture the intrinsic
morphology of the pavement distresses without label bias. As such, the
downstream classification task starts with a strong, domain-specific feature
extractor. It thus turns the optimization problem from a chaotic search to a
smooth fine-tuning trajectory.

To further validate these observations regarding optimization stability,
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Figure 5 shows the evolution of validation accuracy for both architectures.
Figure 5a presents the YOLOv11 model, which, while achieving high levels
of accuracy, peaking near 99.5%, is seen to have a highly oscillatory pattern
throughout its training process. This verifies the hypothesis made earlier
that the supervised baseline is sensitive to batch-wise variations and could
be non-robust, leading to potentially inconsistent predictions on the halt of
training at an unfavorable epoch.

On the other hand, the accuracy curve of the model based on the JEPA
algorithm in Figure 5b illustrates steadfast stability. The graph starts with
a steep climb towards an accuracy close to perfection in a few iterations
and then sustains a stable, non-vibrational plateau for the remaining period
of the training phase. The lack of volatility in the graph of the validation
metric provides substantial evidence for the efficiency of the self-supervised
pre-training procedure. This reveals the fact that the JEPA encoder has been
capable of learning consistent features, unaffected by the noise of the input
data, with predictable performance in classification.
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Figure 5: Validation accuracy progression over epochs for (a) the supervised YOLO
baseline and (b) the proposed JEPA architecture.

6.2. Performance Comparison of YOLO and JEPA
In this section we compare our JEPA based proposed method to YOLOv11

on the standard dataset. Proposed model is tested in using the standard
classification head (JEPA(cls))and the GAP technique (JEPA(GAP)). The
performance is then measured in terms of precision, recall, and the F1-score
in the context of linear and alligator cracks.
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Table 1 Comparative Performance Results of Models for the Linear Crack Class

Linear

YOLO JEPA(cls) JEPA(GAP)

Precision Recall Precision Recall Precision Recall
97.06 99.00 100.00 98.00 99.01 100.00

f1=98.02 f1=98.99 f1=99.50

Table 2 Comparative Performance Results of Models for the Alligator Crack Class

Alligator

YOLO JEPA(cls) JEPA(GAP)

Precision Recall Precision Recall Precision Recall
98.98 97.00 98.00 100.00 100.00 99.00

f1=97.98 f1=98.99 f1=99.50

Table 1 illustrates the results for the Linear crack category. It is seen
that all models exhibit high performance. YOLO performs outstandingly
well with an excellent value for the F1 score of 98.02% and an excellent
value for the recall of 99.00%. However, the proposed models outperform
the baseline. JEPA(cls) has a perfect precision of 100.00%, meaning there
are zero false positives, albeit at the cost of the model’s recall of 98.00%.
JEPA(GAP) is the most well-rounded and best performer that yielded an
F1 score of 99.50% with excellent precision of 99.01% and an excellent recall
of 100.00%. Moving on to the Alligator crack class in Table 2, the supe-
riority of the proposed method is further emphasized. Alligator cracks are
known to have a highly complex pattern of irregular shapes, whose detection
is much more challenging than the basic linear shapes in the simple crack
class. Although the YOLO model performs very well with an F1-score of
97.98%, the models based on the JEPA are exceptionally stable handling the
complexi- ties. The JEPA(cls) model performs flawlessly with a perfect recall
of 100.00%, making sure that not a single complex pattern is missed. Most
importantly, the JEPA(GAP) model obtains a flawless F1-score of 99.50%
along with a perfect precision of 100.00%. It is observed that the GAP
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mechanism correctly combines the spatial features from the JEPA encoder
to differentiate the complex road distress patterns from the background per-
fectly without any false alarm. The experiments have asserted that, although
YOLO is a competent candidate, the proposed JEPA(GAP) architecture is a
more authentic and precise solution for the complex road distress detection
problems. Thus, for the implementation of the intelligent Pavement Man-
agement System, the JEPA(GAP) model proves to be the best choice. Its
highest precision of 100.00% to wards the detection of the alligator cracks
is most useful for the budget allocation process, as it avoids the allocation
of precious structural repair materials towards false positives. On the other
hand, the highest value of recall of 100.00% towards the detection of the
linear cracks is most useful for the maintenance process, as it avoids the oc-
currence of the structural damages by sealing the detected cracks at their
initial stages.

Figure 6 presents the comparative performance of the YOLO, JEPA(cls),
and JEPA(GAP) models across both Linear and Alligator crack classes.
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Figure 6 Comparative performance metrics of the YOLO, JEPA(cls), and JEPA(GAP)
models across both Linear and Alligator crack classes.

6.3. Qualitative Analysis and Visualization
Although the quantitative results shown in the preceding section demon-

strate the effectiveness of the proposed model in pavement distress classifica-
tion, it is important to emphasize that a complete understanding of deep neu-
ral networks’ decision-making processes, described as black boxes, requires a
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more in-depth study. High model accuracy does not always translate to ef-
fective feature-learning, since the model could potentially learn features from
either crack patterns or background noise. Therefore, this section aims to
provide a qualitative evaluation of the features learned from the pre-trained
encoder (fθ), trying to validate that a meaningful and well-structured fea-
ture space has, in fact, been engineered by employing the self-supervised
JEPA technique. To do so, a diverse evaluation of the latent space along
multiple aspects evaluating the intrinsic separability of data clusters through
t-SNE evaluation, ensuring that the network omits unwanted region activa-
tion through feature activation maps, and evaluating geometric preservation
through image reconstruction analysis will be pursued. Collectively, these
visual evaluations demystify the model’s internal representations, confirming
its interpretability and reliability for real-world deployment.

6.3.1. Latent Space Visualization (t-SNE)
For the qualitative analysis of the learned representations via the pre-

trained encoder (fθ) and the data distribution in the feature space, the t-
Distributed Stochastic Neighbor Embedding technique was used. The t-SNE
algorithm is a non-linear manifold learning algorithm used for the reduction
of the data dimensionality, which has applications in data visualization. This
algorithm maintains the local properties of the data, as opposed to linear
techniques like Principle Component Analysis (PCA); it does this by en-
suring data points which are close together in the original high-dimensional
feature space have a high likelihood of being close together in the lower-
dimensional feature space, which has two dimensions. This process involves
the transformation Euclidean distances amongst data points to conditional
probabilities, which are further minimized based on the difference in the KL
divergence amongst the probability distributions of the lower-dimensional
and the original high-dimensional data spaces.To create the feature visual-
ization map using the t-SNE algorithm, the feature vectors extracted via the
last layer of the ViT-Base model were processed by the algorithm after the
GAP process on the patch representations. It is important to note that this
feature extraction process was conducted entirely without the influence of
class labels.

Figure 7 indicates how test sample data is scattered in the two-dimensional
feature space, with sample data points color-coded with corresponding ground-
truth types of cracks. From the analysis of the diagram, high separability
among classes is observed since Linear and Alligator crack samples distribute
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in two distinct regions with significant separation by an appropriate data-
sparse margin. This clear separation indicates that the JEPA model is capa-
ble of learning an optimal discriminative representation for each distress type,
given that clear separation among classes under minimal data is achievable.
On the other hand, the diagram indicates an appropriate semantic cluster-
ing achievement since the points corresponding to the different crack types
have been self-organized into specific regions in the feature space without
employing manual labels during the pre-training phase. Moreover, the high
compactness obtained among each group of points indicates that the model
considers different points with the same crack type but with negligible ori-
entation or width variations as similar semantic high-level features.

Figure 7 t-SNE visualization of the learned feature space.

6.3.2. Feature Activation Analysis
To better comprehend the concept of space attention focus embodied

in the pre-trained encoder fθ, as well as to make sure that the information
about physical distress is not encoded in irrelevant details of the background,
Feature Activation Maps were created. These maps were produced by cal-
culating the L2-norm value for each patch in the final Transformer layer’s
output feature vector, representing the magnitude of neural activity at each
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spatial location. Figure 8 presents a qualitative comparison comprising the
original image, the activation map, and their overlay.A very interesting ob-
servation is the distinct feature contrast between the pavement surface and
the distress trajectory. The encoder exhibits high feature magnitude (in-
dicated by warmer colors) on the aggregate-rich asphalt texture, while the
crack formations are consistently represented as regions of significantly lower
activation. This suggests that the model effectively distinguishes distresses
as structural voids or anomalies within the continuous pavement texture. It
is quite impressive to note that this precise localization is achieved without
seeing pixel segmentation masks at the training stage. The fact that the
encoder can implicitly localize the distress through this negative contrast
confirms that it has learned to prioritize semantic structural information,
thereby establishing a robust foundation for the downstream classification
task.

Figure 8 Qualitative visualization of Feature Activation Maps.
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6.3.3. Feature Reconstruction Analysis
To assess the fidelity and semantic content of the learned feature repre-

sentations, a lightweight decoder network, implemented as a Reconstruction
Head, was trained for reconstructing the original input images using nothing
but the frozen feature representations from the JEPA encoder. The decoder
network achieved learned results within 10 epochs, demonstrating satisfac-
tory results, thus indicating that the spatial and structural information was
well-organized in the latent feature space of the JEPA encoder.Figure 9 ex-
emplifies how, despite a short training period and a simple structure of the
decoder network, basic characteristics and complex geometric patterns of
cracks are preserved. Moreover, it can be observed that the model efficiently
eliminates high-frequency textures of the environment, like detailed aggre-
gates of asphalt, while maintaining characteristics of distress patterns. It
is evident that there is a selective reconstruction, indicating that the JEPA
model has learned to distinguish between feature signals and environment
noise, thus performing effective semantic compression.

Figure 9 Qualitative comparison of original pavement images and their reconstructions
by the JEPA model.

6.4. Evaluation of the Adaptability of the Models
This section tackles a key question for real-world use. Which architecture

generalizes better on actual datasets from the field, especially when the data
looks nothing like the training set and labeled samples are scarce? To find
this out, a domain adaptation experiment was conducted on only 640 data
(real-world images) captured from road weather cameras, as described in
detail in Section 5.6.

As illustrated in Figure 10, there is a significant visual disparity between
the source domain (standard data) and the target domain (weather cam-
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era data). The target images present several challenges, including viewpoint
variations, low resolution, lens obstructions , and varying lighting condi-
tions, which collectively increase the complexity of the task. Therefore in
both cases, fine-tuning was conducted using the target dataset. For the
YOLOv11 baseline model fine-tuning, the conventional fine-tuning strategy
was adopted. In the case of the JEPA model, the strategy used was the
Partial Freezing strategy (Phase II), in which the initial 10 blocks of the
ViT Encoder were frozen to conserve the strong domain-irrelevant geometric
information extracted in the pre-training stage. Only the last 2 blocks and
the projection head were fine-tuned using differential learning rates.
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Figure 10 Illustration of the domain shift between datasets. (a) The source domain
(Standard Dataset) containing high-fidelity crack samples. (b) The target domain

(Weather Camera Dataset).

Table 3 Performance of models in identifying linear cracks in domain change scenarios.

Linear

YOLO JEPA(GAP)

Precision Recall Precision Recall
58.33 87.50 73.47 75.00

F1-score = 70.00 F1-score = 74.23

For linear cracks as can be seen from Table 3 and visually summarized
in Figure 11 (a), both models suffered from the domain gap, while the
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JEPA(GAP) model performs much more stably. With a Recall of 87.50%,
YOLO was found to be much more overconfident with a Precision of 58.33%
and gave much false-positives in the noisy environment. On the other hand,
the JEPA model performance was decent with a Precision of 73.47% and a
Recall of 75.00%. Therefore, a 74.23% F1-score is got by the JEPA network,
which is higher than the result in YOLO of 70.00%. That means the pre-
trained features in JEPA are much less sensitive to environmental noise such
as shadows or road markings, which always confuses the standard supervised
model in linear detection.

Table 4 Performance of models in identifying alligator cracks in the domain change
scenario

Alligator

YOLO JEPA (GAP)

Precision Recall Precision Recall
75.00 37.50 74.47 72.92

F1-score = 50.00 F1-score = 73.68

The performance gap increases substantially in the Alligator category,
which involves complex patterns, as illustrated in Figure 11 (b) and Table
4. The performance of the YOLO model has deteriorated severely, obtaining
only a Recall of 37.50% and an F1-score of 50.00%. This drastic fall shows
that the baseline model was unsuccessful in transferring its expertise in ex-
tracting discriminative features to the complex patterns of the new domain.
On the other hand, the performance of the JEPA(GAP) was nothing short
of impressive, gaining an F1-score of 73.68% that enhanced by a staggering
23% compared to the baseline model. With a balanced Precision of 74.47%
and a Recall of 72.92%, the JEPA model was able to prove that the semantic
features acquired in the self-supervised pre-training phase are significantly
transferable. The model appropriately utilized the Partial Freezing scheme
to modify the domain-independent semantic understanding to the new do-
main without getting affected by the catastrophic forgetting problem that
severely affected the performance of the YOLO baseline model.
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Figure 11 Comparative performance analysis of YOLO and JEPA(GAP) models in the
target domain environment. The grouped bar charts illustrate Precision, Recall, and

F1-Score metrics for (a) Linear cracks and (b) Alligator cracks.

7. Limitations

Although the architecture based on JEPA shows better adaptation capa-
bilities in the experiments presented here, there are a number of limitations
that keep the results close to the current scope and point out important di-
rections for future investigation. The key limitations originate from technical
design choices about input resolution, diversity in distress categories, dataset
size for domain adaptation, and preprocessing pipeline. All these have to be
pointed out as important framing of the results and roadmapping of future
research.

The main limitation from the technical perspective originates from the
resolution of the inputs. High resolution images were resized to 224 × 224
pixels to make them compatible with the existing Vision Transformer model.
This results in the loss of minute details in the images, making it difficult to
identify micro-cracks in the early stage of distress. Future research should in-
vestigate advanced input processing strategies that allow the model to lever-
age high-fidelity information without being constrained by the fixed input
size of standard vision transformers.
Another important limitation has to do with the number of distress cate-
gories considered. For this experiment, only two categories of distress are
considered: Linear Cracks and Alligator Cracks. Though this narrowed the
comparison, in a practical pavement management system, more categories
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of distress need to be identified. Moreover, the experiment has not imple-
mented severity levels, but these levels have to be identified as low, medium,
or high in order for scheduling of maintenance to occur. Future work has
to concentrate on adding more distress categories in the annotation of the
dataset by incorporating the multi-task learning head.

Concerning the assessment of the results regarding the adaptation of the
domains, although there is a superiority of the results for the JEPA approach
in terms of performance, the sample set for the target domain only consists of
640 images. While there is an apparent consistency for the findings regarding
the performance assessment, the results’ statistical integrity is limited due
to the sample size. To ensure the soundness of the results through statistics,
assessment tests for larger samples are necessary. The sample size for the
target set can include images covered by different environmental settings.

Finally, it should be noted that in the present workflow, the pavement
surface extraction is done manually in order to address domain changes.
However, since this is done manually, it makes the workflow not completely
automatic. Hence, in future versions of the framework, modules for automatic
region of interest extraction need to be implemented in order to make the
workflow completely automatic.

It is important to note that addressing these specific limitations fell out-
side the defined scope of the current study, as the study was mainly focused
on the validation of the primary adaptation process of the JEPA system archi-
tecture. Thus, the identified gaps have not been investigated in the context
of the existing study but can be considered promising topics for carrying out
future studies aimed at improving the applicability of the system.

8. Conclusions

The aim of the study was to provide a solid foundation for a pavement dis-
tress classification model that relies on the assumption that a self-supervised
pre-training model using the JEPA architecture which extracts more abstract
and semantic features than the traditional supervised learning models, such
as YOLOv11. The empirical findings support the assumption and can be
outlined in the following three main points:

(1) superiority over standard data and practical implications: Comparative
analysis based on standard datasets proved the overall superiority of
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the proposed JEPA(GAP) method over both the YOLOv11 benchmark
and the standard JEPA(cls) configuration.

In the Linear cracks category, YOLO was amazingly successful (Recall:
99.00%, F1-score: 98.02%), and the JEPA(GAP) model proved the
best all-rounder in this category because it was able to achieve a Re-
call of 100% and an F1-score of 99.50% respectively. From a practical
perspective, having a 100% recall is critical in the aspect of preven-
tive maintenance because it ensures that the sealing process has been
started at the earliest point.

In the Alligator cracks category,the strength of the proposed technique
in dealing with complex topologies was further obvious in this case.
Even though YOLO had a decent F1-score of 97.98%, the JEPA(GAP)
model had a perfect Precision of 100.00% and an F1-score of 99.50%.
The absence of false positives means that this model can distinguish
between complex distress signals and background noise exceptionally
well, and this is very important for effective spending of funds, as it
avoids wasting costly resource on false signals.

(2) Efficacy of Global Average Pooling: The comparison between JEPA(cls)
and JEPA(GAP) has demonstrated the architectural relevance of the
pooling strategy. Indeed, although JEPA(cls) is very precise, the per-
formance of the JEPA(GAP) model is always more balanced and ro-
bust. This is because, for tasks such as pavement distress detection,
which are focused on textures, for which the semantic content is widespread
in the entire image, the spatial aggregation of the features done by the
GAP is more informative than the CLS feature.

(3) Strong adaptation to domain differences: The experiment of do-
main adaptation using real-world images further confirmed the ro-
bustness. Even though there were large domain differences, the JEPA
(GAP), with a partial freezing strategy, showed an admirable adapt-
ability. Compared to the unstable results and low F1-score of the base-
line YOLO model, which struggled with complex textures in Alligator
cracks images (F1-score: 50.00%), the results for the JEPA model were
very encouraging, with a high F1-score of 73.68%. This proves the
excellent transferability of the semantic features obtained in the pre-
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training phase.

In conclusion, what this study proposes is that the future of intelligent
infrastructure inspections will be found in architectural paradigms that ex-
tends from simple pattern recognition to contextually informed insights. Fu-
ture work will include proving out this approach on full-scale real-world data
and extending this robust framework to more complex dense prediction tasks,
such as semantic segmentation.
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